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Résumé

Cette thése comprend six parties. La premiére lie les flux d’ordres anonymes et les variations de
prix a l'aide de modéles d’impact croisé statiques et linéaires. Nous énumérons les propriétés
souhaitables de ces modéles, caractérisons ceux qui les satisfont et les testons sur différents
marchés. La deuxiéme partie étend cette approche aux produits dérivés afin d’obtenir une
méthode d’estimation pour I'impact croisé que nous appliquons aux options SP500 et aux
contrats & terme VIX. Dans la troisiéme partie, nous généralisons les modéles précédents pour
prendre en compte 'influence des ordres passés sur les prix. La quatriéme partie utilise des
données de méta-ordres sur les actions et les contrats a terme pour proposer une formule
d’impact croisé qui généralise la loi de la racine carrée de 'impact. Dans la cinquiéme partie,
nous présentons un modéle tick-par-tick pour la dynamique des prix multivariés en utilisant
les processus de Hawkes. La derniére partie résout le probléme de la calibration des modéles
de volatilité en utilisant des réseaux de neurones.

La premiére partie étudie les modéles statiques linéaires pour I'impact croisé. Ces mod-
éles dépendent des covariances des transactions et des prix. Nous introduisons des propriétés
pour qu'un modéle se comporte correctement dans différentes conditions de marché. Nous
montrons qu’il existe un seul modéle qui satisfait toutes ces propriétés. Nous appliquons
différents modéles sur des actions et des contrats a terme. Le modéle précédent est 'un des
deux modéles robustes sur les marchés étudiés. Il s’agit donc d’un bon candidat pour une
vision unifiée du processus de formation des prix.

La deuxiéme partie généralise 'approche précédente aux produits dérivés. Nous dérivons une
méthode d’estimation pour I'impact croisé a partir de covariances de faible dimension. Sur
des données de produits dérivés sur le SP500 et des contrats a terme VIX, le modéle explique
en partie les fluctuations du sous-jacent et de la surface de volatilité implicite.

Dans la deuxiéme partie, nous étudions des modéles linéaires a noyaux pour 'impact croisé.
Nous examinons deux classes de modéles : ceux qui anticipent le flux d’ordres pour fixer
des prix martingale et ceux qui empéchent I’arbitrage statistique. Nous montrons qu’il existe
au plus un noyau appartenant aux deux classes mais qu’il n’empéche pas nécessairement
Parbitrage. Pour résoudre ce probléme, nous introduisons un second noyau qui empéche
I'arbitrage statistique et qui est le plus proche possible a donner des prix martingale. Enfin,
nous calibrons ces noyaux sur des données de contrats a terme.

La troisiéme partie mesure I'impact croisé avec deux bases de données d’ordres envoyés
par des gestionnaires d’actifs sur des actions et des contrats a terme. Nous proposons une
formule pour I'impact croisé qui généralise la loi de la racine carrée et donne des prédictions

plus précises sur nos données.

Dans la quatriéme partie, nous modélisons le processus de prix tick-par-tick avec des processus
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de Hawkes. Pour capturer ’endogénéité des marchés financiers, nous étudions la limite ou la
norme L' du rayon spectral du noyau de Hawkes devient égale a un. Certains modéles de
volatilité rugueuse multivariée émergent alors comme la limite macroscopique de la dynamique
microscopique des prix. Le processus de volatilité de ces modéles est une combinaison de
facteurs de variance entrainés par un mouvement brownien fractionnaire d’indice de Hurst
commun.

Enfin, la derniére partie de cette thése examine la calibration des modéles de volatilité
a laide de réseaux de neurones. Nous approchons la fonction donnant les prix des contrats a
partir des paramétres du modéle en utilisant des réseaux de neurones. Cette approximation
est ensuite utilisée pour obtenir les paramétres du modéle a partir de prix de marché des
contrats. Nous mettons en évidence l'applicabilité de la méthode en utilisant des données de
marché synthétiques et réelles.
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Abstract

This thesis comprises six parts. The first relates anonymous order flow and price changes using
static, linear cross-impact models. We list desirable properties of such models, characterise
those which satisfy them and test their predictions on different markets. The second part
extends this approach to derivatives to obtain a tractable estimation method for cross-impact
which is applied to SP500 options and VIX futures. In the third part, we generalise the
previous setup to derive and estimate cross-impact models which account for the influence of
past trades on current prices. The fourth part uses meta-order databases on stocks and futures
to propose a formula for cross-impact which generalises the square-root law of market impact.
In the fifth part, we propose a tick-by-tick model for price dynamics using Hawkes processes.
We investigate scaling limits of prices in the high endogeneity regime to derive multivariate
macroscopic price dynamics of rough Heston type. Finally, the last part solves the calibration
problem of volatility models using neural networks.

In the first part, we study linear cross-impact models which relate asset prices to anony-
mous order flow. These models are functions of the covariances of these variables. We
introduce properties models should satisfy to behave well across market conditions and show
that there exists a unique model which satisfies all such properties. We apply models on stocks
and futures and find that the latter model is one of two robust across markets. Thus, it is
a good candidate model for a unifying view of the price formation process on stocks and futures.

The second part leverages the candidate model identified in the first part to extend the
previous setup to derivatives. We derive an estimation method for the large cross-impact
matrix which depends on low-dimensional covariances. Using SP500 options and VIX futures
data, we show cross-impact captures salient features of the price formation process on deriva-
tives.

The second part examines cross-impact kernels, which account for the lasting influence
of past trades on current prices. We focus on two kernel classes: kernels that anticipate future
order flow to set martingale prices and those that prevent statistical arbitrage. We show that
there is at most one kernel belonging to both classes. This kernel sets martingale prices but
may not prevent arbitrage. To fix this, we introduce a methodology to obtain a second kernel
which prevents statistical arbitrage and is the closest to setting martingale prices. Finally, we
derive a calibration methodology for both kernels and apply it to futures data.

The third part measures cross-impact from using two databases of proprietary orders sent by
asset managers on U.S stocks and futures. These databases allow us to study the cross-impact
of individual investor orders. We propose a formula for cross-impact which generalises the
square-root law to account for price and order correlations. On both stocks and futures, we
find that this generalisation gives more precise predictions than the square-root law.



In the fourth part, we model the tick-by-tick price process using Hawkes processes. To
capture the high endogeneity of financial markets, we investigate the limit where the L! norm
of the spectral radius of the Hawkes kernel goes to one. We show that some multivariate rough
volatility models emerge as the macroscopic limit of the microscopic price dynamics. In these
models, volatility is a combination of underlying variance factors, each driven by a fractional
Brownian motion of common Hurst index.

Finally, the last part examines the calibration of volatility models by using neural networks.
We first approximate the map from model parameters to contract prices using neural networks.
This approximation can then be used to recover model parameters given market prices of
contracts. We highlight the applicability of the method using synthetic and real market data.
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Introduction

The general objective of this thesis is to understand the multivariate price formation process:
how and why prices of financial assets move, and what makes them move together. Our goal
is to build models which are theoretically plausible, can be estimated on empirical data and
produce predictions in line with observations. These models can be used in applications where
execution costs play an important role. For example, regulators may leverage estimates of the
liquidation costs of large portfolios to assess systemic risk. Investors may use these models
to optimize their trading strategies and reduce trading costs. To build these models, a large
part of the thesis focuses on the link between orders and prices. We begin by presenting and
motivating the different questions on which we want to shed some light in this thesis.

Motivations

A key stylized fact of price formation is that on average, trades on an asset move its price. In
fact, a large fraction of the fluctuations of an asset’s price can be explained solely from trades
on that asset. Thus, trades form a critical part of the price formation process. But models
relating trades on an asset to its price most often ignore the influence of other assets. To
understand how and why asset prices move together, we need to consider cross-impact: how
trades on one asset push the price of another asset. Anonymous order flow data, both plentiful
and public, is an ideal candidate to begin studying this question. However, even in a static
setting where we ignore the lasting influence of past trades, there are many possible models
for cross-impact. We might thus ask ourselves the following question:

Question 1. How can we model static cross-impact from anonymous order flow?

Among the possible models for cross-impact, our goal is to find a unifying model, applicable
across assets. This includes derivatives, which poses challenges for two main reasons. First, in
an efficient market, the prices of derivatives should be locked by no-arbitrage. This should
constrain cross-impact. Second, for a given underlying, there are thousands of individually
illiquid derivatives. Therefore, to estimate cross-impact, we need to aggregate the liquidity of
many instruments. This leads us to ask:

Question 2. How can we estimate cross-impact from anonymous order flow on derivatives?

A unifying static cross-impact framework is a first step towards understanding the multivariate
price formation process across asset classes. However, we also need to understand the dynamics
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of the price formation process. In particular, the average price change induced by a trade
on the traded asset is maximum right after the trade and decays over time. We expect the
same effect to be true of trades on one asset on the price of another. This raises the issue of
accounting for this property:

Question 3. How can we model dynamic cross-impact from anonymous order flow?

Questions 1 and 3 analyse cross-impact from anonymous order flow. This aggregates the
actions of all market participants to explain price moves. To understand how individual agents
shape prices by trading, we need to analyze labeled order flow, where we know which market
participants sent orders. This would give us a microscopic perspective on the price formation
process so that we are interested in this effect:

Question 4. How can we measure cross-impact from labeled order flow?

All previous questions explain the price formation process through anonymous or labeled order
flow. We may ask which price dynamics we can derive solely from properties of asset prices,
beginning at the high-frequency scale, where prices evolve on a discrete grid, and examining
the resulting dynamics at the macroscopic scale, where asset prices appear continuous. This
leads to the following question:

Question 5. What macroscopic multivariate price dynamics emerge from microscopic stylized facts?

A key ingredient in the macroscopic price dynamics of the previous question, and in most
models of asset prices, is the volatility process. While increasingly accurate models for volatility
have emerged, these models have proved hard to adopt because of the long computation time
required to obtain market prices of derivatives. In turn, this makes calibrating the parameters
of these models from market data prohibitive. To make these volatility models applicable, we
should answer the following question:

Question 6. How can we quickly calibrate computationally-intensive volatility models?

Outline

Each question presented above corresponds to a part of the thesis.

Chapter I answers Question 1 by viewing cross-impact models as functions of covariances which
are measured on empirical data. This allows us to abstract the particular numerical calibration
of a model on a dataset and look for robust models across asset classes. Chapter I introduces
desirable properties cross-impact models should satisfy to behave well across markets. We
show that there exists a unique cross-impact model which satisfies all such properties. Then,
we stress test a variety of cross-impact models on stocks and futures and find that this model
is one of two robust across markets.

Using the candidate model identified in Chapter I, Chapter II models cross-impact on deriva-
tives to answer Question 2. In this setting, we find a dimensional reduction recipe to aggregate

2



Outline

non-stationary liquidity of thousands of options into few, stationary liquidity factors. We
apply this framework on SP500 options and VIX futures data and find that the cross-impact
model explains fluctuations of the underlying and the implied volatility surface. Therefore,
the candidate model of Chapter I provides a unifying view of the price formation process on
stocks, futures and derivatives.

Chapter III treats Question 3 by setting up a toy market model which reproduces the long-range
auto-correlation property of order flow. Within this market, we focus on two distinct classes of
propagator models for cross-impact: those that anticipate future order flow to set martingale
prices (martingale-admissible kernels) and those that prevent statistical arbitrage. Each class
embodies a different notion of price efficiency. We find that there is at most one cross-impact
kernel belonging to both classes, which sits as an ideal candidate for a cross-impact model.
However, depending on the auto-correlation structure of trades, there may be no model
belonging to both classes. Therefore, we introduce a methodology to obtain two plausible
cross-impact kernels. The first is martingale-admissible and satisfies necessary conditions for
no-arbitrage. The second prevents statistical arbitrage and is the closest kernel (in a certain
norm) to kernels leading to martingale prices. We find that the boundary values of both of
these kernels can be interpreted as the candidate cross-impact model of Chapters I and II with
different input parameters. Finally, we derive a calibration methodology for both kernels and
apply it to empirical data.

Chapter IV tackles Question 4 by using two databases of proprietary orders sent by as-
set managers on U.S. stocks and futures. These databases allow us to study the cross-impact
of individual investor orders. We introduce the concept of cross-impact diagonalisation to
tackle the curse of dimensionality. Using that principle, we propose a generalisation of the
square-root law which accounts for price and order correlations. On both stocks and futures,
this generalisation gives more accurate predictions than the square-root law.

Chapter V examines Question 5 by modelling tick-by-tick price dynamics using multivariate
Hawkes processes. To capture the high endogeneity of financial markets, we investigate the
limit where the L! norm of the spectral radius of the Hawkes kernel goes to one. We show
that some specific multivariate rough volatility models emerge as the macroscopic limit of
the microscopic price dynamics. In these models, volatility is a combination of underlying
variance factors, each of which is driven by a fractional Brownian motion of common Hurst
index. Furthermore, we are able to conciliate clusters of asset jumps on short time scales with
rough volatility and asset return correlations structures on larger time scales.

Finally, Chapters VIA and VIB treat Question 6 by replacing computationally expensive
numerical methods to estimate option prices from parameters with neural networks. Then, in
the calibration step, this fast approximation is used to search the space of parameters to fit
market data. Chapter VIA introduces this approach for different volatility models and shows
that it achieves similar levels of precision to standard computational methods while providing
a significant speedup of the computation time. We illustrate it by calibrating parameters of a
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computationally intensive model on historical data. Chapter VIB examines variations of the
setup, including leveraging priors on the distribution of model parameters in the calibration
step.

Let us now rapidly review the main results of the thesis.

1 Chapter I: Static cross-impact models

Chapter I studies linear static cross-impact models. These models classically assume that the
net anonymous order flow pushes prices linearly, so that all information concerning cross-
impact can be encoded in a single matrix, called the cross-impact matrix. In practice, most
simple cross-impact matrices can be expressed as a function of statistics of order flows and
prices. We dub these functions cross-impact models and introduce axioms: desirable properties
of cross-impact models. We show that only one cross-impact model satisfies all axioms and
give its form. Finally, we stress-test cross-impact models on various asset classes to identify
which models best explain price changes from anonymous order flow.

11 Cross-impact models as functions

To relate anonymous order flow to market prices, we assume that we observe anonymous
trades and prices on a universe of d assets. Both are binned on a regular time interval of
length At. We denote by ¢; the net market order flow traded in the time window [z, £ + Af].
On a given trading day, our goal is to relate the time series of prices {po, pas,---, pr} with
the time series of order flows {qo, gas, -+, g7}. For a given asset, it is classically admitted that
price changes and net order flow are linearly related [PB18], although the linear relationship
breaks down for large order flow values. Inspired by this, we also assume this is true across
assets.

Assumption 1. Price changes Ap;:= prinr— pr and order flow imbalances q; are linearly related,
ie.
Apr = NZ,Qt, R)Ge + 14,y 1)

where Xy = Cov(Apy), Qy := Cov(qgy), Ry = [E[Aptth], A is a matrix-valued function of these
second-order statistics called a cross impact model and n; = (nlt,...,n‘f) is a vector of zero-mean
random variables representing exogenous noise.

In Equation (1), price changes and order flow imbalances are known and we have to choose
the cross-impact model A. Assumption 1 states that cross-impact models only depend on
parameters of the true data generating process, which is not assumed to be stationary. When
price changes, order flows and exogenous noise are Gaussian random variables, then it only
depends on (£;,Q;, R;), which motivates the simplification of Assumption 1.

The previous assumption discards the role of past order flow imbalances to focus on the
influence of same-time order flows. Thus, these models are dubbed static models. Past

order flow imbalances do play a role [BMEBI7, SL19, WNGI17], but we focus on equal-time
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relationships between prices and volumes with the time resolution of At =1 minute. In this
regime, the effect of order flow imbalances of previous time windows is typically much smaller
than that of the order flow imbalance of the current time window. We will study in detail the
influence of past order flows in Chapter IIL

A cross-impact model is a function of the three key second-order statistics which describe our
system. Thus, we are not only interested in a particular model designed specifically for a given
market (i.e., for a given set of second-order statistics). Rather, this view allows us to examine
how a model behaves in a variety of market conditions.

1.2 Axioms: the desirable properties of cross-impact models

Given the many possible choices for cross-impact models, we are concerned with identifying
those which are theoretically more plausible. To do so, we introduce axioms which reflect
desirable properties of cross-impact models. Each axiom can be expressed mathematically as
a constraint on the cross-impact model. For brevity, we present a selection of different axioms,

the full list being detailed in Chapter I

121 Symmetry axioms

We begin with symmetry axioms which constrain the behaviour of cross-impact models under
natural transformations of second-order statistics. One example is that the cross-impact model
should adapt to the re-ordering of the assets, which we call permutation invariance. We can
translate this mathematically: a cross impact model A is permutation-invariant if, for any
permutation matrix P and (£,Q,R) € (¢, (R) x &7 (R) x M, (R)),

APEZPT,PQPT,PRP") = PACZ,Q,R)P. )

Other axioms can be translated mathematically, but we omit these details in this introduction
for conciseness.

While the previous axiom is fairly simple, other symmetry axioms may be more intricate. For
example, stock splits can double the number of outstanding shares and halve their values.
The split modifies the second-order statistics of the system. However, barring microstructural
effects, cross-impact should be consistent between before and after the stock split. This axiom
is dubbed split invariance.

Overall, symmetry axioms are simple (although important) properties we should ask of
cross-impact models.
1.2.2 Fragmentation axioms

Cross-impact models which respect fragmentation invariance are adapted to scenarios of
extreme price correlations. For example, consider a stock traded on multiple markets (say,
Apple traded on the Nasdaq and on the Bats venues). In our framework, this corresponds to

5
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two different instruments. However, we expect that, abstracting microstructural effects, the
prices on both venues is the same. Thus, buying a volume ¢ = GNasdaq + gBats of Apple stock
should yield the same cost no matter how one fragments the ¢nasdaq units bought on Nasdaq
and the gpyts units bought on Bats. For this reason, this class of axiom is dubbed fragmentation
invariance.

Fragmentation invariance axioms are critical to apply cross-impact models in strong cor-
relation regimes.

1.2.3 Stability axioms

Stability axioms control cross impact models when instruments have different levels of liquidity.
Intuitively, it should not be possible to manipulate the price of a liquid product by trading an
illiquid product (and vice-versa). Stability axioms prevent this.

Stability axioms are particularly important in markets where some assets are much more liquid
than others.

1.2.4 No-arbitrage axioms

No-arbitrage axioms prevent the presence of statistical arbitrages: trading strategies which
generate profits on average, as defined in [Gatl0]. We distinguish between two types of statisti-
cal arbitrages. Static statistical arbitrages generate positive average profits on a single time
period and dynamic statistical arbitrages, which generate positive average profits by trading
on multiple time periods.

No-arbitrage axioms are particularly useful for practical applications such as portfolio con-
struction or optimal execution since they exclude trading strategies which manipulate prices
to make a profit.

Again, recall that each axiom can be expressed mathematically as a constraint on the
cross-impact model, in the spirit of Equation (2).

1.2.5 Characterisation of cross-impact models

Finally, Chapter I shows that the set of cross-impact models which satisfies all axioms reduces
to a singleton, which is the topic of the next result.

Result 1. There is a unique cross-impact model which satisfies all axioms, the kyle model, defined
forany (£,Q,R) € (%, (R) x FFH(R) x M, (R)), as

Agy1eE,QR) = () WLz 2 2™, (3)
where &£ is a matrix such that ££" = Q and VM is the symmetric square root of the matrix M.
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The model from Result 1 is dubbed kyle because it was first derived from a multivariate
generalisation of the Kyle insider trading framework [Kyl85, CK94, GAMMBB20]. Interestingly,
the kyle model only depends on covariances of prices and order flows. Furthermore, a key
matrix in the kyle model is V.#TX%. This matrix can be interpreted as the risk-weighted
liquidity which mixes information about volatility and liquidity to estimate cross-impact. We
will see that the kyle model appears in an even more general setting, as in Chapter III. Result 1
provides some theoretical explanation for its seemingly fundamental role.

Beyond the special role of the kyle model among all cross-impact models, we are inter-
ested in stress-testing models on empirical data to assess their robustness.

1.3 Fit on empirical data

Chapter I analyses a variety of cross-impact models, but we focus our results on four key
models, which correspond to different choices of the function A:

1. The r-direct cross-impact model which ignores cross-sectional effects and serves as a
benchmark.

2. The r-el model, suggested in [BMEBI7], which pools liquidity of different assets using
the structure of the price change correlation matrix.

3. The kyle model first introduced in [GAMMBB20, CK94], which is the only model that
satisfies all axioms.

4. The ml model which maximises empirical fit.

Given a cross-impact model A, a time series of net traded order flows {qt}thl and a time
series of price changes {Ap;}!_, along with the second-order statistics £;,Q;, R; we build the
residuals:

Er:=Ap;—ANZ:QnRIG:

To compare impact models, we use three different indicators of performance which emphasize
different aspects of prediction errors. For a given matrix M, the M-weighted generalized R? is

defined as .
Yi<i<7€; Mg,

letsTAp;rMApt‘

To highlight different sources of error, we consider the following choices of M:

RE(M):=1-

1. To measure the average errors relative to the typical deviation of each asset, we choose
M=1,:= diag((f‘z). This score gives a proxy for the fraction of volatility explained by
the cross-impact model for each asset.

2. To measure the model’s accuracy to explain global price changes, we choose M = J; :=
(zi_il/ 22]_.}/ %)1<i,j<m- This score highlights how well the cross-impact model explains the
price changes of a risk-weighted index made up of all assets.
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Model Crude Futures Bond and index Futures Stocks
ﬂﬁut(la) %(Z)ut(]a) @?)ut(z_l) %?mt(la) F/Zﬁut(]a) %ﬁut(z‘l) %f,ut(lg) %?,ut(lg) %fmt(Z‘l)
r-direct 0.27+0.01 0.40+0.01 —00 0.23+0.01 0.27+0.02 -1.71+£0.05 0.274+0.004 0.479+0.010 0.180+0.003
r-el 0.37+0.01 0.46+0.01 0.31+0.02 0.27+0.01 0.17+0.02 0.13+0.03 0.249+0.003 0.644+0.005 0.124+0.004
kyle 0.35+0.01 0.46+0.01 0.29+0.02 0.38+0.01 0.29+0.02 0.11+0.03 0.336+0.003 0.808+0.004 0.211+0.003
ml 0.37+0.01 0.45+0.01 0.31+0.02 0.40+0.01 0.30+0.02 0.20+0.03 0.358+0.003 0.803+0.004 0.208+0.003

Table .I: Goodness of fit of cross impact models on different datasets.

Goodness of fit was measured using two years of data sampled at a time interval of one minute.
Out-of-sample goodness of fit was obtained by applying the calibrated models on never seen
before data. We reported as oo the scores of models which are numerically infinite, but due to
clipping appear finite.

3. To measure how well the model explains price changes of portfolios of varying volatility,
we choose M = X!, This score emphasizes the errors of cross-impact models in
directions of small volatility and downplays errors in directions of large volatility.!

Table .1 summarises the scores for the different models on three different datasets. To account
for varying daily volatility and liquidity, the second-order statistics Z,Q, R are reestimated for
each trading day. Cross-impact models on a given trading day are computed using the daily
estimators for X,Q, R. Table .1 highlights the following result.

Result 2. The kyle and ml models are robust across futures and stocks and outperform models
which ignore cross-sectional effects.

This empirical analysis, combined with the result that the kyle model is the only model which
satisfies all axioms, suggests that it is an ideal candidate to understand static cross-impact
from anonymous order flow across asset classes.

2 Chapter II: Static cross-impact on derivatives

To further assess if the kyle model is robust across asset classes, Chapter II models cross-
impact on derivatives with the kyle model, in a slightly generalised setup of Chapter I. We
show that, within this framework, the cross-impact matrix can be estimated using a low-
dimensional formula which circumvents the estimation of very large covariances. We apply
our methodology on SP500 options and VIX futures and find that it explains subtle fluctua-
tions of the implied volatility surface. This reinforces the finding of Chapter I that the kyle
cross-impact model is an ideal candidate for a unifying view of cross-impact across asset classes.

We begin with the setup for our results.

INote that this measure strongly penalizes models violating fragmentation invariance: errors along modes of
zero risk should a-priori be enhanced by an infinite amount.
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21 Setup

We consider a universe comprising two classes of financial instruments, that we refer to as
factors and derivatives. Factors are modeled by N stochastic processes and we denote their
prices by p; = (p},...,pfv ). Factors correspond to all stochastic factors on which derivative
prices depend, such as the spot, the forward variance curve, the yield curve, etc. Derivatives
are a set of M instruments, whose prices P; = (P%,...,wa ) at maturity depend on the values
of the factors.

As in Chapter I, we assume that impact is linear in the total signed flows of market or-
ders and we denote by q; = (q;,...,qY) the stochastic process corresponding to the net traded
order flows on factors and by Q; = (Q},...,Q?/[) the stochastic process corresponding to the
net traded order flows on derivatives. As we are interested in a simple, infinitesimal framework
for the influence of trades on prices, we assume that order flow dynamics on each asset are
continuous stochastic processes driven by Brownian motions, described in the next assumption.

Assumption 2. The order flow follows the following stochastic dynamics

dq; =vq(pr, DAt + Lgg(pr, VAZ] + Log(pr, DAZ
dQ: = vo(pr, Dt + Log(pr, DAZ] + Loo(ps, NdZE,

where 79,79 are uncorrelated standard Brownian motions, \ZF RY xR — RN and VQ: RN xR —
RM encode order flow drift, £Lyq: RN xR — 4N(R), Zog: RN xR — 4y (R), Zog: RY xR —
MyNR), Ly0: RN xR — AN, M (R) encode co-trading among assets.

Assumption 2 allows for co-trading of factor and derivatives, which is a typical feature ex-
pected in derivative markets. However, the continuous modeling framework for order flows is
somewhat unrealistic. At the high-frequency scale, trades arrive punctually and trade arrivals
are clustered so that a more realistic modeling is driven by point processes which respect
this property. Such modeling requires lengthy mathematical treatment and is addressed in
Chapter III

We now move to the dynamics of factor prices in our setup.

Assumption 3. We assume that factor prices are given by
dp:=pp(ps, DAt +94,(ps, AW + Apg(pr, Ddqs + Ap(pr, 1) dQ; 4)

where W is a standard N-dimensional Brownian motion, p,: RN xR — RN is the factor drift,
Gp: RY xR — GLy(R) is the factor diffusion matrix, and Apg: RN xR — 4n[R), Apq: RN xR —
AN M R) capture cross-impact.

The factor dynamics of Assumption 3 are quite general. They encompass traditional stochastic
volatility models and allow for cross-impact between factors and between factors and deriva-
tives.
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We assume that factors are chosen so that derivatives are priced in a Markovian manner with
respect to the factors, which leads us to the next assumption.

Assumption 4. There exists a function F: RN x R — RM, twice differentiable with respect to the
first argument and differentiable with respect to the second argument, such that Py = F(py, t).

Note that we could relax Assumption 4 to include the influence of order flows without much
modification of our results. Applying Ito’s formula to Equation (4) and using Assumptions 2
to 4, we obtain the following corollary.

Corollary 1. The derivative dynamics are given by
dP; = pp(py, dt +9p(pr, AW + Apg(py, )dq: + Apo(py, 1)dQ;, ()

where pup: RN xR — RM is the derivative drift, 4p: RN xR — M, N (R) is the derivative diffusion
matrix, Apg: RY xR — A, n[R) and Apq: RN xR — 4 (R) encode cross-impact. In particular,
we have the constraints Apg = ENpg, Apg = EApq, Gp = 29y, where = := (%)i,j is the M by N
sensitivity matrix.

Corollary 1 does not make explicit the dependence of the derivative drift on other variables as
it will not play an important role.

Cross-impact matrices can be compactly rearranged into a single matrix, A, which we refer to
as the cross-impact matrix since it describes the cross-impact of the complete system

. [Mpag APQ)
Aps ) i= (qu N [0 (6)

The cross-impact matrix may depend, along with covariances, on prices of the factors and
may evolve over time, which generalises the framework of Chapter I

The static cross-impact model we choose involves two parameters, the price covariance
matrix and the order flow covariance matrix. The factor-factor price covariance matrix
Zpp: RN xR — 5”]\7 (R) and factor-factor order flow covariance matrix Qg : RV xR — Y]\J; (R)
are defined as

pr(pt; t)dt::d<prp>t; Qqq(ptr t)dt:: d(%ﬂ)t

where (X,Y) is the quadratic covariation of the processes X, Y. Using similar notations for
other covariance matrices (such as Qqq(py, £)dz:=d{(g, Q)¢), introduced below, the covariance
structure of prices and order flows for the whole system can be arranged compactly as

S Sop Qus Qo
Sp,0)=| B P f Q)= 29 9 1.
(pe, 1) (Z‘;P ZPP)(pt ) (pr, 1) Q-qu Q00 (pe, 1)

Motivated by the results of Chapter I, we choose to use the kyle model to capture cross-impact.
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Assumption 5. The cross-impact matrix A\ is of the form

A=VY & HY VLTsre,

where L is a matrix such that L7 =Q, Y is a constant such that 0< Y < 1, and we have
omitted the dependence on (py, t) for compactness.

The choice of the kyle model has important consequences, which we detail in the next section.

2.2 Properties of the chosen cross-impact model

A main result implied by our choice of cross-impact model is a derivation of A which is
tractable for applications. We first show that the influence of order flows can be absorbed in
Brownian motions.

Result 3. Using the notation of Assumptions 3 and 5 and Corollary 1, we have

dpt:,ap(pt’ t)dt+ gp(lgl" t)dBt (7)

1-Y
dPt :ﬁp(pt, t)dt+

%p(py, )dB;, 8
7 PPt t (8)

where fiy: RN xR —RY, fip: RN xR —RM and B is a standard N dimensional Brownian motion.

Result 3 underscores a convenient property of our framework: the sensitivities of derivative
prices with respect to factors are independent of the order flow dynamics. In particular, the
Greeks can be computed using traditional derivative pricing methods since derivative prices
satisfy the classic stochastic differential system of Result 3. The next result expresses the large
N+ M x N+ M cross-impact matrix A as a function of the much smaller N x N cross-impact
matrix Ay, and the derivative sensitivities =.

Result 4. We have
Alpy, 1) = Apa A’”"ETT P, 9)
:qu :qu:

where we recall that = := (3_5;‘)’31' is the M by N sensitivity matrix.

Note that Result 4 shows that the chosen cross-impact matrix satisfies the constraints of
Corollary 1. Thanks to Result 3, the sensitivity matrix can be computed as the usual Greeks of
our derivative pricing model. Thus, given a formula for A, the cross-impact matrix A can
be computed. The next result shows that the cross-impact matrix A, can be expressed as a
function of the factor price covariance matrix X,, and a modified covariance matrix of order
flows.

Result 5. We have

Apg=VY( LT\ LI5,p L5t (10)

where we have omitted the dependence on (py, 1), Qz 1= Qgq +ETQooE +E"Qoq + Qq0Z, and
L= is a matrix such that ££5$ET =Qz=.
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Combined, Results 4 and 5 give a formula for the cross-impact matrix A as a function of
the measurable quantities X, and Q=. Furthermore, by Result 3, = can be computed using
usual derivative pricing methods. Overall, we have thus derived a scheme for estimating the
cross-impact matrix A on derivatives.

A relevant insight of Equation (10) for applications is that even if factors are not traded,
as long as derivatives with sensitivities to these factors are traded, i.e. ' Qo= is positive
definite, then the inverses appearing in Equation (10) are well-defined. This is not obvious
from the form of the Kyle cross-impact matrix in Assumption 5. This property is important for
applications where most factors correspond to non-tradeable instruments, such as volatility
factors.

2.3 Application to SP500 options and VIX futures

We illustrate our approach on a set of instruments which includes includes the front-month
maturity of SP500 futures, the two front-month VIX futures and a large set of SP500 options.
We bin price and order flow data on a 5 minute timescale using the same approach as in
Chapter I. We begin by describing the modeling choices for the factors of this system.

2.31 A simple factor model for the implied volatility surface

To analyse this set of instruments, we take as factors the price of the SP500 future closest to
expiry, which we refer as the spot factor, and a set of Q volatility factors ¢; = (c},...,c?). We
assume that the implied volatility surface is completely described by these factors, i.e. that the
implied volatility 6 of Derivative i is such that

Gt =F(cp),

where F': R? — R is some function of these factors. We consider a linear approximation of
the implied volatility surface with volatility factors, so that F i) = 23:1 ﬁich, where (ﬁiq)
are parameters to be calibrated. We choose Q =3 and fit these parameters using a principal
component analysis of the implied volatility surface, as in [CFD02]. More details are given in
Chapter II. The resulting factors are described in Figure .1.

The first volatility factor is a classic implied volatility level factor and we make the rough
approximation that the price changes of VIX futures solely depend on this factor. The second
volatility factor corresponds to the skew of the implied volatility surface, referred to as the
skew factor hereafter. The third volatility factor explains the term structure of the implied
volatility, hence the name the term factor in the following.

12
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Level factor Skew factor Term factor

Figure .1: Effect of the different volatility factors on the implied volatility surface.
Starting from a historical implied volatility surface (67), we show the modified implied volatility
surface (6° +8ﬁiq) after adding a contribution of size £ from the volatility factor q. The
original (non-modified) implied volatility surface is shown in light opacity for reference.

2.3.2 Quality of fit

To assess quality of fit, we use the same methodology as in Chapter L In this case, we focus on
the quality of the predictions of each model on the spot and volatility factors. We highlight
three different types of models, whose expressions are given in Chapter II but omitted here for
conciseness:

1. The black-scholes model which accounts for impact only in the spot direction. It
serves as a benchmark model if we believe option prices have the same, constant, implied
volatility.

2. The direct-2d model uses order flow on the spot and level directions to compute
impact, but ignores cross-sectional effects. The direct-4d model does the same with
all four directions.

3. Finally, the kyle-2d model only accounts for spot and level modes while the kyle-4d
model accounts for all directions.
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Model Scores
R (gpor)  BZ(Meve)  RZ(Mgker)  RBE (Mierm)
black-scholes 0.18+0.01 -0.00+0.02 -0.00+0.01 -0.00+0.02

direct-2d 0.18+£0.01 -0.03+0.02 -0.01+0.01 0.00+0.02
direct-4d 0.18+£0.01 -0.03+0.02 -0.14+0.02 -0.26+0.02
kyle-2d 0.20£0.01 0.12+0.01 -0.01+£0.01 0.01+0.02
kyle-4d 0.20£0.01 0.14+0.01 -0.12+£0.02 0.04%0.01

Table .2: Scores of different cross-impact models.
All scores were computed in-sample using the same data used for the calibration of the
cross-impact models.

Table .2 suggests that, as expected from the liquidity structure, most price changes on the spot
are explained by trades made on the spot or the delta-weighted contribution of trades made
on options. Remarkably, only models which account for cross-impact are able to explain a
large fraction of the level direction. This is the topic of the next result.

Result 6. Fluctuations of the level factor are mostly explained through trades on the spot or
delta-weighted contributions of trades on options.

Furthermore, we observe a slight score improvement for models which account for trades in
the level direction. This suggests that there is a small explanatory power in trades in the level
direction.

Result 7. A small fraction of fluctuations of the spot can be explained through trades on VIX
[utures or vega-weighted contributions of trades on options.

Finally, scores improve when we consider a more detailed description of the dynamics of the
implied volatility surface. This suggests that the kyle cross-impact model becomes more
accurate as our description of option dynamics become more precise, and there may be room
for improvement beyond the simple volatility factor modelling that we have chosen.

Result 8. The kyle model becomes more accurate when the description of the implied volatility
surface becomes more precise.

Overall, our approach reinforces the result of Chapter I that the kyle model is an ideal
candidate to understand static cross-impact from anonymous order flow across asset classes,
including on complex assets such as derivatives.

3 Chapter III: Dynamic cross-impact models from anonymous
order flow

Chapter III examines dynamic models for cross-impact from anonymous order flow. These
models capture the lasting influence of past trades on current prices. We setup a toy market
model and look for dynamic cross-impact models, dubbed cross-impact kernels, which yield
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realistic price dynamics. We derive two such cross-impact kernels and calibrate them on
empirical data. Interestingly, the boundary values of these cross-impact kernels are related to
the kyle model of Chapters I and II

3.1 Setup

We consider a market made of d different assets, of prices p:= (pl, e ,pd), and we denote the
cumulative anonymous order flow at the ask (resp. bid) by g¢ (resp. ”) and the net traded
volume by q:= g% - g".

Although ignored for simplicity in Chapters I and II, anonymous order flow is highly persistent
[BBDGI18]. To account for this, we classically model order flow dynamics with a multivariate
Hawkes process [Haw71a]. More precisely we assume that the number of orders at the ask N
and the bid N? is a counting process N = (N%, NP) of intensity A which satisfies

t
/lt:,u+f O(t— s)dNg,
0

where p is a vector of positive entries and ® a positive matrix-valued function with integrable
entries such that the spectral radius of |®||; is below unity. Hawkes processes are classical
models in finance to capture self-excitation and cross-excitation across time and instruments
[BMM15] and allow for rich order flow dynamics. To simplify results, we assume that each
order on Asset i is of constant size v; so that qlfl = l/iN“,qf = v; NP,

Our goal is to generalise the static cross-impact models of Chapters I and II to account
for the influence of past order flows. To do so, kernel or propagator models are popular in
the single-asset case [BBDGI8] and have recently been examined in the multivariate case
[AKS16, BMEB17, SL19]. Thus, we focus on cross-impact kernels, as described in the next

assumption.

Assumption 6 (Price dynamics). There exists some function K: t € Ry — K(t) € M3 (R), called
cross-impact kernel, such that the price process p satisfies, for all t € Ry

t

pi=po+ [ Ku-9dg., ()

and K(t) T A, where A is an invertible d x d matrix called the permanent cross-impact matrix.
—00

The matrix A is called the permanent cross-impact matrix since A;; quantifies how much the
price of Asset i is moved by the net order flow on Asset j after a long period.

Our goal is to find suitable choices of cross-impact kernels. To do so, we focus on those which
yield realistic price dynamics. We examine two notions of efficiency: martingale prices and
absence of statistical arbitrage, that is of round-trip trading strategies which generate a profit
on average.
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We begin by introducing the class of cross-impact kernels which gives martingale prices.
Since it also includes trivial examples such as K = 0, requiring martingale prices only does not
necessarily lead to relevant kernels. To focus on pertinent kernels, we introduce martingale-
admissible kernels, which anticipate the impact contribution of the order flow and lead to
martingale prices. Such kernels generate non-trivial price dynamics since they incorporate the
impact contribution of trades in prices. In the univariate case d =1, Theorem 2.1 of [Jail)]
shows that when prices are martingales and trades impact prices, we have

pe—po=xlimElg{ —q; | ],

where x > 0 is the permanent market impact contribution. This motivates the following
definition for martingale-admissible kernels.

Definition 1 (Martingale-admissible kernels). A cross-impact kernel K is said to be martingale-

admissible if
t
pt—p():fo K(t—s)dqs=Asllr£10E[qS|9t]. (12)

Martingale-admissible kernels set prices according to the linear permanent market impact
induced by the predictable component of all future trades. We show in Chapter III that
martingale-admissible kernels indeed lead to martingale prices. Such kernels prevent agents
who successfully forecast order flow to trade profitably. However, they do not forbid statistical
arbitrages entirely. We call no-statistical-arbitrage-admissible (or nsa-admissible for short)
cross-impact kernels that prevent statistical arbitrage.

Definition 2 (No-statistical-arbitrage-admissible kernels). 4 cross-impact kernel K is said to be
no-statistical-arbitrage-admissible, or nsa-admissible for short, if there are no possible statistical
arbitrages, i.e. no round-trip trading strategies with average negative cost.

We now describe the main results of Chapter III in the next section.

3.2 Characterisation of martingale-admissible and nsa-admissible kernels

We show in Chapter III that martingale-admissible kernels must satisfy constraining conditions
but that their boundary values are not fixed. On the other hand, nsa-admissible kernels must
satisfy a soft constraint but their boundary values are fixed. In particular, the values at zero of
nsa-admissible kernels can be expressed compactly, which is the topic of the next result.

Result 9. For any nsa-admissible kernel K, we have
1

K(0) =
(0) 7

EZ R IRVEAD RS/ (13)
where
1. the matrix £y is any matrix such that $0$0T = diag(6, vf, -0, vfl),
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3. Chapter III: Dynamic cross-impact models from anonymous order flow

2. the matrix X := tlim E[d(P, P)] is loosely speaking the stationary instantaneous covariance
— 00

matrix of returns. The existence of this limit is shown in Chapter III.

We further show that the value at infinity of cross-impact kernels which are both martingale-
admissible and nsa-admissible is constrained and has an explicit expression given in the next
result.

Result 10. For any nsa-admissible, martingale-admissible kernel K, we have

. A 1 -1\T T -1
[lLrgoK(t)—A—E(ffoo) VLIZL L (14)

where the matrix Loy is any matrix such that Loy L) = [5°Q(ds), where Q is the reduced
covariance measure of the stationary version of the point process q (see Chapter III for more details).
We can interpret [ Q(ds) as the stationary total autocovariance matrix of order flows.

The matrices K(0) and tlim K(t) have an interpretation in terms of the kyle model discussed in
—00

Chapters I and II. The matrix K(0) corresponds to the kyle model where the price-covariance
matrix is 2 and the order-flow covariance matrix is diag(6,; Uf, ---,04 UZ), which is actually the
reduced covariance measure evaluated at the singleton zero: Q({0}) = diag(6,v5,---,04v%). On
the other hand, tlLr& K () corresponds to the kyle model where the price-covariance matrix is

> and the order-flow covariance matrix is fé’o Q(ds). Thus, both K(0) and tlim K(t) can be

o0
interpreted as kyle models with the same price-covariance matrix but with differing order-flow
covariance matrices. We can interpret the order-flow covariance matrix associated to K(0) as
the immediate available liquidity and the order-flow covariance matrix associated to llm K(p)

as the total market liquidity, combining immediate available liquidity with liquidity due to the
order-flow correlation structure.

Results 9 and 10 show that any martingale and nsa-admissible kernel has fixed bound-
ary values. The next result shows that there is at most one martingale and nsa-admissible
kernel.

Result 11. There exists a unique cross-impact kernel K that is martingale-admissible and which
satisfies the necessary conditions for arbitrage-admissibility outlined in Equations (13) and (14). Its
expression is given in Chapter III. Therefore, there exists at most one martingale and nsa-admissible
kernel.

Given Result 11, there exists only one martingale-admissible kernel which satisfies the boundary
conditions of nsa-admissible kernels and may additionally be nsa-admissible. This kernel is of
particular interest, and we dub it the K 1 kernel.

As we have no guarantee that K! is nsa-admissible, this poses issues in certain applica-
tions. For example, in portfolio optimization, a trading cost model which allows for arbitrages
induces spurious round-trip strategies, as shown in [AKS16]. Thus, we introduce a regu-
larisation method to find the closest nsa-admissible kernel to K!, which we write K?. The
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regularisation method is motivated and explained in Chapter III.

We now turn to applications of our framework on market data.

3.3 Estimation of cross-impact kernels

A key result of Chapter III is a numerical method for calibration of K' and K2. We leave the
details in Chapter III and show the calibration results on two maturities of SP500 futures
in Figure .2. The K! kernel shows a power-law decay consistent with previous studies
[SL19, BMEBL17]. Slightly more surprising however is the shape of the nsa-admissible kernel K?.
We believe this is a numerical effect due to the regularisation procedure to compute K2, which
involves Fourier transforms.

Despite the different shapes of the two kernels, their predictions on empirical data are markedly
similar, as shown in Figure .3.

4 Chapter IV: Measuring cross-impact from labeled order flow

Chapters I to III focused on calibrating cross-impact models from anonymous order flow. This
part examines how indidivual agents push prices when trading, by measuring cross-impact
from labeled order flow. To do so, we use two databases of proprietary orders from asset
managers. We propose measures of cross-impact in the bases of cross-impact models studied
in Chapter I. These yield generalisations of the square-root law of market impact which fit
data more precisely by accounting for price and order flow correlations.

1072 — K'=limgi(t) 107 — kZ=limk2(t)

=
104 0
107° WMIM o
10¢ H -107?

10° 10! 102 10° 10t 10? 10° 10* 102 10° 10t 102
tls] tis] tls] tls]

Figure .2: Values of the K! and K? kernels.

We report the values of the transient part of the martingale-admissible K' —lim;_.o, K () =
K! - A (left, red) and of the transient part of the nsa-admissible kernel K? —lim;_.o, K() =
K? — A (right, blue). Each subplot shows the matrix elements of the kernels. For instance, the
top left plot of the left inset shows Kll1 —Aj; and the top right shows Kllz —Aj2. The permanent
cross-impact matrix A has been removed to highlight the power-law decay of the cross-impact
kernels toward their limit.
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4. Chapter IV: Measuring cross-impact from labeled order flow

SPMINI SPMINI3

— pi-pe
— pi-pe

0.0
price difference
-2.5
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t t

Figure .3: Example of predicted prices from K' and K?.

Difference between realized price and the predicted impact-induced price from Equation (2)
with the martingale-admissible cross-impact kernel K!, given by ﬁ% =po+ Yo K (t-9)qs,
(red) and with the nsa-admissible cross-impact kernel K?, given by p? = po + ¥ s<; K*(£ — 5) s,
(blue), where (g;) are measured signed volumes of market orders. Price difference is reported
in dollars per lot.

4.1 Dealing with the curse of dimensionality
We begin with the definition of cross-impact from labeled order flow.

Definition 3. An asset manager decides to buy or sell a portfolio Q = (Q1,---,Qy) of d different
assets, each made up of Q; dollar-risks of Asset i where dollars of risk := number of shares x
volatility x daily opening price. He, or his broker, splits his meta-order in smaller orders and
executes them on the market. The cross-impact of a meta-order of the portfolio Q is

€£(Q):=Els|Q], (15)

Sc=Sp

where s = (s1,--+,5q) are the normalized daily returns of the assets, s; := being the normalized

daily asset return of Asset i, S'. is the price of Asset i at the end of the trading day, S, is the price of
i

Asset i at the beginning of the trading day, 0; := (Shigh - S{OW)/SZ is a proxy for the daily return
volatility of Asset i.

Directly measuring cross-impact as defined in Equation (15) is arduous since we need to
measure the average of a random variable conditioned with d random variables, where d is
large. To tackle this problem, the next section introduces the concept of diagonalisation of
cross-impact.

4.2 Diagonalisation of cross-impact and proposed cross-impact law

Before introducing the concept of diagonalisation of cross-impact, we note that we can apply a
change of basis to simplify the problem. Let IT:= (71, ,7m4) be an orthonormal basis of R4,
Then, since II is a basis of R?, there is a one to one correspondence between the distribution
of the family of N random variables E[s; | Qy,--+, Q4] and the distribution of the family of N
random variables

E[sﬂi | QT[];'“ ’Qﬂ:d]’
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where s;,:= 7] s is the portfolio return and Qy, := 7] Q is the traded volume of dollar-risk of

the portfolio. If, for this portfolio, we had

[E[Sni | in,"‘ ;Qnd] = [E[sn,- | Qni];

then the price impact on portfolio 7; would only depend on what is traded on portfolio ;.
This leads to the following definition.

Definition 4 (Diagonal basis for cross-impact). An orthonormal basis 1= (1ry,-++, 1) of RY is
said to diagonalise cross-impact if; for all 1 < i < d, we have

[E[S][i | Q][ly"' )Qﬂd] = [E[ST[,' | QT[,‘]) (16)

where sy, := 7] s is the daily normalized return of the portfolio and Qy, := 1] Q is the traded
volume of dollar-risk of the portfolio.

Naturally, the challenge is then to find a basis such that Equation (16) holds. Inspired by the
previous definition, for a given orthonormal basis II, we associate the following prediction for
cross-impact:

d
€INQ) =) I (Qu)7k, (17)
k=1

where ., (Qz,) := E[sz, | Qz,] are functions to be estimated. This prediction is motivated by
the fact that when a basis respects Equation (16), cross-impact can be reduced to Equation (17).
We have restricted our study to orthonormal bases: the portfolios of these bases have unit risk
and no overlap, i.e. nl.Tn j =0 for two different portfolios 77; and 7 ;. Their components can be
interpreted as positions in each asset expressed in units of risk.

Depending on the choice of basis II, Equation (17) may yield sensible predictions or not.
The next sections examine relevant choices of bases.

4.3 Bases of interest
4.3.1 Canonical basis

The first basis examined is the canonical basis which ignores cross-sectional effects and we
thus dub the direct basis:

HMairect := (1,7, ed) »
where the e; are the canonical vectors of R%. This basis uses the predictions for market impact
on each asset to predict cross-impact. The functions .%,, correspond to the usual market

impact and are well described by the square-root law [BBDGI18, ATHLO05, Tor97, ZTFL15,
BBLBI18, BBLB19, BR13, BILL15].
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4. Chapter IV: Measuring cross-impact from labeled order flow

4.3.2 Random basis

The second basis of interest is the random basis defined as
Mrandom := (01,:+,04),

where the basis (01,--+,04) has been randomly sampled in the orthogonal group. This basis
serves as a zero-intelligence basis which accounts for cross-sectional effects. Contrary to the
direct basis where it is known that the square-root law applies, we have no prior knowledge
of the functions .%,,, so that we will need to estimate it using meta-order data.

4.3.3 Eigenliquidity model basis

The third selected basis accounts for return correlations. It is taken using the eigenvectors of
the normalized return correlation matrix p := Corr(s):

I1e; := eigenvectors(p) .

This basis is dubbed eigenliquidity model (el for short) basis since it is inspired by the
eigenliquidity cross-impact model [TMB20, BMEB17, MTBI4] which has the same eigenvectors
as p. Given the goodness-of-fit of the linear eigenliquidity model on anonymous data, the
cross-impact predictions associated to this basis may fit empirical data well. As in the random
basis, we will have to estimate empirically the functions .#; where 7 is in the basis Ile;.

4.3.4 Kyle model basis

The final basis chosen uses both return and order flow structure, encoded in the normalized
return correlation matrix ¢ and the co-trading effects encoded in the traded risk covariance
matrix Q := Cov(qg), where q:=(q1,-*,qq) is the daily signed traded risk of each asset. The
kyle basis is defined as

Miy1e = eigenvectors((‘,%_l)T LToLsL™),

where % is such that 2.2 T = Q. We refer to this basis as the kyle basis since comes from the
multivariate Kyle cross-impact model studied in Chapters I and II. Once again, the functions
#n where 7 is in the basis Ilxy1e have to be estimated.

4.4 Meta-order datasets

This study uses two databases of proprietary meta-orders to analyse cross-impact. We present
the characteristics of each dataset below.

441 ANcerno dataset

The first database is made available by ANcerno, formerly Abel Noser Corporation, which is a
leading consulting firm that works with institutional investors to monitor their equity trading
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costs. This database contains orders executed by different institutional investors in the U.S.
equity market. Our sample of this database contains stocks and orders from 2000 to 2014.

In the following we will identify a meta-order as a series of consecutive orders performed by a
single investor, through a single broker within a single day, on a given stock and with a fixed
direction (buy/sell). To avoid an elaborate analysis of when precisely each meta-order starts
and ends, how they overlap and which reference price to take, we consider impact at the daily
scale. Doing so, we aggregate the meta-orders of different asset managers on a given stock.
For a given trading day and asset, the signed daily risk is the sum of the signed risk of all
meta-orders on that day. We assume that the daily meta-order starts when the market opens
and finishes when the market closes.

The final dataset contains 2708 stocks, distributed among different sectors. With our daily
aggregation methodology, we are left with around 2.8 million meta-orders. To keep the number
of distinct stocks tractable, we select 1000 random stocks among our dataset. We are left with
1.6 million meta-orders.

442 CFM Futures dataset

The second dataset employed contains data on the proprietary meta-orders executed by the
asset manager Capital Fund Management (CFM) on the futures market. After cleaning, the
dataset covers around 250 different futures, with approximately 200,000 meta-orders from

2012 to 2019.

Contrary to the ANcerno dataset, meta-orders of this dataset are only those executed by CFM.
Thus, a meta-order is identified with a future code, the signed number of exchanged dollars
of risk (counted positively for buy orders and negatively for sell orders), executed during a
physical time interval [Z;, t] with f; the start time and ?, the end time of the execution. To
apply a consistent methodology with the ANcerno dataset, we aggregate orders at the daily
scale.

4.5 Diagonalisation in bases of linear cross-impact models

This section examines how close different bases are to satisfying the diagonalisation condition
of Equation (16). To do so, for a given orthonormal basis Il, we introduce the residual
differences

ZJ% o= (Elsx, | Q,» Qu;) —Elsr, 1 Qn])* (18)

which measure the error of the approximation. A global metric for our diagonalisation
approximation error in the basis II is then

. - 152 zj, (19)
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4. Chapter IV: Measuring cross-impact from labeled order flow

which measures the average error made with the approximation. Table .3 reports the separation
metric for the chosen bases and underscores the following result.

Result 12. The bases el and kyle bases are much closer to safisfying the diagonalisation condition
than the direct and random bases.

This result is interesting because the random basis is a benchmark which should be close to
satisfying the diagonalisation condition since both sides of Equation (18) should be close to
Zero.

Dataset Basis
direct random el kyle
ANcerno stocks 11.0+0.9 0.61+0.01 0.50+0.05 0.54+0.05
CFM futures 2.02+0.01 0.977+0.003 0.55+0.02 0.68+0.02

Table .3: Separation metric Z'! in the bases of different impact models.

The table reports the separation metric Z'! on both datasets. For a given pair of portfolios
7;,7j from a given basis, Zil_][. is computed by estimating both sides of Equation (18) using
empirical averages. Then, due to the large number of portfolio pairs to examine to compute
Equation (19), Z' is estimated by averaging Zl.r;. on a smaller sample of portfolio pairs and the

error bars correspond to the 95% confidence interval for our subsampled estimate of Z'.

4.6 Estimation of the functions .%;

The previous section showed that the random, el and kyle bases were much closer to satisfying
the diagonalisation condition than the direct basis. For a given basis II = (7y,---,7y),
the associated predicted cross-impact of Equation (17) requires estimating the functions
I (Qr) :=Elsz, | Qr,]. These functions are already known for the direct basis, since they
correspond to market impact and are described by the square-root law. However, they need
to be estimated for the random, el and kyle bases. Figure .4 reports the estimation of the
functions for different bases and shows the following result.

Result 13. For each portfolio m in the random, el and kyle bases, the function #y is well-described
by a square-root law like fit:

Qr)*
Elsz |Qrl = Yo, | — ) (20)
Va
where 5 =~0.4—-0.6, Y is a dimensionless prefactor (where Y = 0.3 on stocks and Y = 0.5 on futures),
V2:=n"Qn is a proxy for the liguidity in the direction of the portfolio, 0% := n" om is a proxy for
the volatility of the portfolio.

A key difference with the square-root law is the scale of the dimensionless prefactor Y.

Although it is independent of the portfolio, it changes depending on the dataset and, in
particular, the number of assets d.
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Figure .4: Market impact in different bases on both datasets.

Left: ANcerno stocks dataset. Right: CFM futures dataset. Each point for the different
bases el (blue triangles), kyle (green squares) and random (red circles) is computed by
averaging normalized returns on binned traded risk. Error bars shown are computed using
95% confidence intervals. The ANcerno dataset has significantly more data, which allows us

to obtain more precision. On both datasets, for participation ratios 1, := & in the range

1073 <1, <1071, the square-root law fit is a good approximation.

4.7 Goodness-of-fit of the proposed cross-impact law

Using the results of the previous section we can plug the functional form of Equation (20) in
the prediction of cross-impact of Equation (17) to associate with a given basis Il among the
direct, random, el and kyle bases the following prediction for cross-impact:

(Y
(ng(Q):YZHkO'nk(V—nk) =YZT[/€\/T[;|C—QT[/€ # . (21)
k=1 Tk k=1 m, Qmy
k

Equation (21) accounts for all portfolios, many of which may have small volatility and provide
negligible contributions. To assess the quality of fit of Equation (21) as a function of the number
of portfolios considered, we consider the truncated predictions €.#11,,(Q) defined as

9

%ﬂnn(Q) —YZﬂkUﬂk(?/ ) =Y2nk\/n29nk k= , (22)
Tk k=1

k= nZan

where the portfolios 7y are sorted in decreasing order of volatility JT;CFQT[]C. To evaluate the
goodness-of-fit of the predictions obtained with Equation (22), we compute the r? between
realized returns and the predictions given by €.#11,,(Q) as

~ d_ Var(s; — e?@n,n(Q))
- ; Var(s;) '

&.. |

where Var(X) is the variance of the random variable X. To favour the direct basis, the
i-th variance in the sum is estimated on empirical data only using days where a meta-order
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5. Chapter V: Microfounding multivariate price dynamics without order flows

on Asset i was executed. Figure IV.3 reports the estimated r? as a function of the fraction
n T .

of explained variance Zﬁ+§§? associated to the chosen basis. In particular, it shows the
i=1"7"i t

following result.

Result 14. The proposed cross-impact law associated to the el and kyle bases has better empirical
fit on both datasets than the single-asset square-root law.

ANcerno stocks CFM futures
0.0030 T 0.006
—— elm —— elm
0.0025 —a— kyle 00057 s Kkyle
—— random o00a] —* random
0.0020 * direct % direct *
l'2 0.0015 rz o0

* 0.002
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0.001
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R
0.0000 —0.001
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n n
lszlnfgn, Zlﬂ,TGW

N N
> nlom 2 nlon
i=1 i=1

Figure .5: Fit of different impact models on both datasets.

Left: ANcerno stocks dataset. Right: CFM futures dataset. The r?-squared measure of
fit is computed for the el (blue triangles), kyle (green squares), random (red circles) and
direct (black star) bases as a function of the cumulative explained variance. As expected, the
random model shows poor performance on both datasets. Strikingly, both cross-impact bases
outperform the direct basis. The difference is more pronounced on stocks than on futures.
The quality of fit improves for both models as the explained variance grows.

Our analysis on labeled meta-orders proposed a cross-impact law which generalises the square-
root law while accounting for return and order flow correlations. These results confirm the

importance of the linear cross-impact models which have been used throughout Chapters I
to IIIL

5 Chapter V: Microfounding multivariate price dynamics
without order flows

Chapters I to IV examined the links between trades and prices to understand the price
formation process. Chapter V focuses on finding micro-founded multivariate price dynamics.
We introduce a tick-by-tick model for prices at the microscopic level and study macroscopic
limits of this price process.
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5.1 A microscopic model for prices

As in previous parts, we model the prices of a universe of d assets. At the high-frequency
scale, the price of each asset is a piecewise constant process with upward and downward jumps
denoted by the counting process N+, N’~. The global counting process is a 2d-dimensional
process N = (N'*, N'~,..., N9+ N9°),

To capture self and mutually exciting features of the trade process, we model the count-
ing process as a Hawkes process so that its intensity A satisfies

t
/11,‘ = Ht+‘/ D(r— S)dNS,
0

where p is a vector-valued function of positive entries and ® a positive matrix-valued function
with integrable entries such that the spectral radius of |®||; is below unity. However, calibration
results suggest, that for models of the above form to fit data, the spectral radius of the L!
norm of the kernel must be close to one [LCl14, FS12, HBBI3]. This motivated a nearly-unstable
framework where it is close to one [JR16, JR15, EEFRI8|. In this framework, the dynamics of
the market up to time T are modeled with a Hawkes process NT of baseline u” and kernel
®7, so that its intensity A7 satisfies

t
Al =l +f ol (t-9dN] .
0

In order to obtain macroscopic dynamics, as time horizon T goes to infinity, the spectral radius

of ||(1)T||1 goes to one. In a simplified framework examined in [EEFRI8], a single eigenvalue

almost saturates the stability condition, which leads to a single volatility factor at the limit

for all assets. To obtain more general dynamics, we assume the Hawkes kernel is of the form,
using block matrix notation

T Al 0 )

0= O(BT(t) CT(t)) ’

where O is an invertible 2d x 2d matrix, AT: R, — Mg, (R), BT: R, — Moa-q,,a,(R) and
CT: R, — AMoa-a,(R). This block structure allows for richer limiting dynamics. We assume
that the stability condition is saturated at the speed T~% so that the saturation condition
translates to

T“(I—f AT (s)ds) — K,
0 T—o00

where K is an invertible matrix. We encode the long memory property of the order flow by

imposing a heavy-tail condition for A:= Tlim AT with the same exponent a:
—00

oo
ax“f Al(s)ds — M,
x X—00
where M is an invertible matrix.
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5.2 Multivariate rough Heston

In the framework described above, we show that the macroscopic limit of prices is a multivari-
ate version of the rough Heston model introduced in [EEGRR20, EEGR19], where the volatility
process is a solution of a multivariate rough stochastic Volterra equation.

We introduce the rescaled microscopic price process PT defined for £ € [0,1] as

1
T _ T,1+ T,1— T,d+ T,d
Py _TZa(NtT “Nip o N =N (23)
The rescaled microscopic price process corresponds to the tick-by-tick price of each asset,
properly scaled so that it admits a non-trivial limit as T goes to infinity. This limit is dubbed

the macroscopic price process. We show in Chapter V the following result.

Result 15. Under some technical and no statistical arbitrage assumptions, there exists a d.
dimensional process V, matrices ©' € ./%dc(R),@)z € My—gq,R),To € My R),T1 € My ([R),T; €
My, n-q,[R),00 € R%, with explicit expressions given in Chapter V, and two independent Brownian
motions W, Z such that

o Any macroscopic limit point P of the sequence PT satisfies
t — t —
p;= Zf diag\/ OV dW; +Zf diag\/©?VdZ;,
0 0

where V is defined below.
o V has Holder regularity a —1/2 —¢€ for any € > 0.

o Forany t in [0,1], 174 satisfies

t t t
Vt:f (r—s)“‘l(eo—roffs)dﬁf (t-9)%"'T diag @lf/deerf (t—5)*"'T,diag\/ @2 VdZ;.
0 0 0

Thus the volatility process is driven by V, which represents volatility factors, of which there are as
many as there are critical directions. The matrices 0,0',0%,Ty,T1,T2,Z are given explicitly in
Chapter V.

We can use this result to provide microscopic foundations for some empirical properties
of correlation matrices. Informally, the parameters appearing in the previous result are
connected to the limiting matrices K and M. We show in Chapter V that coupling price
jumps of multiple assets at the high-frequency scale, roughly mimicking the co-jumps observed
in [BCT*15, CBT"18], leads to = which has one very large eigenvalue followed by smaller
eigenvalues that we can interpret as due to the presence of sectors and a bulk of eigenvalues
much smaller than the others, which is typical of stock correlation matrices [LCBP99].

27



Introduction

6 Chapters VIA and VIB: Deep learning volatility

Multivariate rough volatility models emerged in Chapter V from tick-by-tick models for
prices. Such models are computationally intensive and thus hard to calibrate on market
data. Chapters VIA and VIB addresses this issue. We begin by introducing the setup of the
calibration problem.

6.1 The calibration problem

In plain words, for a given set of parameters of a volatility model, one can compute a set of
contract prices. The calibration procedure of volatility models is meant to fix parameters such
that the model yields prices as close as possible to market prices.

We formalise this by setting the notation . := .#(0)pco which represents an abstract
model with parameters 0 in the set ® c R", for some n €N. Thus the model .4 (0) and the
corresponding prices of financial contracts are fully specified by the choice of the parame-
ter combination 6 € ©. Furthermore, we introduce a pricing map P :.#(0,{) — R, where
(:(CR) — R™), meN denote the financial products we aim to price, such as vanilla options
for (a set of) given maturities and strikes. We denote the observed market data corresponding
to the contracts by 2MKT () e R™, meN. The generic setup of the calibration problem is
introduced in the next definition.

Definition 5. The parameter configuration O solves an (ideal) 5-calibration problem for a model
M (©) for the conditions PMKT (1 if

0 = argmin&(P(4 (0),0), 2MXT () (24)
0e®

where 6(-,-) is a suitable choice of metric for the financial contract { at hand.

Equation (24) represents an idealised form of the calibration problem as in practice there
rarely exists an analytical formula for the option price P(.#(0),{) and for the vast majority of
financial models it needs to be computed by some numerical approximation scheme, which
motivates the following definition.

Definition 6. We say that the parameter configuration O € © solves an approximate & -calibration
problem for the model 4 (©) for the conditions PMKT (1 if

6 = argmin (P4 0),), 2MKT () (25)
0€O

where 5(-,-) is a suitably chosen metric and P is a numerical approximation of the pricing map P.

The next section introduces the two-step approach to solve the approximate calibration
problem.
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6. Chapters VIA and VIB: Deep learning volatility

6.2 The two step approach

Whenever for a stochastic volatility model the computation time of option prices is slow, it
causes a bottleneck in calibration time. This is the case in particular for the family of rough
volatility models (see [AGLMI18, BFG16, EER19, GJR18], among others). To address this issue,
we propose to split the calibration procedure into two parts:

* We first approximate the pricing map by a neural network that maps parameters of
a stochastic model to option prices and store this map during an off-line training
procedure.

» We calibrate the volatility model using the deterministic approximation of the price map,
which speeds up the on-line calibration by orders of magnitude.

To formalise the two step approach, we write for a payoff { and a model .4 with parameters
0 € © the two steps

(i) Learn: F(©,0) = P(4(©,()) (i) Calibrate: § = argmind(F(©6,),2M*T(()).  (26)
6O

Part (i) in (26) denotes an approximation of the pricing map through a neural network, which
is calibrated in a supervised training procedure using the original numerical pricing maps for
training. We give details for the training procedure in Chapters VIA and VIB.

Part (ii) of (26) we essentially replaced P(.#(®,{)) in Equation (25) by a neural-network
F(0©,{) from (i). Therefore, this second calibration is considerably faster than calibration of all
those traditional stochastic models which involve numerical simulation of the expected payoff
P((0,0)) =E[{(X(0))] for some underlying stochastic process X(0).

In the two step approach, we distinguish between two approximation methods which yields
distinct results: the pointwise and grid-based approximations. The pointwise approach learns
the map from model parameters and contract characteristics (such as strike and time to
maturity) to the contract’s price. The grid-based approach fixes a priori a set of options of
varying characteristics (strikes and maturities) and learns the map of model parameters to
these option prices. The details of each method are presented in Chapters VIA and VIB.

The next section tests the accuracy of both stages of the two step approach.

6.3 Accuracy of the method

The methodology can be applied to any volatility model but to illustrate the approach we
focus on one particular model, the rough Bergomi model [BFG16], which we introduce below.

Definition 7. In the abstract model framework, the rough Bergomi model is represented by
A TBergomiqrBergomiy ypish parameters 0 = (&o,v,p, H) € @rBergomi 0y 4 given filtered proba-
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Figure .6: Relative errors of the neural network approximation.
We compare surface relative errors of the neural network approximator against the Monte Carlo
benchmark across all training data (68,000 random parameter combinations) in the rough
Bergomi model. Relative errors are given in terms of Average-Standard Deviation-Maximum

(Left-Middle-Right).

bility space (Q, F,(F ) 1=0,P) the model corresponds to the following system

1
dXt:——tht+\/ thWt, ﬁ)r t>0, X():O,
2
t (27)
Vtzfo(t)g(VZva (t-9"Y24qz|, fort>0, Vo=vp>0
0

where H € (0,1) denotes the Hurst parameter, v >0 , () the stochastic exponential [DD70], and
¢o() > 0 denotes the initial forward variance curve (see [Berld, Section 6]), and W and Z are
correlated standard Brownian motions with correlation parameter p € [-1,11. 1o fit the model
parameters into our abstract model framework ©BeT8°MI c R™ for some n € N, the initial forward
variance curve &o(-) > 0 is approximated by a piecewise constant function.

The numerical computation of option prices from the rough Bergomi model is computationally
expensive but feasible through Monte-Carlo methods [HJM17].

6.3.1 Approximation step

To assess the quality of the neural network approximation, we compare predicted option prices
of the neural network with prices obtained via Monte Carlo methods. The experiment details
are given in Chapters VIA and VIB. Figure .6 shows the accuracy of the neural network used
to approximate the pricing function in the grid-based approach. In particular, it highlights the
following result.

Result 16. The average error of the neural network approximation for the grid-based approach is
within the bid-ask spread of option prices.

Given Result 16, our fast approximation of option prices may be accurate enough for calibration,
which we examine in the next step.
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6. Chapters VIA and VIB: Deep learning volatility

6.3.2 Calibration step

To assess the precision of the calibration results, we generate an implied volatility surface from
a given set of parameters, obtain a set of parameters using the two-step approach and finally
compare the real parameters and the estimated parameters. The precision of the calibration
of the pointwise method in Figure .7 and the precision of the grid-based method is given in
Figure .8. The numerical experiments suggest the following result.

Result 17. The calibration method for the pointwise and grid-based methods recover parameters
close to the original set of model parameters.

6.4 Historical calibration

Finally, to illustrate the suitability of our approach for practical settings, we show numerical
calibration results on real option prices. We showcase the pointwise approach with a liquidity-
weighted Bayesian regression against SPX implied volatilities from 19th May 2017 in Figure .9
and the grid-based approach on a historical implied volatilities of the SPX in Figure .10. The
calibration results highlight the following result.

Result 18. The calibration results on historical data yield model parameters in line with typical
parameter values and evolving regularly in time.
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Figure .7: Synthetic parameter calibration in the pointwise approach.

Bayes calibration in the pointwise approach against synthetic implied volatility surface. The
posterior distribution of estimated parameters is shown in black, while solid vertical blue lines
indicate true parameter values. Details for the construction of the posterior distributions of the
parameters given the data are given in Chapter VIB. The histograms show that the posterior

distribution calibration is centered around true parameter values, thus being close to the exact
parameters.
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Figure .9: Historical parameter calibration in the pointwise approach.
Liquidity-weighted Bayes calibration against SPX market implied volatility surface from 19th

May 2017. Liquidity proxies are given by inverse bid-ask-spreads of market prices.

The

posterior distribution of estimated parameters is shown in black, while solid vertical blue lines

indicate true parameter values. Details for the construction of the posterior distributions of

the parameters given the data are given in Chapter VIB.
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Figure .10: Historical parameter calibration in the grid-based approach.
Historical Evolution of parameters of the rough Bergomi model with a piecewise constant

forward variance term structure calibrated on SPX.
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CHAPTER I

Static cross-impact models

Abstract

Trading a financial instrument pushes its price and those of other assets, a phenomenon
known as cross-impact. To be of use, cross-impact models must fit data and be well-
behaved so they can be applied in applications such as optimal trading. To address these
issues, we introduce a set of desirable properties which constrain cross-impact models. We
classify cross-impact models according to which properties they satisfy and stress them
on three different asset classes to evaluate goodness-of-fit. We find that two models are
robust across markets, but only one satisfies all desirable properties and is appropriate for
applications.

From:
How to build a cross-impact model: Theoretical requirements and empirical results
M. Tomas, I. Mastromatteo, M. Benzaquen

Introduction

Trading pressure moves prices, a now well-established phenomenon known as market impact
[BBDG18, ATHLO05, Tor97|. In fact, market impact has been measured in many independent
studies and it is robust across assets, time periods and markets. A more subtle effect is that
trading pressure from one asset can move the price of another. This effect has been dubbed
cross-impact. cross-impact transmits information across assets and amplifies market shocks.
Many papers incorporate cross-impact in applications but assume that the parameters of the
model are known [ELMKI18, EMK19, GP16, TWGI19]. To be applied in practice, they require a
calibration technique to estimate cross-impact from data.

The importance of cross-impact has sparked recent interest in devising calibration method-
ologies from empirical data [HS01, PV15, BMEBI7, WSG16, SL19, TMB21, RT2la]. However,
empirical studies focus on goodness-of-fit to calibrate cross-impact models or make simplifying
assumptions which may work well on certain asset classes but break on others. Therefore, from
the literature, we cannot determine whether there exists a universally robust and statistically
accurate cross impact model, nor more specifically one which is suitable in other applications,
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I. Static cross-impact models

such as optimal trading.

This chapter seeks to bridge this gap by introducing desirable properties of cross-impact
models, classifying models according to which properties they satisfy and stress-testing these
models on different markets to assess which provide good empirical fit. In particular, we
find that there is a single cross-impact model robust across asset classes and well-suited for
applications.

We briefly comment on the links between our approach and the literature.

The paper most related to our work is [RT2la]. There, the authors characterise suitable
cross-impact models within a market where trades are modeled with Hawkes processes. The
resulting cross-impact models are well-behaved and can be calibrated, which the authors
illustrate on E-Mini S&P 500 futures.

This chapter stress-tests many different cross-impact models and thus contributes to the
literature on the calibration and goodness-of-fit testing of cross-impact models [BMEBI17, SL19,
RT21a]. However, papers on the literature focus on one (or few) models at a time on a particular
asset class. Thus, this chapter shines light on which models perform best on a variety of
markets.

A set of theoretical studies have attempted to characterise suitable cross-impact models
from certain properties. Unfortunately, a pure no-arbitrage framework as in [AKS16, SL19] is
not sufficiently restrictive to prescribe a calibration methodology. We use some of their results
to classify static cross-impact models which allow for arbitrage.

Other studies obtain cross-impact models via interactions of different agents. While the
mean-field framework for optimal execution of [LM19] provides one explanation of the many
possible phenomena underlying cross-impact, it does not provide a recipe one may use on
empirical data. In the optimal market making literature, [BEGV18] finds that the liquidation
costs of a market maker faces when he holds an inventory ¢ is of the form —q " Ag, where A
can be estimated in practice. In fact, the same A can be derived from the multivariate Kyle
framework [GAMMBB20, CK94]. We show that this A plays a special role, as it is the only
cross-impact model which satisfies all desirable properties. This partially explains why this
cross-impact model appears in a variety of seemingly unrelated settings.

The chapter is organized as follows. Section 1 introduces the setup of the chapter. Sec-
tion 2 lists axioms and Section 3 cross-impact models of interest, along with the axioms they
satisfy. Section 4 stress-tests cross-impact models on a variety of markets. We conclude by
stressing the main contributions of the chapter and discussing open questions and directions
for future work.
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Notation

The set of n by n real-valued square matrices is denoted by .4, (R), the set of orthogonal
matrices by @y, the set of real symmetric positive semi-definite matrices by .%, (R) and the
set of real symmetric positive definite matrices by :7,; *(R). Given a matrix A in .4,(R), AT
denotes its transpose. Given A in &, (R), we write AY2 for a matrix such that AY2(AYH)T = A
and VA for the matrix square root, the unique positive semi-definite symmetric matrix such
that (vVA)2 = A. We write ker(M) for the null space of a matrix M € .4, (R), IIy for the
projector on a linear subspace of V € R" and [Ty = I — Iy for the orthogonal projector. Finally,
given a vector v € R", we write v = (v1,...,v,) and diag(v) for the diagonal matrix with
diagonal components the components of v.

1 Cross-impact models as functions of market data

To relate trades to prices, we observe the mid-prices and trades of d different assets, both
being binned on a regular time interval of length Az. We denote by p; the opening price
of Asset i in the time window [f, ¢+ A¢f] and by p; = (p},--- ,p’tj) the vector of asset prices.
We write g} the net market order flow traded in the same period, i.e. the signed sum of the
volumes of all trades in that window, counting buy trades volume positively and sell trades

volume negatively. Similarly, q; = (q}, e qf) is the vector of net traded order flow.
On a given trading day, our goal is to relate the time series of net order flows {qo, gas, -, g1}
with the time series of prices {po, par,--+, pr}. For a given asset, it is classically admitted that

price changes and net order flow are linearly related, although the linear relationship breaks
down for large order flow values [PB18]. Inspired by this, we also assume this is true across
assets. Furthermore, to emphasize the cross-sectional features of the problem, we discard the
influence of past order flows. This leads to the following assumption.

Assumption 1. Price changes Ap;:= print — pr and order flow imbalances q; are linearly related,
ie.
Apr=Neqr+1y, (1)

where the d x d matrix A is called the cross-impact matrix and 0, = (n%,...,n?) is a vector of
zero-mean random variables representing exogenous noise.

In Equation (1), price changes and order flow imbalances are known and we have to choose the
cross-impact matrix A;. Our choice of cross-impact matrix influences the quality of fit of the
model via the size of the residuals of Equation (1). The focus of this chapter is to find the right
choice for the cross-impact matrix A;.

While many choices for the cross-impact matrix are possible, we focus on those which
depend on the parameters of the true data generating process. In the particular context where
all random variables are Gaussian, then second-order statistics are sufficient statistics. This
motivates the next assumption.
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I. Static cross-impact models

Assumption 2. In the rest of the chapter, we assume that price dynamics are given by
Apr=AZ:, Q4 RIGe + 11, (2)

where A: FF (R) x FFF(R) x My(R) — My (R) is called a cross-impact model, Z; = Cov(Ap;)
is the price change covariance matrix, Q; := Cov(q,) is the order flow covariance matrix, R; =
E [(Apt —E[Ap:) (g — [E[qt])T] is the response matrix and n; = (n%,...,n?) is a vector of zero-mean
random variables representing exogenous noise.

The cross-impact model A of Equation (2) is a function of the three key second-order statistics
which describe our market. Indeed, X; quantifies the co-variation of returns, Q; captures
co-trading of different assets, and R; reflects the average change of asset prices with traded
order flow. By examining cross-impact models, we abstract the particular value of a cross-
impact model for a given set of second-order statistics. Instead, this allows us to examine the
cross-impact model across markets.

The main purpose of this chapter is to find a suitable cross-impact impact model A in
Equation (2) given a set of observations of market data and corresponding statistics Z;,Q;, R;.
The next section discusses how to choose a proper cross-impact model A. First, we comment
on the validity of our assumptions.

Remark 1 (Validity of the static approximation). Overall, Assumption 1 is relevant to describe
price impact shortly induced after trading for small portfolios. To assess its validity, we compare our
setup to models which account for past order flow imbalances [SL19, AKS16, BMEB17] where price
dynamics are

Pr= ZG(t_S)qs"‘ft;

s<t
where G: t — G(t) € My(R) captures the dependence on past order flow and &, is a vector of
zero-mean random variables. Then

Ap:=GO)g+n:+ ) (G(t+At—5) -G —5))gs,

s<t
where 1 = &ronr — &1 is a vector of zero-mean random variables. Assumption 1 ignores the last
term of the right hand side in the above equation. Therefore, we can measure the validity of our ap-

proximation by comparing G :=Y c<; Gij(t+At—5)—G;j(t—s) and G;;(0), say withx;; := Tl(jo)

For At = 5 minutes and on stocks, Figure 3 of [BMEBT7] shows x;;j = 20%. Figure 5 of [SL19]
works in transaction time on bonds but a rough estimate for At = 1 minute yields x;j =~ 30%. This
indicates our setup is relevant to capture the salient features of cross-impact.

Before proceeding, we comment on the structure of the trading costs in our setup.

Remark 2 (Trading costs). Equation (2) gives a prediction of portfolio trading costs. In particular,
if one assumes that the difference between the arrival price and the execution price is given by Apy,
the cost incurred after the execution of the portfolio & is

GO =ETAp =T A E+ET NG +ET T, (3)
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where G; is the order flow imbalance due to trades of other market participants. Thus
E[C@©)] =& Ak +& AELGe 11 +8 Ty,

where E[G; | ] represents the alignment of the market trades’ conditioned to the traded porifolio. This
may be non-zero because of herding, where our trades cause other investors to trade. The treatment of
this term depends on the trading strategy and is outside of the scope of this chapter. Thus, we assume
that E[G; | &1 =E[G,] = 0 so that the average impact costs of trading the portfolio & in our setting is
E[E(©)]=¢T At

The next section examines desirable properties we want cross-impact models to satisfy.

2 Axioms: the desirable properties of cross-impact models

To find a proper cross-impact model for Equation (2), we have two potentially conflicting
objectives. The first is goodness of fit, or how well our model captures the influence of order
flow to explain price changes. Cross-impact models are often selected on this basis alone
[BMEBI17, SL19, WSG16]. This may yield good empirical fit but these models neglect another
important aspect: the theoretical implications of our market model of Equation (2). For
example, does our choice of cross-impact model imply that agents can abuse cross-impact to
make a profit on average? These properties are critical if we want to use cross-impact models
in applications, such as [ELMK18, EMK19, GP16, TWG19].

To select a model on the basis of its implications, we need to establish which properties
we would like a cross-impact model to satisfy. To address this issue, this section proposes a list
of desirable properties of cross-impact models, which we dub axioms. Each axiom translates a
desired behaviour of cross-impact model, grounded in the implications of the cross-impact
model for the evolution of prices.

21 Symmetry

The first type of axioms we introduce are symmetry axioms. They ensure that the cross-
impact is well-behaved under financially-grounded transformations of its variables. First, the
cross-impact model should adapt to a re-ordering of the assets. This yields the following
axiom.

Axiom 1 (Permutational invariance). 4 cross-impact model A is permutation-invariant if; for
any permutation matrix P and (£,Q,R) € (%, (R) x FF T (R) x M, (R)),

APEZPT,PQPT,PRPT) = PA(Z,Q,R)P.

In the absence of any return or order flow correlation among assets, we expect price changes
to be independent. The cross-impact model should then respect this property. This motivates
the following axiom.

39



I. Static cross-impact models

Axiom 2 (Direct invariance). 4 cross-impact model A is direct-invariant if; for any o, € R”
r e R",
n
A(diag(0)? diag(w)?, diag(r)) = Y_ A(oFee] ,weie]  rieie]),

i’
i=1

where e; is the i-th element of the canonical basis.

Impact is expressed in a choice of currency units. However, the chosen currency should not
matter and cross-impact models should adapt accordingly. The next axiom translates this

property.

Axiom 3 (Cash invariance). 4 cross-impact model A is cash-invariant if, for any a >0, and
Z,Q,R € (F, R) x & (R) x Mn(R)),

A@®Z,Q,aR) = aA(Z,Q, R).

Similarly, cross-impact models should account for changes in volume units. For example,
stock splits can double the number of outstanding shares and halve their values (if we ignore
microstructural effects such as tick size and lot rounding). This leads to the following axiom.

Axiom 4 (Split invariance). 4 cross-impact model A is split-invariant if, for any diagonal matrix
of positive elements D € M, (R) and (£,Q, R) € (£ (R) x £ (R) x M (R)),

A '=D™ !, DQD,D'RD) =D 'A(Z,Q,R)DL.

The profit and loss of traders is invariant under orthogonal transformations (see Equation (3)).
It is natural to look for cross-impact models that share this property. As before, this ignores
microstructural effects such as exchange trading fees, bid-ask spreads, etc. The following
axiom introduces this property.

Axiom 5 (Rotational invariance). 4 cross-impact model A is rotation-invariant if, for any real
orthogonal matrix O € Oy, and (£,Q, R) € (¥, R) x &7 T ([R) x M, (R)),

AOZ0T,0Q0",0RO™) = OA(Z,Q,R)O".

We say of a model which does not satisfy Axiom 5 that it has a privileged basis. Note that
any cross-impact model which satisfies Axioms 4 and 5 is invariant under the action of any
non-singular matrix M.

Among symmetry axioms, we expect permutational, direct and cash invariance (Axioms 1
and 3) to be of critical importance as models which do not respect them would behave
oddly. Split invariance (Axiom 4) is realistic but it may break on small timescales due to
microstructural effects. On the other hand, rotational invariance (Axiom b5) is less plausible
because markets have transaction costs, leverage constraints and other effects which break this
symmetry.
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2.2 Arbitrage

This family of axioms clarifies what properties a cross-impact model should satisfy to excludes
any statistical arbitrage in the sense of [Gatl0], i.e. round-trip trading strategies with positive
average profit. The first axiom involves static arbitrages: single period trading strategies with
average negative costs.

Axiom 6 (Positive semi-definiteness). The cross-impact model A takes values in the space of
positive semi-definite matrices.

The next axiom involves dynamic arbitrages, i.e. multi-period trading strategies in the spirit
of [AKSI6, Gatl0, SL19]. Even though these arbitrages cannot be exploited in our single-period
setup, they would emerge by generalizing our setup to the multi-period setting as shown
in [SL19]. This is why we choose to also consider this class of arbitrages.

Axiom 7 (Symmetry). The cross-impact model A\ takes values in the space of symmetric matrices.

Axioms 6 and 7 together are sufficient to guarantee absence of statistical arbitrages. Arbitrage-
related axioms are of great important in applications where the presence of arbitrages leads
to odd behaviour. For example, [AKS16] highlights how arbitrageable cross-impact models
lead to ill-behaved optimal trading strategies. Although outside the scope of this chapter, it is
interesting to assess if real markets admit some kind of statistical arbitrage, and whether these
hold when factoring other transaction costs (see [SL19]).

2.3 Fragmentation

While the previous axioms ruled out statistical arbitrage, another related issue is what happens
when trading assets (or combination of assets) which have constant prices. For example,
consider a stock traded on multiple markets (say, Apple traded on the Nasdaq and on the Bats
venues). For a reasonably large interval of time Af (and abstracting microstructural effects),
we expect PNasdaq — PBats = 0. Thus, buying a volume ¢ = gNasdaq + GBats of Apple stock should
yield the same cost no matter how one fragments the gNasdaq units bought on Nasdaq and the
(Bats units bought on Bats. For this reason, this axiom is dubbed fragmentation invariance.

We distinguish between three different forms of fragmentation invariance. The first, weak
Jfragmentation invariance, concerns the price changes given by a cross-impact model and is
detailed in the next Axiom.

Axiom 8 (Weak fragmentation invariance). 4 cross-impact model A is weakly fragmentation
invariant if; for any (£,Q,R) € (¥, (R) x 7 (R) x M,,(R)) and @ <V <kerZ,

My A(Z,Q,R)=0,
where we recall that Ty denotes the projector on the linear subspace V.

In practice, if the price of a linear combination of assets is constant, weak fragmentation
invariance guarantees that its price cannot be moved through trading.
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Remark 3. From now on, we will implicitly assume that ker(X) ker(R"), which is consistent
with the interpretation of = and R as covariations of prices and order flows. This implies that from
the point of view of the fragmentation-related axioms, any condition involving the the kernel of
will be naturally related to the kernel of R as well.

We obtain a stronger condition if we require volume traded in zero-volatility directions to
induce no price impact. This leads to the following Axiom.

Axiom 9 (Semi-Strong fragmentation invariance). A4 cross-impact model satisfies semi-strong
fragmentation invariance if, besides satisfying the weak fragmentation invariance Axiom 8, for
any (Z,Q, R) € (£ (R) x L7 (R) x Mp(R)) and ¢ < V CkerX,

A(Zr Q)R)HV =0.

We can go one step further by ensuring that the cross-impact model itself should also not
depend on how zero-volatility directions are traded by other market members. This is strong
fragmentation invariance, the subject of the next Axiom.

Axiom 10 (Strong fragmentation invariance). 4 cross-impact model A is strongly fragmentation
invariant if; besides satisfying semi-strong fragmentation invariance (Axiom 9), for any (Z,Q,R) €
(S5 (R) x LI R) x My (R) and @ < V Sker(T),

AC,Q,R) = ATy Xy, My QIly, [y RIIy).

Weak fragmentation invariance (Axiom 8) is critical since it prevents models from predicting
price changes for zero-volatility instruments. Furthermore, it properly aggregates liquidity of an
asset traded on multiple venues. For the same reasons, semi-strong and strong fragmentation
invariance (Axioms 9 and 10) should be of crucial importance.

2.4 Stability

Fragmentation invariance axioms constrain cross-impact models in extreme regimes of price
correlations. Similarly, stability axioms control behaviour in extremes of liquidity. Intuitively,
price manipulation of liquid products using illiquid instruments should be excluded.

We model this by defining a set V of illiquid instruments. We consider the matrix ITy + eIly
that multiplies by € « 1 the liquidity of all instruments belonging to V. After multiplying the
traded order flow by this matrix, the observables become

)EED)

Q= (My + elly) QY +elly)

RY:= R(ITy +eMy).
We are now ready to formulate liquidity axioms. First, trading illiquid instruments should not
lead to large impact on liquid instruments. We would otherwise be able to manipulate the

prices of liquid instruments. The converse should be true: we should not be able to manipulate
prices of illiquid instruments by trading liquid instruments. This motivates the next axiom.
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2. Axioms: the desirable properties of cross-impact models

Axiom 11 (Weak Cross-Stability). A4 cross-impact model A is weakly cross-stable if, for any
(Z,Q,R) € (& (R) x F " (R) x Mp(R) and linear subspace V and using the above notations,

ﬁVA(ZZ,QZ,Rg)HV;O o) (4)

My A, Qf, ROy = 00). (5)

We can formulate a stronger cross-stability property. The next axiom formalizes the intuition
that impact among liquid assets should be independent of the behavior of illiquid assets.

Axiom 12 (Strong Cross-Stability). A4 cross-impact model A is strongly cross-stable if, in addition
to satisfying weak-cross stability ( Axiom T1), for any (£,Q,R) € (&7 (R) x £+ (R) x M,,(R)) and
linear subspace V' and using the above notations,

fiyA (2], Qf, RY) 1y —»0ﬁVA(ﬁVZﬁV,ﬁVQf[V,fIVRf[V)I:IV
E—»

An unresolved question is the effect of trading illiquid instruments on illiquid products. The
following axiom deals with this issue.

Axiom 13 (Self-Stability). A cross-impact model is self-stable if, for any (£,Q,R) € (%] (R) x
Lt (R) x My (R)), subspace V and using the above notations,

HVA(ZZ,Qg,RZ)HV;OO(l). (6)

Intuitively we want to avoid this property since it indicates that, even though a product is
illiquid (g o &, so that one would expect a diverging impact) the predicted cost of trading such
product can be finite.

We believe weak cross-stability (Axiom 11) is fundamental. Indeed, it should be impossi-
ble to manipulate prices from liquid assets by trading illiquid assets and vice-versa. We would
also like the stronger version of this axiom (Axiom 12) to hold: liquid instruments should be
insensitive to trading on illiquid ones. On the other hand, self-stability (Axiom 13) does not
penalize trading illiquid instruments. Thus, it is undesirable in applications.

2.5 Predicted covariance

Finally, it can be interesting to consider whether a cross-impact model predicts a contribution
to the return covariance that is proportional to £ or not.

Axiom 14 (Return covariance consistency). A cross-impact model A is return covariance
consistent if, for any (Z,Q, R) € (&, (R) x L+ (R) x M(R)), it satisfies (up to a multiplicative
constant):

T=AEQROQAE, QR .
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I. Static cross-impact models

This axiom is motivated by the fact that under the model in Equation (2), we expect return
covariances to be given by

% =Cov(Ap) = AQAT + Cov(n),

so that if one assumes that the fundamental return covariance is proportional to the predicted
one, i.e. E[nn '] oc Z, one would recover return covariance consistency. This property controls
the predicted price changes of the model, but we have no strong reason to believe cross-impact
models should satisfy it.

2.6 Link between axioms

Fragmentation and cross-stability are related for split and rotation-invariant cross-impact
models. The next proposition shows that fragmentation invariance implies cross-stability
properties for continuous cross-impact models.

Proposition 1. Let A be a jointly continuous cross-impact model which satisfies split and rotational
invariance (Axioms 4 and 5). Then

1. If A satisfies semi-strong fragmentation invariance (Axiom 9), then it is weakly cross-stable
(Axiom T1).

2. If A is strongly fragmentation invariant (Axiom 10), then it is strongly cross-stable (Axiom 12).

We prove Proposition 1 in Section I.A.1. While the converse is not true, the next proposition
shows that, given an additional regularity condition, cross-stability implies fragmentation
invariance.

Proposition 2. Let A be a jointly continuous cross-impact model which satisfies split and rotational
invariance (Axioms 4 and 5). We further assume that, for any linear subspace V. and using the
notations of the previous section, £2A(ZZ,QZ,R§’) —e 0. Then

E—

1. If A is weakly cross-stable (Axiom T1), then it satisfies semi-strong fragmentation invari-
ance (Axiom 9).

2. If A is strongly cross-stable (Axiom 12), then it is strongly fragmentation invariant (Axiom 10).

We prove Proposition 2 in Section I.A.l. A particularly interesting result of Propositions 1
and 2 is that for continuous cross-impact models which satisfy the regularity property of
Proposition 2, fragmentation invariance and cross-stability are equivalent.

3 Candidate cross-impact models

Now that we have characterized the desirable properties of cross-impact models, we provide a
set of cross-impact models and detail which axioms they satisfy. Their empirical performance
will be assessed in Section 4. We divide these models in two classes; those that are based on
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3. Candidate cross-impact models

the return covariance X and those based on the response R.

Before presenting the different cross-impact models, we introduce some notation. For conve-
nience, we will note the price volatility o := (vZ11,-*+, \/Z_dd), the signed order flow volatil-
ity o := (vQi1,*+,/Qaa), and the price and flow correlations p := diag(c) ! Zdiag(o)?,
pq = diag(w)_lﬁdiag((u)_l.

3.1 Return covariance based models

Let us start with the simplest possible linear impact model: one without cross-impact.

Definition 1 (direct model). The direct model is defined for any (Z,Q, R) € (¥, R) x.%, " (R) x
An(R) as
Adirect (2,8, R) = diag(U)”zdiag(w)_l/z. (7)

To generalize this model to the multivariate setting while respecting cash invariance, weak
fragmentation invariance and consistency with correlations, a first idea is to use the matrices
>12 and Q72 Since Q71/2q is a whitening transformation, this model is referred to as the
whitening model.

Definition 2 (whitening model). Recall that given M € %, (R), M''? indicates a symmetric
matrix factorization (i.e., MYZ2(M2)T = I). The whitening model' is defined, for any (£,Q,R) €
(S R) x LT R) x Mp(R), as

Agnitening(Z,(, R) := 21z, (8)

Unfortunately, this model does not respect symmetry, positive-definiteness, strong fragmen-
tation invariance or weak cross-stability (Axioms 6, 7, 10 and 11). To impose symmetry and
strong fragmentation invariance, the e1 model? proposed in [MBEBI17] is directly expressed in
the basis of the return covariance matrix.

Definition 3 (el model). The eigenliquidity (el) model is defined, for any (Z,Q, R) € (&, (R) x
ST R) x My (R), as
5,V T

A1 (Z,QR) = S Sa»
o ;1 u(S;QSa)l/z “

©)
where we have introduced the eigenvalue decomposition of S=Y"_, 54145, .

The el model is cross-stable, self-stable (Axioms 11 to 13) and is return covariance inconsistent

(Axiom 14). As mentioned above, there is in fact only one model which satisfies all the axioms
that we have provided: the so-called multivariate kyle model, see [GAMMBB20, CK94].

IThe whitening model is not independent of the symmetric factorization chosen for X and Q. As convention,
we will take the square root obtained by an orthogonal decomposition of each matrix and the square root of their
eigenvalues.

2The model proposed in [MBEBI7] is actually the response-based one, referred later as r-elx model.
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I. Static cross-impact models

Definition 4 (kyle model). The kyle model is defined, for any (£,Q,R) € (%, ([R) x FF+(R) x

My (R), as
Ay1e(Z,Q,R) = (@A) TV (@A) TEal2Q71 2, (10)

The kyle model plays a fundamental role as it is the only model which satisfies all axioms.
This may explain why it appears in many different settings, seemingly unrelated to the Kyle
insider trading setup [Guél7, EV18, RT2la]. The next proposition shows it is the only model
which satisfies arbitrage axioms and return covariance consistency.

Proposition 3. Let A be a symmetric, positive-semidefinite and return covariance consistent
cross-impact model (Axioms 6, 7 and 14). Then A = Axy1e up to a multiplicative constant.

The proof of Proposition 3 is given in Section I.A.2. The next proposition further shows that
the kyle model is also the only return covariance based model which satisfies all symmetry
axioms.

Proposition 4. A return covariance based cross-impact model A that is both split-invariant and
rotation-invariant (Axioms 4 and 5) can always be written in the form

ACQ) =% TUFWU £,
where
Q=22" ; 2=2%"3% ; U'SU:=diag(w) ; F(u) :=A(diag(w),D.

Furthermore, if A is cash-invariant and direct-invariant (Axioms 2 and 3), then F(u) = diag(u)'/?
up to a multiplicative constant and A = Ayy1 up to a multiplicative constant.

The proof of Proposition 4 is given in Section .A.2.

3.2 Response based models

All the models presented above assume that it is possible to relate the effect of the order flow
imbalance solely with the return and order flow covariances. This section examines models
which also use the response matrix R. First, we can define a response-based direct impact
model similar to Equation (7).

Definition 5 (r-direct model). The response direct (r-direct) model is defined, for any
Z,Q,R) € (& R) x F " (R) x MnR)), as

As-girect (Z,Q, R) := diag(Ryy, -+, Rgg)diag(w) ~!.

This model corresponds to the maximum likelihood estimator of the cross-impact matrix A
under the constraint A;; =0 for i # j. Removing this constraint, one obtains the multiavariate
maximum likelihood estimator defined below.

Definition 6 (ml1 model). The maximum likelihood (ml) model is defined, for any (2,0, R) in
() ®) x L R) x My (R), as
Am (Z,Q,R):=RQ7\.
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3. Candidate cross-impact models

The m1 does not satisfy desirable arbitrage or liquidity axioms. Thus, for similar reasons the
el was introduced, we introduce a r-el model, so to have a response-based model satisfying
more axioms while coinciding with the m1 model when R and Q commute.

Definition 7 (r-el model). The response-based eigenliquidity (r-el) model is defined, for any
(Z,Q,R) in (F; R) x F " (R) x MpR)), as

.
s, Rs
Ar-e1(Z,QR) =) 5,5, )

a Sa a

where s, are the eigenvectors of X.

Finally, we can replicate the construction of the kyle estimator in a response-based context to
obtain the following model.

Definition 8 (r-kyle model). The response-based Kyle (r-kyle) model is defined, for any (X,Q2, R)
in (F, (R) x &, (R) x M, R)), as

Ar 1o (Z,Q,R) = (@A) TV(@QA)TRQIRTQY2Q ™2, (12)

3.3 The x transformation

Some of the models defined in the previous section (whitening, el, r-el) violate split
invariance even though they are well-behaved under rotation. We can trade one for the other
through the following transformation.

Definition 9 (The * transformation). Given a cross-impact model A, the starred version of A,
written N*, is a cross-impact model defined for any (£,Q, R) in (%) (R) x &7 " ([R) x 4, (R)) as

A*(Z,Q,R) :=diag(0)A(p,Q*, R*)diag(0),
where we have defined Q* = diag(0)Qdiag(c) and R* = diag(o) ! Rdiag(0).

In practice, the starred version of a cross-impact model applies the original cross-impact
model after rescaling all the observables in units of risk via a multiplication by the volatility o.
Naturally, this transformation has no effect on models that satisfy split invariance.

3.4 Axioms satisfied by each model

Table 1.1 summarises the axioms satisfied by each model. Most results are straightforward
and omitted for conciseness. We include some of the slightly less trivial proofs of the axioms

satisfied by the kyle model in Section I.A.3. We summarise some of the connections between
Axioms in Table 1.2.
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Model Symmetries Arbitrage Fragmentation Liquidity Covariances
PI DI CI SI RI SA DA WFI SSFI  SFI WCS SCS SS PCC
direct v v v/ 4 4 X X X 4 4 X
whitening /7 v X/ X X v X X X X X v
whiteningx v vV V V/ X X v X X X X X v
el AR S oo/ v v/ v v v
elx v v v/ v v v v v v v
kyle v v /v v/ v v v v v 4 4 X v
r-direct o/ 7/ v X X X X 4 X
ml A A A A X X v X X X X X
r-el AR A S X v v/ v v v v
r-elx v v v/ X 4 4 v 4 v v
r-kyle v v 7 v/ v v v v v 4 v X
Table L.I: Summary of axioms satisfied by different cross-impact model.
We use the symbol v for axioms that are satisfied and X for axioms that are violated. We
use the color green in order to label a desirable property of the model, red for an undesirable
property of the model. is used for properties/models whose violation might not be
particularly relevant in order to explain empirical data, although they are interesting to
consider. Axioms are grouped by category and the order in which they were presented in the
text.
Result Symmetries Arbitrage Fragmentation Liquidity Covariances
PI DI CI SI RI SA DA WFI SSFI  SFI WCS SCS SS PCC
Proposition 1 (1) H H H v
Proposition 1 (2) H H H v
Proposition 2 (1) H H v H
Proposition 2 (2) H H v H
Proposition 3 v v v v/ H H v v 4 v v X H
Proposition 4 v H H H H o/ v v 4 4 X v

Table 1.2: Salient relations among the axioms introduced in the chapter.

The table summarises the results of different propositions relating axioms together. For a given
result, we use the symbol H to denote a condition that holds by hypothesis. On the same row,
we mark satisfied axioms using the notation of Table L1.

4 Goodness-of-fit of cross-impact models

Sections 2 and 3 listed desirable properties of cross-impact models and examined which were
satisfied by a variety of candidate models. This enabled us to understand the theoretical
implications of a given cross-impact model. However, well-behaved models which poorly
explain data are of little use. The goal of this section is to assess the goodness-of-fit of the
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4. Goodness-of-fit of cross-impact models

cross-impact models listed in Section 3 to understand which models satisfy desirable properties
and fit data well.

4.1 Methodology

To assess goodness-of-fit, we select the timescale Af to be one minute in order to avoid
microstructural effects while being small. For a given cross-impact model A, the predicted
price change for the time window [z, f + At] due to the measured order flow imbalance g; on
that time window is

AP[ = A(Z[)QDR[)q[,
where Z;,Q, R; are the covariances defined in Assumption 2, which we will estimate using
empirical data.

To evaluate quality of fit of the cross-impact model A, we compare the predicted price
changes A/bt to the realised price changes Apy, using three different indicators of performance
which emphasize different aspects of prediction errors. All three indicators are parametrized by
a symmetric, positive definite matrix M € %, (R), M # 0. Given a realization of the price pro-
cess {Ap[}thl of length T and a corresponding series of predictions {@t};sz the M-weighted
generalized %? is defined as

21<e=T(Ap: —@t)TM(Apt—A/;y[)

R*(M):=1- -
21stsTApt MAp;

The close the score is to one, the better the fit to empirical data. To highlight different sources
of error, we consider the following choices of M:

L. M=1I;:= diag(a)‘l, to account for errors relative to the typical deviation of the asset
considered. This type of error is relevant for strategies predicting idiosyncratic moves of
the constituents of the basket, rather than strategies betting on correlated market moves.

2. M=J],:= (2;1/2271/2)15,-']'5,”, to check if the model successfully forecasts the overall
direction of all assets. This is relevant for strategies predicting global moves of the
constituents of the basket.

3. M =271 to consider how well the model predicts the individual modes of the return
covariance matrix. This would be the relevant error measure for strategies that place
a constant amount of risk on the modes of the correlation matrix, leveraging up
combinations of products with low volatility and scaling down market direction that
exhibit large fluctuations. 3

Given M € % (R), M # 0, we compute scores on empirical data in the following manner.

First, we divide data into two subsets of roughly equal length: data from 2016 on the one

3Note that this measure strongly penalizes models violating fragmentation invariance: errors along modes of
zero risk should a-priori be enhanced by an infinite amount. In this study we have decided to clip the eigenvalues
of X to a small, non-zero amount equal to 10712,
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I. Static cross-impact models

hand and in 2017 on the other hand. Given data from year X and year Y, we calibrate
estimators and cross-impact models on year X and use models to predict price changes in
year Y, writing %i_)Y(M) for the average score. In-sample scores are defined as %izn(M) =
%(‘%2016—»2016(1\@ +5‘22§017_>2017(M)) while out-of-sample scores are defined as %iut(M) =
3 (R3016—2017 (M) + K5017_2016(M))-

4.2 Data used

To assess goodness-of-fit in a variety of different conditions, we stress-test models on three
different markets with different key characteristics. We detail each dataset here and the reason
we chose them. Detailed descriptions of each dataset, the estimation of covariance matrices
and of the cross-impact models is given in Section ILB.1.

The first dataset comprises two NYMEX Crude Oil future contracts and the correspond-
ing Calendar Spread contract. The first two contracts (respectively, CRUDEO and CRUDEI)
entail an agreement to buy or sell 1000 barrels of oil either at the next month or at the
subsequent month. The Calendar Spread CRUDEL_0 swaps the front month future with the
contract settling on the following month. Because of the strong correlations among the two
futures, the price of the calendar spread has very small fluctuations. This dataset allows us

to test the importance of fragmentation axioms. Further details about this data are given in
Section 1.B.1.

While relevant to illustrate the importance of fragmentation invariance, the previous dataset
corresponds to a pathological case where X has only one large non-zero eigenvalue, so that
cross-impact models give similar results. To circumvent this issue, we look at 10-year US
Treasury note futures and E-Mini S&P500 futures. We collect data from the Chicago Mercantile
Exchange and use the first two upcoming maturities of both contracts (respectively called
SPMINI and SPMINIS3 for E-Mini S&P500 futures and I0USNOTE and 10USNOTE3 for 10-year
US treasury notes). Further details about this data are given in Section L.B.2.

The previous datasets give us no clear conclusion on the role of stability axioms. In both
examples illiquid assets were highly correlated to other liquid assets. This extreme regime of
correlations makes it harder to analyse the role of liquidity. To circumvent this issue, we study
the behavior of cross-impact models in the low-correlation, many assets regime, using stocks
data. Further details about this data are given in Section 1.B.3.

4.3 Goodness-of-fit

The goodness-of-fit results for each model, dataset and score are presented in Table 1.4 in
Section I.C. Overall, on all datasets, the cross-impact models with the best goodness-of-fit are
the r-el, kyle and m1 models. They significantly outperform models which do not account
for cross-sectional effects, such as the r-direct model. In high-correlation regimes, such as
on the Crude and Bonds and Indices datasets, this gap is more pronounced. Among these
models, it is remarkable that the kyle model satisfies all axioms and achieves comparable
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4. Goodness-of-fit of cross-impact models

mle
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Figure L1: Idiosyncratic scores as a function of liquidity.
For each stock in our dataset, we compute the the in-sample stock-specific scores %2(I1;)
scores on 2016 data. We then represent the average in-sample stock-specific score as a function
of the liquidity w;, binning data by w; to smooth out noise. Results for the ml (in pink),
kyle (in green), r-direct (in blue) and r-el (in orange) models are shown. We have further
indicated the 10% and 90% quantiles of liquidity w1o% and wggy.

performance to the m1 model, which maximises empirical fit but has issues related to arbitrage.

Given these results, we focus on analysing the influence of certain market parameters on the
goodness-of-fit of cross-impact models. The next section examines the role of the liquidity.

4.4 Goodness-of-fit relative to liquidity

An interesting feature of our stocks dataset is the heterogeneous liquidity among assets. This
allows us to explore the influence of the liquidity of a given stock on the performance of
different models. Figure L1 shows the results of this analysis. Consistent with Table 1.4, we
find that overall, in score terms, m1>kyle>r-direct>r-el. The r-direct model fares better
for liquid stocks, where a larger fraction of variance can be explained by same-stock trades.
Surprisingly, the same holds for m1 and kyle models. The r-el model stands as an exception.
It better explains price moves for stocks which are within the band of typical liquidity, between
w10% and wgo%. This makes sense since the r-el model is self-stable as it aggregates liquidity
of all stocks. Thus, though this assumption is justified for stocks of liquidity close to the
average, it is violated outside of this zone. The m1 and kyle models are not self-stable and
better deal with very liquid or illiquid stocks. To further reinforce this point, for stocks of
liquidity close to the average in our pool of stocks, the difference scores of the el and kyle

2

I
50% >
the two models coincide. Thus, violating self-stability (Axiom 13) is key to explain price

models reach a minimum. This is consistent with the fact that in the approximation Q = w
changes for all ranges of liquidity within a basket of instruments.

4.5 Robustness of goodness-of-fit

The previous section compared the descriptive power of different cross-impact models. How-
ever, robustness of the different cross-impact models is also of interest. In Figure 1.2, we show
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Figure 1.2: Idiosyncratic score and overfitting as a function of the number of assets and
bin timescale.

Left column: average out-of-sample idiosyncratic score %2 ,(I,) (top left) and overfitting
R L)
%2, (1,)
scores were computed by randomly selecting a subset of stocks and computing scores on the

coefficient (bottom left) computed using stocks data. Out-of-sample and in-sample

given subset, repeating the procedure more when there are fewer stocks are selected than when
a large proportion of stocks from our sample is considered. The average score for each models
across all samples is then shown. Scores are shown for the ml (in pink), the kyle (in green),
r-direct (in blue) and r-el (in orange). Stars show results for crude contracts, crosses for
bonds and indices and triangles for all 393 stocks of our sample. Right column: idiosyncratic
scores (top right) and overfitting coefficient (bottom right) as a function of the bin timescale.
Scores were computed using the same procedure described in Section I.C, varying the bin
parameter from 10 seconds up to around an hour.

the out-of-sample score and overfitting coefficient for idiosyncratic price changes for our set of
393 stocks, as a function of the bin timescale and number of instruments.

As expected, the number of degrees of freedom controls the overfitting of different mod-
els. This explains why, in terms of overfitting with respect to the number of instruments at the
minute timescale, r-direct <kyle <ml ~r-el. In contrast, models overfit less on futures,
which suggests that overfitting decreases as the pairwise correlation between instruments
increases. Furthermore, out-of-sample idiosyncratic scores for the ml and kyle model increase
with the number of assets. A somewhat surprising result, despite the small pairwise correlation
of instruments in our stock dataset and the large number of stocks considered in this study, is
that idiosyncratic scores appear to keep increasing for more than 400 assets. This suggests that
there is still latent explanatory power in the dataset but only two models manage to extract it.

52



4. Goodness-of-fit of cross-impact models

Focusing on the influence of the bin timescale, there is little overfitting at the minute timescale
but it increases with the bin timescale. In particular, the good fit of the m1 at small timescales
quickly breaks down for larger timescales. On the other hand, both the r-el and kyle models
are quite robust up until the 10 minute timescale. At this timescale, we expect our static
approximation described in Section 1 to break down.

Conclusion

Let us summarize what we have achieved. Our main objective was to find suitable static
cross-impact models given a set of empirical observations encoded in the sufficient statistics
(Z,Q, R) which fit data well and led to well-behaved market dynamics. To do so, we introduced
axioms, desirable properties of cross-impact models. We classified existing cross-impact
models and characterised those which satisfy certain subset of axioms.

In all markets studied, our analysis confirms that cross-impact models are well suited to
explain price changes, showing significant improvement compared to impact models in which
cross-sectional effects are disregarded (see Table 1.4). However, only the kyle and ml models
perform well on all markets studied, whereas only the kyle model prevents arbitrage and is
well-behaved when trading both liquid and illiquid instruments. This makes it an ideal model
for other applications, such as optimal execution.

Independently of our specific model implementations, we also established a few charac-
terisation results of cross-impact models from axioms. In particular, we showed that symmetry
axioms (Axioms 1 to 5) alone completely characterise return-based cross-impact models and
that the kyle model is the only model to satisfy all cross-impact axioms.

Even though we have considered a linear, single-period scenario, the ideas introduced in
this chapter could be generalised. For instance, the framework can be adapted to deal with
derivatives [TMB21]. Another topic is the generalisation of this framework to account for
the auto-correlation of the order flow. This question is examined in [RT21b, RT21a] but an
axiom-first approach is still lacking.

Finally, our results can be used to choose adequate cross-impact models for applications
discussed in the literature. For optimal trading applications [ELMK18, EMK19, GP16, LM19],
it is natural to favor models which satisfy arbitrage axioms to prevent ill-behaved trading
strategies. When modeling cross-impact at the microstructural level [TWG19] then arbitrage,
fragmentation and liquidity axioms are all important to rule out price manipulation. For each
domain, we highlighted which cross-impact models would be good candidates.
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ILA Proofs

This section contains proofs of some results stated in the main text.

ILA1 Proof of Propositions 1 and 2

In this section, we establish some links between fragmentation and liquidity axioms. To do
so, in the rest of this section, we will make use of two kinds of regularised covariance and
response matrices. Given a linear subspace V, we first introduce the order flow regularised
estimators:

=3
Q= ([y + elly) QUTy +elly)
RY:= R(ITy +eMly).

These correspond to the multiplication of liquidity of instruments in V by €. Similarly, we
introduce the price regularised estimators:

2P = My + elly) Z([Ty + elly)
of=q
RP :=([ly +€lly)R.

These correspond to the multiplication of price fluctuations of instruments in V' by €. We
begin with a convenient lemma that relates liquidity properties to fragmentation properties.

Lemma 1. Let A be a split-invariant and rotation-invariant (Axioms 4 and 5) cross-impact model
and a linear subspace V such that  c V< R". Then, for all € >0, we have

AL Qf R =TTy AP, QF, RDYITy
+e Iy AL, QF, ROy + Ty A(ZP, QF, RD) Ty |
+e 2y Al QF ROy .

Proof. Let (uy,--+, uy) an orthonormal basis for the linear subspace V, where k = dim(V) and
(U1, ,uq) a completed orthonormal basis on R%. We write A:= (urlug |- ug) € Mg (R
and U:= (uy | up | -+ | ug) € My4®R). Then Iy = AAT and Ty = I - AAT. By rotation

invariance, we have
uaclol RhuT =awzluT,uQlu’, urlu™.

Since (u1,-+-,ug) is an orthonormal basis, UA only has non-zero entries along the diagonal.
Writing A:= UA we can apply split invariance with D= (I - AAT +£AA") to obtain

uAc! ol RHYUT =pAa@'uzluT D, DUQIU D, D'URIUTD)D.
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Straightforward computations show that
pluslu'p'=uszuT bpuolu'pD=uQlu" D'URIU'D=UR’UT.
Therefore
UAE!,Qf RHUT =(1- AAT + e 'AANHA (UZPUT, UQlUT , URPUT) (1 - AAT +¢71AAT).
Applying rotational invariance once again we get
UAE!,Ql, RhUT =u( - AANA(2P,QF, R (1- AATYUT
+e U [U-AADA (2P, QF \RP)AAT + AATA (2, QF RP) (1-AAD)|UT
+ePUAATA (2P, QP RIYAATUT.
This finally yields
Ac! QR =11y A (ZF,QF, RI) 1Ty
+e [y A(ZE,Qf, RU Ty + v A (22,QF, R) T1y/]
+e Ty A(ZF,QF RY) 1Ty,
which concludes the proof. O

In a similar fashion as Lemma 1, one can prove the following Lemma.

Lemma 2. Let A be a split-invariant and rotation-invariant (Axioms 4 and 5) cross-impact model
and a subspace V such that <V < R". Then we have

AL, of RD) =TIy A, 0, ROy
-171 q9 49 pd 4 049 pdyt
+e [y A, Qf, ROy + Ty AE{, Qf, RDITv]
+e 2y A, 0l RHIy.

Lemmas 1 and 2 enable us to relate cross-stability to fragmentation invariance. This is the
topic of the next proposition.

Proposition 1. Let A be a jointly continuous cross-impact model which satisfies split and rotational
invariance (Axioms 4 and 5). Then

1. If A satisfies semi-strong fragmentation invariance (Axiom 9), then it is weakly cross-stable
(Axiom TI).

2. If A is strongly fragmentation invariant (Axiom 10), then it is strongly cross-stable (Axiom 12).

Proof. We first prove (1). Since the cross-impact model A is continuous and satisfies semi-strong
fragmentation invariance we have

A(Zf,Qf,Rf)va:»OO

Iy AL, QF, RP) =0
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I. Static cross-impact models

Plugging the above in the results of Lemma 2 yields

My AE?,QF, ROy = eIy AE!, Qf, RDITy — 0

e—0

My AEE,QF ROy = ety AE!, QF, Ry - 0.
8—»

Thus A is weakly cross-stable. We now prove (2). Continuity at € = 0 and strong fragmentation
invariance yield

fyAct,Qf , ROy =, AvAdlyZily, Ty Qfly, Iy Rily)y .
Plugging the above into the results of Lemma 2 gives
My A, Qf Ry =11y AE?,QF , RD)TTy =, Av AWy 2y, Ty Qfly, Iy Riy) .
This implies that A is strongly cross-stable. O

Interestingly, the converse of Proposition 1 does not hold, thus indicating that the fragmentation
invariance properties play a more fundamental role than liquidity related axioms. The next
proposition shows the converse, provided some additional regularity of the cross-impact model.

Proposition 2. Let A be a jointly continuous cross-impact model which satisfies split and rotational
invariance (Axioms 4 and 5). We further assume that, for every linear subspace V and using the
previous notations, £2A(ZZ,QZ,R§7) —>0 0. Then

E—

1. If A is weakly cross-stable (Axiom T1), then it satisfies semi-strong fragmentation invari-
ance (Axiom 9).

2. If A is strongly cross-stable (Axiom 12), then it is strongly fragmentation invariant (Axiom 10).
Proof. We first prove (1). Since the cross-impact model A is weakly cross-stable we have
MyAE, Qf ROy — 0
My Az, Qf, ROy — 0.
Furthermore, by assumption we have
Al ol,rRhH — o.
e—0
Plugging the above in the results of Lemma 1 yields
My AE!,Qf, ROy = Ty A, QF, Ry — 0
My A, ROy = Ty A, QF, Ry — 0

ey Acd, 0l RHy =1y AEP, QF, R 1Ty — 0.
E—)
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Combining the above and using continuity, we obtain
Iy AE?,QF RP) - 0= Iy ATy Zy, Q, Iy R)
E—

A7, Q7 ROy — 0= A(lyEfly, Q iy Ry .

Thus this proves that A is semi-strongly fragmentation invariant. We now prove (2). Continuity
at € =0 and strong cross-stability yield

fyAcd,Qf, RHiy =, v AUy iy, Ty Qily, Iy Rily)fy .
Plugging the above into the results of Lemma 1 gives
fyAc!,f RHy =Ty AL, Qf , ROy =, My Ay Iy, Ty Qfly, [y Ry .
This implies that A is strongly fragmentation invariant. O

Propositions 1 and 2 show that fragmentation and cross-stability axioms are related. Further-
more, for cross-impact models which satisfy the regularity property of Proposition 2, the two
sets of axioms are equivalent.

ILA.2 Proof of Propositions 3 and 4

In this section, we characterise the models which satisfy the axioms introduced in Section 2.
We begin with the following proposition, the proof of which is heavily inspired by [CK94,
GdMMBB20].

Proposition 3. Let A be a symmetric, positive-semidefinite and return covariance consistent
cross-impact model (Axioms 6, 7 and 14). Then A = Ayy1c up to a multiplicative constant.

Proof. Let A be a cross-impact model which satisfies Axioms 6 and 14 and (Z,Q, R) € (¢, (R) x
St (R) x M, (R)). We assume for convenience that the multiplicative constant in Axiom 14 is
one. Writing A for A(Z,Q, R), and £ for a matrix such that Q = LLT, we have

S=AQAT =ALLTAT=(ALYAL)T.

Thus, by unicity up to a rotation of the square root decomposition, writing ¢ for a matrix
such that X =%%", there exists a rotation O such that A =90%~!. Furthermore, since A is
symmetric,

0¥ '=worH'.

Rewriting, we find
£'90=0'9"2,

so that the matrix £ %0 is symmetric and satisfies

&LT90)( L9490 = (9L T9T.
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I. Static cross-impact models

Since (£79)(£7¥9)" is symmetric positive semi-definite, the symmetric square root is unique
and

LT90=\V(LTY(LTYT.

Plugging this back into the expression of the cross-impact matrix yields the result:

A=90L = V(LT LTYTL =2 TVLTsLP !,
O

Hence, there is a single symmetric, positive-semidefinite, covariance-consistent, cross-impact
model. Given that the fragmentation-related axioms seem so fundamental, one might wonder
how many models one can build that satisfy that family of properties. Surprisingly, we find
that the class of models enjoying both split invariance and rotational invariance is quite small,
as shown in the next lemma.

Lemma 3. Let A be a cross-impact model which satisfies Axioms 4 and 5. Then, for all (£,Q,R) €
(FF®) x LI (R) x M, (R)), it can be written as

AC,QR =2L"TUANU'SU, LU ROHUT £,

where
Q=2%L"
STy
R=%"Re¥ T

and U is an orthogonal matrix (i.e, UU' = I).

Proof. The lemma is obtained by applying sequentially rotational invariance, split invariance
and again rotational invariance. The first two transformations can be used in order to remove
the dependency in Q as the second argument of the A(Z,Q, R) function. O

When one discards the influence of the response matrix, the model can further be characterised
as shown by the next proposition.

Proposition 4. A4 return covariance based cross-impact model A that is both split-invariant and
rotation-invariant (Axioms 4 and 5) can always be written in the form

ACQ)=2L"TUFWU £},
where
Q=2%" ; £2=2L"3% ; U'SU:=diag(w) ; F(u) :=A(diag(w),D.

Furthermore, if A is cash-invariant and direct-invariant Axioms 2 and 3, then F(u) < diag(u)'/?

and N = Ayy1e up to a multiplicative constant.
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Proof. For a return covariance based model, we can simply choose from Lemma 3 to fix U as
the rotation that diagonalizes the symmetric matrix 3, obtaining:

U'SU = diag().
This choice implies
AC,Q) = £ TUAdiag(w), NUT L7},

which yields the result of the first part of the proposition. Furthermore, if we assume A is
cash-invariant and direct-invariant (Axioms 2 and 3), we have

d
Adiag(w), D = Y iiA(eie] e;,e])
i=1

which yields the kyle model up to a constant. O

The above shows that the only return-based cross-impact model which satisfies all symmetry
axioms Axioms 1 to 5 is the kyle model.

I.LA.3 Proof of important properties of the kyle model

This section is dedicated to showing that the kyle model satisfies all the axioms outlined in
section Section 2. As the fragmentation and invariance axioms were discussed in the previous
section, the next lemma shows that the kyle model is also cross-stable.

Lemma 4. The kyle model is strongly cross-stable in the sense of Axioms 12 and 13 and is not
self-stable in the sense of Axiom 13.

Proof. Let V be a linear subspace of R”) and € > 0. Note that, writing ¢ for a matrix such that
44" =3, for any matrix %, such that £, £ = QJ, we previously showed that there exists a

rotation matrix O = (£, 9)™! \/ (L) 49) (LS 9)T such that we have

A1 (24, Qf RN =90, 2"

However, Qg = (1:[\/+€Hv)Q(1:[\/+EHv) = (1:[‘/+Env)$$—r(ﬁv+€nv) = [(ﬁv+£Hv)$][(ﬁv+
elly) %17, Thus,

Agy1e 1, Q8 R =40, [(TTy +ely) 217!

=90, My + énv)
=90, £ 'y + %gog.z‘lnv.
Using the symmetry of the kyle model, the above yields:
Ay C, QL R =TIy 7097 + gnvz‘Tojch.
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Thus, we have

My Ayre 8, Qf, ROy =Ty 2770l 9" 11y,
My Agre (4, QF, ROy =TIy 90,27 My

Since O,/ is an orthogonal matrix, we have
My Ay (&2, Q7 ROTIy = 01)
My Awyre (24,0, ROy = 0,
which proves that kyle satisfies Axiom 11. Furthermore,
My AgyreIly = %n‘,x‘To}ngv,

so that unless vaf_TO;r(gTHV =0, we have:

||HVAkyleHV|| = 8_1||HV$_TO;F(£THV|| Ejooo'

Choosing diagonal Z and Q such that [Ty £ # 0 and 411y # 0, we see that va_TOZ‘ﬁTHV =
0 cannot hold for all Z,Q. This shows that kyle does not satisfy Axiom 13. Finally, notice
that by using Lemma 3 one can make Q appear only in the combination LT3, which
is insensitive to the components of Q belonging to the kernel of X, which proves strong
cross-stability (Axiom 12). O
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—— CRUDEO V= 123.3
CRUDE1 V= 36.5
—— CRUDE1 O V= 8.0
| --- example: first notice date
I first date: 2016-06-06
’v second date: 2016-06-15

<iI<

———

10-! 4

" ‘l‘v ‘

213;6 Feb  Mar Apr May  Jun Jul Aug Sep Oct  Nov  Dec

Figure 1.3: Number of traded NYMEX Crude oil futures and Calendar Spread contracts
(in thousands) relative to daily number of traded contracts.

The number of contracts sold relative to the daily average is shown for the front month
contract (in blue), the subsequent month (in orange) and the Calendar Spread (in green). The
average number of traded NYMEX Crude oil futures and Calendar Spread contracts V over
2016 is shown in the upper right corner. Vertical dashed lines show specific dates. An example
of first notice date for the front month contract is shown in bold black. After the first notice
date, holders of the future contract may ask for physical delivery of the underlying. We also
show two dates away from a first notice date: the 6th and 15th of June 2016. Colored triangles
show the relative number of contracts exchanged on these dates. Note that the number of
contracts is represented in thousands and was not adjusted by the basis point, so that the
underlying of each contract is 1000 barrels of oil.

I.LB Data

This appendix contains details on the datasets and processing used to apply the different
models.

I.B.1 Crude contracts

Description of the dataset We collected trades and quotes data from January 2016 to
December 2017, between 9:30AM to 7:30PM UTC, where most of the trading takes place in
our dataset, removing 30 minutes around the opening of trading hours to mitigate intraday
seasonality. After filtering and processing, we have a total of 430 days in our sample (237 in
2016 and 193 in 2017). We highlight below two important features of our pre-processing for the
estimation of 2, Q) and R.

Pre-processing: accounting for non-stationarity Overall, the front month contract
CRUDEDO is by far the most liquid, followed by the subsequent month contract CRUDEIL
and the calendar spread CRUDEI_0. However, there are strong seasonal dependencies which
are shown in Figure [.3. For example, the subsequent month contract becomes more liquid as
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I. Static cross-impact models

one approaches the maturity of the front month contract. Global estimators of Z, Q and R
would thus be biased by this varying liquidity w (o also appears to follow a non-stationary
pattern, but is not shown here). Thus, we used local (daily) estimators of price volatility o
and liquidity w;, and built local covariance estimators X; and Q; by assuming stationarity of
the correlations p = diag(at)_lztdiag(at)_1 and pq = diag(wt)_thdiag(wt)_l. We estimate
volatility and liquidity with a simple standard deviation: 0'?’ =(A p?) ) and w?,t = (qit), where
the average (-) is computed using data on day ¢.

CRUDEO
0.00

CRUDE1

CRUDE1_0 0.00

CRUDEO CRUDE1 CRUDE1_0 CRUDEO  CRUDE1 CRUDE1_0 CRUDEO CRUDE1 CRUDE1_0

Figure 1.4: Estimates of g, QO and R for Crude contracts (in MUSD).

The return correlation matrix p (left), order flow covariance matrix Q (center) and response
matrix R (right) were estimated using 2016 data and computed on the 6th of June 2016. This
date represents the typical behavior of these contracts far away from the first notice date,
before rolling effects become relevant. To highlight the amount of notional traded, order flow
is reported in millions of exchanged dollars according to the average value of each contract on
the 6th of June 2016. Though non-nill, order flow covariance of Calendar Spread thus appears
small because traded notional is much smaller than on each leg of the futures contract.

Structure of p, O and R Figure 1.4 reports the estimators of p, 2 and R for the 6th of June
2016. The figure shows p has one zero-volatility direction and one direction of very small
fluctuations. Thus models which satisfy fragmentation invariance (Axioms 8 to 10) should give
better predictions. On the other hand, Q highlights the difference in liquidity of our assets.
Thus, we should be cautious of models which do not satisfy stability axioms. Indeed, these
will not penalize trading directions of small liquidity.

Pre-processing: cleaning estimators As illustrated in Figure 1.4, where the structure of
2, Q and R are shown for a typical day, one can appreciate that the correlation between the
two future contracts CRUDEO and CRUDEI is close to one, whereas the correlation with the
Calendar Spread contract is very small, due to the small volatility of the fluctuations along
the relative mode. Because of these effects, the sign of the Calendar Spread correlations with
CRUDEO and CRUDEI is non-trivial to estimate: due to microstructural effects, the measured
correlation is dominated by tick-size related effects %. In fact, empirical price changes of the

4To test this hypothesis, we estimated the empirical smallest eigenvalue of the covariance matrix for multiple
futures contract as a function of relative tick size (not shown). If price changes of the Calendar Spread were
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Calendar Spread are not given by the difference of price changes of the legs. To solve this
issue, we impose the price changes of the Calendar Spread according to the price changes of
the futures contracts.

r-el»

CRUDEO

CRUDE1

-1253 140463

CRUDE1_0O

CRUDEO  CRUDE1 CRUDE1_0 CRUDEO  CRUDE1 CRUDE1_ 0 CRUDEO  CRUDE1 CRUDE1_0

Figure 1.5: Values of different cross-impact models for Crude contracts.

We report the values of the m1 (left), r-el* (center) and kyle (right) cross-impact models for
the covariances of the 6th of June 2016. Units are chosen to represent the relative price change
in basis points (107 of the asset price) by hundred million USD worth of contract traded.

Cross-impact models for Crude oil contracts Figure 1.5 shows the calibrated m1, r-elx
and kyle models. Each satisfies weak fragmentation invariance (Axiom 8). Therefore, they
prevent arbitrage which would trade the physical Calendar Spread contract against the
synthetic Calendar Spread (made up of CRUDEO and CRUDEI). However, m1 and kyle are
not self-stable (Axiom 13) while the r-el* model is. This explains why impact from trading
the illiquid Calendar Spread is much larger in the ml1 and kyle models than in the r-elx
model.

I1.B.2 Bonds and indices

Description of the dataset We look at 10-year US Treasury note futures and the E-MINI
futures. We collect data from the Chicago Mercantile Exchange and use the first two upcoming
maturities of both contracts (respectively called SPMINI and SPMINI3 for E-MINI contracts
and 10USNOTE and 10USNOTES for 10-year US treasury notes). E-Mini futures are quarterly,
financially settled contracts with maturities in March, June, September and December. At
expiry, the final settlement price of E-MINI futures is a proxy for the S&P500 index using
the opening prices of the underlying stocks belonging to the index. Similarly, the 10-year
treasury note futures are quaterly, financially settled contracts with maturities in March, June,
September and December. At expiry, the final settlement price is volume weighted average

given by the legs of the contract, this eigenvalue should be equal to zero. However, we found that as the tick size
increases, so does the smallest eigenvalue away from zero. This thus validates our hypothesis and justifies the need
for additional processing of futures data.
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price of past trades on the underlying treasury note.” We collected trades and quotes data
from January 2016 to December 2017, between 9AM to 7PM UTC, where most of the trading
takes place in our dataset. After filtering days for which data for one product was missing,
we keep a total of 160 days (75 in 2016 and 85 in 2017). We highlight below one important
pre-processing step for the estimation of X, Q and R.

Pre-processing: accounting for non-stationarity The same non-stationary behavior ob-
served for Crude Oil futures contract is observed here. Thus we adopt the same estimation
procedure for the local covariance estimators X; and Q; by assuming stationarity of the
correlations p = diag(at)_lztdiag(at)_l and pq = diag(w[)_lﬂtdiag(w[)_l.

10USNOTE
10USNOTE3
SPMINI

SPMINI3

Figure 1.6: Estimates of p, O and R for bonds and indices (in MUSD).

The return correlation matrix p (left), order flow covariance matrix Q (center) and response
matrix R (right) were estimated using 2016 data and computed on the 17th of August 2016. To
highlight the amount of notional traded, order flow is reported in millions of exchanged dollars
according to the average value of each contract on the 17th of August 2016. Basis points were
accounted for, so that one traded unit of the futures contracts entitles the owner to one unit of
the underlying.

Structure of p, Q and R Figure 1.6 shows the estimators of p, Q and R for the 17th of August
2016. Contracts with the same underlying are strongly correlated. Thus, p shows 2 by 2 blocks
of strongly correlated contracts and an anti-correlation between bonds and futures. Liquidity
is heterogeneous as front month contracts are more actively traded. In this configuration, the
discriminating factor between models should be stability axioms rather than fragmentation
axioms.

5This is a simplification of the settlement rules to emphasize the expected value of the final settlement price.
Further details about the final settlement price of E-MINI futures and 10-year US Treasury Note futures can be
found in the CME Rulebook.
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10USNOTE

10USNOTE3

SPMINI

SPMINI3

Figure 1.7: Values of different cross-impact models for bonds and indices.

We report the values of the ml (left), r-elx (center) and kyle (right) cross-impact models for
the covariances of the 17th of August 2016. Units are chosen to represent the relative price
change in basis points (10™* of the asset price) by hundred million USD worth of contract
traded.

Cross-impact models for bonds and indices Figure 1.7 shows the ml, r-elx and kyle
models calibrated on bonds and indices. The r-el and kyle models are weakly cross-stable
while the m1 model is not. Thus m1 assigns large impact to the less liquid contracts I0USNOTE3
and SPMINI3. Similarly, the self-stability of r-el explains the small impact predicted if one
trades illiquid contracts. Reassuringly, all models correctly capture the negative index-bonds
correlation.

I.B.3 Stocks

Description of the dataset We chose stocks which were in the S&P500 index between
January 2016 and December 2017. The resulting universe is made up of with 393 high market
cap and liquid stocks. We chose such stocks to build a similar asset universe as in previous
studies [WSG15, WSG16, WNG17, BMEB17, PV15]. We collect trades and quotes data between
2PM and 9:30PM UTC, removing the beginning and end of the trading period to focus on
the intraday behavior of liquidity and volatility and circumvent intraday non-stationary issues.
We collected trades and quotes data from January 2016 to December 2017, between 2PM and
9:30PM UTC, to focus on the intraday behavior of liquidity and volatility and circumvent
intraday non-stationary issues. After filtering days for which data for one product was missing,
we keep a total of 302 days (154 in 2016 and 148 in 2017). Some summary characteristics of
our sample are presented in Table I.3. The distribution of stocks in each sector is given in
Figure 1.8.

Quantile
10% 50% 90%
Relative tick size (in %) 1.6 25 46
Number of trades per day (in thousands) 5.9 12.6 294
Daily turnover (in MUSD) 285 561 116.2

Table 1.3: Summary statistics for our sample of stocks.
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Consumer, Non-Cyclical
Financial

Consumer, Cyclical
Industrial

Technology
Communications
Utilities

Energy

Basic Materials

0 20 40 60 80
Number of stocks in sector

Figure 1.8: Sector breakdown for the 393 of stocks used in the stocks dataset.

Pre-processing To a lesser degree than on the previous datasets, the stock dataset shows
non-stationarity in both volatility and liquidity. Thus we adopt the same estimation procedure
for the local covariance estimators Z; and Q; by assuming stationarity of the correlations
o =diag(o;) "' diag(o;) ™! and pq = diag(w;) "' Q,diag(w,) '

) ) e—e Qa—~ Qo
Basic Materials & 3 T
Communications 4 (B s S

Consumer, Cyclical 47

0.08

0.06

Consumer, Non-Cyclical 1 0.04

0.02

Energy

Financial q+ - 0.00

—-0.02

Industrial 13 —-0.04

Technology 4. —-0.06

Utilities =

-0.08

Figure 1.9: Estimated price and order flow correlation matrices p, pq for stocks.

We represent the return correlation matrix p (left), order flow correlation matrix pq (right)
estimated on 2016. To highlight the amount of notional traded, order flow is reported in
millions of exchanged dollars according to the average value of each contract on the 17th of
August 2016. Correlation matrices were represented instead of covariance matrices due to the
large volume heterogeneities between stocks. Stocks were grouped by sectors to highlight the
blockwise structure of these matrices.

Structure of p, po and R Figure 1.9 shows estimators of p, pq. We report correlations
instead of covariances to highlight the blockwise structure of these matrices. For the same
reasons, R is not shown but presents a bandwise structure one expects from heterogeneity
in liquidity. Pairwise price and order flow correlations between assets are small. Thus,
improvement of cross-impact models over direct models should be lower than in previous

applications. For more details about the structure of the price and volume covariance matrices,
see [BMEBI7].
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Figure 1.10: Values of different cross-impact models for stocks.

We report the values of the ml (left), r-elx (center) and kyle (right) cross-impact models.
Units are chosen to represent the relative price change in basis points (107 of the asset price)
by hundred million USD worth of instruments traded.

Cross-impact models for stocks Figure .10 shows the ml, r-elx and kyle models cal-
ibrated on the stocks dataset. At first glance, each model appears to present a blockwise
structure similar to that of g, pq. However, the m1 model does not satisfy weak cross-stability
and thus predicts large impact on liquid stocks if one trades illiquid stocks. By construction
the r-elx model weighs most impact on the market mode. Finally, the kyle model looks like
a symmetrized version of the r-elx model.

I.C Goodness-of-fit

We report in Table 1.4 the numerical results of the goodness-of-fit tests run on each model and
dataset.
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Dataset Score direct whitening whiteningx el elx kyle r-direct ml r-el r-elx r-kyle

Crude Futures

%?n[lg] 0.01+0.01 0.03+0.01 0.06 £0.01 0.18+0.01 0.18+0.01 0.35+0.01 0.27+0.01 0.37+0.01 0.37+0.01 0.37£0.01 0.22+0.01
B2 (Iy) 0.01£0.01 0.04+0.01 0.06 +0.01 0.18+0.01 0.18+0.01 0.35+0.01 0.27+0.01 0.37+0.01 0.37+0.01 0.37+0.01 0.22+0.01
R2 (Js) 0.33+0.01 0.32+0.01 0.22+0.01 0.27+0.01 0.27 £0.01 0.46 +£0.01 0.40+0.01 0.45+0.01 0.46 +£0.01 0.46 £0.01 0.31+0.01
%iul(]g) 0.33£0.01 0.32+0.01 0.22+0.01 0.27+0.01 0.27£0.01 0.46+0.01 0.40£0.01 0.45+0.01 0.46+0.01 0.46£0.01 0.31+0.01
ﬂfn(z*l) —00 —0.05+£0.02 —0.01+£0.02 0.07+£0.02 0.07 £0.02 0.29+0.02 —00 0.32+0.02 0.31+0.02 0.31+0.02 0.16+0.02
R2,(E7Y —00 —0.05+0.02 —0.01+0.02 0.07 +£0.02 0.07 £0.02 0.29+0.02 —00 0.31+0.02 0.31+0.02 0.31+£0.02 0.16+0.02
Bonds and indices
%izn(lg] —0.11+0.02 0.03+0.02 0.05+0.02 0.19+0.01 0.02+0.02 0.38+0.01 0.23+0.01 0.40+0.01 0.38+0.01 0.27£0.01 0.25+0.01
R%,I) —0.11+0.02 0.03+0.02 0.04 £0.02 0.19+0.01 0.02+0.02 0.38+0.01 0.23+0.01 0.40+0.01 0.38+0.01 0.27£0.01 0.24+0.01
.@izn(]g] 0.09+0.02 —-0.09+0.03 —0.05+0.03 0.09+0.02 -0.21+£0.03 0.29+0.02 0.27£0.02 0.30+0.02 0.29+0.02 0.17+0.02 0.14+0.02
@gm(],;) 0.09+0.02 -0.10+£0.03 —0.05+0.03 0.09+0.02 -0.21£0.03 0.29+0.02 0.27£0.02 0.30+0.02 0.29+0.02 0.17+0.02 0.14+0.02
,Qizn()l_l) —7.24+0.21 —-0.37+0.04 —0.36+0.04 —0.26+0.03 —0.37+0.03 0.11+£0.03  -1.69+0.05  0.20+0.03 0.19+0.03 0.13+0.03 0.07+0.03
R, (27 —7.23+0.21 —0.37+0.04 —0.36 +£0.04 —0.26+0.03 —-0.37+0.03 0.11+£0.03 -1.71+£0.05  0.20+0.03 0.19+0.03 0.13+0.03 0.07£0.03
Stocks
&2 (Iy) 0.038+£0.004 —0.025+0.004  0.059+0.004 —0.631+£0.010 —0.128+0.008 0.343+0.003 0.276+0.004 0.373+0.003 0.257+0.003 0.236+0.004 0.239+0.004
@gul(lg) 0.038+0.004 —-0.031+£0.004 0.047+0.004 -0.642+0.010 -0.133+0.008 0.336+0.003 0.274+0.004 0.358+0.003 0.249+0.003 0.227+0.004 0.232+0.004
%?n[]”] 0.732+0.006 —-0.047+0.012 0.277+0.010 -1.770+£0.038 0.727+0.005 0.822+0.003 0.480+0.010 0.829+0.003 0.661+0.005 0.753+0.004 0.788+0.004

%ﬁm(]g) 0.732+0.006 —0.192+0.013  0.152+0.012 -1.785+0.038 0.701+0.005 0.808+0.004 0.479+0.010 0.803+0.004 0.644+0.005 0.733+0.005 0.776+0.004
%?“(Z’l) —0.311£0.004 -0.061+0.003 -0.056+0.003 -0.262+0.005 -0.369+0.008 0.214+0.003 0.180+0.003 0.215+0.003 0.126+0.004 0.090+0.004 0.082+0.004
%(Z,m(l’l) —0.293+£0.004 -0.061+£0.003 -0.056+0.004 -0.260+0.005 -0.360+0.008 0.211+0.003 0.180+0.003 0.208+0.003 0.124+0.004 0.089+0.004 0.081+0.004

Table 1.4: Goodness-of-fit scores for each model and dataset.
Goodness of fit was measured using two years of data sampled at a time interval of one minute. In-sample data was used to calibrate

each cross impact model. Out-of-sample goodness of fit was obtained by applying the calibrated models on never seen before data.
We reported as oo the scores of models which are numerically infinite, but due to clipping appear finite.
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CHAPTER II

Static cross-impact on derivatives

Abstract

Trading a financial asset pushes its price as well as the prices of other assets, a phenomenon
known as cross-impact. The empirical estimation of this effect on complex financial
instruments, such as derivatives, is an open problem. To address this, we consider a
setting in which the prices of derivatives is a deterministic function of stochastic factors
where trades on both factors and derivatives induce price impact. We show that a
specific cross-impact model satisfies key properties which make its estimation tractable in
applications. Using E-Mini futures, European call and put options and VIX futures, we
estimate cross-impact and show our simple framework successfully captures some of the
empirical phenomenology. Our framework for estimating cross-impact on derivatives may
be used in practice for estimating hedging costs or building liquidity metrics on derivative
markets.

From:
Cross-impact in derivative markets
M. Tomas, I. Mastromatteo, M. Benzaquen

Introduction

Market impact describes how trades on one asset translate into its price. The many studies
on the topic have deepened our understanding of how markets digest trades into prices
[BBDG18, ATHLO5, Tor97]. However, market impact ignores the effects of order flows of
other assets on an asset’s price. This phenomena, dubbed cross-impact, has received growing
attention in recent years [HS01, PV15, SL19, WSG15, TMB20, RT21a]. Estimating models which
account for cross-impact poses new challenges and led the authors to investigate in [TMB20]
which cross-impact models satisfy desirable properties while fitting empirical data well.

This chapter contributes to the literature on estimating cross-impact by focusing on a particular

asset class: derivatives. In this asset class, cross-sectional impact effects are expected to play
a major role. Indeed, in an efficient market, the prices of derivatives should be locked by
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II. Static cross-impact on derivatives

no-arbitrage. Therefore, the impact of trades on different derivatives should be related. Fur-
thermore, since there are thousands of strongly correlated and individually illiquid derivatives,
we need to aggregate the liquidity of instruments to properly estimate impact.

We set up a continuous-time, state-dependent static cross-impact framework which gen-
eralises the setup of [TMB20]. In this framework, derivative prices are functions of stochastic
factors and trades impact prices of all instruments. The main result of this chapter is a cali-
bration formula for cross-impact on derivatives, which we find provides better goodness-of-fit
than simple impact models.

We now comment on the links between our approach and the literature.

The methodology of this chapter is most similar to a previous paper on cross-impact by
the authors [TMB20]. This chapter introduces an infinitesimal extension of the framework
of the previous paper in which cross-impact also depends on state variables (such as fac-
tor prices). These are slight modifications to handle the specific challenges posed by derivatives.

The cross-impact model used in this chapter is the Kyle cross-impact model, first derived using
a multivariate version of the Kyle insider trading framework [CK94, Kyl85, GAMMBB20]. The
properties of this model were examined in [TMB20] and this chapter leverages some results
from [TMB20].

This chapter focuses on linearly relating anonymous trade data to option prices. This
linear approximation is roughly justified for anonymous order flow but not for a particular
investor’s trades. The papers [TEB16, Sail9] study this question by using databases of propri-
etary investor orders to estimate the price impact of trades on the implied volatility surface.
In particular, [TEBI6] shows that option trades have a vega-weighted impact on the level of
the implied volatility surface. The work [Sail9] finds that trades also impact the skew or term
structure of the implied volatility surface. When applying our framework to empirical data, we
recover a linear version of these two effects, along with an estimation of the importance of
each effect’s contributions.

Finally, this chapter focuses on how market prices of options are affected by trades and
ignores the intricacies of the replication problem. Thus, it is separate from works which model
how price impact modifies option prices and the associated hedging strategies under different
replication constraints [Loel8, BLZ17]. However, the current framework may be useful to give
empirical estimates to the impact coefficients appearing in these papers.

The chapter is organized as follows. Section 1 presents our modeling framework. Sec-
tion 2 derives a tractable calibration formula for cross-impact. Section 3 provides illustrative
examples of the framework. Section 4 applies the setup to estimate cross-impact on options.
Finally, we conclude on the contributions of the chapter, open questions, and directions for
future work.
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1. Setup

Notation

The set of n by n real-valued square matrices is denoted by .4, (R), the set of orthogonal
matrices by G, the set of real non-singular n by n matrices by GL,(R), the set of real n by
n symmetric positive semi-definite matrices by y,;r (R), and the set of real n by n symmetric
positive definite matrices by %, " (R). Further, given a matrix A in .4, [R), AT denotes its
transpose. Given A in &, (R), we write AY2 for a matrix such that AY2(A12)T = A and V/A for
the matrix square root, the unique positive semi-definite symmetric matrix such that (VA)? = A.

All stochastic processes in the text are defined on a probability space (Q,F,(%})er,P)
and adapted to the filtration (%) ;cg unless stated otherwise. Standard Brownian motions
are defined with respect to the probability measure P. All stochastic differential equations
introduced will be assumed to have a unique strong solution and correspondingly the functions
appearing in these equations will be assumed to be sufficiently regular for this to be true. We
denote by E the expectation with respect to the probability measure P. We denote by (X,Y)
the quadratic covariation of the continuous stochastic processes X and Y.

1 Setup

We consider a universe comprising two classes of financial instruments, that we will refer to as
Jactors and derivatives.

Factors represent a set of N stochastic processes from which one can derive derivative prices.
These may include the factor of derivative contracts, such as the spot, as well as stochastic
or local volatility, forward variance, yield curves, etc. The prices of factors at time ¢ is
denoted by p; = (pl,..., pN). Derivatives are a set of M contracts, whose prices at maturity de-
pend on the values of the factors. We write P; = (P%, . ..,wa ) for the prices of these instruments.

Factors and derivatives are traded continuously and we denote by ¢g; = (q},...,qfv ) the
stochastic process corresponding to the market net traded order flows on factors and by
Q:= (Q},...,Q?/I) the stochastic process corresponding to the market net traded order flows
on derivatives. These are aggregate order flow, corresponding to the sum of all trades sent by
market participants.

As we are interested in a simple, infinitesimal framework for the influence of trades on
prices, we assume that order flow dynamics on each asset are continuous stochastic processes
driven by Brownian motions.

Assumption 1 (Order flow dynamics). The order flow follows the following stochastic dynamics

dq; =vq(pr, DAt + Lgg(pr, VAZ] + Log(pr, DAZ 1)
dQ: = vo(ps, Ddt + Log(pr, DAZ] + Log(pe 1dZE, (2)
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where 79,79 are uncorrelated standard Brownian motions, Vg RY xR — RN and vVQ: RY xR —
RM encode order flow drift, Laq: RN xR — 4N([R), Zog: RN xR — 4y (R), Zog: RN xR —
MynR), L40: RN xR — AN, M (R) encode co-trading among assets.

Assumption 1 allows for correlations of order flows between assets, so that our model accounts
for co-trading of factor and derivatives, which is a typical feature expected in derivative mar-
kets. However, the continuous modeling framework for order flows Assumption 1 is somewhat
unrealistic. Indeed, at the high-frequency scale, trades arrive punctually and trade arrival are
auto-correlated so that a more realistic modeling is driven by point processes which respect
this property. Such modeling requires lengthy mathematical treatment and is outside the scope
of this chapter, so that we choose a simple continuous order flow model. We refer the reader
to [RT21a] for a model which accounts for these effects.

We now move to the dynamics of factor prices in our setup.

Assumption 2 (Factor dynamics). We assume that factor prices are given by

dpt = /Jp(pt’ t)dt"'(gp(pt, t)th + qu(Pt» t)dqt + ApQ(pI) t)th (3)

where W is a standard N-dimensional Brownian motion, (1,: RY x R — RN are the factor drift,
Gp: RN xR — GLy(R) are the factor and derivative diffusion matrices, and A g RY xR — n(R),
ApQ: RY xR — AN M (R) capture cross-impact.

The factor dynamics of Assumption 2 are quite general. They encompass local and stochastic
volatility models and allow for cross-impact between factors and between factors and deriva-
tives. We assume that factors are chosen so that derivatives are priced in a Markovian manner
with respect to the factors, which leads us to the next assumption.

Assumption 3 (Derivative prices). There exists a function F: RN x R — RM, twice differentiable
with respect to the first argument and differentiable with respect to the second argument, such that
P;=F(p:1).

Applying Ito’s formula to Equation (3) and using Assumptions 1 and 3, we obtain the following
corollary.

Corollary 1. The derivative dynamics are given by
dP; = up(py, dt +9Gp(ps, AWy + Apg(py, )dq, + Apo(py, 1)dQ;, (4)

where pp: RN x R — RM s the derivative drift, 4p: RN x R — GL(R) is the derivative diffusion
matrix, Apg: RNV xR — Am,NR) and Apq: RNV xR — M Mm(R) encode cross-impact. In particular,
we have the constraints Apg = ZApq, Apg = EApq, Gp = 29y, where = := (%)i,]‘ is the M by N
sensitivity matrix.

Corollary 1 does not make explicit the dependence of the derivative drift on other variables as
it will not play an important role.
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1. Setup

For convenience cross-impact matrices appearing in Equations (3) and (4) can be compactly
rearranged into a single matrix, A, which we refer to as the cross-impact matrix since it
describes the cross-impact of the complete system

— [Dpa ApQ)
e A (O] )

The impact model we propose involves two parameters, the return covariance matrix and the
order flow covariance matrix.

The factor-factor return covariance matrix Zpp: RN xR — .71\7 (R) is defined as

zpp(pt; t)dt: d(p»p>t; (6)
and we similarly denote Z,p,Zp, = Z;P,pr for the factor-derivative, derivative-factor and

derivative-derivative return covariance matrices. Naturally, since derivative prices are deter-
ministic function of factors, these matrices are all related to X .

We denote by Qgq: RY xR — yﬁ (R) the factor-factor order flow covariance matrix

Qqq(pr, Ddt:=d(q, g), (7)

and we denote Qqq, Qogq = Q—qu and Qqq for the factor-derivative, derivative-factor and
derivative-derivative order flow covariances. Contrary to return covariance matrices, there
are no constraints betweeen these order flow covariance matrices and Q4. The covariance
structure of returns and flows for the whole system can be arranged compactly as

S Z

—|<P pP —
Z(ppt)= (Z;P ZPP) (pe, 1) Qpe, 1) =

Qqq Qg

(pr, 1).
Q—cl]—Q QQQ Pt

The cross-impact matrix that we propose to use, dubbed the Kyle cross-impact model, was first
derived in [CK94] and then analyzed in [GAMMBB20, TMB20]. The next assumption makes
explicit the formula of the Kyle cross-impact matrix within our framework.

Assumption 4 (Cross-impact matrix). The cross-impact matrix A is of the form

A=VY (&L HY VLTzee?, (8)

where L is a matrix such that L7 =Q, Y is a constant such that 0<Y < 1, and we have
omitted the dependence on (py, t) for compactness.

The choice of the Kyle cross-impact matrix is motivated by the goodness-of-fit observed in
previous work [TMB20] and some key properties it satisfies, which will be outlined in the
next section. Note that the cross-impact matrix of Assumption 4 must, at the very least, be
compatible with the constraints on the cross-impact matrix outlined in Corollary 1. We will
show that this is true in the next section.

Our framework being set up, we move to the derivation of key properties of our cross-
impact framework in the next section. These properties motivate the choice of the Kyle

cross-impact model as the only well-behaved model for cross-impact on derivatives.
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II. Static cross-impact on derivatives

2 A practical formula for the cross-impact matrix

This section shows how one can derive the cross-impact matrix A in a tractable form for
applications.

The next proposition shows that the impact contributions to factor and derivative prices
can be absorbed inside Brownian motions.

Proposition 1. Using the notation of Assumptions 2 and 4 and Corollary 1, we have

1
dp: = fip(py, Ddr + ﬁgp(pt’ 1)dB; 9)
dP; = fip(py, Ddt + - Y%(pt, 1)dB;, (10)

where fiy,: RV xR —RYN, fip: RN xR — RM and B is a standard N dimensional Brownian motion.

The proof of Proposition 1 is given in Section IL.A. Proposition 1 underscores a convenient
property of our framework: the sensitivities of derivative prices with respect to factors are
independent of the order flow dynamics. In particular, the Greeks can be computed using
traditional methods since derivative prices satisfy the classic stochastic differential system of
Proposition 1.

The next proposition shows that the large cross-impact matrix A can be expressed solely as a
function of the derivative sensitivities and the compact cross-impact matrix Ag.

Proposition 2. We have

A Ay 2T
Alpp,ty=|_P7  PI7__|(ps0), (1)
:qu :qu:

where we recall that = := (S—Z)i,j is the M by N sensitivity matrix.

The proof of Proposition 2 is given in Section IL.A. Note that Proposition 2 shows that the
chosen cross-impact model satisfies the constraints of Corollary 1. Furthermore, it expresses
the large N+ M by N+ M cross-impact matrix A as a function of the much smaller N by N
cross-impact matrix Ap4 and the derivative sensitivities Z. Thanks to Proposition 1, the latter
can be computed as the usual Greeks of our derivative pricing model. Thus, given a formula
for Apg, we could express A. The next proposition proves that the cross-impact matrix Ajg4
can be expressed as a function of the factor return covariance matrix XZ,, and a modified
covariance matrix of order flows.

Proposition 3. We have

Apg=VY(&LH\LI5,p L2, (12)

where we have omitted the dependence on (py, 1), Qz := Qgg +E QooE+E"Qoq + QqZ, and
L= is a matrix such that $5$ET =Q=.
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The proof of Proposition 3 is given in Section II.A. Combined, Propositions 2 and 3 give a
formula for the cross-impact matrix A as a function of the measurable quantities Z,, and Qz=.
Furthermore, by Proposition 1, Z can be computed using usual derivative pricing methods.
Overall, we have thus derived a scheme for estimating a cross-impact matrix on derivatives.

A relevant insight of Equation (12) for applications is that even if factors are not traded,
as long as derivatives with sensitivities to these factors are traded, i.e. 2TQqoZE is positive
definite, then the inverses appearing in Equation (12) are well-defined. This is not obvious
from the form of the Kyle cross-impact matrix in Assumption 4. This property is important for
applications where most factors correspond to non-tradeable instruments, such as volatility
factors.

3 Examples

To illustrate the flexibility of our setup and the usefulness in practice of the properties of the
Kyle cross-impact model, we discuss examples in increasing complexity below.

3.1 Futures

For our first example, we consider a universe of N = M =1 instruments, consisting in a spot
with price p; and a futures contract delivering one unit of the spot and expiring at a later
time 7. By assuming a constant, continuously compounded, deterministic interest rate r the
derivative price is given by

P(pr,n)=€e""""p,.

Therefore, in this case Z(py, 1) =0, P(p;, 1) = e"T=D and Equation (11) yields

e’ (T-1

G(pl’, t) 1
Apy, t)=ﬁptm e'(T-0  Q2r(T-u |

where 02(p;, )dt:=d{p, p); and w?(p;, 1) := (1, T"NTQ(ps, (A, e"T~1). The meaning of
this formula is simple: in a constant interest-rate model, the market liquidity should mix
liquidity traded the spot and on the future, after properly adjusting for the interest rate.

3.2 Black-Scholes model

We now consider a system with a single factor (N =1) and M derivatives. The factor is the
spot with price p; and the derivatives are a set of European call or put options with different
strikes and maturities. We assume that the spot price p, follows log-normal dynamics with
cross-impact, given by

dpt = /thdt+ v1-— YO'ptth + qudqt + AdeQt,

where W; is a one-dimensional standard Brownian motion, u is the drift and o is the implied
volatility. The parameter o is the implied volatility since Proposition 1 implies that there exists
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some drift i such that
dp; = apdt+opdBy,

where B is a one-dimensional standard Brownian motion. Then, with the usual notation for
the Black-Scholes A, we have

E'(py, ) =0,P (p, ) =N (ps, 1),

and, writing A := (0pP1(pt, 1),--- ,apPM(pt, 1)), Equation (11) yields

o 1 AT
Aps, t) = ﬁptm (A AAT) (pr, 1),

where
(1)2 (Pt» t) = (11 A(p[) t))TQ(Pt; t)(l)A(pl’) t)) .

Thus, as in the previous example, there is a single liquidity pool, with volumes traded on
options adjusted for the options’ A. Volume traded on deep in-the-money options (A’ = 1)
contribute to the overall liquidity pool as if it was the spot itself that was traded, whereas
deeply out-of-the-money options (A’ = 0) give negligible contributions.

3.3 Volatility factors

3.3.1 General setup

We build on our previous example and consider a spot and a strip of M European call and
put options, with different implied volatilities for each option. The spot price in this example
is denoted by s;, while option prices are given by P!(s;, %) where 6% is the implied volatility
of this option.

In order to reduce the dimensionality of the M implied volatilities 6/, we assume that

they are completely described by a set of volatility factors ¢; = (c},...,c?) such that the
implied volatility of each option is given by

61=F'(cp), (13)
where F': R? — R is some function of these factors. With some abuse of notation, we write
Pi(st’ﬁ‘i(ct)» t) = Pi(St,Ct, t)y

and we will employ a similar notation for other functions of the implied volatility 6%. Our
instruments thus comprise N =1+ Q factors, of which only one is tradeable (the spot), and
where the other Q factors correspond to non-tradeable volatility factors. The sensitivities of
the system in this case correspond to

0P (54,61 1)
0s

OP!(s;, 6L, 1) OF (¢,) . . .
O;i t 6th = %l(S[,Ct, t)ﬁlq(strcty t) =:qu;

Eil (St»Ct; t) = Aé(st,Ct; t) =

_i(q+D) . A
:'[ (slro-lty t) =
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where g =1,...,Q and where, as it is customary in the literature on option pricing, we have
introduced the vega

i Al
V’(st é'l t) _ 6Pt(st)0-[7 t)
t yOpl) =

)

fologd
and the sensitivities of the volatility surface to ¢,
: OF'(¢/)
M (54,64, 1) = .
B (st,6, 1) ac

This simple setup allows us to capture some of the salient implied volatility surface dynamics
and we will make use of it in the next section.

3.3.2 Single factor model

This section examines the particular case when the volatility surface depends on a single
volatility factor, i.e. Q =1. The following lemma shows that given some additional assumptions,
we can derive an explicit formula for A .

Lemma 1. We denote by A := (1,0, aa—fj,m , %), V.:=(0,1, aa—il,m , %) the vectors of sensitivi-
ties. Then, if Al Q¥ =0, we have

VY 0%+ 5kady/1-p? aép (o608
2 w HSH )
\/02w2A+{2w%/+205prw7/ oép 4 5y osy1-p?

(14)
where w3 := Al QA is the delta-aggregated liguidity, w3 = V.1 QY is the vega-aggregated liquidity,
0%(s4,G1, ) dt := d(s, s); is the spot volatility, &2 (s;, Gy, t)dt := d(G,G) ¢ is the volatility of volatility
d(C, S>[

6(8[7Cl’v t)o-(sl’v Cty t)

qu(st»Ct; t) =

and p(s¢, Gy, O)dt = is the spot-vol correlation.

The proof of Lemma 1 is given in Section II.A. An interesting result of Equation (14) is that a
delta-hedged trade induces impact on the spot because of the negative spot-vol correlation.
We will make use of this single factor model in the next section.

4 Empirical Results

We now illustrate our setup with an empirical analysis of cross-impact on derivatives markets
which makes use of the results derived in Section 2. Section 4.1 describes the universe of
instruments and the chosen derivative modeling. Section 4.2 shows the empirical observables
Zpp and Qz used in Section 4.3 to compute the resulting cross-impact matrix App. Finally,
Section 4.4 stress-tests the fit of cross-impact models and Section 4.5 examines non-parametric
evidence of cross-impact.
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41 Setup

The universe of instruments is made up of (i) the front-month E-mini future, (ii) the two
front-month VIX futures, (iii) a set of M —2 call and put options on the E-mini. We thus have
M derivatives.

We bin returns and order flows on a time window Af of five minutes. We write §p; for
the factor price change between time ¢ and time ¢+ At, g, for the signed order flow traded
on factors within that time window and 6 Q; for the signed order flow traded on derivatives.
Prices and order flows for these instruments are taken from trades and quotes data and more
detail on the dataset is provided in Section ILB.1.

We consider a linear approximation of the implied volatility surface with volatility factors, so
that using the notations of Section 3.3, we have Fi(c) = Zq:l Bi9¢9 where i =1,...,M. To fit
surfaces, we choose Q =3 and perform a principal component analysis of implied volatility
surface returns (see, for example, [CFD02]). These factors are given Figure IL.1. The first factor
is a classic implied volatility level factor and we make the rough approximation that VIX
futures are solely explained by such level factor. The second factor corresponds to the skew of
the implied volatility surface, referred to as the skew factor hereafter. The third factor explains
the term structure of the implied volatility, hence the name term factor in the following.

Level factor Skew factor Term factor

Figure IL1: Effect of the different volatility factors on the implied volatility surface.
Starting from a historical implied volatility 67, we show the modified implied volatility surface
after adding a small contribution from the factor g: ' +¢f'9. The original (non-modified)
implied volatility surface is shown in light opacity for reference.
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4.2 Estimated covariances

Proposition 3 shows that we need to estimate X,, and Q= to compute A,;. We detail
the estimation procedure in Section II.B.2. Figure II.2 shows the estimated factor return
correlation matrix g, := diago_lprdiagO'_1 and the risk order flow covariance matrix
QrEiSk :=diagoQzdiago where o = ((Z},lp)” 2. (Z%V )12 is the factor volatility.

The factor return correlation matrix correlation matrix shows strong negative correlation
between the spot and level mode. This is a well-known stylised fact, sometimes referred to as
the "leverage effect”. This will play an important role in the form of the cross-impact model,
as highlighted in Equation (18). Unsurprisingly, the correlation between spot and level order
flow is much smaller, although still noticeable (around -0.15%).

The traded risk (volatility times liquidity) is concentrated on the spot and level directions.
This justifies approximating cross-impact on options using solely the spot and the level factor,
which we delve in more detail in Section 4.3. The traded risk in the skew direction is much
smaller than all other directions and is thus expected to play a lesser role.

Qpp Q:

spot . -0.88 -0.26

129.02 -4.85
level -JRA 1.00 0.31 -0. -4.85 12.98

skew JR8 0.31 1.00 -

term - -0.91 -0.27

=INO58 4.33

spot level skew term spot level skew term

Figure II.2: Empirical estimates of the factor return correlation matrix ¢ and aggregate
order flow covariance Qz.

The factor return correlation matrix g (left) and the aggregate order flow covariance matrix Q
(right) estimates on our dataset. The order flow is reported in thousands of dollars of risk.

4.3 Cross-impact models

We can now use the empirical estimates of X,, and Q= from the previous section to compute
the cross-impact matrix A. For comparison purposes, we also introduce other choices of
cross-impact matrices. All cross-impact matrices involve a prefactor Y which is calibrated
to maximise goodness-of-fit. The first cross-impact matrix used for comparison is the Black-

Scholes cross-impact model introduced in Section 3.2 which has a single factor: the spot. It is

defined as
o

VAT QA

Aps(ps, D) :=VY AAL, (15)
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where A, := (1,0,0,0,0,0,A3(pt, ), ,AM(pt, 1)) is the delta vector, which places one on the
spot, zero on the three volatility factors, zero on the two VIX futures, and the usual Black-
Scholes delta on put and call options. The Black-Scholes model coincides with the Kyle
cross-impact model if all the liquidity is concentrated on the spot. In particular, this model is
unable to account for changes in the volatility factors. We thus introduce the two-dimensional
direct model Agject-24 Which accounts for the spot and implied volatility factor but ignores
cross-sectional effects, defined as

Adeccaa(po, 1= VI T AAT + VT T (16)

C c’”¢c
\VATQA, \/ VT QY

where 7, :=(0,1,0,0,1, 1,7/3(pt, t),--- ,7/M(pt, t) is the vega vector, which places zero on the
spot, one on the level factor, zero on the other two volatility factors, and the usual Black-Scholes
vega on put and call options. To account for all factor without correcting for cross-sectional
effects, we introduce the four-dimensional direct model

ii

prf = pn HE ()T

Q+1
o
Adirect-4d(Pr, ) 1= \/Y—ACATM/?;VCVTH/? y

C [
VATQA, NYAKA i=3
(17)

Direct models ignore the off-diagonal structure of Z,, and Qz. In particular they do not
account for the leverage effect, which is an essential characteristic of the factor return
covariance matrix X,,. To fix this, we introduce the two-dimensional Kyle cross-impact model
Agq which captures the two dominating factor of the system: the spot and level factor. Since
Figure II.2 shows that the delta and vega order flow correlation is small (around —0.15%) and
{wy < owp, we can use Equation (14) to obtain the approximation

Noa(Pi 6o ) 2 VY ——AN] + VY —=x ¢Vl 77T+\/_ FeAl +AT.). (18)

\/ATQA NYANYA \/ATQA

The two-dimensional Kyle cross-impact model predicts that when trading options, one pushes
the price in the amount of notional 7 traded divided by the typical ¥ liquidity, which is
compatible with findings from the meta-order study [TEB16].

The full, four-dimensional Kyle cross-impact model Ayq (with calibrated prefactor ¥ =0.5) is
shown in Figure I.3. Compared to the two-dimensional Kyle cross-impact model, it decouples
the contribution of options on the level mode depending on the direction. This increases the
explanatory power of the model, as will be clear in the next section.

4.4 Explanatory power of cross-impact models

For practical applications, a good cross-impact model should explain realized price changes
from order flows. Thus to compare the models previously introduced, we now examine
their explanatory power on empirical data. Given a realization of the factor price process
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Naqg

spot

level 1 0.27 1 0.06 -0.57
skew 1 0.06 | 3.33 .

term A -0.57 1.53

spot level skew term

Figure I1.3: Four dimensional Kyle cross-impact model on options.

We report the four dimensional Kyle model estimated using empirical estimates of the covari-
ances of Figure IL.2. The cross-impact matrix are reported in units of risk and in basis points
so that A;; encodes by how many basis points of volatility Asset i is pushed by trading one
dollar of risk on Asset j.

(Opi<i<t of length T, a corresponding series of predictions ((§]\9t)15 (<7 and a symmetric
positive semi-definite matrix M, we introduce the generalized @fn(M) error as

B Z1sst(6Pt—c§th)TM(6pt —@t)

R (M) :=1
" letsT5PtTM5Pt

The matrix M is used to examine a model’s predictive power for different portfolios. As the
factor of our system are natural directions to consider, we report %izn(M) in Table II.1 for
ere] =:Tlspot, €26, =:Mievel, €365 =: Mgew and eze] =:Tierm.

Model Scores
%i2n (I spot) %iZn (Thevel) %izn (skew) e%izn (Iterm)
Aps 0.18+£0.01 -0.00+0.02 -0.00+£0.01 -0.00+0.02

Adirect.2d 0.18£0.01 —0.03£0.02 —0.01+0.01  0.00+0.02
Adirect4d  0.184£0.01  —0.03£0.02 —0.14+0.02 —0.26+0.02
Agg 0.20£0.01 0.12+0.01 —0.01£0.01 0.01+0.02
Asd 0.20£0.01 0.14+0.01 —0.12+0.02 0.04+0.01

Table IL1: Scores of different cross-impact models.
All scores were computed in-sample using the same data used for the calibration of the
cross-impact models.

The goodness-of-fit score in the spot direction %izn(l'[spot) is similar for all models, with cross-
impact models being slightly better. Furthermore, there is no difference between Agq and Ayq.
This is consistent with the liquidity reported in Figure II1.6. Indeed, most of the liquidity is
placed on the spot and the order flow traded on other factors is small in comparison. Models
which only take into account the spot thus capture most of the order flow explanatory power.
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II. Static cross-impact on derivatives

There is also a small advantage in using order flow on the level mode since Agq and Ayq score
better, but using term and skew order flow provides no improvement.

While using solely spot liquidity to explain spot returns is a good approximation, ‘%izn (Mevel)
shows the same is not true for the level factor. Indeed, only models with cross-impact between
spot and level factors properly explain changes in the level factor. This is natural as most of
the traded order flow is on the spot but there is a high negative correlation between spot and
level factor (see Figure II.6). Unfortunately, all models fail to explain skew returns. We suspect
this comes from the low signal to noise ratio and low liquidity (in risk terms) of the skew factor
(see Figure IL.6).

On all metrics, Ayq performs at least as well as Agq, which shows that the model is able to
combine additional factors without suffering from noise. The additional factor also help weigh
trades appropriately on the implied volatility surface, which improves the %2 (ITjeye1) score.

Finally, we report the expected realized return conditional on the prediction of A4q in
Figure IL.4. This shows that, skew aside, Ay4q provides a good fit for the realized returns of the
different factor as E[0p; | 6p¢] = O p:.

1.5
¥  spot
$  level
$  skew
1.0 A
$ term
0.5
EL6p | 5p]
E[6p?
VEBP?] | {
—0.5 A
rd
/”,
—-1.0 { e
.
-1.5

-1.0 -0.5 0.0 0.5 1.0 15
5p

VE[6p?]

Figure I1.4: Predictions of the four-dimensional Kyle model on the main directions of
the system.

We report the expected price change conditional on the predicted price change of the four-
dimensional Kyle model for the four main directions of the system: in red for the spot, blue for
the level, green for the skew and purple for the term structure. Predicted price changes and
conditional averages are both normalized by the standard deviation of price changes along the
given direction.
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4.5 Non-parametric evidence of cross-impact on options

Section 4.4 showed that only cross-impact models are able to explain returns for the level
and term factor. Aside from this explanatory power, this section tests their ability to explain
other features of our data. To do so, we introduce the cross aggregate impact metric. The
cross aggregate impact induced from the portfolio u € RN*M on the return of the portfolio
veRN*M jg

Agg, ,(x):=E[v" (6p;,6P) | u' (64:,6Q,) = x].

If returns are given by a linear cross-impact model ¥ and if we further assume (6q,,6Qy) is a
zero-mean Gaussian, then

Agg, ,(x) =Elv'¥(54:,6Q.) | u' (6G:,6Q.)]:=Agg,, ,(x) = ayx,

where the slope ay depends on the cross-impact model ¥ and on the order flow covariance.
Even in the absence of cross-impact, the presence of order flow correlations between two
portfolios u and v may lead to a non-zero cross aggregate impact. Thus, to test whether
there is cross-impact, we compare the empirically measured Agg,, , to the prediction Aggf’v
for different cross-impact models W. We differentiate models between those which have no
off-diagonal contributions (Aps, Adirect-4d> Adirect-2d) and thus ignore cross-impact and those
that take it into account (Agg, Ayq)-

We report Agg, , in Figure 114 for different portfolios u,v described in Table 11.2. Di-
agonal plots show aggregate direct impact. As expected, buying the E-Mini increases, on
average, the price of the E-Mini as shown by the u, v =spot plot (first row, first column). We
see from the u, v =level plot (second row, second column) that buying options and VIX futures
increases, on average, the implied volatility. Furthermore, buying options and VIX futures
decreases, on average, the E-Mini price as shown by the u = level, v = spot plot (first row,
second column). This same plot, among others of Figure 1.4, shows that direct models provide
a poor fit for cross aggregate impact. This suggests that the cross aggregate impact can only
be explained by using a cross-impact model with off-diagonal elements, such as A4q. Further,
the fit is noticeably better for A4q than Agq which highlights the importance of taking into
account the skew and term factors.

Name Components

spot VIX, VIX; options

spot 1, 0, 0, 0,---,0)

level (o, gy, g, gL, MY
skew (0, ﬁIZ, ’322, ,332,"' ,,BMZ)
term (0, ﬁlS, ,523, ﬁSS’”' ,ﬁMS)

Table II.2: Description of different directions used in this section.
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Figure II.5: Normalized cross aggregate impact curves.

We report the cross aggregate cross impact curves for the spot, level, skew and term struc-
ture directions. Aggregate traded volumes are normalized by the typical deviations w? :=
[Et[(uT(6qt,6Qt))2] and portfolio returns by the typical deviations 0% = [Et[(vT(Gpt,GPt))Z].
Estimated cross aggregate impact Agg, , is reported along with predicted cross aggregate
impact Agg\l{;v for different choices of linear cross-impact models V.

Conclusion

The goal of this chapter was to derive an estimation methodology for cross-impact on deriva-
tives. To do so, we introduced a market where derivatives and factors, variables which
determine the prices of derivatives are co-traded and trades on one instrument induce impact
on all instruments. We derived an explicit formula for cross-impact which is consistent with
Ito’s lemma and can be leveraged in practice. We applied the framework to E-Mini and VIX
futures along with call and put options on the E-Mini.

One key result of this chapter is an estimation formula for linear cross-impact which is
adaptable to the derivative modeling framework and is compatible with popular stochastic
volatility models. This formula fits in conveniently with existing option pricing frameworks
and could be readily adapted in applications, provided one has access to the net traded order
flow on derivatives.

Finally, our framework gives a recipe for aggregating liquidity of derivative markets which

accounts for the joint dynamics of order flows and is tractable in practice. This is a topic of
interest for regulators and practitioners alike, as option liquidity is very fragmented.
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II.LA Proofs

This section contains proofs of the results of Sections 2 and 3. We begin with the proof of
Proposition 1.

Proposition 1. Using the notation of Assumptions 2 and 4 and Corollary 1, we have

dp; = fip(py, dt + 4y (pe, 1)dB;

1-Y

dPt=ﬂP(Pt; t)dt'l_ (gP(pt; t)dB[:

1-Y
where fiy,: RV xR — RN, fip: RN xR — RM and B is a standard N dimensional Brownian motion.
Proof. We have, from Equations (3) and (4)
dp: = pp(ps, DAt +Gy(pr, DAW; + Apg(pr, )dqe + Apo(pr, )AQ;
dP; = up(ps, DAt +Gp(pr, )dWi + Apg(pr, )dq: + Apq(py, )AQ;.

Using the order flow dynamics given in Assumption 1, we have

dpr=(Lp(Pe, D+ AMpg(Pr, OV (Pr, O + Apo(pr, Vo (py, t) de
+%p(pe, DAW + Apg(pr, ) Lgq(Pr) t)dth +Apo(pt, ) ZL40(py, t)dZtQ
dP; = (up(pe, 1) + Apg(pr, OV (pr, ) + Apg(pr, DV (ps, ) dt
+%p(pr, DAW; + Apg(pr, ) ZLqq (Pt t)dth +Apgo(pe, D ZL0oo (P t)dZtQ.
Thus, defining fi), := pp + Apgvg +ApoVvo and fip := up + Apgvg + Apgvo, the above reduces
to
dp; = fip(pr, DAL +Gy(pr, DAW, + A pg(pr, ) Lygq (e, DAZ! + Ao (P, ) Lyo(pr, NAZ2
dP; = fip(pe, 1) +Gp(pr, VAW, + Apg(pr, ) Log (Pt l‘)dth +ApQ(pt, N ZL0oq(P1) t)dZtQ-
The Kyle model is covariance-consistent (see [TMB20] for a proof): we have A(p;, )Q(p:, t)AT(pt, 1=
YZ(pys, t). By construction
GGy + GG

_ T _
(p,P)) = ( o %cg;) LAQAT =

So that we have
Gy + G4,
99, Gr4,

Therefore, there exists a standard Brownian motion B such that

)=(1—Y)Z

B 1
dp: = fip(ps, A+ ﬁgp(pt; ndB;

dP; = fip(ps, Ddi+ 9p(pr, 1)dB;.

1-Y
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II. Static cross-impact on derivatives

We now prove Proposition 2.
Proposition 2. We have

=T

A
Alp,)=|_ P17 e o,

EApg EApgE
where we recall that = := (S—Z)i,j is the M by N sensitivity matrix.

Proof. First, note that by Assumption 2 combined with Proposition 1, we have that P; = F(py, t)
and

1
dp: = fip(pr, )AL + ﬁgp(l?t, 1)dB;

dP, = fip(p,, Dt +

1
mgP(Pt, 1)dB;.

opP!
Therefore, from using Ito’s lemma, we have that ¥p = £%,,, where Z;; := EPYR Therefore, as
p

shown in the proof of Proposition 1, we have

(99, 99 ET

Gy + GpGp) _
6,4, E9,4,="

AR ) =U=n

Thus, the factor covariance matrix has the form
=T
s = ( Zpp  Zpp= T) .
EXpp EXppE

The Kyle cross-impact model is fragmentation invariant (see [TMB20] for a proof): if x is in
ker(X) then x is in ker(A). The above implies that, for every u € RM, the vector (E"u, u) is in
ker(Z), so that, by fragmentation invariance, (=T u, u) is in ker(A). Therefore, this implies that
Apg=Np =T

pQ = pg= -

Since A is symmetric, we also have that Aj,; is symmetric and that Ap, = A;Q =EApg.

Another application of fragmentation invariance implies that Apg = ApgE" =EA,0E". Sum-
marising, we have

=T
A= ( Apg  Apg= T)
ENpg EApgE

Finally, we prove the last proposition, Proposition 3.

Proposition 3. We have

Apg=VY(ZZ)' V s IppLats’

where we have omitted the dependence on (py, 1), Qz := Qgg +E QooE+E"Qoq + QqZ, and
L= is a matrix such that $5$ET =Q=.
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Proof. From Proposition 2, we have that

=T
A:(qu Apg= )

= = =T
Elpg EApg=E

The Kyle cross-impact model is covariance-consistent (see [TMB20] for a proof), i.e. we have

(zpp zpp):YAQAT.
Zpp Zpp

Therefore, we obtain from the above that
_ T

where Qz 1= Qg4+ ETQQQE + ETQQq +Q40Z. In particular, note that Qz is a symmetric
positive definite matrix. Since A is a symmetric positive definite matrix (see [TMB20] for a
proof), so is Apg. From [TMB20], we know that A is the unique symmetric positive definite
solution of the system X, = quQEA;q and that its form is given by

Apg=VY QAT (@QYH)Tz,,0L20- 1.
O

Lemma 1. We denote by A, := (1,0, aﬁ—PSl,--~ , %), V.:=(0,1, 66—1:1,-~- , %) the vectors of sensitivi-
ties. Then, if Al Q¥ =0, we have

VY (02+$—ZU€\/1—p2 oép (o608
2 w HSH )
\/azwi+€2w§,+20€prw7/ osp &+ GrosV1-p?

qu(st»Ct; t) =

where w3 := Al QA is the delta-aggregated liguidity, w3 = V.T Q7 is the vega-aggregated liquidity,
0%(s4, G, Dt := d(s, s); is the spot volatility, % (s;, Gy, t)dt := d(G,G); is the volatility of volatility
s, 8):

f(strcty t)O'(St, Ct) t)

and p(s¢, Gy, Ddt = is the spot-vol correlation.

Proof. Using the results of Proposition 3, the cross-impact matrix A is of the form

Apq(se,60, VY (LN L2 L L (50,610,

where Qz := Qg4 + ETQQQE + ETQQq +Q40Z, and Z= is a matrix such that 252; =Q=.
Using the notations of the lemma, we have

o’ o wi 0
pr(strctr t): (O,é-p 56210) (St,Ct; t) QE(strCt; t) = ( OA w2)(strctv t)-
v

Plugging the above into the formula for A,4 and applying some straightforward linear algebra
gives the result. O
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ILB Empirical details

II.B.1 Data

This section gives motivation about our choice of instruments, details on the data and
methodology which were omitted in the main text for conciseness.

1.0
I options
08 = VIX_0
. VIX_1
- VX2
0.6 = VIX 3
- VIX_4

0.4

0.2

Risk exchanged (relative to total)

0.0

Feb  Mar Apr Jun Jul Aug Sep

Figure I1.6: Distribution of liquidity among VIX futures and options.

Choice of instruments To stress-test our approach, we sought an actively traded derivative
market with many derivatives. Thus we considered E-mini vanilla options and their factor
(both quoted on the CME), the front-month futures contract. However, a large fraction of
the traded risk in derivatives comes from VIX futures (quoted on the CBOE) as shown in
Figure I1.6. The VIX index is computed using options with maturities between 23 and 37 days
and is meant to track the level of the implied volatility for options expiring in one month.
Thus, because of their liquidity and close relationship with the implied volatility of options,
order flow traded on VIX futures play an important role and should not be ignored.

Filtering instruments Given the very large number of options quoted on the market, we
kept options within a given range of strikes and maturities to limit the size of the data set.

Resolution and time frame Our dataset contains the trades and quotes of all previously
selected products, at the five minute time scale, from January 2019 to September 2019. This
time frame was chosen because of the large level of noise on derivatives’ prices and the size
of the data set which encumbered analysis. In a given five minute bin, signed trades were
aggregated on their volumes, so that we have the opening and closing prices of instruments
along with the aggregated signed traded order flow. We considered hours where both options
and their factor are liquid, further removing 30 minutes around opening and closing for
stationarity purposes. Doing so, data ranges between 3PM and 8:30PM UTC.

Implied volatility and greeks We now explain how implied volatility and Greeks were
computed. For a given day and for a particular option, we have access to the opening bid
and ask prices of that option for each five minute window. Furthermore, the bid and ask
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Black-Scholes implied volatilities are computed using the bid and ask price of the option
and the price of the E-mini future contract with closest maturity. Correspondingly, the usual
Black-Scholes Greeks A and 7 are computed for both the bid and ask sides. In our analysis,
we use the mid of bid and ask quantities (option prices, implied volatilities and greeks) to
perform computations.

II.B.2 Estimation of covariances

This section details the estimation of the covariances X,,;, and Q= used in Section 4.

Estimation of Oz In order to compute Qz, we begin by computing Z(p;, t). Using Propo-
sition 1, the sensitivities of the option prices are computed according to the usual Greeks
adjusted for the option’s sensitivity as described in Section 3.3. Thus, for a given time window
[t, t+At] of length At = 5 minutes, we measure the net traded order flow on factors 6 q; and on
derivatives 6Q;. We weigh order flow traded on derivatives according to sensitivities and build
the aggregate net order flow on that time window: d¢q;+Z(p;, 1)6Q;. We measure this quantity
over all available time windows and find that it is roughly stationary and does not depend on
the value of the factors. This motivates dropping the dependence of these variables and the
estimation of Qz as the covariance of the aggregate order flow: Qz = Cov(0q; + Z(p, 1)6Qy).

Estimation of Z,, After selection of the relevant factors detailed in Section 4.1, we estimate
the factor return covariance matrix in the following manner. Given a time window [, £ + At]
of length At =5 minutes, we measure the opening and closing price of all factors. The spot
factor’s price is taken as the price of the E-Mini future closest to expiry. For options, the factor
values are computed by projecting option implied volatilities in the direction of the implied
volatility surfaces: ¢9 = Z?/:Il ﬁiqﬁi. This formula holds since, by construction, (ﬁiq) satisfies
BT B =1 Thus, we compute opening and closing prices of the factors of the implied volatility
surface. The factor covariance matrix X, is then estimated as the covariance matrix of price
changes.
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CHAPTER III

Dynamic cross-impact from anonymous
order flow

Abstract

Trading a financial asset pushes its price as well as the prices of other assets, a phenomenon
known as cross-impact. We consider a general class of kernel-based cross-impact models
and investigate suitable parametrisations for trading purposes. We focus on kernels
that guarantee that prices are martingales and anticipate future order flow (martingale-
admissible kernels) and those that ensure there is no possible price manipulation (no-
statistical-arbitrage-admissible kernels). We determine the overlap between these two
classes and provide formulas for calibration of cross-impact kernels on data. We illustrate
our results using SP500 futures data.

From:
A characterisation of cross-impact kernels
M. Rosenbaum, M. Tomas

Introduction

How do trades move prices of financial securities? It is well-known among practitioners and
academics that buying a financial asset tends to push its price up while selling it tends to push its
price down. This observation is one aspect of market impact, which describes how trades on one
asset translate into its price. The many studies on market impact [BBDG18, ATHLO05, Tor97]
have deepened our understanding of how markets digest trades into prices. In turn, this has
helped us understand key properties of dynamics of asset prices. For instance, market impact
explains why price volatilities are well-modeled by rough fractional Brownian motions [JR18].

Yet classical market impact does not tell us how our trades influence prices of other as-
sets. Thus, it ignores a potentially important aspect of price formation. As many assets are
simultaneously traded in financial markets, this element is required to generate complete
market dynamics and, ultimately, answer the question of how markets digest liquidity.

91



III. Dynamic cross-impact from anonymous order flow

To solve this issue, a recent strand of works [RT21b, TMB20, WSG16, WNG17, BMEB17,
AKS16, TMB21, SL19] has studied cross-impact, which describes how transactions on a universe
of instruments drive their prices. This chapter contributes to the literature by characterising
cross-impact models which lead to well-behaved market dynamics. We show how these models
can be calibrated from empirical data and provide an example using SP500 futures.

We consider a stylised market made of d financial securities, continuously quoted and
traded by market participants. Trading activity on financial markets is highly endogenous:
statistically, trades trigger other trades [HBB13, BBDGI8|. To capture this effect, we model
trade dynamics in our market by Hawkes processes [Haw7la] and introduce the d-dimensional
counting processes N?/N” denoting the number of buy/sell orders of all market participants
over [0,7]. We classically assume that trades induce permanent impact which is linear in
the traded volume, for reasons related to no-arbitrage [SL19, Gatl0]. A large class of models
which satisfy this property and has been well-studied when d =1 is the class of propagator
models [BBDGI8]. Thus we restrict ourselves to this class and assume that d-dimensional price
process P evolves as

t
P,=Py+ f K(t-5)(dN%—dND), (1)
0

where K: te R, — K(t) € 43 (R) is a cross-impact kernel. The cross-impact kernel encodes all

information about cross-impact in our market but, contrary to prices and trades, it is not

directly observable. When it exists, the limit of the cross-impact kernel A := tlim K(?) is called
—00

the permanent cross-impact matrix since A;; quantifies the permanent price impact of a trade
on Asset j on the price of Asset i.

Within Equation (1), we examine two different classes of cross-impact kernels: those that antici-
pate upcoming order flow and yield martingale prices, which we dub martingale-admissible, and
those that prevent statistical arbitrage, which we dub no-statistical-arbitrage-admissible, or nsa-
admissible for short. Statistical arbitrage is meant in the sense of [Gatl0]: a statistical arbitrage
is a trading strategy that starts and ends with no asset holdings and has negative expected costs.

Martingale-admissible and nsa-admissible kernels enforce different aspects of price efficiency.
Martingale-admissible kernels ensure that prices are not predictable and that information flow
is reflected in the current price, so that no trading strategy can make a profit by forecasting
prices or order flows. On the other hand, nsa-admissible kernels prevent price manipulation
by large agents who could push prices to make a profit.

The main contribution of this chapter is the characterisation of the class of martingale-
admissible and nsa-admissible kernels with respect to price and order flow statistics. In
particular, at most one cross-impact kernel is both martingale-admissible and nsa-admissible.
This characterisation can be used for calibration on real data and we provide an application
on market data to illustrate our results.

We now comment on the links between our approach and the literature.
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This market model using Hawkes processes in a propagator framework is a generalisation of
the model from [JR18, Jail5], where only one asset is considered. In the single-asset case, this
market dynamic is consistent with many empirical results concerning market impact. Therefore
the multivariate generalisation of this framework will stay consistent with these findings while
providing insights into cross-impact.

The chapters [SL19, BMEBI7] study a class of cross-impact kernels which give rise to martingale
prices. This condition is used to obtain a calibration methodology. Though the calibration
methodology based on maximum likelihood is straightforward, the resulting cross-impact
kernels are noisy, prone to overfitting and they have no guarantees of no-arbitrage. We show
that all martingale-admissible kernels, including those presented in [SL19, BMEBI7|, have a
certain form.

The class of nsa-admissible kernels has been described in [AKS16]. However, the provided
characterisation is quite theoretical and gives no insight into which cross-impact kernels to
choose in practice. This chapter extends some of the results of [AKSI16]. In particular, we show
that nsa-admissible kernels have constrained values at zero and infinity which are related to
price and order flow statistics. Unfortunately, there are many kernels which are nsa-admissible
but which lead to ill-behaved market dynamics, as pointed out in [AKSI6]. We provide a
methodology for obtaining a nsa-admissible kernel which is close to a martingale-admissible
kernel. Doing so, we obtain a kernel which is still faithful to empirical data while preventing
statistical arbitrage.

The resulting kernels can be used on market data to estimate cross-impact. Thus, the
chapter adds to the literature focusing on calibrating cross-impact kernels [HS01, PV15, SL19,
WSG15, BMEBI17]. While some kernels are nsa-admissible such as the eigenliquidity cross-
impact kernels [BMEBI7], others are martingale-admissible [BMEBI7, SL19]. This chapter
provides kernels which can be easily calibrated in both classes.

Finally, the boundary values K(0) and tlirn K(t) of any cross-impact kernel K which is
—00

martingale-admissible and satisfies necessary conditions for nsa-admissability have a mi-
croscopic foundation. Indeed, both can be interpreted as solutions to the multivariate version
of Kyle’s insider trading problem [GAMMBB20]. Thus, although cross-impact is purely a
reaction to order flow imbalance in our model, the cross-impact kernel can also be interpreted
through the lens of information revelation.

The chapter is organized as follows. In Section 1, we describe our financial market. In
Section 2, we characterise the classes of martingale-admissible and nsa-admissible kernels.
Finally, we apply our results on market data in Section 3 before concluding in Section 4. Some
proofs and additional results are relegated to an appendix.
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Notation

The set of d x d real-valued square matrices is denoted by .#;(R), the set of orthogonal (also
called rotation) matrices by @, the set of real symmetric matrices by " (R) and the set of real
symmetric positive matrices by & d++([R€). Furthermore, given a matrix A in .44 (R), AT denotes
its transpose. Given A in 5’d++([R%), we write A2 for a matrix such that AY2(AY%)T = A and
VA for the square root matrix, the unique positive semi-definite symmetric matrix such that
(vV/A)? = A. Finally, given a vector v € R?, we write v = (v1,...,v4) and diag(v) for the diagonal
matrix with entries the elements of v.

A matrix M € 4;3([R) is called non-negative if for any x € [Rd, x"Mx = 0. It is called
non-negative definite if z*Mz =0 for any z € C%. A matrix M € M4(C) is called strictly
positive if x” Mx >0 for any nonzero x € R? and strictly positive definite if z* Mz >0 for any
nonzero z € C%. The conjugate transpose of a matrix M € #;(C) is written M .

A function f: R — R is called causal if f(#) =0 for all negative t. The same is said of
a vector-valued or matrix-valued function if all its entries are causal. Given an integrable
function f, we denote its Fourier transform f: C — C defined, for all w € C such that the
integral converges, by

fw) =foo f(ne @dt.

Similarly, we define the Fourier transform of a vector-valued or matrix-valued function with
integrable entries by the vector-valued or matrix-valued function Fourier transform of all its
entries. For a given real-valued measure p: %(R) — R, we denote its Fourier transform by
fi: C— C defined, for all w € C such that the integral converges, by

m .
f(w) =f e "u(dn).
—00

Similarly, we define the Fourier transform of a vector or matrix with measure entries by
the Fourier transform of all its entries. All stochastic processes in the text are defined on
a probability space (Q,%, (%) ier,P). Given two semi-martingale processes X and Y, we
denote by (X, X) the predictable quadratic variation of X and (X,Y) the predictable quadratic
covariation of X and Y.

1 Market model

This section presents the stylised market model in force throughout the chapter. Our setting
extends [Jail5, JR18] to the multivariate case. For a lengthier discussion about these assump-
tions in the univariate case, we refer the reader to [Jail5, JR18|.

We consider a market made of d different assets, quoted and traded continuously in time.
We greatly simplify the market by abstracting away microstructural features and assume that

agents can buy and sell Asset i at time ¢ at the unique quoted price P!. The d-dimensional
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1. Market model

price process is denoted by P := (Pl,---, P%). We assume that agents trade from time 0 onward.
During this period, the cumulative traded volume by all agents at the ask (resp. bid) is denoted
by V¢ (resp. V?) and the net traded volume by V := V¢ - V7,

A key property of the order flow in financial markets is its persistence: the sign correla-
tion of orders is slowly decaying in time [BBDGI8]. Because of this effect, a particularly
successful model for order flow dynamics is the Hawkes process which can capture self-
excitation and cross-excitation across time and instruments [Haw71a, BMM15]. Thus we will
assume that the order flow dynamics are given by a Hawkes process.

Assumption 1 (Hawkes order flow). The number of buy and sell market orders follows a Hawkes
pHa  @alb

process (N4, Nb), of intensity (A%, AY) and kernel ® = (q)b/a (Db/b) such that

t t
A;l:wf @“’“(t—s)de+f oYb(t - 5)dN?
0 0
t t
/1?=u+f fl)b/“(t—s)st“+f PPt - 5)dN?,
0 0

where in the above
o the vector we RY is the exogenous intensity of buy and sell market orders;

o the entry-wise integrable matrix function QY s YL € MyRy) (resp. oIl s
@b (1) € My (Ry)) encodes the endogenous contribution of past buy (resp. sell) market orders
on the intensity of buy (resp. sell) market orders;

o the entry-wise integrable matrix function @b s @b (1) € MRy (resp. obla. ¢
®'4(1) € My(Ry)) encodes the endogenous contribution of past sell (resp. buy) market orders
on the intensity of buy (resp. sell) market orders.

We assume that the Hawkes parameters are such that E[A}] = [E[/li’] for any t. Each market order
on Asset i is assumed to be of constant size v; and the spectral radius of the L' norm of the Hawkes
kernel ® is assumed to be below one. The latter assumption allows us to define the stationary version
of the Hawkes process (in fact stationary intensity).

This framework allows for rich multivariate dynamics since we can account for self-excitation
and buy/sell interactions between different assets through (Dg’( % and q)‘?l{ b We assumed that
the market there are as many buy market orders than sell market orders on the small time
scales of the market model.

While the order flow is persistent, the order flow at time ¢ should not give information
about the order flow at time ¢’ > r. We formalize this in the next assumption.

Assumption 2 (Finitely predictable orderflow). For all t =0, E[V® — VP | %, converges in
probability to some finite limit as s tends to infinity.
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III. Dynamic cross-impact from anonymous order flow

Note that this assumption implies additional constraints on the Hawkes parameters.

In our market, prices are driven by the transactions of all agents. To exclude trivial ar-
bitrages and keep the model simple, it is natural to assume that the permanent component
of the cross-impact is a linear function of the order flow (see for example Corollary 3.7 of
[SL19]) and to consider a propagator framework as explained in the introduction [BBDGI8].
This leads to the following assumption.

Assumption 3 (Price dynamics). There exists some function K: t € Ry — K(t) € M3 (R), called a
cross-impact kernel, such that the price process P satisfies, for all t € Ry

t
P =Py+ f K(t—$)(dN® - dN?), )
0
and K(t) = A, where A is an invertible d x d matrix called the permanent cross-impact matrix.
— 00

The diagonal functions Kj; of the cross-impact kernel relate past order flow on a security to
its price. Off-diagonal elements K;; relate past order flow of Asset j to the price of Asset i.
The matrix A is called the permanent cross-impact matrix since A;; quantifies how much the
price of asset i is moved by the net order flow on asset j after a long period.

Finally, we make a technical assumption about the continuity of the Hawkes kernel at the
origin and its decay at infinity.

Assumption 4. The Hawkes order flow kernel ® is continuously differentiable at zero and
square-integrable.

This assumption is not really constraining since Hawkes kernels for order flows are found to
be square-integrable when calibrated on financial data [HBB13].

Previous hypotheses have not touched on the efficiency of prices in our market. Without
imposing additional assumptions, prices may be highly predictable or agents could manipulate
them through trading to generate profits. These two concepts of price efficiency are not always
compatible, even in this stylised model. As such, we need to distinguish between cross-impact
kernels which give martingale prices and those that prevent statistical arbitrage.

The class of cross-impact kernels which give rise to martingale prices also includes triv-
ial examples, such as K =0. To exclude these, we introduce martingale-admissible kernels,
which anticipate the impact contribution of the order flow and lead to martingale prices. Such
kernels generate non-trivial price dynamics since they incorporate the impact contribution of
trades in prices. In the univariate case d = 1, Theorem 2.1 of [Jail5] shows that when prices are
martingales and trades impact prices, we have

P,—Py=kimE[VI- VP | Z,,
S§—00

where x > 0 is the permanent market impact contribution. This motivates the following
definition for martingale-admissible kernels.
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1. Market model

Definition 1 (Martingale-admissible kernels). A4 cross-impact kernel K is said to be martingale-

admissible if
t
Pi—Py= f K(t=35)(dN{ = dNY) = Alim E[VS = V7 | F4). (3)
0 —00

We later show that martingale-admissible kernels lead to martingale prices. Such kernels
anticipate the market order flow to set martingale prices according to linear permanent cross-
impact. This prevents agents who successfully forecast order flow to trade profitably. However,
it does not forbid statistical arbitrages entirely. Before introducing relevant definitions, we
define trading strategies within our market model below.

Definition 2 (Trading strategy). The buy and sell trades sent under the trading strategy f: R — R?
are d-dimensional Poisson processes n® and n®, independent of the Hawkes process (N, N?), with
intensities given by f* := max(f,0) and fb :=max(—f,0). The (average) cost of the trading strategy
fis
oo rt
C(f) ::f0 fo FOTK(t—s)f(s)dsdt. (4)

If [5° f(s)ds = 0, the trading strategy is called a round-trip strategy and if f has finite support, it is
called a finite-horizon trading strategy.

All trading strategies considered in this chapter have deterministic intensity, ignore exchange
fees, bid-ask spreads and other microstructural trading costs, so that trading costs are
exclusively induced by market impact. The average cost Equation (4) is derived since under
the agent’s trading strategy the price process becomes

t
P = P0+f K(t—$)(dN%—dN? +dn%—dnb),
0
so that the average trading cost of the strategy is

E

fo dn—dn)T (P, - Py)

=E UO (f4) - o) (P, - Pp)dt

(o] t
:[EU f(f“(t)—fb(t))TK(r—s)(ng’—deerng’—dnﬁ’)dt .
0 0

Therefore, since the counting processes n¢ and n” are independent from each other and from
the Hawkes process (N%, NP) and E[AY] = [E[/l?] for all ¢, we obtain

o) o0 I3
[EUO (dn?—dni’)T(Pt—Po)]zfo fo(f“(t)—fh(t))TK(t—S)(f“(S)—fb(S))dsdt
o0 t
=f ff(t)TK(t—s)f(s)dsdt.
0 0

This justifies Equation (4). Trading strategies which are profitable on average are called
statistical arbitrages and defined below.
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III. Dynamic cross-impact from anonymous order flow

Definition 3 (Statistical arbitrage). A4 statistical arbitrage is a finite horizon, round-trip trading
strategy such that its costs are negative:
C(f) <0.

Cross-impact kernels which allow for statistical arbitrage induce important issues for appli-
cations. For example, they would bias trading strategies which seek to minimise trading
costs towards trading-induced price manipulation. For such problems, we require trading
costs models with theoretical guarantees of no statistical arbitrage. We call no-statistical-
arbitrage-admissible (or nsa-admissible for short) cross-impact kernels that prevent statistical
arbitrage.

Definition 4 (No-statistical-arbitrage-admissible kernels). A cross-impact kernel K is said to be
nsa-admissible if there are no possible statistical arbitrages, i.e. no round-trip trading strategies with
average negative cost.

Finally, we make the distinction between readily available information, such as prices and
trades, and non-directly observable information, such as the cross-impact kernel K or the
permanent cross-impact matrix A. We refer to empirical observables for information which is
easily mesaurable.

Definition 5 (Empirical observables). An empirical observable is a first or second-order moment
measure of the price or order flows counting processes.

Definition of the moment measures are given in Section III.A. Loosely speaking, they can be
seen as the moments of our market variables. Empirical observables play an important role:
they can be understood as key features of our stylised market, which we measure and use
to derive the cross-impact kernel K. The next section shows that they constrain the class of
relevant cross-impact kernels.

Our model being set, the next section presents the main results of the chapter.

2 Characterisation of cross-impact kernels

The previous section introduced the framework in force throughout the chapter. We now
characterise the cross-impact kernels K which emerge from these assumptions, depending on
the hypotheses on the market. We characterise martingale-admissible kernels in Section 2.1
and nsa-admissible kernels in Section 2.2. Finally, Section 2.3 concludes on the cross-impact
kernels which are both martingale-admissible and nsa-admissible.

2.1 Characterisation of martingale-admissible kernels

In this section, we focus on characterising martingale-admissible kernels. We begin by
characterising martingale-admissible cross-impact kernels as a function of Hawkes parameters
and the permanent cross-impact matrix A. Then, we express these cross-impact kernels as a
function of empirical observables.
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2. Characterisation of cross-impact kernels

211 Cross-impact kernel as a function of Hawkes parameters

The following proposition derives the martingale-admissible cross-impact kernels K as a
function of Hawkes parameters and the permanent cross-impact matrix A.
Proposition 1. For any martingale-admissible kernel K, the price is a martingale, 'Y — %'V =
DY — oV and for all t € R,

t
K(1) = K(0)(q _fo p(s)ds),

where we have introduced the imbalance kernel
(P = q)b/b _q)a/b — q)a/a _@b/[l

Furthermore, the immediate cross-impact matrix and permanent cross-impact matrix are related as
Sollows:

0o 1

K(0) :A(nd—fo (p(s)ds) diag(v)~!.

The proof of Proposition 1 is given in Section IIL.C.1. Note that, by Proposition 1 and Assump-
tion 4, any martingale-admissible cross-impact kernel K is almost-everywhere differentiable
and its derivative is square-integrable. Proposition 1 provides an expression for K as a function
of Hawkes parameters and the permanent cross-impact matrix A. However, the imbalance
kernel ¢ is hard to estimate and we cannot measure the permanent cross-impact matrix A on
real data. We would like to derive an analogous expression using solely empirical observables
which can be easily measured on empirical data. This is the topic of the next section.

212 Cross-impact kernel as a function of empirical observables

To derive an expression for martingale-admissible cross-impact kernels, it is convenient to
introduce the stationary version of the Hawkes order flow process. We write N for the sta-
tionary version of the Hawkes process with baseline  and kernel @ (this process exists and
is unique since the spectral radius of the L' norm of ® is smaller than one, see e.g. [BM96)).
Loosely speaking, N describes the long-term behaviour of N. The stationary version allows us
to define properly empirical observables but we still consider that the order flow process is
given by the non-stationary process.

We write QN and Q for the reduced covariance measures, defined in Section IIL.A, of
the multivariate stationary point processes N and N%- NP, By construction, we have
Q= g, ~1)QN g, 1)

Using the above notations, the following proposition relates martingale-admissible kernels
to empirical observables and the boundary values of the cross-impact kernel K(0) and
tlim K =A.

—00
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III. Dynamic cross-impact from anonymous order flow

Proposition 2. Any martingale-admissible cross-impact kernel K satisfies, for almost all w € R
1
V2

where 4 is any matrix such that 9497 = A [{°Q(ds)AT, £ is any spectral factor of Q (see
Definition 14) and O is the unique rotation matrix such that

K (0) = —%6 % ()" - K(0), (5)

L
V2

where we recall that tlim K(t) = A and, by Proposition 1 and Assumption 4, K is almost-everywhere
—00

A=—90L0)",

differentiable and its derivative is square-integrable.

The proof of Proposition 2 is given in Section III.C.2. Proposition 2 completely characterises
the derivative of martingale-admissible cross-impact kernels as a function of quantities easily
measurable on data through X,Q and the boundary values K(0) and A. However, these are
not known a priori. Thus, for a given set of empirical observables, martingale-admissible
cross-impact kernels may only differ by their boundary values.

The above characterisation for martingale-admissible cross-impact kernels is useful to calibrate
martingale-admissible kernels and we make use of it in Section 3. However, to do so, we
must choose values for K(0) and A. An outstanding question is thus that of appropriate
values, which we address in the next section where we find that nsa-admissible kernels have
constrained boundary values.

2.2 Characterisation of nsa-admissible kernels

The previous section examined martingale-admissible cross-impact kernels. We found that
such cross-impact kernels are completely constrained - except at the boundaries. In this
section, we focus on nsa-admissible cross-impact kernels. Contrary to the previous section,
we will find that nsa-admissible cross-impact kernels are largely unconstrained, except at the
boundary values. We begin by showing the latter.

221 Constraints on the boundary values of the cross-impact kernel

This section derives the boundary values for nsa-admissible cross-impact kernels. The following
proposition characterises the immediate cross-impact matrix for any nsa-admissible kernel.
We introduce 0 := (I; — ®¥*) p+ ®% Py which represents the stationary average of the intensity
of incoming buy or sell orders.

Proposition 3. For any nsa-admissible kernel K, we have
1

K(0) =
(0) NG

CZ IRV AD A7l (6)
where
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2. Characterisation of cross-impact kernels

1. the matrix Ly is any matrix such that $0$OT = diag (0, vf, ---,04 Vfi)’

2. the matrix X := tlim E[d(P,P)] is loosely speaking the stationary instantaneous covariance
—00

matrix of returns. The existence of this limit is shown in the proof of the proposition.

The proof of Proposition 3 is given in Section III.C.3. Note that K(0) does not depend on
the choice of %, such that $0$J =diag(6, U‘;‘, ---,04 vé). The matrix K(0) has a microscopic
interpretation. Indeed, within Kyle’s insider trading model [Kyl85] extended to multiple assets
[GAMMBB20, CK94] the market-maker adjusts his quotes according to the pricing rule Ggq,
where G is called the Kyle cross-impact matrix and g = g;r+¢gnr is the aggregate order flow of
the insider and noise traders. In this model, if the price-covariance matrix is X and the noise
order-flow covariance matrix [E[(qNT)TqNT] is Q({0}) = diag (6, vf,--- ,04 vfi), then G = K(0),
where K(0) is given by Proposition 3. In our model, Q({0}) represents the instantaneous
covariance matrix of order flow, which is diagonal since there are no simultaneous orders
on different assets. Thus, although no agents in our model have information, K(0) can be
interpreted through the lens of information revelation.

With a quite similar proof as that of Proposition 3, we can show that the permanent cross-impact
matrix for any nsa-admissible kernel is symmetric non-negative.

Proposition 4. For any nsa-admissible kernel K, the matrix tlim K(t) = A is symmetric non-
—00
negative.

The proof of Proposition 4 is given in Section III.C.4. Importantly, the elements of Equation (6)
can be estimated quite easily on data. Thus, for any nsa-admissible kernel K, K(0) can be
expressed solely as a function of market observables. On the other hand, the permanent
cross-impact matrix tlgg) K(#) = A is only constrained by symmetry and non-negativeness.

2.2.2 Constraints on the Fourier transform of the cross-impact kernel

The previous section showed that boundary values of nsa-admissible kernels are constrained
and that their boundary value at zero is completely characterised. In this section, we
derive necessary and sufficient conditions for nsa-admissible kernels. We begin with a result
from [AKSI16], which holds in a more general setting than the one in force in this chapter,
given in the lemma below.

Lemma 1 (Theorem 2.10 of [AKSI6]). 4 continuous cross-impact kernel K is nsa-admissible if
and only if there exists a matrix-valued non-negative definite Hermitian measure M such that for
all t € R we have

1(t)=fei7’tl\/ﬂ(d}f),
R

where
K ift>0
Z():={K0)ift=0
K-pTift<0
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III. Dynamic cross-impact from anonymous order flow

Proof. Since K(0) is symmetric and K is continuous this result stems from Theorem 2.10 of

[AKSI6]. 0

In our framework, we can extend the previous result and prove some properties concerning
the smoothness of nsa-admissible kernels, which is the topic of the next proposition.

Proposition 5. A continuous cross-impact kernel K is nsa-admissible kernel if and only if; using
the notations of Lemma 1, one of the following identities holds for almost all t € R

Zw=i f yeV'M(dy)
R

Z'w= —f)fzeml\/ﬂ(dy),
R

where M is a matrix-valued non-negative definite Hermitian measure such that Z (1) = [ e'V'M(dy)
and each integral converges absolutely, i.e. each integrand is absolutely integrable with respect to
the measure M. If any of these conditions is satisfied, the matrix function Z has twice continously
differentiable entries.

The proof of Proposition 5 is given in Section IIL.C.5. The regularity properties of Proposition 5
enable us to check monotonicity and convexity of continuous nsa-admissible cross-impact
kernels, a topic of interest as discussed in [AKSI16].

2.3 Characterisation of martingale and nsa-admissible kernels

This section summarises the results from the two previous ones to characterise kernels which
are martingale-admissible and nsa-admissible. We have seen that martingale-admissible
kernels are constrained everywhere except at the boundaries, while nsa-admissible kernels are
constrained at the boundaries but are largely unconstrained elsewhere. It is thus natural to
observe that there is at most one kernel that is both martingale-admissible and nsa-admissible.
In practice, this candidate kernel is not always nsa-admissible. For applications, it may
be interesting to slightly relax the martingale property in order to guarantee no statistical
arbitrage. Thus, we introduce a regularisation technique to obtain a kernel close to the kernel
which gives martingale prices but that prevents arbitrage.

The next proposition shows that for kernels which are both nsa-admissible and martingale-
admissible, the permanent cross-impact matrix is fixed. We recall that the matrix X =

tlim E[d(P, P),] is loosely speaking the stationary instantaneous covariance matrix of returns.
—00

Proposition 6. For any nsa-admissible, martingale-admissible kernel K, we have

1
lim K(t) = A= — (LN "/ LIz L0 L) 7
lim 7 ()

where the matrix Loo is any matrix such that Lo LY = [° Q(ds), which is loosely speaking the
stationary total autocovariance matrix of order flows.
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Proof. As K is both martingale-admissible and nsa-admissible, Propositions 2 to 4 imply that
A is a symmetric, non-negative matrix that satisfies

o0 1
A[ QAT ==3.
0 2

The result follows. O

The previous proposition highlights that, as K(0) in Proposition 3, the permanent cross-impact
matrix given in Equation (7) has a microscopic interpretation. However, while K(0) can be
interpreted as the market-maker pricing rule in a market where the price covariance is £ and
the noise order flow covariance matrix is Q({0}) = diag(6; l/f, ---,0y 1/2), the permanent cross-
impact matrix A can be interpreted as the market-maker pricing rule in a market where the
price covariance is T and the order flow covariance is [ Q(ds). The latter can be interpreted
as the total order flow covariance which encapsulates instantaneous and non-instantaneous

liquidity.

The next theorem summarises the results of the chapter to completely characterise cross-impact
kernels which are both martingale-admissible and nsa-admissible.

Theorem 1. There exists a unique cross-impact kernel K that is martingale-admissible and which
satisfies the necessary conditions for arbitrage-admissibility outlined in Equations (6) and (7). Its
expression is given by inverting Equation (5) and setting the boundary values given by Equations (6)
and (7). Furthermore, if it satisfies Proposition 5, then K is also nsa-admissible.

Proof Let K be a cross-impact kernel which is both martingale-admissible and satisfies
Equations (6) and (7). Then by Proposition 1, it is continuous. Furthermore, it must satisfy
Propositions 1 and 3 so that it is unique and its boundary values are given by Equations (6)
and (7). Since it is continuous, it is nsa-admissible if and only if it satisfies the necessary and
sufficient conditions of Proposition 5 (or Lemma 1). O

The theorem shows there exists only one martingale-admissible kernel which satisfies the
boundary conditions of nsa-admissible kernels. Though it may not be nsa-admissible, it is
certainly closer to being nsa-admissible than other martingale-admissible kernels since it
satisfies necessary conditions of nsa-admissible kernels. Given its importance, we write this
cross-impact kernel K in the following.

Definition 6 (K! kernel). The cross-impact kernel K* is the unique martingale-admissible kernel
that satisfies Equations (6) and (7).

While K! is a good candidate for applications, we have no guarantee that this kernel is
nsa-admissible. This naturally poses issues in certain applications. For example, in portfolio
optimization, a trading cost model which allows for arbitrages induces spurious round-trip
strategies, as shown in [AKSI16|. Thus, we introduce a regularisation method to find a kernel
close to this candidate but which is nsa-admissible, which we write K?. This motivates to the
following definition.
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Definition 7 (K? kernel). The cross-impact kernel K* is defined as

K? = argmin
Karbitrage—admissible

I/<\1_I’<\|| ’
F

where || g is the Frobenius norm.

The kernel K? exists and is unique so that the previous definition is justified. Indeed, by
Lemma 1 and Proposition 5, any nsa-admissible kernel K must be such that K+K* is
non-negative. Therefore

I/<\1—I?” = argmin ”I?l—l?u .
F Rike=0 F

argmin
Karbitrage—admissible

Thus, K? can be computed from K! by replacing each eigenvalue o of K+l by max(p, 0).
Loosely speaking, K? trades martingale-admissibility for arbitrage-admissibility while staying
close to K*.

The next section applies our results to market data to compute K! and K2.

3 Application to financial data

This section focuses on applying the previous results to compute the kernels K and K? on
market data. Details on the methodology and data used are given in Section IIL.D.

The dataset used comprises of 4 years of volumes and price data for two maturities of
E-Mini SP500 futures traded on the CME, so that d = 2. These futures are financially settled
at expiry (in addition to daily settlements) according to the value of the SP500 index. The
two futures selected are the lead month future, referred to as SPMINI, and the next upcoming
future, referred to as SPMINI3. This data has been explored in a previous study and we refer
the reader to [TMB20] for more details into the underlying data and processing methodology.!

We begin by reporting the relevant empirical observable of our system, namely the reduced
covariance measure () and the price-covariance matrix X.

Figure IIL1 reports empirical estimates of Q([77s, (T + 1)7[) for different values of 7, for a time
resolution of 7, =1 second. By a slight abuse of notation, we write Q(7) for Q([77s, (v + 1)7].
With these conventions, (0) represents the trade covariance, so that Q;;(0) is the instan-
taneous variance of signed order flow on the front month future SPMINI and Q22(0) the
instantaneous variance of signed order flow on SPMINI3. These quantities reflect the liquidity
of the underlying assets since they increase with the daily traded volume [TMB20]. The figure
shows that the front-month maturity SPMINI is approximately 10 times more liquid than the
SPMINI3, which highlights that most trading occurs on the leading month contract. The order

IThe authors thank the Econophysics & Complex Systems Research Chair for providing access to this data.
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flow auto-covariances Q1) (1) and Q2 (7) are slowly decaying in 7, although Q;;(7) exhibits
faster decay than Qy,(7). Furthermore, we observe that Qi2(7) = Q2(7) so that there are
no lead-lag effects in the order flows. This shows that Q cannot be easily factorized under
the form Q(7) = 77AC, with some B <1 and C € #;(R). This hypothesis is used in certain
cross-impact kernels [BMEB17].

The price-covariance matrix X, not shown here but reported in [TMB20], shows strong
correlation (= 90%) between the two maturities. This is natural since both futures have the
same underlying.

— Qnl(n) — (1)
— Q(7) Qa(7)
z JE—" 2

%‘TT}%UL::T’W W
[

~_

Figure IIL1: Order flow auto-covariance Q.

Diagonal elements of the auto-covariance measure (left) and off-diagonal elements of the
auto-covariance measure (right). Dashed lines represent power-law fits of the auto-covariances.
Order flow is in product units: number of contracts traded times the contract valpoint (which
is 50 for these futures). Details about the estimation procedure are given in Section III.D.2.

Figure IIL.2 shows the estimated boundary values of the K! and K? kernels which are by
definition the same for K' and K2, computed using Propositions 3 and 6. The calibrated
values confirm some intuitive ideas:

o price impact on the liquid future is lower than on the illiquid future: Kj;(0) < K22(0) and
A1 < A2z

* buying a future immediately pushes the price of the other, as K;2(0), K2;(0) >0, and the
permanent impact contribution is positive since Az, A2 > 0;

e permanent impact is lower that immediate impact, as each component of the immediate
impact matrix is larger than the permanent cross-impact matrix: K 10) = K2(0) > A.
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K(0) limi(t)

SPMINI - 0.002 0.002

SPMINI3 - 0.002

SPMINI SPMINI3 SPMINI SPMINI3

Figure I11.2: Boundary values of K' and K?.

The boundary values of the martingale-admissible kernel K! and the nsa-admissible kernel
K?, the immediate cross-impact matrix K 1(0) = K2(0) and the permanent cross-impact matrix
A =lim;_o K'(¢) = lim;_o K?(t), estimated using Proposition 3 and Proposition 6. Values
are reported in basis points (i.e. 10* of their units). Details about the estimation procedure are
given in Section IILD.4.

Figures II1.3 and IIL.4 show both cross-impact kernels. The boundary values of K! and K? are
identical and given in Figure II1.2. As could be checked numerically, the martingale-admissible
kernel K is not nsa-admissible. Thus, there is no kernel which is both martingale-admissible
and nsa-admissible here. Given the very strong correlations between both assets, it is not
surprising that K7, ~ K%, and K}, ~ K},: trading the first maturity pushes the price of each
future by roughly the same amount. Finally, a somewhat surprising feature of K is that it is
non-monotonous. The cross-impact kernel K is sensitive to numerical errors in the estimation
methodology detailed in Section IIL.D.4, which may explain the strange value of a point of K222‘
Nevertheless, it has little incidence on the kernel’s fit to data (as we can see from Figure IIL5).

1072 — K= limg(e)

104
. \\A/Wmm
10°¢

100 10! 102 10° 10! 102
t[s] t(s]

Figure II1.3: Values of the K! kernel.

The values of the transient part of the martingale-admissible K1 —lim;_o, K*(£) = K — A (red)
are reported. Each subplot shows the matrix elements of the kernels. For instance, the top left
plot shows K}, — A1 and the top right shows K], — Aj». The permanent cross-impact matrix
A has been removed to highlight the power-law decay of the cross-impact kernel K* toward its
limit.
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102 — K2 - limk2(t)

10° 10t 102 10° 10t 102
t[s] tls]

Figure IIL.4: Values of the K* kernel.

The values of the transient part of the nsa-admissible kernel KZ —lim;_, K?(t) = K2 = A (blue)
are reported. Each subplot shows the matrix elements of the kernels. For instance, the top left
plot shows K2 — A1 and the top right shows K%, — Aj,. The permanent cross-impact matrix
A has been removed to highlight the behaviour of the transient part of the cross-impact kernel
K2,

We illustrate the predictions of the different kernels in Figure IIL5. For a given trading day
taken on the 3lst of January 2017, we measure the traded order flows and build the predicted
price changes according to the cross-impact rule Equation (2). We complete this procedure with
the martingale-admissible kernel K! and the nsa-admissible kernel K?. We then compare the
predicted price changes to the actual price changes. As is consistent with the literature on price
impact, we see that price changes predicted from our cross-impact models are qualitatively
consistent with realised price changes. However, cross-impact models are able to use trades on
the liquid maturity (SPMINI) to explain price changes on the illiquid maturity (SPMINI3). This
is critical since the prices of the two maturities are strongly correlated but most trades occur on
the the leading month contract. Although the two kernels are quite different, their predictions
are strikingly similar. This highlights that our regularisation procedure was successful in
finding an nsa-admissible kernel that fits data well and prevents statistical arbitrage.
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SPMINI SPMINI3

— Pi—p:
2_
— Pi-p:

0.0
price difference
-25

=5.0

=75

-10.0

10:00 12:00 14:00 16:00 18:00 10:00 12:00 14:00 16:00 18:00
t t

Figure IIL.5: Example of predicted prices from K' and K?.

The difference between predicted prices between the realized price and the impact-induced
price from Equation (1) with the martingale-admissible cross-impact kernel K!, given by
P} = po+ X< K'(£—5)(s, (red) and with the nsa-admissible cross-impact kernel K?, given by
ﬁ% =po+Yc; K2(t—9)qs, (blue), where (gq;) are measured signed volumes of market orders.
Price difference is reported in dollars per lot.

4 Conclusion

The goal of this chapter was to characterise the class of cross-impact kernels which anticipate
order flows and lead to martingale prices (martingale-admissible kernels) and the class of cross-
impact kernels which prevent statistical arbitrage (no-statistical-arbitrage-admissible kernels).
To do so, we introduce a market where trades are self-exciting and price impact is linear
in the total market order flow. In this model, we derive necessary and sufficient conditions
for nsa-admissible and martingale-admissible kernels. In particular, we show that only one
candidate, dubbed the K! kernel, could be both martingale-admissible and nsa-admissible. As
there are no theoretical guarantees that the K* kernel prevents arbitrage, we introduce the K?
kernel which is close to K! and prevents arbitrage. We find formulas for calibration of both
kernels and apply them on SP500 futures.

One key result of this chapter is that, given a set of market conditions, namely the as-
set price covariance which encodes co-movement of assets and the auto-covariance of trades
which captures the way agents trade in the market, it may not be possible to conciliate the two
notions of price efficiency: martingale prices and no-arbitrage. This is specific to the multi-
asset case since in the single-asset case the two notions nicely co-exist [JR18, Jail5]. Therefore,
a problem we hope to address in future work is to find non-trivial market conditions where
there exists a cross-impact kernel which is both nsa-admissible and martingale-admissible.

Finally, the results outlined in the chapter have applications in market-making and trad-
ing costs estimation. For market-makers, the cross-impact kernels can be calibrated in practice
to better capture adverse selection or price decay after trades. For portfolio managers, these
models provide better estimate of trading costs and could be used to derive more optimal

108



4. Conclusion

trading strategies which account for cross-impact and its decay.
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IILA Moment measures for point processes

This section presents definitions of moment measures for point processes. Throughout this
section, X denotes some Borelian subset of R and Z = &(X).

Definition 8 (n-th moment measure). Given a univariate stationary point process N on X, the
first and second order moment measure of the point process N are measures on X and X? defined for
all ABEX as

M, (A) =E[N(A)]
M, (Ax B) =E[N(A)N(B)]

whenever these expectations exist.

A key quantity is the reduced measure second order measure which we introduce below.

Definition 9 (Reduced measure (Proposition 12.6.I1I of [DV]08Y])). There exist a reduced measure,

\%
noted M, such that for any bounded measurable function f on X* we have

\"
Lf(xl,xz)Mz(a'xl»dxz)=f><Lf(x,x+y)M2(dy)dx

The existence result of the reduced measure satisfying the above is shown in Proposition
12.6.111 of [DV]J08]. Of particular interest to us are the second-order reduced covariance
measure introduced below.

Definition 10 (Reduced covariance measure). The reduced covariance measure of a stationary
point process is defined as

\ \
Co(du) = My (du) — m*1(du),

where | is the Lebesgue measure, m is the mean intensity i.e the non-negative constant such that
M (du) = ml(du).

Extensions of the above concepts to multivariate point processes are straightforward. In
particular we have the following definition.

Definition 11 (second order auto-moment measure). Given a k-dimensional, stationary point
process N on X, the second order auto-moment measure of the point process N is a measure on X2
defined for all ABe X and1<i,j<k as

M;j(Ax B) =E[N;(A)N;(B)],
whenever this expectation exists.

Definition 12 (reduced covariance measure). The reduced covariance measure of a k-dimensional,
stationary point process is defined, for all 1 <i,j<k as

Vv \
Cij(du) = Mij(du) - mimjl(du),

where 1 is the Lebesgue measure, m; is the mean intensity i.e the non-negative constant such that
M,(du) = m,l(du)
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III.B Technical results

This section presents some key technical results necessary for the proofs. We begin by
introducing an important functional space for our results, the Hardy space H?.

Definition 13 (Hardy space H?). The Hardy space H? is the space of functions F: C — C such that
the following conditions are satisfied:

1. the function F is holomorphic in the upper half of the complex plane,

2. there exists a constant C >0 such that, for all { >0

f |F(w+ié))?dw<C,

—00
3. for almost all w € R, we have
I(in(l)F(w +ié)=F(w).
i
Functions in the Hardy space H? are closely related to the Fourier transform of causal functions

as shown by the so-called Titchmarsh theorem below.

Theorem 2 (Titchmarsh theorem [Tit48]). Given a real, complex-valued square-integrable function
F, the following conditions are equivalent:

1. the inverse Fourier transform of F is a causal function,
2. the function F belongs to the Hardy space H?.

A key theorem used in the chapter to derive the form of martingale-admissible cross-impact
kernels is the matrix spectral factorization theorem.

Theorem 3 (Matrix spectral factorization theorem [WMb7, WA59]). Let F: C — #y(R) be
a matrix function such that F is positive definite almost everywhere on the unit circle T :={z €
C: |zl = 1} with integrable entries on the unit circle such that the Paley-Wiener condition

logdet F € L'(T) (8)
is satisfied. Then F admits a factorization on T
F(2) = F+(2)F+(2)", 9)

where F, is an analytic function with entries in the Hardy space H?. Furthermore, the spectral factor
F, is unique up to right multiplication by a unitary matrix (i.e. a matrix U such that UU* =1, ).

As spectral factors are referenced throughout the chapter, we introduce for convenience a
definition below.

Definition 14 (Spectral factor). Let F: C — M3(R) be a matrix function which satisfies the
hypotheses of Theorem 3. Then, a spectral factor F, of F is an analytic function F, with entries in
the Hardy space H? which satisfies Equation (9).

111



III. Dynamic cross-impact from anonymous order flow

III.C Proofs

III.C.1 Proof of Proposition 1

The proof is adapted from [Jail5]. Throughout this section we assume that there exists a
martingale-admissible kernel K such that the price satisfies

t
P, =P, +f K(t-s)d(N* - NP =P, +A lim E[V{' - IEAD
0 —00

To compute the right hand side term, we use a classical result on Hawkes processes [BMMI5,
Jailb, JRI18]: for all ¢ = 0, we have

a t t
(12) = (Z) +f Y(-s) (5) ds+f W(r—s)dMs, (10)
t 0 0

where W:=3 ., ®*", ®*" being the n-th convolution product of the matrix function ® and M
is a martingale. The next lemma shows that the compuation of the conditional expectation of
the Hawkes process reduces to the compuation of the conditional expectation of the intensity.

Lemma 2. Forall t,s =0 such that s = t, we have

S
EINY - NJ | ) =N?—N§’+f EIA%—Ab | 2 du.
t

Proof. Using the martingale decomposition of the Hawkes process, we have N; = M; + fotlsds
where M is a martingale. Therefore,

t s
N-N!= Mg—Mf+f (/lz—/lf’,)du+f A% = Ab)du.
0 t
Using the martingale property, we obtain
S
E[N®-NY| %)= N - N? +f E[A - AP | Z)du.

t

O

The next lemma computes the conditional expectation of the intensity for our Hawkes processes.
It generalises Proposition 3.2 of [Jail5].

Lemma 3. For all t,s =0 such that s=t, we have
N t S=r
f [E[)LZ—Azlgt]du:f f Z(u)du(dN? — dN?)
0 -
' ; rS—T t—r t S—r t—r
—f f f E(u—x)tl)“/“(x)dxdudNr“—f f f E(u - x)®Y(x) dxdudN?
0 Jt-r JO 0 Jt-r JO
t pS—r pt-r t pS—r pt-r
+f f f E(u—x)@“/b(x)dxdude’+f f f E(u-x)0""’(x)dxdudN?,
0 Jt-r JO 0 Jt-r JO
where = := Y44 —pbla — pblb _palb,
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Proof. We use Equation (10) to derive

N u
+[Eff \P“’b(u—x)degdm%].
r JO

N
f E[AS | F;1du =E
t

N u
ff vy — x)dM%u |
t Jo
Using the fact that M is a martingale, we have
S u N t
[E[f[ ‘I’“/“(u—X)defdulgz]=/f‘I’“/“(u—x)dM;’du
t Jo t Jo
s rt t t
:f f wala(y — x) (de—(,u+f q)“’“(x—r)de+f @b (x - r)dNP)dx |du
t Jo 0 0
s prt s prt
:f f ‘I’“/“(u—x)dedu—f f ‘I’“/“(u—x)pdxdu
t Jo t Jo
s rt t
—f f ‘I’“/“(u—x)f @4 (x - r)dN?dxdu
t Jo 0
s prt t
—f f ‘P“/“(u—x)f oYY (x - r)dNPdxdu.
t Jo 0
Consequently,
N N t N t
f[E[AZIg%]duzf f \P“/“(u—x)ngdmf f vl — x)dNPdu
t t JO t JO
s rt
—f f WY w4y — x)pdxdu
t Jo
s prt t s prt t
—f f ‘I’“/“(u—x)f q)“/“(x—r)dNr“dxdu—f f ‘I’“/b(u—x)f @b/“(x—r)dNr“dxdu
t Jo 0 t Jo 0
s prt t s rt t
—[ f ‘I’“’“(u—x)f (D“/b(x—r)dNrbdxdu—f f \P“/b(u—x)[ o""P(x - r)dNPdxdu.
t Jo 0 t Jo 0
Regrouping terms from A“ and A? we obtain
N N t N t
f[Emg—Agw}}]du:f f (\P“’“—\Pb’”)(u—x)dzvfdu+f f (wb _wb'byy— x)dNLdu
t t Jo t Jo
s prt
t Jo
s rt t
—f f (T“/“—‘Pb/“)(u—x)f @ %(x - r)dN*dxdu
t Jo 0
s rt t
—f f (\P“’b—\yb/b)(u—x)f b4 (x - r)dN*dxdu
t Jo 0
s prt t
—f f (\P“/“—\Pb’“)(u—x)f @b (x - r)dN?dxdu
t Jo 0
s rt t
—f f (‘P“”’—‘Pb/b)(u—x)f oP'P(x - r)dNPdxdu.
t Jo 0

By Assumption 2, the above must converge to a finite limit as s tends to infinity. Therefore, as
1 #0 and all elements of the matrix function ® are non-negative we must have for all t=0
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that W4 4(£) + Wb (1) = WP/ 4(£) + WP'P (1), Therefore, writing = := W@ - \pb/a@ = pblb _palb

we have
N N t
f E[AZ—AZ|%]du:f f E(u-x)(dN%—dND)du
t r JO
N t t N t t
—f f E(u—x)f @“’“(x—r)dedxdu—f f E(u—x)f o' (x - r)dN*dxdu
t JO 0 t JO 0
s pt t s pt t
+f f E(u—x)f @“’b(x—r)dedxdmf f E(u—x)f PP (x - r)dNPdxdu.
t JO 0 t JO 0
Using the change of variables u' = u—r and x’ = x — r we obtain
N t S—X
f E[A% - AD L%]du:f f Z(u)du' (AN - dND)
t 0 t—
t xs—r t—r
- f f f 2w - X )@V (x")dx'du'dN?
0 Ji— 0
t szr t—r
- f f f Z' - x")o" 4 (x)dx'du'dN?
0 Ji- 0
t sfr t—r
+ f f f 2 - xoY? (x")dx'du'dN?
0 Ji— 0
t szr t—r
+ f f f Z' - x"o"b (x)dx'du'dN? .
0 Jit-r JO
O

The next lemma uses the previous results to compute the conditional expectation of the
counting process.

Lemma 4. We have for all t,s=0 such that s>t
t S—r
EINY - NP | %] =N;’—Nf’+f f Z(w)du(dN® — dN?)
0 Jt—
t ps—r pt-r ' t ps—r pt-r
—[[ f E(u—x)@“’“(x)dxdudNﬁ—ff f E(u-x)0"*(x)dxdudNy
0 Jt-r JO 0 Jt-r JO

t ps—r pt-r t ps—r pt-r
+ f f f Z(u - x)OY(x)dxdudN? + f f f E(u- )"’ (x)dxdudN?,
0 Jt-r JO 0 Jit-r JO

Proof. Applying Lemma 2 along with Lemma 3, the result is straightforward. O
The next lemma derives the limit of the conditional expectation of the process N — N?.

Lemma 5. For all t =0, we have

lim E[N% - N? | #,] :Nf—Nf+f
§—00 0

t (o] t—x
—f (f f Z(u- v)(q)“/“+cl>b/“)(v)dvdu) dN®
0 t—xJ0

t 0 t—x
+f (f f E(u—u)(@“’b+q>b’b)(u)dvdu)de,
0 t—xJ0

t (o]
( f E(u)du) (dN? — dN?)
t

—X
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where = = \Pa/a_\ybla — \Ijb/b_\Ijﬂ/b

Proof. Taking the limit as s tends to infinity of Lemma 3 we obtain the almost sure convergence
of [TEIN% - AL | Z,1du towards

f EA% - AY | Z,1du :f

t 0
t e8] t—x
—f (f f E(u- v)(d)“/“+CDb/“)(v)dvdu) dN?
0 t—xJO
t
)
0
where we have used that Z is integrable. Finally, using Lemma 2 with the above yields the
result. O

t (o]
U E(u)du) (dN%—dN?)
t

-X

0 t—x
f f E(u—u)(@“”’+q>b’b)(u)dydu)d1vf,
t—xJO0

In order to show that the price is a martingale, we establish some elementary results about the
convergence of the conditional expectations.

Lemma 6. Forall t,s >0 such that s > t, we write Z! := [E[Ns“—Nsb | Fl and Z" :=limg_ oo E[N&—
Nf | ;1. Then, we have that

1. the random variable Z" is integrable,
2. the random variables (Z!) converge almost surely to Z°,
3. there exists an integrable random variable Y' such that for all s>1t,|Z!| < Y".

Proof. By Lemma 4, we have for all #,5s =0 such that s> ¢

t S—=r
ZI=E[N¢- NP | 7, =Nf—N§’+f f E(u)du(dN? - dN?)
0 Jt-r

t ps—r pt—r t ps—r pt-r
—f f f E(u—x)(b“/“(x)dxdude—f f f Z(u—-x)®*(x)dxdud N
0 Jt-r JO 0 Jt-r JO

t ps—r pt-r t ps—r pt-r
+f f f E(u—x)(b“’b(x)dxdude’+f f f Z(u-x)0”? (x)dxdudN?.
0 Jt-r JO 0 Jt-r JO

Therefore, writing |A| for the matrix of absolute values of all entries of A, we have

t S—=r
YA sN;'+N§’+f f |Z(uw)|du(dN® + dN?)
0 Jt-r

t ps—r pt-r t ps—r pt-r
+f f f IE(u—x)dD“/“(x)IdxdudNr“+f f f 1= (u— )% (x)|dxdudN?
0 Jit—r JO 0 Jit—r JO

t ps—-r pt-r t ps—r pt-r
+ff f IE(u—x)(D“/b(x)IdxdudN,b+f[ / 12(u—x)0”P (x)|dxdud N?
0 Ji-r JO 0 Ji-r JO
t roo
sN,“+Nf’+f f |Z(w)|du(dN® + dN?)
0 Ji—
t proo t—r ' t proo t—r
+ff f |E(u—x)q>“’“(x)|dxdudN;l+ff f 1Z(u—x)0”%(x)|dxdud N
0 Jt-rJo 0 Jt-rJo

t poo t—r t roo t—r
+f f f |E(u—x)q>“’b(x)|dxdude’+f f f 1Z2(u - x)0”P (x)|dxdudN?.
0 Jt-rJo 0 Jt-rJo
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Writing Y for the last random variable, Y’ is independent from s, positive and we can easily
check that it is of finite expectation since Z is integrable. This proves (iii). Furthermore, we
also have |Z'| < Y so that Z' is integrable and (i) is verified. Finally, Lemma 5 proved point
(ii). O

Lemma 7. The price is a martingale.
Proof. Since, for all #,7 =0 such that 7 < ¢ we have
E[P¢ | #7] =Py + Adiag(v)E[ lim E[N{' ~ Ny | F1] | ]
=Py + Adiag(v) lim E[EINY ~ Ny | 7] | F+]
=Py + Adiag(v) lim E[N' ~ NP | Z,]
=Py,

where the second equality is an application of the dominated convergence theorem with the
random variables Zst =E[N¢ - Nsb | #;] and Z' := limg_.oo E[N¢ —Nf | %], the conditions
being met by Lemma 6. O

We can simplify the expression of the price process using martingale-admissibility. This is the
topic of the next lemma.

Lemma 8. The price process is of the form
t
P =Py+ Adiag(u)f c(t—s)(dN%— dND),
0

where ¢(1) =g+ [° ) du+ [°, [i " E(u-v)(@%*+®Y % (v)dvdu. Furthermore, K is almost
everywhere differentiable.

Proof By assumption, we know there exists some cross-impact kernel K such that for all £=0
t
P, = P0+f K(t—$)(dN?—dND).
0

Therefore Lemma 5 implies that for all 1= 0

[e 9] t—v (o] t-v

/ f E(u- )@Y+ o' (y)dvdu = f f Z(u- )@Y + @"Py(v)dvdu.

t—vJ0 t—-vJ0

And Lemma 5 yields
r
P,=Py+ Adiag(v)[ c(t—$)(dAN%—dND),
0

with ¢(8) =g+ [7° E@du+ [°, [{ ' Eu-v)( @Y%+ ®Y' %) (v)dvdu. In particular, we must
have Adiag(v)¢ = K almost everywhere and K is almost everywhere differentiable. O
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To obtain a simpler expression for K and the other results of the proposition, we adapt the
proof of Proposition 3.3 of [Jail5] to our structure of Hawkes processes. At time ¢ >0, either:

e there are no market orders and the price is differentiable with P/t = fot K’(t— s)d(N4 —
Nb)g

» there is a buy market order on some asset, say Asset i, which happens with intensity
/l?'l and yields a price jump of K(0)v;e;;

* there is a sell market order on some asset, say Asset i, which happens with intensity /lltg’i
and yields a price jump of —K(0)v;e;.

Therefore, we have for all £ =0

. [E[Pt+h | gt] -
lim
h—0 h

K(0)vje;(A%T =AY

P, t p &
:f K (t—s)(dN? —dN?) +
0 =1

1

[ ’
= f K (- $)(dN® - dN?) + K(0)diag(v) (A¢ — AD)
0
t t
:f K (t—s)(dN®—dNP) - K(O)diag(u)f @' — @%by (¢ - 5)dNP
0 0
t
+ K(0)diag(v) f @Y% — P %) (r - 5)dNE
0
=0,

where the last equality holds since the price is a martingale by Lemma 7. Thus, we must have
forall £=0

K (1) = —K(0)diag(v)(@"' (1) - 0'b (1))
K (1) = —K(0)diag(v) (@ “(1) - ®”'%(1)).

To conclude, we need to derive the expression of K(0). Since @PIb _ pala g integrable, K

converges to a finite limit and by definition of the permanent cross-impact matrix: tlim K@) =A.
—00

Thus

lim K(1) = K(0)diag(v) (ud - f @0 (5) — 0% b(s))ds) =A.
m o

Since by Assumption 1 we have p(f(fo D(s)ds) <1, we get

00 -1
K(0) = A(ﬂd - f @b (s5) —cb“”’(s))ds) diag(v)7!.
0

Since the matrix A is non-singular by Assumption 3 so is the matrix K(0) and we must also
have
(Db/b_q)a/b — (I)a/(l_q)b/d.

This completes the proof of Proposition 1.
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III.C.2 Proof of Proposition 2

Because of the autocovariance structure of Hawkes processes, this section makes extensive
use of Fourier transforms of measures. We recall from the notation section that the Fourier
transform of a measure x at w € C is defined, when the integral converges, as

R(w) :foo e hedr).

—00

Writing 0 := (I; — @4+ ®*by for the average of the intensity of the stationary version of
the Hawkes process we know from [BDMI12] that

OV () = 1y - B() " diagO) (14 -0 .
In particular, the Fourier transform of the reduced covariance measure Q has integrable entries.
We begin the proof of Proposition 2 with a useful lemma.
Lemma 9. For all w € R, we have
(K (@) + K(0)Q) (K @)+ K(0)* = AQwAT .

Proof. Writing 0 := (I;—®% ) u+®%?  for the average of the intensity of the stationary version
of the Hawkes process we know from [BDM12] that

OV () = (1- B(w) 'diag®) (1- B(-w)) ™.
Therefore we have

OV () = 1y - D)) 'diag®) (g - D) ™H*
Ow) = (g, - 10N @) (g, -1) 7 .

Using pseudo-inverses we obtain

QW) ™" =>4 -10 QN ) g, -12) T

1
4
d— () *diag®) 1z - pw))

= (|]
=g —PW)* (g —P©0) " H* QL Wy — Pw) 1y - §(0)),

where we have introduced Qe := Q(0). Therefore, since A is real, by Proposition 1 we get

(K (@) + K0) Q) (K (@) + K(0))* = AQ AT
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We now prove Proposition 2. First, note that Q admits a spectral factor. since it is positive-
definite almost everywhere on the unit circle. Furthermore, by Theorem 2 and Assumption 4,
@ is square-integrable and causal. Thus, Lemma 9 shows that (I; - (ﬁ)_ldiag(\/@) is a spectral
factor of Q. Since there exists a spectral factor, the Paley-Wiener condition Equation (8) is
necessarily satisfied.

As Q satisfies the conditions of Theorem 3, let £ be any spectral factor of . Then,
since the products of two functions of causal inverse Fourier transform also has a causal inverse
Fourier transform, the inverse Fourier transform of K < is causal. Furthermore, since K and
& are both integrable functions, their product is square-integrable. Thus, the product satisfies
the first condition of Theorem 2 and therefore the product belongs to the Hardy space HZ.
Therefore, by Lemma 9, f(\'ff is a spectral factor of the positive-definite matrix AQoAT. Tt
follows by the uniqueness of spectral factors up to a unitary matrix that there exists some
unitary matrix @ such that for almost all w € R

K (0)=%0 % (w)™' —K0),

where 994" = AQuA". This concludes the proof.

III.C.3 Proof of Proposition 3

The immediate cross-impact matrix K(0) describes how trades push prices on very short time
scales. As such, we intuitively expect that it must be constrained to prevent pair-trading
arbitrage. In fact, we show in this section that it can be completely characterised. The first
lemma shows that the immediate cross-impact matrix must be symmetric non-negative.

Lemma 10. The immediate cross-impact matrix K(0) is symmetric and non-negative.

Proof. This proof uses no-arbitrage arguments. It is inspired from [SL19] but adapted here
since assumptions are slightly different. We consider a deterministic trading strategy ending at
time T given by the function f: [0, T] — R? which determines the buy and sell market orders
according to Definition 2. We re-write the cross-impact contributions as K(¢) = M + H(?),
where M is the immediate impact matrix and H(0) = 0. From Proposition 1 we know that H is
continuous at zero. With these conventions, the average cost C(f) of the trading strategy f
given in Definition 2 is written as

T t T t
C(f)=f f(r)Tf Mf(s)dsdt+f f(t)Tf H(t—s)f(s)dsdt =: C;(f) + Cs(f),
0 0 0 0

where we have split costs into two parts. The first, C;(f), represents immediate impact costs
and the second, Cs(f), represents the rest. Then

1 d d T prt
c,.(f)=§zMi,.||ﬁ||§+zMUfo fofl-(t)fj(s)dsdt.
i=1

i#j
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III. Dynamic cross-impact from anonymous order flow

Similarly, for the other impact costs, we have
d T pt d pT pt
Cs(f):Zf f ﬂ(t)Hn(t—s)ﬁ(s)dsdHZf f fi(®) H;j(t—s) fj(s)dsdz.
i=170 0 i#j 0 0

We choose two distinct assets, Asset a and Asset b and consider, as in [SL19], a round-trip
pair-trading strategy of the following form, where v, v, € R:

Up for0<r=<T/3 Vg for0<r<T/3
fr®:=40 for T/3<t<2T/3, fa®):={-vy for TI3<t=<2T/3.
-vp for2T/3<t<T 0 for 2T/3<t=<T

This strategy only trades Asset p and Asset ¢, so that for all other Asset i, f; =0. This is a
round-trip strategy since fOT f =0. Then, the immediate impact costs contribution is

T2

For the other impact costs, we have

T pt T pt
Cs(f):fo fofa(t)pr(t—s)fp(s)dsdt+fO fofq(t)qu(t—s)fq(s)dsdt

T pt T pt
+f0 fofp(t)Hpq(t—s)fq(s)dsdt+f0 fofq(t)qu(t—s)fq(s)dsdt.

Therefore, since H(0) =0 and H is continous at ¢ =0, for small enough execution times T
we have that for all £ € [0, T], | H;;(¢) <€ for all (i, j) € {p, q}z. Thus, combining both impact

terms, we get

C(f) vavp
? = ?(qu—Mpq)‘Fe.

So, unless Myq = My, the volumes v, and v, can be chosen so that trading costs of this
round trip strategy are negative. Thus, if M), # My, arbitrages are possible. Therefore the
immediate cross-impact matrix M = K(0) is necessarily symmetric.

Since K(0) is symmetric and K is continuous by Proposition 1, Lemma 2.8 of [AKS16] implies
that K(0) is non-negative definite and hence non-negative. This completes the proof. O

The previous results show that the immediate cross-impact matrix is symmetric non-negative.
By further using the price dynamics, we are able to relate it to the instantaneous covariance
matrix of prices and order flows.

We have
dP; = K(0)diag(v)(AN? —dN?).

Taking the predictable quadratic variation of the processes, we obtain

d(P,P); = K(0)diag(v*)diag(A? + AL)K(0)"dt
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III.C. Proofs

Taking expectations on both sides and writing the return covariance matrix X,d¢:= E[d(B, P);]
and the average intensity 0, := E[A?] = E[19] we get

%zt = K(0)diag(v*0,)K(0)" .

Since this holds for all ¢, and 6; B 0= (y— DY u+dby, it must hold as ¢ tends to infinity
—00

and we get

%z = K(0)diag(@vH)K(0) T,

where X = tlim E[d{P;, P;)], which is well-defined by passing to the limit in the above. Since,
—00

by Lemma 10, K(0) is symmetric non-negative and satisfies the above, it must be of the form
(see for example Proposition 3 of [TMB20])

L
V2

where Z is given in the proposition. This completes the proof of Proposition 3.

KO0)=— (& L) z%%",

III.C.4 Proof of Proposition 4

As in the proof of Section III.C.3, we consider a trading strategy ending at time T given by the

function f: [0,T] — RY. We re-write the cross-impact contributions as K(#) = A +I'(¢), where

I'(») P 0. Then, average cost C(f) of the trading strategy f given by Definition 2 can be
—00

re-written as

T r T t
C(f):zf0 f(r)T[O Af(s)dsdr+f0 f(t)TfO L(t—s5)f(s)dsdt=Cp(f) + Ci(f),

where we have split into permanent and temporary impact costs. Then
1 d 2 d T prt
Coth =3 LAl A+ X ns [ [ fin s
2i3 iz Jo Jo
Similarly, for the temporary impact costs, we have
da T pt da T pt
Ce(f) = Zf f ﬁ(t)rii(f—s)ﬁ'(s)del“FZf f fi(OT;j(£—5) fi(s)dsdz.
i=1J0 JO i#j 0 JoO

Consider two distinct assets, Asset a and Asset b. Consider, as in [SL19], a round-trip trading
strategy of the following form, here v,, v € R:

Up for0<t=<T/3 Vg for0<t=<T/3
faH):=<0 for T/13<t<2T/3, fa(D:=1-vy for T/3<t<2T/3.
-vp for2T/3<t=<T 0 for 2T/3<t<T
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III. Dynamic cross-impact from anonymous order flow

Then, the permanent impact costs contribution is of the form

T2
Cp(f) =(Apg = Agp) g Vpla-

Similarly, for the temporary impact costs, we have

T pt T pt
Ct(f)=f0 fof,,(t)rp,,(t—s)fp(s)dsdmfo fofq(t)r,m(t—s)f,,(s)dsdr
T pt T pt
+f0 fof,,(t)rpq(t—s)fq(s)dsdmfo fofqmrqp(r—s)f,,(s)dsdt.

Therefore, since I' is power-law with all exponents strictly below 1, we have

¢ Uplq
B =S TIEC

so that if Agp # Apg, arbitrages are possible. Therefore A is necessarily symmetric.

We now show that A is non-negative. Let 7 € R and 17 € R? and consider a trading strategy
f which buys portfolio 7 and waits 7 units of time to sell it. Then, the cost of this trading
strategy is

C(H=n"(A+T@)n,

and by no-arbitrage, C(f) = 0. Therefore, for all TeR and n € R?, we have
nTAn > —nTF(T)n,

so that using the fact that I'(7) = 0, A is non-negative. This concludes the proof of
—00

Proposition 4.

III.C.5 Proof of Proposition 5

To prove Proposition 5, we proceed in three steps. First, we use polarization to show that it
suffices to prove the result for {* Z¢ for any ¢ € C4. Second, we use sufficient conditions for
smoothness on characteristic functions. Finally, we show that these conditions are satisfied in
our setting.

We begin with a polarization identity. Since Z is a continuous positive definite function,
Theorem 2.10 of [AKS16] shows that for every ¢ € C? the continuous function Z¢: t— &* Z (£)&
is positive definite. Furthermore, for all 1 < a, b < d, the component eZZ ()eq is equal to

1
E(zeu+eb(t) —iZe,—ie, () — (1= D) Ze, (1) — (1 — 1) Z,, (7).

Thus it suffices to prove the result for Z; for { € €4, which we show below.
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III.C. Proofs

M
For all ¢ € C%, we introduce the measure Qe := % For any ¢ € c4, Q¢ is indeed a

probability measure since the matrix-valued measure M is non-negative definite and of finite

total variation. Thus, the function Z; is the characteristic function associated to the proba-
M

bility measure Q¢ = % We now use Theorem 2.3.1 of [Luk70] which gives a sufficient

condition for the smoothness of a characteristic function. To apply the theorem, we must show
that for all & € C? we have

Zet) —Z:(0)+ Ze(—21) — Z£(0
liminfl e(21) £(0) e(=21) £(0) | <oo
=0 412
Using the definition of Z;, the above condition is equivalent to

. & (KeH-KO) +K2nT-K0)T)¢ |
liminf <00
£—0 412

However, by Assumption 4, K and its derivative are continuously differentiable at zero and
Proposition 3 shows that K(0) is symmetric, so that

T T
Ken-Ko+Ken —KO  _ L g gk 0N+ ©+K 07 +o).

42 —0 2t
Therefore the condition will be satisfied and the proposition proven if K ' 0)=-K ' ()7, that is if
K (0) is antisymetric. Then Theorem 2.3.1 of [Luk70] yields that Z; is twice differentiable and
the integrals converge absolutely. To prove this result, we will use the no-arbitrage condition
and the smoothness of the cross-impact kernel around zero.

As in the proofs of Sections III.C.3 and II.C.4, we consider a trading strategy ending at
time T given by the function f: [0,T] — R%. We re-write the cross-impact contributions as
K(t)=K(0)+tK ' (0) + Z(t), where Z is such that 2£(0) =0, Z is continuously differentiable at

zero and Z (1) o o(t). For convenience, we write M(t) := K(0) + tK(0). Then the trading cost

of the trading strategy is

T t T t
c(f) ::fO f(t)TfO M(t—s)f(s)dsdt+[0 f(t)TfO R(t—5)f(s)dsdt = C1(f) + Ca(f).

Where we have split contributions. Consider two distinct assets, Asset @ and Asset b and the
round-trip trading strategy of the following form, where v,, v, € R:

Vg for0<t<T/3 vp for0<t<T/3
fa®):=30 for T/13<t=<2T/3, fo):=X -v, for T/3<t=<2T/3.
-v, for2T/3<t=<T 0 for 2T/3<t<T

This strategy only trades Asset a and Asset b, i.e. for all other Asset i, f; =0. This is a
round-trip strategy since fOT f =0. Then, computing contributions as in Lemma 10 and using
the fact that K(0) is symmetric, we obtain

G =22 vy (K O+ K )
(= 6o Valb ab ba)-
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III. Dynamic cross-impact from anonymous order flow

For the other contribution, we have

T pt T pt
CZ(f):‘/(; f() fa(t)%aa(t_s)fa(s)det'f‘fo ](; fa(t)%bb(t_s)fa(s)det

T ot T ot
+/ f fa(t)%ab(l—S)fb(S)det+f f fo(ORpa(t—s) fa(s)dsdt.
o Jo o Jo

Therefore, since 22(0) =0 and Z(t) o o(t), for small enough execution times T we have that

for all £€[0,T], | Z;;(2) |<et for all (i, j) € {a, b}?. Thus, we then have, where ¢; >0 is a
constant independent of f, T and €

Co(f) seci T3.

Thus, combining both terms we obtain

c(f) , ,

3 =C2la Vp(K (0)ap + K (0)pa) +e6,
where ¢, # 0 is a constant independent of f, T and €. Therefore, unless K 0)ap = -K ®pa,
the round-trip strategy yields negative costs and arbitrages are possible. Therefore K (0) is
necessarily antisymmetric. The proposition then follows.

IIILD Calibration methodology details

This section details the calibration methodology. The objective is to calibrate the cross-impact
kernels K! and K? on empirical data. Section IILD.1 gives additional details on the dataset.
Section III.D.2 details the methodology for the estimation of the empirical observables X
and Q. Section IIL.D.3 explains how spectral factors of the reduced covariance measure are
computed. Finally, Section III.D.4 explains the construction of both kernels.

IIL.LD.1 Data preparation and processing

The data is processed according to the procedure outlined in [TMB20]. For the reader’s
convenience, we recall some key elements here. The two instruments selected are the leading
and third month E-Mini Futures. Prices and trades are gathered from anonymous trades and
quotes data from the CME and prices are taken as the mid-price of the best bid and ask prices
of each instrument. To avoid stationarity issues, we remove data outside the commonly traded
hours of both instruments and the first and last 30 minutes of the trading period. Data ranges

from January 2015 to December 2018.

III.D.2 Estimation of empirical observables

Using the data outlined in Section IIL.D.1, we detail here the estimation methodology for
and Q. To simplify computations and reduce noise, we aggregate order flows and prices by
bins of 1 seconds. Each bin contains the opening and closing price p? and p{ as well as
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III.D. Calibration methodology details

the total signed order flow g;. Both of these random variables have zero mean. Using these
conventions, we use naive statistical estimators to compute the price-covariance and the order
flow auto-covariance, namely, for a daily timeseries of prices and signed order flows {p;}’_,
and {qt}z;l at bins of one second:

1 T
T=—= Y (pi-pDWwi-p)’
=1

1 L T
Q@) == g9, -
r =1

This procedure is averaged across days to obtain an empirical estimate of X and Q using
approximately 800 days of available data. For stationary ergodic point processes, these averages
do converge towards the theoretical price-covariance and reduced covariance measure by
Proposition 8.3.1 of [DV]J08].

IILLD.3 Estimation of a spectral factor of Q

Once X and Q have been estimated, the cross-impact kernel K! can be computed by solving nu-
merically Equation (5) and setting the boundary conditions imposed by arbitrage-admissibility.
To do so, we need to compute a spectral factor of Q.

To solve Equation (9), we use the SBR2 algorithm [MBC*07, WMW15], a polynomial eigen-
value decomposition method, to compute a numerical approximation of a spectral factor of
Q, Z. The implementation details follow the simple version of this algorithm (and not its
subsequent improvements) outlined in Equation (9). The algorithm was tested on the examples
provided in both papers and results were similar to those reported in the papers. To estimate

the accuracy of the spectral decomposition, we computed the Frobenius norm of the error
1Q(2) - L)L (1/2)" | F

matrix o5 ~6-107%. Thus, numerically, & is a good approximation for
2IF

a spectral factor of Q.

A key property is that this spectral factor has the convenient form £ (z) = D(z) H(z) where H
is a para-unitary polynomial matrix and D is (close to) a diagonal polynomial matrix. Both D
and H are outputs of the SBR2 algorithm. To check how close D is to a diagonal matrix, we
compute the Frobenius norm of its off-diagonal elements relative to its diagonal elements. The
numerical results yield 1071°, which shows that the decomposition was successful. Once this
spectral factor has been obtained, we need to compute the matrix polynomial £ ! to obtain
the martingale-admissible kernel K.

III.D.4 Computation of the cross-impact kernels

Because of the structure of £ (z), computing its inverse is straightforward. One the one hand,
the inverse of the para-unitary polynomial matrix H(z) is H(1/z)*. On the other hand, the
inverse of D(z) is obtained by taking the inverse of its diagonal elements, which is straightfor-
ward using pole decomposition. This allows us to compute numerically the polynomial matrix
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III. Dynamic cross-impact from anonymous order flow

%71 and, using Equation (5), the martingale-admissible kernel K.

The numerical computation of the poles of polynomials is done using the residuez function
of the signal library of the scipy module [VGO*20] of the python programming language
[VRDO9]. All poles found were strictly inside the unit circle. However, they were numerically
close to modulus one, which is consistent with the long-range auto-correlations of Q reported
in Figure IIL1

Once the martingale-admissible kernel K! has been obtained, we derive the nsa-admissible
kernel K2 in the following manner. First, we compute the (numerical) Fourier transform of
K!. The symmetric part of this Fourier transform is then modified so that all its eigenvalues
are non-negative. Finally, this clipped Fourier transform is added to the asymmetric part
of the Fourier transform of K!. The (numerical) inverse Fourier transform then yields the
nsa-admissible kernel K2,
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CHAPTER IV

Measuring cross-impact from labeled order
flow

Abstract

Using two databases of meta-orders on stocks and futures, we measure cross-impact: the
influence trades on one asset have on the prices of other assets. We propose generalisations
of the square-root law which account for return and order flow correlations and provide
significantly better fit than the single-asset square-root law. Finally, we provide a recipe
for predicting transaction costs of portfolios from daily price and volume data on stocks
and futures.

From:
Cross-impact on meta-orders
M. Tomas, I. Mastromatteo, M. Benzaquen

Introduction

A key goal of market microstructure is to understand how markets digest trades to form
prices. Thanks to growing amounts of financial data, studies have been able to precisely
measure subtle effects. Many focused on market impact: the average price change induced
after a meta-order (a sequence of trades from the same investor in the same direction)
[BBDG18, ATHLO05, Tor97, ZTFL15, BBLB18, BBLB19, BR13, BILL15]. These studies find that,
when an investor buys or sells Q dollars of risk (where dollars of risk := number of shares x
volatility x asset price) of an asset on a given trading day, he pushes on average the price of
the asset according to the "square-root law":

1)
Els| Q] = Y(%) ) (1)

where §:= Sf;ss” is the normalized daily asset return, S. is the price at the end of the trading

day, S, the prioce at the beginning of the trading day, 0 := (Shigh — Siow)/So is the daily return
volatility of the asset, V is the daily traded dollars of risk, 6 = 0.5 captures the concavity of
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IV. Measuring cross-impact from labeled order flow

market impact, x*® = |x|%sgn(x) and Y is a prefactor of unit scale. This finding is robust across

asset classes and time periods, holding even on Bitcoin [DB15] and options [TEBI6, Sail9].
Refinements of the square-root law suggest that the relationship is linear for small values of
the traded volume [BBLB19, ZTFL15].

Yet market impact and the square-root law do not tell us how trading portfolios affects
market prices. Thus, it provides an incomplete picture of the price formation process.
For practitioners, estimating transaction costs of portfolios using Equation (1) may severely
misrepresent actual costs. This led to some recent work which measures cross-impact
[RT21b, TMB20, WSG16, WNGI17, BMEB17, TMB21, SL19], the multivariate version of market
impact. These studies use plentiful anonymous trades data to calibrate models. While they
may make model-founded predictions, to our knowledge there is no study which has provided
empirical measures of cross-impact from meta-orders.

To address this, this chapter measures cross-impact using two databases of meta-orders.
The first database contains trades executed by multiple investors in the U.S. Equity market.
The second covers meta-orders executed by a single asset manager in the futures markets.

The main contribution of this chapter is a generalisation of the square-root law which
accounts for the cross-section of returns and order flows. To do so, we propose models for the
average normalized return conditioned on a traded amount of risk Q :=(Qy, -+, Q4) where Q;
is the net traded dollars of risk on Asset i. Using meta-order data and previous studies on
linear cross-impact models [CK94, GAMMBB20, BMEB17, MBEB17, TMB20, TMB21] we find
that there exist a set of portfolio directions I = (71,---,74) such that, for a portfolio 7 in II,
the projected normalized returns s; = 7' s have a concave dependence on the projected traded
dollars of risk Q; = 7' Q similar to the square-root law:
19
Elsy | Qn] ~Yo, (&) ,

. e

where 02 := " pn is the daily volatility of the portfolio, o := Corr(s) is the daily normalized
return correlation matrix, V,? =n'Qn is a proxy for the liquidity of the portfolio where
Q := Cov(q) is the daily traded risk covariance matrix (where g = (q1,-:-,qg) is the daily
traded risk on all assets), § = 0.5 and Y is a prefactor of unit scale.

Equation (2) gives predictions for portfolio returns according to the traded meta-order dollars
of risk. For a given basis II, we propose the following impact law for the average normalized
return of Asset i conditioned on the net traded risk on each asset:

o5
-
nkQ

\/ 7L Qg

We find that on both datasets, Equation (3) has significantly better fit with = which depends
on the correlation structure of asset returns and liquidity than for the basis IT= (ey,---, ey),

d i Qﬂk .5 d
. ~ _ T c
Els;i | Q1,-++,Qql = Yk;nzank (—Vnk) = Yk;nk\/ﬂk o7k (3)
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1. Cross-impact

which ignores cross-sectional effects. As such, we can view Equation (3) as a more precise
generalisation of the square-root law which accounts for the structure of returns and liquidity.

We now comment on the links between our chapter and the literature.

The proposed impact law gives predictions of cross-impact from meta-orders. We can
use it to compare the predictions of different cross-impact models studied in empirical studies
[SL19, BMEB17, MBEB17, TMB21, TMB20, RT21a, WSG16, WSG15] and inform modeling de-
cisions. In particular, our findings motivate the choice of particular propagator models for
cross-impact, favoring those introduced in [RT21a, BMEB17, MBEBI7].

Furthermore, while the proposed impact law was only examined on stocks and futures,
it could be extended to deal with more general cases, such as derivatives, thanks to results
discussed in [TMB21]. It would then yield predictions consistent with what has been observed
in meta-order studies on options [TEBI6, Sail9]. This suggests the chapters’ results hold in
more generality than simply on stocks and futures.

The proposed impact law gives predictions for transaction costs. These could be incorporated
in portfolio construction problems and prescribe specific choices for cross-impact modeling
in these frameworks, where the cross-impact model is often left unspecified [EMK19, GPI16].
Furthermore, they could help regulators better assess the liquidation risk of portfolios.

The chapter is organized as follows. Section 1 proposes a formula for cross-impact asso-
ciated to a given orthonormal basis and introduces the different bases examined in the chapter.
Section 2 applies our framework on the meta-order datasets to measure goodness-of-fit of
our predictions. Finally, we conclude on the contributions of the chapter, open questions, and
directions for future work.

1 Cross-impact
This section proposes a formula to estimate cross-impact. We begin with its definition.

Definition 1 (Cross-impact). An asset manager decides to buy or sell a portfolio Q = (Qy,--+,Qq)
of d different assets, each made up of Q; dollar-risks of Asset i. He, or his broker, splits his order in
smaller orders and executes them on the market. The cross-impact of a meta-order of the portfolio Q
is

€F£(Q):=E[s|Ql, (4)

where s = (s1,-++,84) are the normalized daily returns of the assets.
Directly measuring cross-impact as defined in Equation (4) is arduous since we need to
measure the average of a random variable conditioned with d random variables, where d

is large. Since precise measures of market impact require on the scale of 10° meta-orders
[ZTFL15, BBLB18, BBLB19, ATHLO5, TEB16], precise measures of cross-impact would require
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IV. Measuring cross-impact from labeled order flow

on the scale of 10° meta-orders. Thus, we are unable to directly measure cross-impact. To
tackle this problem, the next section introduces the concept of diagonalisation of cross-impact.

1.1 Diagonalisation of cross-impact and proposed cross-impact law

Before introducing the concept of diagonalisation of cross-impact, we note that we can apply a
change of basis to simplify the problem. Let IT:= (7r,---,74) be an orthonormal basis of R4,
Then, since I is a basis of R?, there is a one to one correspondence between the distribution
of the family of N random variables E[s; | Q1,---, Q4] and the distribution of the family of N
random variables

[E[Sn'i | Qn’ly"' ,QJ'[d] )

;rs is the portfolio return and Qy, := H;I—Q is the traded volume of dollar-risk

of the portfolio. This reformulation does not yield a straightforward solution since it is
similarly difficult to estimate the above d random variables. However, it suggests an alternative
approach. If we had

where sz, ;=7

[E[Sn,- | iny"' ;Qnd] = [E[snl- | Qni];

then the price impact on portfolio 7; only depends on what is traded on portfolio m;. This
leads to the following definition.

Definition 2 (Diagonal basis for cross-impact). An orthonormal basis 11 = (my,---,7g) of R? is
said to diagonalise cross-impact if;, for all 1 < i < d, we have

[E[sT[i |Q7‘[1r'”;Qﬂ,’d]=ﬂE[sﬂi |Q7‘[i]; (5)

where sy, := 7] s is the daily normalized return of the portfolio and Qy, :=n] Q is the traded
volume of dollar-risk of the portfolio.

Naturally, the challenge is then to find a basis such that Equation (5) holds. Inspired by the
previous definition, for a given orthonormal basis II, we associate the following prediction for
cross-impact:

d
€InQ):=Y Y I (Qu)7r, (6)
k=1

where Z, (Qy,) := E[sz, | Qz,] are functions to be estimated. This prediction is motivated by
the fact that when a basis respects Equation (5), cross-impact can be reduced to Equation (6).

For this chapter, we have restricted our study to orthonormal bases. The portfolios of these
T
i
components can be interpreted as positions in each asset expressed in units of risk.

bases have unit risk and no overlap, i.e. 7; 7; = 0 for two different portfolios 77; and 7 ;. Their

Depending on the choice of basis II, Equation (6) may yield sensible predictions or not.
The next sections examine relevant choices of bases.
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1.2 Bases of interest
1.2.1 Canonical basis

The first basis examined is the canonical basis which ignores cross-sectional effects and we
thus dub the direct basis:

Hdirect = (ely'” ;ed)y

where the e; are the canonical vectors of R?. This basis uses the predictions for market impact
on each asset to predict cross-impact. As underscored in the introduction, the functions .%, are
well described by the square-root law of Equation (1). As a basis which ignores cross-sectional
effects, we expect this basis of being far from satisfying the diagonalisation condition of
Equation (5). Overall, this basis should work best when asset prices and order flows are not
correlated and break down when there is strong structure in prices and order flows.

1.2.2 Random basis

The second basis of interest is the random basis defined as

Iy andom := (01,77, 04),

where the basis (01, --,04) has been randomly sampled in the orthogonal group. This
basis serves as a zero-intelligence basis which accounts for cross-sectional effects. Since this
choice randomly mixes the information of all assets, it should be closer to satisfying the
diagonalisation condition of Equation (5) than the direct basis. However, the cross-impact
predictions associated to this basis of Equation (6) may have worse fit than those associated to
the direct basis because the portfolios o0; have little economic interpretation. Contrary to
the direct basis, we have no prior knowledge of the functions .%,,, so that we will need to
estimate it using meta-order data.

1.2.3 Eigenliquidity model basis

The third selected basis accounts for return correlations. It is taken using the eigenvectors of
the normalized return correlation matrix p := Corr(s):

I1e; := eigenvectors(p) .

This basis is dubbed eigenliquidity model basis (el for short) basis since it is inspired by the
eigenliquidity cross-impact model [TMB20, BMEB17, MTB14] which has the same eigenvectors
as p. Given the goodness-of-fit of the linear eigenliquidity model on anonymous data, the
cross-impact predictions associated to this basis may fit empirical data well. As in the random
basis, we will have to estimate empirically the functions .#; where 7 is in the basis Ile;.

1.2.4 Kyle model basis

The final basis chosen uses both return and order flow structure, encoded in the normalized
return correlation matrix p and the co-trading effects encoded in the traded risk covariance
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matrix Q := Cov(q), where q:=(q1, -, qq) is the daily signed traded risk of each asset. The
kyle basis is defined as

Miy1e := eigenvectors((ff_l)T LToLL™,

where & is such that £.27 = Q. We refer to this basis as the kyle basis since it is inspired
by the multivariate Kyle model for cross-impact [TMB20, GAMMBB20, CK94], which has also
shown good fit on empirical data [TMB20]. Once again, the functions .#; where 7 is in the
basis Ilyy1e have to be estimated.

2 Empirical results

This section assesses the quality of the predictions of our setup on meta-order datasets.

2.1 Meta-order datasets

This study uses two databases of proprietary meta-orders to analyse cross-impact. We present
the characteristics of each dataset below.

2.11 ANcerno dataset

The first database is made available by ANcerno, formerly Abel Noser Corporation, which
is one of leading consulting firm that works with institutional investors to monitor their
equity trading costs. This database contains orders executed by different institutional in-
vestors in the U.S. equity market. Our sample of this database contains stocks and orders
from 2000 to 2014. For previous studies on the ANcerno database, we refer the reader
to [BBLB18, BBLB19, ZTFLI15].

In the following we will identify a meta-order as a series of consecutive orders performed by a
single investor, through a single broker within a single day, on a given stock and with a fixed
direction (buy/sell). Thus each meta-order is characterised by a broker label, a stock symbol,
the signed number of exchanged shares (counted positively for buy orders and negatively for
sell orders), executed during a physical time interval [, t,] with #; the start time and f. the
end time of the execution.

There are many entries in the ANcerno database and some filtering is needed to remove
possibly erroneous data. To do so, we follow the cleaning procedure introduced in [ZTFL15],
which we recall below:

(i) remove meta-orders which last for more than one day;

(ii) remove meta-orders which end after 4pm;
(ili) remove meta-orders which last for less than 2 minutes;

(iv) remove meta-orders with participation ratio larger than 30%.
The statistical properties of the remaining meta-orders are in line with the previous studies

[ZTFL15, BBLB19, BBLBI8]|.
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2. Empirical results

To avoid an elaborate analysis of when precisely each meta-order starts and ends, how
they overlap and which reference price to take, we consider impact at the daily scale. Doing so,
we aggregate the meta-orders of different asset managers on a given stock. For a given trading
day and asset, the signed daily volume is the sum of the signed volume of all meta-orders on
that day. We assume that the daily meta-order starts when the market opens and finishes when
the market closes.

The resulting dataset is combined with daily open/high/low/close price data and sector
classification. To do so, we match symbols from the ANcerno database using available market
data. Around 40% of stocks do not match our market data and are removed in this procedure.

The final dataset contains 2708 stocks, distributed among different sectors. With our daily
aggregation methodology, we are left with around 2.8 million meta-orders. To keep the number
of distinct stocks tractable, we select 1000 random stocks among our dataset. We are left with
1.6 million meta-orders.

2.1.2 CFM Futures dataset

The second dataset employed in this study contains data on the proprietary meta-orders
executed by the asset manager Capital Fund Management (CFM) on the futures market. After
cleaning, the dataset covers around 250 different futures, with approximately 200,000 meta-
orders from 2012 to 2019.

Contrary to the ANcerno dataset, meta-orders of this dataset are only those executed by CFM.
Thus, a meta-order is identified with a future code, the signed number of exchanged lots
(counted positively for buy orders and negatively for sell orders), executed during a physical
time interval [f;, f,] with £ the start time and f, the end time of the execution. To apply a
consistent methodology with the ANcerno dataset, we aggregate orders at the daily scale.

2.2 Estimates of p and Q

This section details the estimation of the normalized return correlation matrix g and traded
risk covariance matrix Q. In this chapter, we only have access to daily price and volume
data. Therefore, we are unable to directly compute Q which requires access to signed trades.
Instead, we propose to use an estimate of the liquidity corelation matrix based on the return
correlation matrix. From previous studies [BMEB17, TMB20, TMB21], we know that the order
flow correlation matrix shares the first eigenvectors of the return correlation matrix, although
the order flow correlation matrix is much more diagonal. Thus, we set o := al+ (1 - a)p for
some choice of a which captures the scale of p. For the ANcerno dataset, previous studies
[TMB20, BMEBI17] motivate the choice @ =0.9 as the traded risk correlation matrix was found
to have some of the structure of p - although more diagonal than g. For the CFM futures
dataset, the previous study [TMB20] suggests a = 0.1 as the traded risk correlation matrix
was found to be close to the return correlation matrix, in particular because the liquidity of
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IV. Measuring cross-impact from labeled order flow

strongly correlated instruments is strongly correlated. For example, two futures with the same
underlying have significant co-trading.

Using the above estimate for p®, the daily traded risk covariance matrix on a given day
is approximated by Q; := diag(V;)p*diag(V;), where V; is the vector of daily traded risk of
each asset. To compute the eigenvectors of the kyle basis, we compute the average daily
traded risk covariance matrix as Q := diag(V)QQdiag(V), where V is the vector of average
daily traded risk of each asset.

Figure IV.1 shows the structure of the daily normalized return correlation matrix p on both
datasets.

ANcerno stocks
0-0 CFM futures

Basic Materials
Communications 1

Consumer, Cyclical {¢

Bonds

10t Agriculture I=( "
Consumer, Non-Cyclical & =

Energy
Financial

Industrial

Technology |

Utilities {.

Figure IV.1: Price correlation matrix ¢ on both datasets.

Left: ANcerno dataset. Right: CFM dataset. Correlation matrices are grouped by sector to
highlight the block-wise structure. For the ANcerno dataset, the average pair-wise correlation
value of stocks is removed to remove the influence of the market mode. Both correlation
matrices show strong structure, with the correlation matrices on future highlighting the strong
correlation within futures of the same sector. We can also distinguish sub-blocks within a
particular sector, which correspond to futures with the same underlying.

2.3 Diagonalisation in bases of linear cross-impact models

Given the estimates for p and Q of the previous section, we can now stress-test different
bases. This section examines how close different bases are to satisfying the diagonalisation
condition of Equation (5). To do so, for a given orthonormal basis I, we introduce the residual
differences

Z}}:= (Elsn, | Qu, Qu,) —Elsy, | Qn,1)°, (7)
which measure the error of the approximation. A global metric for our diagonalisation
approximation error in the basis II is then

1
I _ I
zl== > Zij (8)
1<i,j<d
i#]

which measures the average error made with the approximation.
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Table IV.1 reports the separation metric for the different bases introduced in Section 1.2.
All models from bases which account for cross-sectional effects have better scores than the
direct basis model. As previously mentioned, the random model is expected to perform
best since both elements of Equation (7) are close to zero. It is noteworthy then that, in
both instances, the el and kyle bases reach comparable scores to the random basis, which
suggests they are efficient in separating the information and somewhat close to satisfying the
diagonalisation condition.

Dataset Basis

direct random el kyle
ANcerno stocks  11.0+0.9 0.61+0.01 0.50+0.05 0.54+0.05
CFM futures 2.02+0.01 0.977+£0.003 0.55+£0.02 0.68+0.02

Table IV.l: Separation metric Z!! in the bases of different impact models.

The table reports the separation metric Z'! on both datasets. For a given pair of portfolios
m;,m; from a given basis, Z}| is computed by estimating both sides of Equation (7) using
empirical averages. Then, due to the large number of portfolio pairs to examine to compute
Equation (8), Z" is estimated by averaging Zl.r][. on a smaller sample of portfolio pairs and the

error bars correspond to the 95% confidence interval for our subsampled estimate of Z'.

2.4 Fit of the functions .,

The previous section showed that the random, el and kyle bases were much closer to satisfy-
ing the diagonalisation condition than the direct basis. For a given basis IT = (771, ,7y),
the associated predicted cross-impact of Equation (6) requires estimating the functions
I (Qr) = E[sz, | Qr,]. These functions are already known for the direct basis, since
they correspond to market impact and are described by the square-root law. However, they
need to be estimated for the random, el and kyle bases.

Figure IV.2 shows that, for each portfolio 7 in these bases, the functions .#; is well-described
by a square-root law like fit:

- Qr\"™
Elsz |Qzl = Yoy, (Vﬂ) ) (9)

where 6 =0.4-0.6, Y is a dimensionless prefactor (where Y = 0.3 on stocks and Y = 0.5 on
futures), V2 := " Qn is a proxy for the liquidity in the direction of the portfolio, o2 := 7" on
is a proxy for the volatility of the portfolio. A key difference with the square-root law is the
scale of the dimensionless prefactor Y. Although it is independent of the portfolio, it changes
depending on the dataset and, in particular, the number of assets d (see [TMB20] for more
details).
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Figure IV.2: Fit of .#; in different bases on both datasets.
Left: ANcerno stocks dataset. Right: CFM futures dataset. Each point is computed by
averaging normalized returns on binned traded risk. Error bars shown are computed using

95% confidence intervals. The ANcerno dataset has significantly more data, which allows us

to obtain more precision. On both datasets, for participation ratios 7 := & in the range

1073 <1, <1071, the square-root law fit is a good approximation.

2.5 Goodness-of-fit

Using the results of Section 2.4 we can plug the functional form of Equation (9) in the prediction
of cross-impact of Equation (6) to associate with a given basis IT among the direct, random,
el and kyle bases the following prediction for cross-impact:

19

_ . d 77 Q
€5 Q) = Yanank(gk) Yank\/ﬂZan \/i—T . (10)
Tk =1 7, Qg
k

Equation (10) accounts for all portfolios, many of which may have small volatility and provide
negligible contributions. To assess the quality of fit of Equation (10) as a function of the number
of directions considered, we consider the truncated predictions €.¢1,,(Q) defined as

1)

n L L Q
X A() _anka,,k(?/ k) =YY m/nlom | ——| (1)
k=1

Tk nZan

where the portfolios 7y are sorted in decreasing order of volatility ﬂ;crgﬂk. To evaluate the
goodness-of-fit of the predictions obtained with Equation (11), we compute the 72 between
realized returns and the predictions given by €.%11,,(Q) as

~ d Var(s; —e, ‘gfn n(Q))
- ; Var(s;)

)

Q.. |

where Var(X) is the variance of the random variable X. To favour the direct basis, the i-th
variance in the sum is estimated on empirical data only using days where a meta-order on
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Asset i was executed.

Figure IV.3 reports the estimated r? as a function of the fraction of explained variance
LT 0T
T e

predictions given in the bases of the kyle and el models is higher than for the direct model.

associated to the chosen basis. On both datasets, the goodness-of-fit of cross-impact

This suggests that, in these bases, Equation (6) gives a more precise generalisation of the
square-root law which accounts for the structure of returns and liquidity.
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Figure IV.3: Fit of different impact models on both datasets.

Left: ANcerno stocks dataset. Right: CFM futures dataset. The r?-squared measure of
fit is computed for the el (blue triangles), kyle (green squares), random (red circles) and
direct (black star) bases as a function of the cumulative explained variance. As expected, the
random model shows poor performance on both datasets. Strikingly, both cross-impact bases
outperform the direct basis. The difference is more pronounced on stocks than on futures.
The quality of fit improves for both models as the explained variance grows.

Conclusion

The goal of this chapter was to use two meta-order databases to measure the cross-impact of
investor orders. To do so, we proposed a generalisation of the square-root law which accounts
for the structure of returns and liquidity. Section 2.5 showed that this generalisation gives
more precise predictions than the square-root law.

A key result of this chapter is a recipe to compute the cross-impact of meta-orders from
daily data. As a first step, this chapter has opens the door to other relevant questions concern-
ing the cross-impact of meta-orders. For example, one could study how cross-impact decays
after the meta-order. Similarly, one could try to relate the microscopic price formation process
to the observed cross-impact. One possible approach would be to extend limit order book
models of the type of [MTBI14, TLD*11, DBMBI5] to multiple assets. This study would give
benchmarks for the predictions of such models.
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IV. Measuring cross-impact from labeled order flow

The setup presented in this chapter is limited to the case of orthonormal bases and it
would be interesting to examine non-orthonormal bases. For example, one could gener-
alise the linear Kyle cross-impact model to a non-linear setting. Such a model would yield a
recipe for aggregating trades and prices which differs from the models presented in this chapter.

Finally, an area of interest which we omitted in this chapter are the properties satisfied
by the proposed cross-impact law. It would be relevant to examine which desirable properties
outlined in [TMB20] are satisfied by the presented models. This could help us understand how
to further improve the proposed cross-impact laws.
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CHAPTER V

Microfounding multivariate price dynamics
without order flows

Abstract

Rough volatility is a well-established statistical stylised fact of financial assets. This
property has lead to the design and analysis of various new rough stochastic volatility
models. However, most of these developments have been carried out in the mono-asset
case. In this work, we show that some specific multivariate rough volatility models arise
naturally from microstructural properties of the joint dynamics of asset prices. To do
so, we use Hawkes processes to build microscopic models that reproduce accurately
high frequency cross-asset interactions and investigate their long term scaling limits. We
emphasize the relevance of our approach by providing insights on the role of microscopic
features such as momentum and mean-reversion on the multidimensional price formation
process. We in particular recover classical properties of high-dimensional stock correlation
matrices.

From:

From microscopic price dynamics to multidimensional rough volatility models
M. Rosenbaum, M. Tomas

Introduction

A microstructural viewpoint on rough volatility

It is now widely accepted that volatility is rough (see [GJR18] and among others [DFZ19,
LMPRI8]): the log-volatility process is well-approximated by a fractional Brownian motion
with small Hurst parameter H = 0.1, which corresponds to Holder regularity of order H —e,
€ > 0. Furthermore, rough volatility models capture key features of the implied volatility surface
and its dynamics (see [BFG16, EEGR19, HMT2I)).

The macroscopic phenomenon of rough volatility is seemingly universal: it is observed
for a large class of financial assets and across time periods. This universality may stem from
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V. Microfounding multivariate price dynamics without order flows

fundamental properties such as market microstructure or no arbitrage. This raised interest
in building microscopic models for market dynamics which reproduce rough volatility at a
macroscopic scale. For us, the microscopic time scale is of the order of milliseconds, where
asset prices are jump processes, while the macroscopic scale is approximately of the order of
days, where asset prices appear essentially continuous.

Hawkes processes, first introduced in [Haw71a, Haw71b, HO74] to model earthquake aftershocks,
are nowadays very popular to model the high frequency dynamics of prices of financial assets
(see [BMM15] for an overview of applications). In particular, the papers [EEFRIS, JR15, JR16]
successfully establish a link between rough volatility and history dependent Hawkes-type point
processes which reproduce:

1. the no statistical arbitrage property: it is very hard to design strategies which are on
average profitable at the high frequency scale;

2. the long memory property of order flow due to the splitting of large orders (meta-orders)
into smaller orders;

3. the high degree of endogeneity of financial markets: the large majority of market activity
(including price moves, cancellations and market and limit orders) occurs in response to
previous market activity (as opposed to exogenous information such as news).

We refer to [EEFRI8, HBB13] for details about these three stylised facts. This Hawkes-based
microscopic framework can easily account for other features of markets: for example [JR18]
examines the issue of permanent market impact, [EEGRR20] studies how a bid/ask asymmetry
creates a negative price/volatility correlation, while the so-called Zumbach effect is considered
in [DJRI19].

Inspired by [EEFRI8, JRI15, JR16], the goal of this chapter is to use Hawkes processes to
find a micro-founded setting of multivariate rough volatility which:

1. enforces no statistical arbitrage between multiple assets;

2. is consistent with the long memory property of the order flow and the high degree of
endogeneity of financial markets;

3. explains stylised facts from the microscopic price formation process, with a focus on the
structure of high-dimensional stock correlation matrices.

This approach enables us to characterise the type of price dynamics arising from those
constraints. Readers interested in multivariate rough volatility may consult [CT19] for general
construction of a class of affine multivariate rough covariance models. Our goal is more modest
here: we are interested in finding macroscopic dynamics originating from microscopic insights,
not in a full mathematical analysis of the class of possible models for multivariate rough
volatility. Note also that in the concomitant work [JCLP19], the authors study weak solutions
of stochastic Volterra equations in a very comprehensive framework. Some of our technical
results can be derived from their general approach. In our setting, we rather provide simple
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and natural proofs inspired from [EEFRI8, JR15, JR16], allowing us to emphasize financial
interpretations of the results, which is the core of this work.

Modeling endogeneity of financial markets

We first introduce the asymptotic framework which models the high endogeneity of financial
markets in the mono-asset case (as in [BDHMI3, EEFRI18, JR15, JR16]) for clarity purposes
before moving to the multivariate setting of interest. At the high frequency scale, the price is a
piecewise constant process with upward and downward jumps captured by a bi-dimensional
counting process N = (N1+,N1_), with N1* counting the number of upward price moves and
N'~ the number of downward price moves. Assuming that all jumps are of the same size, the
microscopic price of the asset is the difference of the number of upward and downward jumps
(where the initial price is set to zero for simplicity) and therefore can be written

P;=N;"-N,".

Our assumption is that N is a Hawkes process with intensity A = (A, A1) such that
t t
A=t fo Pre+(t— AN + fo Pre1-(t— AN}~
¢ ¢
Al =pl- +f0 G114 (t—$)dN +f0 $r1-1-(t—s)dN}™,

where the y: Ry —€ [Ri is called the baseline and ¢: R, — 4> (Ry) is called the kernel, where
we write vectors and matrices in bold and 4, ;,,(X) (resp. 4, (X)) for the set of X-valued
nx m (resp. n x n) matrices. From a financial perspective, we can easily interpret the different
terms above:

* on the one hand, uj (resp. ) is an exogenous source of upward (resp. downward) price
moves;

* on the other hand, ¢ is an endogenous source of price moves. For example, ¢, -
increases the intensity of upward price jumps after a downward price jump, creating a
mean-reversion effect (while ¢ 14 creates a trending effect).

To further encode the long-memory property of the order flow, [EEFR18, JR15] consider heavy-
tailed kernels where, writing p(M) for the spectral radius of a matrix M, for some ¢ >0 and
a € (1/2,1) we have

p(f (/)(s)ds)t~ ct™®.
t —00

Such a model satisfies the stability property of Hawkes processes (see for example [JR15]) as
long as p(||(,b“1) <1 (writing |-|l; for the L norm). In fact, calibration of Hawkes processes
on financial data suggests that this stability condition is almost violated. To account for this
effect, the authors of [EEFRI18, JR15] model the market up to time T with a Hawkes process
NT of baseline u” and kernel ¢*. The microscopic price until time T is then

PPl = NTI* - NI,
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V. Microfounding multivariate price dynamics without order flows

In order to obtain macroscopic dynamics, the time horizon must be large, thus the sequence

T, tends towards infinity (from now on, we write T for T,). As T tends to infinity, (/)T almost

saturates the stability condition: lim p(||(/)T||1) = 1. A macroscopic limit then requires scaling
n—oo

the processes appropriately to obtain a non-trivial limit. Details on the proper rescaling of the
processes are given in the introduction.

Multivariate setting

Having described the asymptotic setting in the mono-asset case, we now model m dif-
ferent assets. The associated counting process is now a 2m-dimensional process NT =
(NDIF NTI= N2+ NT™7) and its intensity satisfies

t
Af:uTt+f0 ot-s)TdNT.

The counting process N includes the upward and downward price jumps of m different assets
and the microscopic price of Asset i, where 1 <i < m, is simply

T,i _ 7T+ T,i—
pli= NI NTI

This allows us to capture correlations between assets since, focusing for example on Asset 1,
we have

t t
T,1 T,1 ) ,
AT = ++f0 ¢>1T+,2+(t—s)st”++f0 Pl (E=S)AN* 4o

Therefore ¢7, ,, increases the intensity of upward jumps on Asset 1 after an upward jump of
Asset 2 while ¢]_,, increases the intensity of downward jumps, etc.

We now need to adapt the nearly-unstable setting to the multidimensional case. Thus
we have to find how to saturate the stability condition and to translate the long memory
property of the order flow.

In [EEFRI8], ¢ (1) is taken diagonalisable (in a basis independent of T and ) with a maximum
eigenvalue ¢7(#) such that Th—I»I;o ”cf T||1 = 1. However this structure leads to the same volatility
for all assets and thus cannot be a satisfying solution for realistic market dynamics. We take
here a sequence of trigonalisable (in a basis O independent of T and t) kernels ¢’ (£) with
n¢ >0 eigenvalues almost saturating the stability condition. Thus the Hawkes kernel is taken
of the form (using block matrix notation in force throughout the chapter)

AT o )0_1
BT cT(p ’

ol(n= o(

where AT: Ry — My (R), BT: Ry — Mom—n,n,R) and CT: Ry — Moy, (R). Note that we
will see that in the limit, macroscopic volatilities and prices are independent of the chosen
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basis. We assume that the stability condition is saturated at the speed T~% where a € (1/2,1) is
again related to the tail of the matrix kernel (see below). The saturation condition translates to

T—o0

o0
T“(I—f A") — K,
0
where K is an invertible matrix.

We now need to encode the long memory property of the order flow. We can expect
orders to be sent jointly on different assets (this can be due, for example, to portfolio rebal-
ancing, risk management or optimal trading) and split under different time scales depending
on idiosyncratic components (such as daily traded volume or volatility). Empirically the
approximation that despite idiosyncrasies a common time scale for order splitting exists is
partially justified: for example [BMEBI17] shows that market impact, which is directly related
to the order flow, is well-approximated by a single time scale for many stocks. Finally, this
property is encoded by imposing a heavy-tail condition for A:= lim AT with the previous

T—o0
exponent a:

o0
ax“[ A(s)ds — M,
x X—00

with M an invertible matrix.

Main results and organization of the chapter

In the framework described above, we show that the macroscopic limit of prices is a mul-
tivariate version of the rough Heston model introduced in [EEGRR20, EEGR19], where the
volatility process is a solution of a multivariate rough stochastic Volterra equation. Thus we
derive a natural multivariate setting for rough volatility using nearly-unstable Hawkes processes.

More precisely, define the rescaled processes (see [JR15] for details), for ¢ € [0, 1]:
1

T._ T
Xt T T2a N[T (1)
T 1 tT
V=g | Asds 2)
1
T._ T Ty _ T
zl =T -y =My (3)
1
T _ T,1+ T,1— T,m+ T,m—
P, _TZa(NtT ~Nyp o Nyp =Ny ). (4)

We refer to PT as the (rescaled) microscopic price process. Under some additional technical and
no statistical arbitrage assumptions, there exists an 7, dimensional process V, matrices 0! €
My (R),0% € M. (R), Ao € M (R), Ay € My (R), Ay € M, pn (R),00 € R" and a Brownian
motion B such that

+ Any macroscopic limit point P of the sequence P satisfies
t
P, = (1+A)*Qf diag(y/Vy)dB,
0
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V. Microfounding multivariate price dynamics without order flows

where Q:=(ej—e2 || e2m—1 — €21n), Writing tQ for the transpose of Q, (e;)1<j<2m for
the canonical basis of R?” and A = (Aij)isi jsm € Mm(R) is defined in Section 2 while
V is defined below.

e OV = (Vl,...’vnc) and @2V = (Vnc+1,...,vn)_
e V has Holder regularity a —1/2 —¢ for any € > 0.
e For any ¢ in [0,1], V satisfies

t t t
Vt=f (t—s)“_l(Ho—AoVs)der/ (t—5)*" 1A diag( ®1V3)dws+f (t—5)*"' Apdiag(\/©2Vy)d Z,
0 0 0

where W := (B1,---,B"), Z:= (B"*!,... B") and we write /X for the component-wise
square root of vectors of non-negative entries.

Thus the volatility process V is driven by V, which represents volatility factors, of which there
are as many as there are critical directions.

We can use this result to provide microstructural foundations for some empirical proper-
ties of correlation matrices. Informally, considering that our assets have similar self-exciting
features in their microscopic dynamics, we show that any macroscopic limit point P of the
sequence P! satisfies P

r
P, = Zf diag(\/vs)dWS,
0

where W is a Brownian motion, V satisfies a stochastic Volterra equation and X has one very
large eigenvalue followed by smaller eigenvalues that we can interpret as due to the presence
of sectors and a bulk of eigenvalues much smaller than the others. This is typical of actual
stock correlation matrices (see for example [LCBP99] for an empirical study).

The chapter is organised as follows. Section 1 rigorously introduces the technical frame-
work sketched in the introduction. We present and discuss the main results in Section 2 which
are then applied in examples developed in Section 3. Proofs and technical results are available
in an appendix.

1 Assumptions

Before presenting the main results, we make precise the framework sketched out in the in-
troduction. Different examples of Hawkes processes satisfying our assumptions are given in
Section 3.

Consider a sequence of measurable functions </)T: Ry — Mom([R,) and ,uT: R, — Ri’", where
the pair (u”,¢7) will be used to model the market dynamics until time T via a Hawkes process

NT of baseline u! and kernel ¢!. Each kernel ¢ is stable (p( ||¢T||1) <1).

144
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Assumption 1. There exists O an invertible matrix such that each ¢T can be written as

AT 0) _
¢T:o(BT CT)Ol,

where AT: R, — My, ([R), BT: R, — Mom-n.n. (R, cl:r, — Mom-n,[R). Furthermore, the
sequence 7 converges towards ¢p: Ry — Mom(Ry) as T tends to infinity and, writing A, B, C for

the limits of AT,BT,C" as T tends to infinity, p(J;° C) < 1.

Additionally, there exists a € (1/2,1), K, M invertible matrices and p: [0,1] — R, such that

reu-atly, - K (5)

ax®| A®ds — M (6)
x X—00

Tl_aHZT Tjoo 1333 (7)

where KM~ has strictly positive eigenvalues.

Realistic market dynamics require enforcing no statistical arbitrage conditions on the kernels,
as in the spirit of [JR15]. To determine which conditions need to be satisfied to prevent such
arbitrage, we write the intensity of the counting process AT using the compensator process
MP:= NI AT and yT =¥ 12, (@7)*F (see for example Proposition 2.1 in [JR15]). We have

t t
AZ:HHf wT(t—s),usTds+/ wT(t-s)dMm!. (8)
0 0

Thus, the expected intensities of upward and downward price jumps of Asset i are

. . ¢ - : ,
Al =plit e Y [Owl.TJﬁj_(t—s)usT’] ds+ Y f()WiT+,j+(l‘—3)ﬂsT’]+ds

1<j<2m 1=j<2m

. . r . t )
[E[]LtT”‘]:p[T”‘+ Z [Owl-T_,j_(t—s)psT’] ds+ Z fowl-T_’jJr(t—s)psT’”ds.

1<js2m 1=j<2m
The above leads us to the following assumption.
Assumption 2. Foranyl<i,j<m:
/A WiT+,j+ + 1//1.T+,j_ = 1//1.T_,j+ + %T_'j_ (no pair-trading arbitrage)

2 Tlim (fooowiT+ I vl j+) < oo (suitable asymptotic behaviour of the intensities)
oo : :

Under the above conditions and if pT’” = ,LtT'i_ for all 1 =i <m, then [E[)LtT’H] = [E[)l[T’i_] and
there are on average as many upward than downward jumps, which we interpret as a no
statistical arbitrage property.
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V. Microfounding multivariate price dynamics without order flows

Define, for any 1<, j < m,

T ._ T T

O = Vs~V is )
1 T T

A= Im Yy, g, 1—||wj_,l-+ L (10)

We can make the following remark.
Remark 1. Note that for any 1 < k < m, defining vy := ey, — ex— and using (1) of Assumption 2,
we have
t.T t. T
Yove= Y (exs —eg-)
= (WI€+,1+ _wz—,1+)el+ + (%{u- _1//]{_,1_)@1— Tt (1/’51+,1+ _wgq—,n)em—
T T T T T T
= (wk+,1+ _wk—,1+)el+ - (wk+,1+ _wk—,1+)el— toot W1 Vi 14)€m-
T T T T
= Wii1r Vi1 I T A Wy ~ Ve ) Um
:6,311}1 +---+6,€nvm.

A sufficient condition for the no pair-trading arbitrage Equation (1) of Assumption 2 to hold is that,
Joralll<i<sm,
tor tor

d'vi= Y (P vi-vpv,

l<jsm
since then we have, for any 1 <k <m,

T T T T _ T T T T

> Why o Vi e Wi Wi e = Y W~V e =Wy ~Vi e

I<sism I<ism
In our applications in Section 3 we will use this condition as it is easier to check assumptions on ¢
than on .

2 Main results

We are now in the position to rigorously state the main results of this chapter. We use the
processes X1, YT and ZT defined in the introduction (see Equations (1), (2) (3)) and write

On 012)
021 Ox)’

S NG
Oll 012

o l=
=1 =1
021 022

. o=

We set
[e.o] (o0]
e!:= (011+012(1—f C)_lf B)K!
0 0

[e.0] (o.0]
0% := (021+022(1—f C)_lf B)K™!
0 0

o" o
R (-n |
0 0},
A= ¢ -1
I'l-a)
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2. Main results

We have the following theorem.

Theorem 1. The sequence (XT,YT,ZT) is C-tight for the Skorokhod topology. Furthermore, for
every limit point (X,Y,Z) of the sequence, there exists a positive process V and an 2m-dimensional
Brownian motion B such that

1 X, = [y Vsds, Z; = [ diag(v/V5)dBs.

2. There exists V a process of Hilder regularity a —1/2—¢ for any € > 0 such that ©'V =
(V1. V7)), @2V = (V"%*L ... V2™ and V is solution of the following stochastic Volterra
equation:

_ 1 t -
Vie[0,1],Vi=——A | (t—% 1Oy - Vyds

T'@ Jo
t
+ﬁ/\f (t- 9?10\ Vdiag(y/©' V) d W, 1)
0
1

t
-1 (1) 3 ~ 2
+ mA/(; (t—S)a 012 dlag( G‘)ZVS)dWS ,
where W' := (B!, ,B"), W2:= (B"*L,... B2m), @', @2, 0\|", 0\,",00 do not depend
on the chosen basis.

Finally, any limit point P of the rescaled price processes PT satisfies

t t
Pr=(I+ A)*Q(/ diag(v/Vs)dBg +f psds),
0 0
where A is defined in Equation (10).

Theorem 1 links multivariate nearly unstable Hawkes processes and multivariate rough volatility.
We note that:

 The resulting stochastic Volterra equation has non-trivial solutions, as the examples in
Section 3 will show.

e From a financial perspective, Theorem 1 shows that the limiting volatility process for
a given asset is a sum of different factors. The matrix A mixes them and is therefore
responsible for correlations between asset prices. Remarks and comments on I+ A are
developed in Section 3.

* The theorem implies that adding/removing an asset to/from a market has an impact on
the individual volatility of other assets. We can estimate the magnitude of such volatility
modifications by calibrating Hawkes processes on price changes.

* Since there is a one to one correspondence between the Hurst exponent H and the long
memory parameter of the order flow a, our model yields the same roughness for all
assets. Extensions to allow for different exponents to coexist, for example by introducing
an asset-dependent scaling through D = (a1,---,a;,) and studying T_D)LITT,

intricate. In particular, one needs to use a special function extending the Mittag-Leffler

matrix function such that its Laplace transform is of the form (I + AP,

are more
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V. Microfounding multivariate price dynamics without order flows

3 Applications

In this section, we give examples of processes obtained through Theorem 1 under different
assumptions on the microscopic parameters. The first example highlights the flexibility of
our framework and shows that the obtained limit in Theorem 1 is non-trivial. We then
study the influence of microscopic parameters on the limiting price and volatility processes
when modeling two assets. Finally, we model many different assets to reproduce realistic
high-dimensional correlation matrices.

3.1 An example of non-trivial volatility process obtained through Theorem 1

Before presenting some truly relevant results for finance, we develop an example demonstrating
that the solutions to the Volterra equations of the form of Equation (11) are non-trivial. The
structure of our Volterra equations is close to those studied in [AJLP19], which proves existence
and uniqueness of affine Volterra equations. In particular, this paper covers Volterra equations
of the following type, for a € (1/2,1):

t t
Xt:Xo+f (t—s)“_lb(Xs)ds+f (t— 9% o(Xs)dB;,
0 0

where b: R—R" and 0: R — .4,(R) are continuous functions. A key condition required for
existence and uniqueness is sublinear growth condition on b and o, that is

b2V lo(X)ll2 = ¢+ lxll2), (12)

for some constant ¢ > 0 where ||-||5 is the usual Euclidian norm for vectors and matrices. Thus,
this setting covers equations of the type

t t
X = Xo +f (t—s)“_lb(Xs)derf (t— )% 'diag(v/X;)dBs,
0 0

which are a particular case of Theorem 1. However, note that Condition 12 fails when
o (x) = Zdiag(y/x) for some non-diagonal matrix X. Interestingly, this setting is covered in our
approach as illustrated by the following corollary.

Corollary 1. We can find a microscopic process satisfying the assumptions of Theorem 1 such that V
is a non-negative process which satisfies, for any t in [0,7],

t t
Vt:f (t—s)“_l(H—GVs)ds+f (t— )% '=diag(/V)dBs,
0 0

where 0 is a 4-dimensional vector, G,X are 4 x 4 non-diagonal matrices and B is a 4-dimensional
Brownian motion.

Thus, our framework yields non-trivial solutions and leads to interesting new examples of
processes. We now focus on building realistic models to discuss the correspondence between the
microscopic parameters of the Hawkes kernel and macroscopic quantities such as correlations
and volatility.

148



3. Applications

3.2 Influence of microscopic properties on the price dynamics of two
correlated assets

Our first model to understand the price formation process focuses on two assets. Let u!, u? > 0,
a€ (1/2,1),y1,y2 in [0,1], Hj,, H,, H},, H, in [0, 1] ! such that (here /- is the principal square
root, so that if x <0, v/x = iy/=x):

0= (Hy,+ Hj,)(H;, + Hyy) < 1

0<I1— (1 +72) —/(Hf, — HE) (HS, — HE) + (11— y2)2 < 1

0<|1-(y1+72)+ \/(Hfz ~ HY)(HS, — HE) + (1 - 22 < 1.

We now have to choose a kernel which satisfies the different assumptions of Section 1 to model
the interactions between our two assets. Theorem 1 states that the only relevant parameters
for the macroscopic price are K and M. For simplicity we choose the kernel such that M = al.
This leads us to define, for =0,

@1 () =A-y)al—T Yzt~ @V Oy = aT " H Upny ¢~ @V
(PzT(t) — Yla(l _ Tﬁa)‘ﬂtzl t*(a+1) (pZTia(t) — OlTiaHgal‘ﬂtzl t*(a+1)
Al =0 -y)a(—T N0t~ @+ L () = aT ™ Hiylysy =@+
¢3 (0 =y2a(1— Tz 7@ D1 () = alT “HY sy @D,

For a realistic model, we impose the exogenous source of upward and downward price moves
to be equal: u'* = u'~ and p?* = u?~. Thus, the sequence of baselines and kernels are chosen
as

u! Tty
T = a1 ,U; T = ‘PTZTC ¢T1Ta }%u (P}T%C
A R A
H o Pt b2 O

Applying theorem 1 yields the following result.
Corollary 2. Consider any limit point P of PT. Under the above assumptions, it satisfies

_ V2 ( 2y  Hj - Hz“l) f [V Vs dWs (13)
4yvy2 — (Hy, — H{y) (Hy, — Hg,) \Hyp — HY n LY VZdW? ,

Py

with

)
ds
: [v:

1 1
o [V Viazt ”

N p— t
TRV, e — ,
F(a)F(l—(x)fo (=9 [veaz:

IThe superscripts c (resp. @) stand for continuation (resp. alternation) to describe that after a price move in
a given direction, H® (resp. H%) encodes the tendency to trigger other price moves in the same (resp. opposite
g P y g8 P p- opp
direction will follow.

(V[l):;ft(t_s)a—l((,ul)_ 1 ( 1 HE, + HY,
V2] T T(@r(1-a)Jo p?)  1-(HS,+ HS)(HS, + HY) \Hf, + HY, 1
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V. Microfounding multivariate price dynamics without order flows

where W and Z are bi-dimensional independent Brownian motions. This model helps us
understand how microscopic parameters drive the price formation process to generate a
macroscopic price and volatility. We begin our remarks with some definitions.

We call momentum the trend (i.e., the imbalance between the number of upward and downward
jumps) created by jumps of one asset on itself . The opposite effect is referred to as mean-
reversion. For example, the parameter y; controls the intensity of self-induced bid-ask bounce
on Asset 1: when ¥, close to zero corresponds to a strong momentum while y; close to one
corresponds to a strong mean-reversion.

We call cross-asset momentum the trend created by jumps of one asset on another. For
example, cross-asset momentum from Asset 2 to Asset 1 (resp. Asset 1 to Asset 2) appears via
Hj3, — H| (resp. Hy, — H{,): when both Hj, — H}| and Hy, — H{, are nill, the prices of Asset 1
and Asset 2 are uncorrelated. We now turn to comments on the volatility process.

Because of its role in the single-asset case, we refer to V as the fundamental variance:
for example V! is the fundamental variance of Asset 1. The equation satisfied by V only
depends on the sum of the feedback effects between each asset through Hy, + H{,: from a
volatility viewpoint, upward and downward jumps have the same impact. Furthermore, we can
compute the expected fundamental variance using Mittag-Leffler functions (see Section V.A).

Mean-reversion drives down volatility while cross-asset momentum increases it. Indeed,
computing [E[(P})z] for example we get:
4y2 [ EIVNds + (HE, — HS)(HS, — HE) [y EIVZds

(4y1y2 — (Hy, — H,) (Hy, - Hzal)]2

E[(P})*] =2

In particular, increasing y1 or y2 does not change V but reduces E[(P})?]. This example may
be particularly relevant to understand the contribution of Asset 2 to the volatility of Asset 1
through calibration to market data since if Asset 2 were removed from the market, we would

1
have [E[(P%)z] = v Focusing now on the price formation process, we see that it results from
1

a combination of momentum, mean-reversion and cross-asset momentum. We illustrate this in
two extreme cases: when there is no cross-asset momentum and when cross-asset momentum
is strong.

* When there is no cross-asset momentum (i.e. Hy, = H{, and Hj, = Hj)) at the micro-
scopic scale a price move on Asset 2 has the same impact on the intensity of upward
and downward price moves of Asset 1. Thus the difference between the expected number
of upward and downward jumps does not change after a price move on Asset 2: the
expected microscopic price of Asset 1 is unaffected and price moves of Asset 2 generate
no trend on Asset 1. This results in macroscopic prices being uncorrelated (see Equation

(13)).
¢ On the other hand, when cross-asset momentum is strong (i.e. (chz — Hf’z)(HZC1 - H;l) =~

4y1Y2, for example if Hy,— H{, = 2y1v1—¢, H{,— H{, =2y>V'1 —¢ for some small € > 0),
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3. Applications

at the microscopic scale, a price move on Asset 2 significantly increases the probability
of a future price move of Asset 1 in the same direction (and vice-versa). In this context

Avl=—2t ( 2o 1_6).
2y172€ \r1vV1—e Y1

we have

E[P} P?]

Using Equation (13) we can check that — 1 and prices evolve in

E[(PYH2IE[(P2)?] ©°
unison.

This example underlines that in our approach (thanks to our no-arbitrage constraint) micro-
scopic features transfer to macroscopic properties in an intuitive way.

3.3 Reproducing realistic correlation matrices of large number of assets using
microscopic properties

It is well-known that the correlation matrix of stocks has few large eigenvalues outside of a
"bulk” of eigenvalues attributable to noise (see for example [LCBP99]). The largest eigenvalue
is referred to as the market mode (because the associated eigenvector places a roughly equal
weight on each asset) and is much larger than other eigenvalues. Other significant eigenvalues
can be related to the presence of sectors: groups of companies with similar characteristics.

How can we provide microstructural foundations for this stylised fact? The large eigen-
value associated to the market mode implies that, in a first approximation, stock prices move
together: a price increase on one asset is likely followed by a price increase on all other assets.
Translating this in our framework, an upward (resp. downward) jump on a given asset increases
the probability of an upward (resp. downward) jump on all other assets. We further expect
that an upward price move on an asset increases this probability much more on an asset from
the same sector than on an unrelated one.

The above remarks lead us to consider a model where:

 All stocks share some fundamental high-frequency properties by having similar self-

excitement parameters in the kernel.

* Stocks have a stronger influence on price changes of stocks within the same sector.

» Within the same sector, all stocks have the same microscopic parameters.
The technical details of our setting are presented in Appendix V.C.3 and we only provide here
essential elements to understand the framework. Let /,tl,..., 1™ >0 be the baselines of each
asset. Using the same notations as before, take y in [0,1], a in (1/2,1) and H, H* > 0. We

consider R > 0 different sectors, Sector r having m, stocks. For a pair of stocks which we dub
1,2 to make an analogy with the previous example, we have that:

 The self excitement parameters are equal: y; = y2 =7y where ¥ is the same for all stocks.
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V. Microfounding multivariate price dynamics without order flows

* If Stock 1 and Stock 2 do not belong to the same sector, Hj, = Hf, = H°, H}, = H{, = H*
where H¢, H? are the same for all stocks.

o If Stock 1 and Stock 2 belong to the same sector r, Hy, = Hf, = H°+ Hf, Hj} = H{, =
H®+ H{ where Hy, HY are the same for all stocks belonging to sector r.

The asymptotic framework is built as in the previous example, with the details given in the
proof of Corollary 3 in Appendix V.C.3. We write i, := mo+m;+---+m,_; for 1 <r <R (with
convention mg = 1) so that stocks from sector r are indexed between i, and i,;; excluded and
define the following vectors
1
w:=——=(e;+---+ey)

vm
1

wy = e;

V 1y irSi;irH
0:= Z uiei.

l<ism

We consider an asymptotic framework where the number of assets will eventually grow

to infinity. As will become clear in the proof, the only non-trivial regime appears when

H, H% Hf,H* = ©(m™1). Thus we assume that mH, mH®* mHf,mH? converge to
o0

m—
H H* Hf,H" as m tends to infinity. We also assume that the proportion of stocks in
a given sector relative to the total number of stocks does not vanish: for each 1 <r <R,

s > 0. Define the following constants which will appear in the price and volatility
—00

processes: A" := HC+ H* A} := HS + HS, A~ := H°— H? A; := H° — H®. Applying Theorem 1
yields the following result.

Corollary 3. Consider any limit point P of PT. Under the above assumptions, it satisfies:
t
P, =V23, f diag(v/V)d W,
0

where W is a Brownian motion, =, := Ryl - A" v'v—Y 1o, <pmiA; v v + )71 with € a de-

terministic m x m matrix such that p(e) o= oim™) and V satisfies the stochastic Volterra
—00

equation

/3

$[t(t—s)“_ld' WVdZ
- Jo HEtV e

o f a—1
a)fo(t—s) @ %Vs)ds+r(a)r

Vi=——
T(a)T(1-

. . Lo -1
with Z a Brownian motion independent from W and Ve := (I— A" vViv—Y crcrmiA v oy + €)
where € is a deterministic m x m matrix such that p(e) = o(m™).

m—oo
Under the previous corollary, writing o for equality up to a multiplicative constant, the
expected fundamental variance can be written using the cumulative Mittag-Leffler function

E[V,] x F®"(1)6.
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3. Applications

Since p(e) = o(m™h), we neglect it in further comments and use the approximation 7; = %.
m—o00

Writing ¢ for the largest eigenvalue of 7 and neglecting other eigenvalues (which is reasonable
if A" +Y1<,<rnsAf = 1) and z for the associated eigenvector, using the definition of the
Mittag-Leffler function (see Definition 4 in Appendix V.B.2), we have

E[V,] x F*(1)("02)z.
In the further approximation that 7,A; is independent r, we have zox (1,-++,1) and

E[P; P/l x Zdiag(E[V;]) 2,
x Z.diag(2)'z,
x T 2 o T2

Therefore the eigenvectors of E[P,TP,] are those of .. As p(e) = o(m™1), we neglect it in
—00

further comments and use the approximation X, = X9. When A~ + Y 1<,<rn;A; =2y, Zp has
one large eigenvalue followed by R —1 smaller eigenvalues and much smaller eigenvalues. This
is consistent with stylised facts of high-dimensional stock correlation matrices and we have
thus built a microscopic model to explain the macroscopic structure of correlation matrices.

The conditions A~ + Y 1<,<pNrA; =1 and A" + Y 1<,<pNr A} = 1 correspond to the parameters
being close to the point where all directions are critical: when A™+3Y 1.,<gn;A; = 2y or
A~ + Y 1<r<rNMrA; = 1, the spectral radius of [;°C is equal to one and we cannot split the
kernel into a critical and a non-critical component.

It would be interesting to study other implications of this model. In particular, we be-
lieve that encoding a negative price/volatility correlation into the microscopic parameters
could explain the so-called index leverage effect (see [RABI]] for a definition and empirical
analysis of this stylised fact).
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V. Microfounding multivariate price dynamics without order flows

V.A Proof of Theorem 1

We split the proof into four steps. Our approach is inspired by [EEFRI18, JR15, JR16]. First, we
show that the sequence (X T'yT 77y is C-tight. Second, we use tightness and representation
theorems to find equations satisfied by any limit point (X,Y,2) of (X T'yT zT). Third,
properties of the Mittag-Leffler function enable us to prove Equation (11). Fourth and finally,
we derive the equation satisfied by any limit point P of PT.

Preliminary lemmas

We start with lemmas that will be useful in the proofs. Lemma A.l from [EEFRI8] yields

tT

L r _:“rTT | R T 1 T T
—_—  — v (tT—9s)u; ds+—Ta v (tT—-s)dM; . (15)
0

ﬁ T~ Ta T Jo

1 1
Thus to investigate the limit of —ATT we need to study —wT(T-), which we will do
T® T®

through its Laplace transform. Given a L!(R,) function f, we write its Laplace transform
f) = Jo° f(x)e"**dx, for t =0 (and similarly for matrix-valued functions F = (F;;) where
each Fjj € L} (R1)). Remark that f’ﬁc = f k, where *k is the convolution product iterated k
times. The following lemma holds.

Lemma 1. We have the following convergence for any t = 0:

ri-a , -l
[ - tM+K] 0

—a T (T _
Tyim = 0 ri-w
a

—00

o, (16)

-1
(I—f§°C)—1f0°°B[ t“M+K] 0

where K and M are defined in Equation (5) and (6).
Proof. Define ¢ := 07'¢7 0. Then

1pT(t) — Z ('b‘T,*k' — O([_@T)—l(i)To—l.
k=1
We can use the shape of ¢ and matrix block inversion to rewrite this expression. Doing so,
we find

(=0 (- AT() AT 0 O
I-CTeN BTy - AT () ' AT () - -CT(e) 'BT(r) (U-CT (1)~ 'CT(»)

To derive the limiting process, we use Equations (5) and (6). Using integration by parts and a
Tauberian theorem as in [EEFRI18, JR16], we have
o a ra-
f AT ATy = oYy o-a
0 T a

—00

o0
I—f AT = KT %+0o(T™9.
0

T—o0
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V.A. Proof of Theorem 1

Therefore
“ o0 R o0
T(I—AT(r/T)):T(f AT—AT(t/T))+T(I—f AT
0 0
(-
- [ A= apsy k| 7170 4 o(71-9),
T—o0 a
Consequently
. r(-
T 'ra-ATw/T)y = ( a)t“M+K+0(1).
T—oo a

By Assumption 1 M is invertible and KM~ has strictly positive eigenvalues. Thus Mt + K =
(KM~! + tI)M is invertible for any = 0. The Laplace transform of T_a‘(//T(T~) being
T1=%@ T (-/T), we have proved for any ¢ =0,

-1
"M+ K

[F(l—a)

0

[F(l—a)
a

T2y T (T) (D) =0 oL

—00

-1
I-[°O ;B t“M+K] 0

O]

We show in the technical appendix that the inverse Laplace transform of A(t*I+ A)_l, where
A € M, (R) has positive eigenvalues, is a simple extension of the Mittag-Leffler density function
to matrices (see Definition 4 in the appendix) denoted by f @A Thus we define for any £ €[0,1]

a
a,———KM™!
-1¢ T(1-a)
f:=0 K=f a olo, (17)
a, KM
I-fo ! foBklf T1-a) 0

The following lemma shows the weak convergence of w! towards f.

Lemma 2. For any bounded measurable function g and 1<i,j<n

guT "yl (Tx)dx — f g(x) fij(x)dx.

(0,1] T=coJio,1)

Proof. First note that when ||flJ ||1 =0 (which implies f;; =0), using Equation (16) with =0
we have

— |fiil =0,

1 T—oo

1- T
|| 1 au]ij

which implies, since 1 —a =0,
— 0.

1 T—oo

T
”Wij

Therefore, as 1//3} =0, for any bounded measurable function g

)f g(x)T‘“wlTj(Tx)dx| < cf
(0,1] [

. Tl (Txydx<c H Ti-oyl

)
1
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V. Microfounding multivariate price dynamics without order flows

and the result holds. Assume now that | f;; ||1 > 0. It will be convenient for us to proceed with
random variables, so define

- T
T~y (T
1- T
” S

We can view p as the density of a random variable taking values in [0,1], say S. Lemma 1
gives the convergence of the characteristic functions of S towards

bir i
Tl

. . . T - . ) . . T
Since p;; is continuous (as v; ;s continuous), Levy’s continuity theorem guarantees that p; i

T ._
Pij=

converges weakly towards p;j. Therefore for any bounded measurable function g

f gx)pl (x)dx —»f g)pij(x)dx
J T—o0 J[0,1]

T “yl ;(Tx)
[ dx — g(x) fl]()
01]

“T1 ayT ” T=o0 Ji0,1] ||fz]||1

Equation (16) implies ” T %y Vi ” Il fi ||1, so that together with the above we have

lToo

f g(x)T‘“wlTj(Tx)dx —»/ g fij(x)dx.
[0,1] T—o0 J0,1]

We introduce the cumulative functions
¢
FT :f T % (Ts)ds
0
t
F(t):f fs)ds.
0

We have just shown in particular that F r converges pointwise towards F and therefore, by
Dini’s theorem, converges uniformly towards F.

V.A.1 Step L: C-tightness of (X7, YT, 27)
Recall the definition of the rescaled processes:

1

T._ T
X[ = e Niy
T 1 tT
Yt 2:m A ds

1
zl=1*x] - YT)_ —M/;.
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V.A. Proof of Theorem 1

As in [EEFRI18] and [JRI16] we show that the limiting processes of X and YT are the same and
that the limiting process of Z7 is the quadratic variation of the limiting process of XT. We
have the following proposition:

Proposition 1 (C-tightness of (XT,Y T, ZT)). The sequence (XT,YT,ZT) is C-tight and if (X, Z)
is a possible limit point of(XT,ZT), then Z is a continuous martingale with [Z, 7] = diag(X).
Furthermore, we have the convergence in probability

yI-xT||, & o
sup [V =X, =

Proof- The proof is esentially the same as in [EEFRI8], adapting for our structure of Hawkes
processes. We have

t t
)Lth,uf+f 1//T(t—s),uSTds+f wT(t—s)dMsT,
0 0
and therefore
T
[E[NTT]:[E[f Alds)
0

T T pt
:f ptTdt+f [ yl(t-s)pldsdt<cT* |||,
0 o Jo

where we used the convergence of Tl_“ug (see Equation (7)) together with the weak conver-

gence of T~y (T") (see Lemma 2). It follows then that
EX{1=EY]=¢,

and since the processes are increasing, X and Y7 are tight. As the maximum jump size
of XT and Y7 tends to 0, we have the C-tightness of (XT yT). Since N7 is the quadratic
variation of MT, (MT%)2 — N7 is an I? martingale starting at 0 and Doob’s inequality yields

Elsup (X, =Y,") <4 3 EX ="
l<isn t€[0,1] 1<i=n
S4T—4(X Z E[(M;’l)z]
l<isn

<474 Y E[N,]

1<i<n
<cT7%9,

Using the same approach as in [EEFRI18] we conclude that Z is a continuous martingale and
[Z,Z] is the limit of [ZT, ZT].
O
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V. Microfounding multivariate price dynamics without order flows

V.A.2 Step 2: Rewriting of limit points of (X7, Y7, Z7T)

By Proposition 1, for any limit point (X,Y) of (X r YT), we have X =Y almost surely. We
1

use YT to derive an equation for Y = X. As Y7 = T2a OITYLSTdS, we first study Al Using

Equation (15) we get

t ¢ tpru t
f A?ds:f ,usTds+f f wT(s—u)ugduds+f wT(t—s)MsTds
0 0 0 Jo 0
t t s t
=f usTds+f wT(t—s)f ,uLTLduds+f wT(t—s)MSTds.
0 0 0 0

A change variables of leads to

tT tT tT s ¢T
)LsTds:f ,uSTds+f wT(tT—s)/ ,ugduds+ wT(tT—s)MsTds
0 0 0 0 0

tT

t sT t
=| wulds+ Tf wT(tT—sT)f ul{duds+f y (T -sT)ML, Tds
0 0 0 0
t t sT t
= Tf plds+ Tf wT(T(t—s))f plduds+ Tf vl (T(t- )Ml ds.
0 0 0 0
Therefore
t t sT t
T?20y [l = T/ plds+ Tf wT(T(t—s))[ ulduds+ Tf v (T(t-s)MLds  (18)
0 0 0 0
= T2 vy, (19)

with obvious notations. Thus, to obtain our limit we use the convergence properties of F’
which we derived previously. We have the following proposition.

Proposition 2. Consider (X, Z) a limit point of (XT,Z7T). Then,
t t
X[:f F(t—s),usds+f F(t—s)dZ;.
0 0

Proof- Let (X, Y, Z) be a limit point of xT vT, ZT). First, since Tl_“,utTT T—» Uy (see Equation
—00

), YtT’1 converges to 0 as T tends to infinity. Moving on to Y "2, by integration by parts we
have

t sT
Y[Tz:fo Tl_“wT(T(t—s))T_“fO ulduds
t

t
) +f0 Fl(t—s)T"" " ;1 ds

sT
FT(t-s) T‘“fo ul,du

t
=f0 Flt—syr'~u” ,ds.
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V.A. Proof of Theorem 1

Using Equation (7) again together with the uniform convergence of F! (see Lemma 2) we have
the convergence

t
YIT’2 — fF(t—s)psds.
T—o0 Jo

Finally, YtT’3 can be written as

t t
y? = Tl—z"‘f wT(T(t—s))MSTTds=f F'(t-s)dz]
O O

t t t
:f F(t—s)dZs+f F(t—s)(dZsT—dZs)+f (FI(t—s)-F(t—s)dz!.
0 0 0

The Skorokhod representation theorem applied to (Z T 7 yields the existence of copies in
law (ZT,2), ZT converging almost surely to 7. We proceed with (ZT,7) and keep previous
notations. The stochastic Fubini theorem [Verl2] gives, almost surely

t t
f F(t—s)(dZST—dZs):f f&OZL -7, ods.
0 0

From the dominated convergence theorem we obtain the almost sure convergence

—00

t
ff(s)(ZtT_s—Z;_s)ds — 0.
0 T

Furthermore, since zT 771 = diag(XT) we have
2
> E

l<is<n

t t .
(fo (FT(t—s)—F(t—s))dZsT) < Yy 0(Fl.Tj(t—s)—Fij(t—s))le_“[E[/lsT’T]]ds.

1<i,j<n

1

Using Equation (15) together with Lemma 1 we can bound [E[AST'Tj ] independently of T and
2
> E

l<is<n

t
<c Y O(FiT]-(t—s)—Fij(t—s))zds.

1<i,j<n

t
U (FT(t—s)—F(t- s))dZST)
0

L
The right hand side converges to 0 by the dominated convergence theorem together with the

uniform convergence of F! towards F (see Lemma 2). From Proposition 1 we know that Y = X
almost surely. Putting everything together, almost surely,

t t
Xt:f F(t—s)psds+f F(t—s)dZ;.
0 0

This is valid for any limit point (X, Z) of (X T’ zT), which concludes the proof. O

The previous proposition gives suitable martingale properties of limit points of Z T to apply
the martingale representation theorem, which is the topic of the following proposition.
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V. Microfounding multivariate price dynamics without order flows

Proposition 3. Let (X, Z) be a limit point of(XT,ZT). There exists, up to an extension of the
original probability space, an n-dimensional Brownian motion B and a non-negative process V such
that

t
Xt:f Vsds
0

t
Z; = f diag(y/Vy)d B
0

t t
Vt:f f(t—S)ust+f f(t—s)diag(y/Vy)dB;.
0 0

Proof. This proof relies on the martingale representation theorem applied to Z. Consider
(X,Z) a limit point of xT,zT. Following the proof of Theorem 3.2 in [JR16], X can be
written as the integral of a process V

t
Xl’ :f Vst,
0

with V satisfying the equation

t ¢
Vt:f f(t—s)usds+f ft—s)dZs.
0 0

Therefore, as [Z, Z]; = diag(X;) = diag( fot Vsds) and Z is a continuous martingale, by the
martingale representation theorem (see for example Theorem 3.9 from [RY13]), there exists
(up to an enlargement of the probability space) a multivariate Brownian motion B and a
predictable square integrable process H such that

t
Zt:f HSdBS.
0

Furthermore, note that as V is a non-negative process as X is a non-decreasing process and

t
Z; = f diag(v/Vy)diag(y/Vy) "' Hyd Bs.
0

A simple computation shows that, since [Z,Z]; = fot HYHids = X, = fot Vsds, the process
B, := fot diag(\/vs)_lest is a Brownian motion. Finally,

we have

¢ t
Vt=f f(t—s),Ltst+f f(t - s)diag(v/Vy)dBs.
0 0
U

A straightforward application of Lemma 4.4 and Lemma 4.5 in [JR16] yields the following

lemma.

Lemma 3. Consider a (weak) non-negative solution V of the stochastic Volterra equation

t t
Vi= | fie-ouds [ - sdiagty/Vods,
0 0

where B is a Brownian motion. Then every component of V has pathwise Hilder regularity a—1/2—€
for any e > 0.
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V.A. Proof of Theorem 1

V.A.3 Step 3: proof of Equation (1)

Properties of the Mittag-Leffler function (as in [EEFR18]) enable us to rewrite the previous
stochastic differential equation using power-law kernels, which is the subject of the next
proposition. Let ©1:= (011 +012(I- [;° O~ [{°B)K ™Y, 02 := (021+0p2(I- [°C) L [°B)K ™!

and A= —© KM
Tl-a)

Proposition 4. Given an m-dimensional Brownian motion B, a non-negative process V is solution
of the following stochastic differential equation

t t
szf f(t—S)ﬂsd3+f ft=s)diag(v/Vs)dBy,
0 0

if and only if there exists a process V of Holder regularity a —1/2 —¢€ for any € > 0 such that
OV, = (V... , V) and O3>V, = (V"1 ... V2™ qpe non-negative processes and V is solution of
the following stochastic Volterra equation

Vt:r() [(t 91O ! + 0V - Vyds
r( ) f(t 9% tol] l)dlag(\/QIVs)dW1+—Af (t- 9104 Vdiag(\/©2V5)dW,

where W' := (BL,---, B") and W?:= (B"*! ... B2m),

Proof. We begin by showing the first implication. Starting from Proposition 3 we have

t t
V= fo fl— s)usds+f0 f(t—s)diag(y/Vs)dBs.
Developing from the definition of f in Equation (17), for any ¢ €[0,1], f can be written

D oD
Oll 012

(011 +012(I— PO °BK 2 1) 0
O(—l) O(—l)
21 22

fo= ((021 +O0n(I- PO [BK ¥ 1) 0

Defining V!:= (V!,.-., V") and V2:= (V"*L ... V2™) we have
t
f Fel (- s)OHl)uids+®1f M e-s90G  idds

+®ff“A(t )0\ Vdiag(\/ V. )dW1+®ff"‘A(t )0,V diag(y/ VAdWE.

If ® were non-singular, we could express V! with power-law kernels thanks to the same
approach as in [EEFRI18]. In general we define

f FEME— (00l + 05V k) ds

/f“A(t )0\ Vdiag(y/ VHdw} + ff“A(t )0,V diag(y/ VAdWE.
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V. Microfounding multivariate price dynamics without order flows

From the same arguments as in Lemma 3, Holder regularity of V carries to V, and the
components of V are of Holder regularity @ —1/2 —¢ for any € > 0, hence Lemma 3 shows
K := I'"%V is well-defined, where I'™® is the fractional integration operator of order 1 -«
(see Definition 1 in Appendix V.B.2). Note that for any ¢ in [0, 1], using Lemma 4 of Appendix
V.B.2, we have

Hy = [OtA(I— FOM -0V b + 05V udydss
+ fOtA(I N s))O(_Ddiag(\/VTl)dWSI + ft A(I - F®M (¢ - s))OEDdiag(\/VTz)dWSZ
= Afot( COul+ zl)ui)ds+f Aolldlag(f)dwl ftAo;”diag(\/zz)de
‘Afot FoMe-s)0( Vs + [O f”"A(s—u)Oi}l)diag(\/E)dW,}] ds
—Afo FOMe- 5050 12 + fsf""A(s— u)OEl)diag(\/VT%)dWl‘j‘] ds.
The last two terms can be rewritten using the definition of V, so that
Hy = f 0Pt +0L 2 - Vs)ds+AfOtOSDdiag(\/@TVs)dWsl +Af0tO;Ddiag(\/®TVs)dWS2.
Thanks to the Holder regularity of V, we can now apply the fractional differentiation operator

of order 1—a (see Definition 1 in Appendix V.B.2) together with the stochastic Fubini Theorem
to deduce

t:F(a) f(t 91OV ul + 0GPV 2 - Vods

1H(=1) 1 1 1) 2
+mAf (t- 9710V diag(y/© V) dW, +—Af (t— 9710,V diag(y/©2 V) dW2.

This concludes the proof of the first implication. We now show the second implication. Suppose
there exists V of Holder regularity @ —1/2—¢ for any € > 0 such that ®'V and ®?V are positive,
solution of the following stochastic Volterra equation:

t:I“() f(t 91O ul + 0GP 2 - Vods

a-1n~(=1) a— 1) 2
r() f(r 9*'o; dlag(\/®1VS)dW1+mAf (t— )20,V diag(y/©2 V) dW2.

Let us write for this proof 0 := AO( Dpl +AO 1)/,t2 Ay = AOL1 J A = AO ) so that, for any
tin [0,1],

Vi=ta )f (t=9)*Os~ AVy)ds
- 1 t _
_ _aa-1 . 1 1 el . ; ,
+F(a)fo (t—9)"" " Ardiag(y/ O Vi)d Wy +F(a)fo (t—5)*" ' Apdiag(\/ @2 Vy)dW¢.
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V.A. Proof of Theorem 1

Remark that the above can be written
Vi =190 - AV); + I, (A diag(V O V) + IF, (Azdiag(V ©2 V),

where 7 is the fractional integration operator with respect to B (see Definition 2 in Appendix
V.B.2). Iterating the application of I* we find that, for any N> 1, V satisfies

V=Y AFEnFEDe 99 4 19 (A diag(VOI ) + 1% (Apdiag(V @2 V)] + AN (- )N [N Ve,
1<sksN

Now, note that 6, diag(v/®!V), diag(vV©2V) and V are square-integrable processes and
Lemma 8 in Appendix V.B.2 shows that the sum converges almost surely to the series while
AN (=N [WN+Day converges almost surely to zero as N tends to infinity. Thus we have

V=Y A =Dk ke e + I3 (A diag(V O'V)) + I, (Apdiag(V ©21))]

k=0
= Y AFEDFR %0 + Y AR-DF T IS, (A diag(V O 7)) + I, (Ao diag(V ©2 V)]
k=0 k=0
=ATP Y AR DR [EDEg £ 3 AR DRI TS, (A diag (VO 1)) + IS, (Apdiag(V @2 V)]
k=0 k=0

Lemmas 5 and 7 shown in Appendix V.B.2 enable us to rewrite the above using the matrix
Mittag-Leffler function. This yields, for any ¢ in [0,1] and almost surely,

t t t
V= A_lf FEr (- s)OSds+A_1f FEM (- s) Ay diag(y/ O V) d W} +A‘1f FOM (= s)Aodiag(y/ ©2 V) dWE.
0 0 0
Replacing 8, A1, Ay by their expressions, almost surely and for any ¢ in [0, 1],
t
v, = fo FEM =905Vt + A0 iy ds
¢ ¢
+ f M- 90V diag(1/©' Vy)dBs* + f M- 90 diag(1/©2Vy)d B2
0 0
This concludes the second implication and the proof. O

V.A.4 Step 4: Equation satisfied by the limiting price process

The previous results on the convergence of the intensity process enable us to now turn to the
question of the limiting price dynamics. Recall that the sequence of rescaled price processes
PT is defined as

pl.=Tox"

where Q = (e1 —ex| - |eamo1— €2m). We have the following result.

Proposition 5. Let (X, Z) be a limit point of (XT,ZT) and P="QX. Then
t
P, =+ A)TQ(Z[+f psds).
0
where A = (f(foéiTj)lsi,jsm.
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V. Microfounding multivariate price dynamics without order flows

Proof. Let (X,Z) be a limit point from (xT, zTy. For any 1 <i < m we can compute the
difference between upward and downard jumps on Asset i

t
vi-NTt:vi~MtT+v,~-f Asds,
0

with the following expression for the integrated intensity:

0T ' [ pT(-9) IT poo
A sds = Tf plrds+ Tf f v (wduptds+ ||wT||1MfT—f f v (wdudM!.
0 0 o Jo o Jir—s

Thus the microscopic price for the Asset i satisfies
t t
_ _ _at T
T %y; N ,p=T! “fo vi~usTTds+ T!=“ HwT”lvi-fo p?sds+ vi-Zl + ||wTH1U,~-ZtT
o [T to7 T P T
-T v (Wi -prduds—T v (WdudM;
0 JT(t—s) 0 tT—s

00 [e°] t
=) (1]l~k+f slove-zl+ Y (1],-k+f 5,.Tk)T1‘“f V- plpds
0 1 0 0

1<k<m <ksm
t poo + t poo +

—ff wT(u)vidu-dZST—T‘“ff v (Wv; - prduds.
0 JitT-s 0 JT(t-s)

It is straightforward to show that the last two terms converge to zero and thus, any limit point
P of PT=TQXT is such that

t
P,=U+MQZ +f psds).
0

O

Replacing Z by the expression obtained in Proposition 3 concludes the proof of Theorem 1
since

t t
Pt=(1+A)*Q(fO diag(\/Vs)st+f0 psds).

V.B Technical results

V.B.1 Independence of Equation (11) from chosen basis

We consider two representations which satisfy Assumption 1. Let P, P be invertible matrices,
0<neny <nand AT € F(M,, (R), CT € F(Mp—pn,R), BT € F(My_p,n R) and AT €
F( My, R), CT € F( My, R), BT € F(Mn_p,n,R) such that

AT 0 o (AT 0) 4
(PTZP(BT CT)PIZP(B’ST CT)PI-

We write A for the limit of AT (and similarly for B rcrT, etc.). First, remark that we must
have n. = n,. Indeed, since p(fy°C) <1 and p(J5” C) <1, 1 is neither an eigenvalue of [;°C
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V.B. Technical results

nor of [;°C. Yet, since A=1 and A=1, 1is an eigenvalue of ¢ with multiplicity n. and n_.
Therefore n. =n.

We have, writing L=P~1P,

(5 o1l &

Since A= A =1 because of Equation (5), developing and using the assumption that I —C is
invertible, we get

Li2=0
(I-C)Lyy =BLy; — LB
CLy = Ly C.

Since LL™' =1, L1y = I, Lyp = I, Lpy = —L3”, we deduce

Lin=I, Lp=I 1L=0, (I-C)L»=B-B, C=C.
As L=P7 1P, we have

P—l 1 0) 51 _ ( ﬁ(—l) P(—l)

= ~ P 1 - 12 - -
-1 - (-1 (-1 - (=1 =D
(I-O7'B-B) I -0 B-BPV+PY (1-07'(B-B)PGY + B
Developing P = PL together with the above, we find

(-1 -1 (-1 -1 5 -
Pil ):Ph )’Pig )=P{2 ) P1y = P1y, Pay = Py

Py =Py +Pp(I-C)" ' (B-B)
Py = Py + Poy(I-C) " (B-B).

Thus

p(—1) _ p(-1) p=1) _ p(=1)

Pll _Pll ’P12 _P12

P11+ Pp(I-C) 'B=P;1 +P1,(I-C)"'B
Poy + Pypy(I-C) "B =Py, + Poo(I-C)"'B.

Therefore regardless of the chosen basis, Equation (11) is the same, which concludes the proof.

VB.2 Fractional operators

This section is a brief reminder on fractional operators which are used in proofs. We also
introduce the matrix extended Mittag-Leffler function.
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V. Microfounding multivariate price dynamics without order flows

Definition 1 (Fractional differentiation and integration operators). For a € (0,1), the fractional
differentiation (resp. integration) operator denoted by D* is defined as

DYf(1):=

T )dtf (t—98)"%f(s)ds,

where f is a measurable, Holder continuous function of order strictly greater than a. The fractional
integration operator denoted by I* is defined as

1 t
I%f (1) := mfo (t—9)% 1 f(s)ds.

where [ is a measurable function.
It will be convenient for us to define fractional integration with respect to a Brownian motion.

Definition 2 (Fractional integration operator with respect to a Brownian motion). Given a
Brownian motion B and a € (1/2,1), the fractional integration operator with respect to B, denoted
by I, is defined as

IIOE f(r $)17% f(5)dBs.

I'(a)

for f a measurable, square integrable stochastic process.

Remark 2. The fractional integration of a matrix-valued stochastic process f with respect to a
multivariate Brownian motion B is:

I8f(1) = f(r $)! "% f(s)dBs.

I'(a)

We now extend the Mittag-Leffler function to matrices (for a theory of matrix-valued functions,
see for example [Hig08]). We have the following definition.

Definition 3 (Matrix-extended Mittag-Leffler function). Let a, § € C such that Re(a),Re(B) >0,
A€ MpR). Then the matrix Mittag-Leffler function is defined as

An
Eqp(A) = ’;0 Tanip’

We also extend the Mittag-Leffler density function for matrices.

Definition 4 (Mittag-Leffler density for matrices). Let a € C such that Re(a) >0, A € 4, (R).
Then, the matrix Mittag-Leffler density function f®" is defined as

FOME) = At Eg o (- A 1Y)

We write F¥™ for the cumulative matrix Mittag-Leffler density function
t
F@A (1) = f feN(s)ds
0

166



V.B. Technical results

Using Definition 3, it is easy to show the following lemma.

Lemma 4. Let a € C such that Re(a) >0, A € 4,,(R). Then,
Il—afa,/\ — A(I _ F(X,A).

Furthermore, if a € (1/2,1)
foh(z) = Az* +A) L.

We need another important property relating Mittag-Leffler functions with fractional integra-
tion operators.

Lemma 5. Let >0 and A€ My, (R). Then

Ilflx,A — Z (_1)n—1AnIna(1)

n=1

Proof. Using Lemma 4 and repeated applications of I%, for all N =1 we have

Ifﬂi,A — Z (_Dn—lAnlna(l) + (_1)N—1ANINCICI](‘&,A.
1=nsN

Therefore, if we show that
(_l)N—IANINaIfa,A - 0,

N—oo

the result will follow. To prove this we make use of the series expansion of I'V* f*! to deduce
bounds which will converge to zero. Writing C a constant independent of ¢ and N which may

change from line to line, Ny = [—] and ||-||Op for the operator norm, we have
a

(n+1)a-1

N raA N PNAAS B A O
AN f (t)Hop_HA r;o( 1 I'(n+a)

op
l.(n+1)a—1
+ AN+1C

=

AN+1 _1 n
05£Na( )F((n+1)a)

op

Therefore, when applying the fractional integration operator of order Na we have, writing
. (n+a-1
gn t—t

AN+ [Na ) 8n . AN+ Na o
(0521\/“( : F((n+1)a)) (€)

Z 1

S —_—
o<izn, [+ D)

op

”AN+IINa(gn)”0p " ||AN+1INa(C) Hop'

An explicit computation of IV%(g,) shows the convergence to zero of the right hand side as N
tends to infinity, which concludes the proof. O

Finally, we need to combine fractional integration I* with I;. We have the following lemma.
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V. Microfounding multivariate price dynamics without order flows

Lemma 6. Let m =1, B an m-dimensional Brownian motion, X a m x m matrix valued adapted
square-integrable stochastic process and a, > 0. Then we have:

rrx=n"’

5P,

Proof. The proof is a straightforward application of the definition of the operators together
with the stochastic Fubini theorem. O

The next lemma is useful to transform stochastic convolutions of stochastic processes with the
Mittag-Leffler density function into series of repeated applications of Ij.

Lemma 7. Let m =1, B an m-dimensional Brownian motion, X a m x m matrix valued adapted
and square-integrable stochastic process, a« >0 and A € My, (R). Then, for all t =0 and almost
surely

t
f FOME- 9 XedBe= Y (D" IAT (X,
0

n=1

where the series converges almost surely.

Proof. Using Lemma 5, we can write the integral using a series of fractional integration
operators and apply the stochastic Fubini theorem (as X is square-integrable) to obtain

t t
fo fPME=9)XedBs= | Y (D" A" (1) - Xsd Bs

n=1

t
=Y | D"AMTNA), X dBg

n=1J0
t
= X 0 [, X,
n=1 0
(_l)n—l

t —s
- —A”ff (t—s—1)"""2dr X,dBs.
= (na-1) o Jo

After a change of variables and using the stochastic Fubini theorem (see for example [Verl2]),
we deduce the simpler expression

t A (_1)}1—1
f fOMt-$)X;dBs= )
0

t T
—A”f (r—r)”“‘zf X,dBdr.
e (na—1) 0 0

Integrating by parts, we finally obtain the result:

t (_1)}1—1 t B
OA (- §) X dB;g = A”f —7)"lx dB,,
fof (£=3) ,g‘ll"(na—l)(na—l) , G
_1\n-1 t
_y & A"f (t—1)"*"' X, dB;,
n=1 T(na) 0
= Zl(—l)"_lA"Ig“(X).
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The last lemma gives convergence for terms of a series of repeated iterations of I¢.

Lemma 8. Leta >0, A€ M, (R), B an m-dimensional Brownian motion and X a m-dimensional
vector valued square-integrable stochastic process. Then, almost surely and for all t € [0,1]

(_I)N_IANINa(X)[ N 0

N—oo

Y -n" IA”I"“(dlag(X))t - 0
n=N

1
Proof- Let N* > N := L—J. Since X is square-integrable, we have

>

Using the Cauchy-Schwartz inequality and writing ||-||Op for the operator norm associated to
the Euclidian norm, we find

ANI(N“)“(dlag(X))tH E Bl (AN 18D diag (X)) ) (AN 18D (diag (X)) 1.
N>N, N Nz >N,

f| = L av (diag(x), | ] < IAINNe Y BV xRy, e
N>N. N, N >N, 1<k,l<m

1 t ]
= ||A||N1+N2 [ (t— s)(N1+N2)a—2[E[(Xl)2]dS
Nl,z%w* TN+ D) (N2 + Da) lsém 0 s

Ni+N.
ANy

=

o, DNy + 1)a)r((Nz +a)

ALY, 2
oy MM e
N TN + D)
Thus by comparison of functions (for example by application of Stirling’s formula), for all € > 0,
2
(” y ANI(N+1)a(dlag(X))tH >e< _2 [EH| ANI(BN+1)a(diag(X))t“ ] < oo,
N>N N>N, N.=N,

The Borel-Cantelli lemma yields the almost sure convergence to zero of AN IENH)“(diag(X)) as
N — oo. The same approach yields the almost sure convergence to zero of (—=1)N-1AN[Na(x)
as N — oo. O

V.C Proof of Corollaries

V.C1 Proof of Corollary 1

Take ,ul,uz >0, x€e(1/2,1),x€[0,1], Hfl,Hgl,Hlbz,Hs € [0,1] such that (here /* is the princi-
pal square root, so that if x <0, v/x =iy/=x):

0< (HE, + HS) (HY + HS)) < 1
0 =lx -/ (HE, - Hi) (HY, - H3)) 1< 1

O=[x+ \/(Hlbz — H}y)(Hy, - Hj)) I< 1.
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V. Microfounding multivariate price dynamics without order flows

Define now the following functions, for ¢ = 0, which will appear in the structure of the kernel:

O (1) = a +x/2) s @D 2T (1) = aT " HY Uy @D
G (1) = a +x/2) 15 @Y oy (1) =aT " Hy 1ysy =@+
AT = ak —x T~y @D 2T (1) = aT Y HY Uy 7@
AT = ak —x T~ H1ynq @D 3T () = aT " H,lys @Y.

The sequence of baselines and kernels are chosen as:

! of ol -AT 9" gyt
Y L S e S A A

ﬂz by by ¢ - A

! 1

The above sequence naturally satisfies the different assumptions outlined in Section 1. Indeed,
using the following change of basis

1 0 1 0
1 0 -1 0
O_0100’
01 0 -1

we have, with notations from Section 1,

Pr+d2—2 ¢$¢3)
PL+¢y  pr+da—1

B=(p1—2)1
C:( A ¢§’j¢>§)
¢r-¢; A
M=al
_ K H§1+H231)
~\HE, + HE, K '

Furthermore, we can check that the assumptions of Section 1 are satisfied if

0<Hy Hip<1

0=l =/ (H, — Hiy) (B, — H3) 1< 1

0<|x+ \/(Hlbz— HS)(HE - HS) < 1.

Under those conditions, we can apply Theorem 1 and compute the relevant quantities which
appear in the limiting stochastic differential equation of volatility. We note for convenience

(ch 3{’}) = (I—foooc)_lfoooB.
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V.C. Proof of Corollaries

Then, straightforward linear algebra yields

011+012(1—f0°°c)_1f0003=(i§ _yy)
(011+012(1—f0°°c)_1f()003)o§;” :%(}fi }J_ri)
(ou+012(I—f0wc)_1f0w3)o§2” :%(_yy _yy),

so that, using the notations of Theorem 1 for the Brownian motion B, W' and W?, we have
oo -1 o t 1 + ldBl ZdBZ
(o0 + Olz(l—f c) f B)og;“f diag(\/©! V;)aw; = f (1+0ly V
0 0 0 (1-x)(y/V}dBi+/V2dB?)
© N1\ ) y(\/V3dB3+./V}tadB})
(on +012(1—f c) f B0}, diag(\/©27;)aw? = f .
0 0 ~y(\/ VP dB} +/V}dBj)

Therefore, writing
1 (1+x 1+x y y)
21 == y
2\1-x 1-x -y -y

we have the following equation for the fundamental variance of Asset 1

1 1yl
rai-al(a) (V) f(t_ 91 (1+x y)(,ul)_(1+x y)K_1(1+x y) (VSZ)]ds
1-x —y/\u2 1-x -y l1-x -y Vi

+f (t— %13 diag(/Vy)dBs.
0

By symmetry, we can find the analogue to the above on the second asset. Using the following

notations
I+x 1+x y y I+x y
B a 1fl-x 1-x -y -y . a 1-x -~y
Tl-al(@2]| =z z 1+w l+wl| "TU-a)l(a)|1+w 2z |
-z -z l1l-w 1-w 1-w -z
-1
(1+x y)K_1(1+x y) 0
B a l1-x -y l1-x -y
T(I-a)l (@) z 1+w\ ., (z l+w\ "
0 K
-z l1-w -z l1-w

where we have written for convenience

(x y):: I AN ( 1 —(fo‘"’ebé;o—fs’%é))_
2 W] [RA SR A= (Pl - [ oD U ol - R \SUgT e = S5 ) JooA
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V. Microfounding multivariate price dynamics without order flows

Therefore V satisfies the following stochastic Volterra equation
rMi-ar t
1-a)l'(a) v, :f (t— 5!
a 0

This concludes the proof of Corollary 1.

t
D (Zl) - GVS] ds+f (t - $)* ' =diag(y/Vs)dB;.
2 0

V.C.2 Proof of Corollary 2

We split the proof into two steps. First, we show that the structure of the kernel satisfies the
assumptions of Section 1. Then we compute the equations satisfied by variance and prices.

Checking for the assumptions of Theorem 1

We write
1 0 1 0
1 0 -1 0
O;:= 0 0y := 1 O3 := 0 Oy := 1
0 1 0 -1
Then, setting O := (01 | 05| O3 | 04), we have
T, T,
¢>blT +¢7 ¢>1~2€ + ¢~>12“ 0 0
T_o|Pnten  ¢i+es 0 U
(,b - T T T,c T,a .
0 0 ‘Pbl — P, ‘/)1~2 - ‘/312
0 0 ‘/’21 - ‘/’51 ‘PlT - ‘»sz

It is straightforward to check that the assumptions are satisfied if

0 < (Hy, + Hi,) (Hs;, + H3y) <1

0=11- (1 +y2) —\/ (HE, — HE)(HS, — HE) + (1 - y2)2 < 1

01— (1 +y2) +\/(HE, — HE)(HS, — HE) + (1 —y2)2 < 1.

1
Under those conditions K = I — H has positive eigenvalues and therefore KM™ = =K has
a

positive eigenvalues. Therefore all the assumptions of Theorem 1 are satisfied.

Limiting variance process

Since we can apply Theorem 1, we now compute the relevant quantities. As B =0, writing
H'?:= H, + H{, and H*' := Hf, + H§,, we have

2 21
1 1 0 0
1 1
ST LUN I S o ( 1 le)
211 -1 0 O 1- Hyp,Ho; \Ho1 1
0o 0 1 -1
1 1 1 Hp 2 1 Hy 1
O =——7""""" O = —mm .
1-HpH,; \1 Hip 1-HppHy \H21 1

172



V.C. Proof of Corollaries

One can check that the equations satisfied by 'V and ©*V are, where B is a Brownian

motion,
- a t 21 [ Vi
oot oo ) (4
Crara-ml Y W) )]
a t a1 Jo1 21 oo [(dB+dB?

27 a ! _aa-1|(H2) Vsz)]
®Vt_r(a)r(1—a)fo(t 9 [(Hz (‘72 as

N
«a ! ~ —(dB3 +dB?
+t————— | -9\ VE+H, Vl( ; S).
T(@)I(1-a) f (=9 s TS \dBY + dB?
Note that the above implies that V1* = V1~ and V?* = V2. This property is due to the the
symmetric structure of the baselines and kernels. Therefore, the joint dynamics can be fully

captured by considering the joint dynamics of (V!*, V2*). Thus, writing V! := V!* = V1~ and
V2:=V?" = V2", we have

I'l-a) / a1y f 1

M) ———V/ = | (t-9 ~Vhds+ | \/V}(dB!+dB?
I'(l-a) - N

F(a)— Vf:fo (t—s) 1(p2—V§)ds+f0 \/ V2(dB3 + dBy).

We can write the above without V as

1 1 t Vl dBll dBIZ
I'(a )ma @) (V) f(r $)* 1((Z1) K~ (VSZ))ds+f (r—s)”“l(v s (dBs "+ dB )).
s 0

2 \/ V2(dB?' + dB??)

Limiting price process

Turning now to the price process, it remains to compute A (see Equation (10)) using the
definition. We have

k
Ml 05 = Z*||</>||103

—Ok;[ 63+(foooc)’fze4]
=ZI(J; Omos+(] oo

=[(1—f0 C)_l—l]1103+[(1—[0 €)' - 111,04,

which, by definition of A, yields

Ay = [(I_fooc)_l—f]uz 2z -
0 4y1y2 — (Hy, — HY,) (Hy, — H3})
* -1

A= [(I—fo C) —1],=

Hzcl B Hzal
4y1Y2 — (Hf, - Hy) (Hg, — H)’
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V. Microfounding multivariate price dynamics without order flows

Therefore,

A 1 (2y2 HgI—HgI)_I
4yvy2 — (HY, — H{Y) (Hy, — Hg) \Hf, — H 2n

Finally, any limit point P of the sequence of microscopic price processes satisfies the following

equation
V}dB;
P L (572, M) 10 ) [ vias?
P =
Tyiya— (Hy, - Hy) (g, —Hg) \H—Hfy 2n Jlo 0 1 =1)Jy | 2
VZdB}

1 2y, H, —Hgl)ff(\/vsl(dB} —dBf)).
0

~ dyvy2 - (H, — Hiy) (Hj, — H)) (HICZ — Hi n \/ V2(dB3-dB}

This concludes the proof of Corollary 2.

V.C.3 Proof of Corollary 3

We define the interaction kernel between Asset i and Asset j, for 1 < i, j < m, define

_ _ 1-vy Y o
al—T“ﬂ>t(“+”( ifi=j,
( Mi=1 y 1-7) J
H¢ H“
H® HJ
H°+HS H®+H?
H*+ H! H°+Hf

‘/’iTj(t) =1 aT %Nt @FD ( if Asset i and Asset j belong to the same sector,

aT %@t ( ) otherwise.

Finally, the complete Hawkes baseline and kernel structure is

Hl T T T

p! A A
() () ..

I-I/T — T{X—l ' , (pT — 21 22 - 2m
o : . :

o E PP T

As in the previous example, the proof is split into three steps. First, we show that the structure
of the kernel satisfies the assumptions required to apply Theorem 1. Then, we compute the
equation satisfied by the variance and finally the limiting price process.

Checking assumptions of Theorem 1

We can examine the structure of the kernel as in the two-asset example. Define the following
basis:
0. = eri+tey ifl<si<sm,
T eni—en; fm+l<i<2m.
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V.C. Proof of Corollaries

Using the notations of Section 1, straightforward computations allow us to write
AT 0 AT 0
T _ -1_ -1
¢ —O(BT CT)O —O(O CT)O ,

where we can compute AT and CT. Checking the assumptions is done as in the two-asset case,
though the conditions have changed here due to the new structure of the kernel. For example,
since

(o]
1imf ¢ Omsi=(1-2)0psi+(H —=HY Y. Omej+ Y. Y (Hi—H")Opyj,
0

T—oo 1<jFi=m 1<jZism1<r=R
we have, writing J:= eife;+---+ep'ey and forany 1<r <R, J,:= e,-,Tel-, +~~+e,~r+mfe,-,+mr,
o0
f C=Q1-2nI+H-HY]+ Y (Hf—HMJ,.
0 1<r=<R

Therefore, as the eigenvalues of [;° C can be made explicit, if

A"+ ) AfI<2y,

1<r<R

then p(fg°CT) <1 and p(f3°C) < 1. Similarly, we can easily check that a necessary condition
for p(fy° AT) <1 for T large enough is

my—1 1
L (HS+H%|< .

H°+ H%+
| Z m-—1 m-—1

1<r<R

Since we are interested in the limit where the number of assets grows to infinity, we also impose

A"+ Z nA; | <2y

1<r=<R

AT+ ) A<

1<r<R

Combined, we have verified all the assumptions on the structure of the kernel. We thus move
to assumptions on K and A := KM~!. As in the two-asset example, we have here M = al.
Since K=1—-(H*+ H)J] - Y 1<,<p(Hf + HY) ], the eigenvalues of K (and therefore those of
A) are all strictly positive. Thus we have checked all necessary conditions to apply Theorem 1.
We can thus state the equation satisfied by the variance process.

Limiting variance process

As in the previous example, we have Vi* = Vi~ Thus, we write the underlying variance of
asset i V' and use the (slight) abuse of notation and define V := (VL V2,.... V™). Then V
satisfies

_ a ! _aa-lig_ p—1 av?2 ft a1
Vt_—l“(a)l"(l—a)fo(t ) [0-K VS]dS+—F((X)F(1—a) O(t s) dlag(\/vs)ng,
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V. Microfounding multivariate price dynamics without order flows

where B is a Brownian motion. We can rewrite K~! as

-1
K—lz(l—(HC+H“)]— Y (Hf+HDI|

1<r<R

-1
:(I—(HC+H“)(m—1)wTw— Z (Hf+Hf)(mr—1)erwr—e ,

1<r=<R

with the small term €

e:=(H +HYJ-(m-Dw'w)+ Y (H +HYU, - (my - Dw, w,).

1<r=R

1
It is easy to check that p(e) = o(—), which concludes our study of the variance process.
"o ' m

We now turn to the equation satisfied by the limiting price process.

Limiting price process

Using the same approach as in the two-asset case, computing A boils down to computing
(I- [y°C)7!. Using the expression for [;° C derived previously, we have

1 H-H° H¢ - HE

I-o'=—U-—j- ) ———Lj .
2y 2y 1sr<R  2Y

Therefore, repeating the same approach we used for K~! yields

I-o'=eyi-2rw'w- Y A wSw -7,

1<r=<R

1
with p(€) = o(—). Thus, we have the expression of A
m

A=yl-Aww- Y n A ww-e -1

1<r<R

Plugging this into Theorem 1, we have the equation satisfied by macroscopic prices, which
concludes the proof of Corollary 3.

176



CHAPTER VIA

Deep learning volatility

Abstract

We present a neural network based calibration method that performs the calibration
task within a few milliseconds for the full implied volatility surface. The framework
is consistently applicable throughout a range of volatility models—including the rough
volatility family—and a range of derivative contracts. The aim of neural networks in
this work is an off-line approximation of complex pricing functions, which are difficult to
represent or time-consuming to evaluate by other means. We highlight how this perspective
opens new horizons for quantitative modelling: The calibration bottleneck posed by a slow
pricing of derivative contracts is lifted. This brings several numerical pricers and model
families (such as rough volatility models) within the scope of applicability in industry
practice. The form in which information from available data is extracted and stored
influences network performance. This approach is inspired by representing the implied
volatility and option prices as a collection of pixels. In a number of applications we
demonstrate the prowess of this modelling approach regarding accuracy, speed, robustness
and generality and also its potentials towards model recognition.

From:

Deep learning volatility: a deep neural network perspective on pricing and calibration in
(rough) volatility models

B. Horvath, A. Muguruza, M. Tomas

Introduction

Approximation methods for option prices came in all shapes and forms in the past decades
and they have been extensively studied in the literature and well-understood by risk managers.
Clearly, the applicability of any given option pricing method (Fourier pricing, PDE methods,
asymptotic methods, Monte Carlo, ... etc.) depends on the regularity properties of the particu-
lar stochastic model at hand. Therefore, tractability of stochastic models has been one of the
most decisive qualities in determining their popularity. In fact it is often a more important
quality than the modelling accuracy itself: It was the (almost instantaneous) SABR asymptotic
formula that helped SABR become the benchmark model in fixed income desks, and similarly
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VIA. Deep learning volatility

the convenience of Fourier pricing is largely responsible for the popularity of the Heston
model, despite the well-known hiccups of these models. Needless to say that it is the very same
reason (the concise Black Scholes formula) that still makes the Black-Scholes model attractive
for calculations even after many generations of more realistic and more accurate stochastic
market models have been developed. On the other end of the spectrum are rough volatility
models, for which (despite a plethora of modelling advantages, see [BFG16, EERI18, GJR18]
to name a few) the necessity to rely on relatively slow Monte Carlo based pricing methods
creates a major bottleneck in calibration, which has proven to be a main limiting factor with
respect to industrial applications. This dichotomy can become a headache in situations when
we have to weigh up the objectives of accurate pricing vs. fast calibration against one another
in the choice of our pricing model. In this work we explore the possibilities provided by
the availability of an algorithm that -for a choice of model parameters- directly outputs the
corresponding vanilla option prices (as the Black-Scholes formula does) for a large range of
maturities and strikes of a given model.

In fact, the idea of mapping model parameters to shapes of the implied volatility surface directly
is not new. The stochastic volatility inspired SSVI, eSSVI surfaces (see [Gat04, GJ14, HM17])
do just that: A given set of parameters is translated directly to different shapes of (arbitrage-
free) implied volatility surfaces, bypassing the step of specifying any stochastic dynamics for
the underlying asset. For stochastic models that admit asymptotic expansions, such direct
mappings from model parameters to (approximations of) the implied volatility surface in
certain asymptotic regimes can be obtained (one example is the famous SABR formula). Such
asymptotic formulae are typically limited to certain asymptotic regimes along the surface by
their very nature. Complementary to asymptotic expansions we explore here a direct (ap-
proximative) mapping from different parameter combinations of stochastic models to different
shapes of implied volatility surface for intermediate regimes. Its appeal is that it combines the
advantages of direct parametric volatility surfaces (of the SSVI family) with the possibility to
link volatility surfaces to the stochastic dynamics of the underlying asset.

In this chapter we apply deep neural networks (merely) as powerful high-dimensional func-
tional approximators to approximate the multidimensional pricing functionals from model
parameters to option prices. The advantage of doing so via deep neural networks over
standard (fixed-basis) functional approximations is that deep neural networks are agnostic to
the approximation basis [GBC16]. This makes them robustly applicable to several stochastic
models consistently. Our objective in doing so is to move the (often time-consuming) numerical
approximation of the pricing functional into an off-line preprocessing step. This preprocessing
amounts to storing the approximative direct pricing functional in form of the network weights
after a supervised training procedure. Using available numerical approximations of option
prices as ground truth (in a stochastic model of our choice), we train a neural network to learn
an accurate approximation of the pricing functional. After training, the network outputs—for
any choice of model parameters-the corresponding implied volatilities within milliseconds
for a large range of maturities and strikes along the whole surface. Furthermore, we show
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that this procedure generalises well for unseen parameter combinations: the accuracy of price
approximation of our neural network pricing functional on out-of-sample data is within the
same range as the accuracy of the original numerical approximation used for training. The
accuracy of this direct pricing map is demonstrated in our numerical experiments.

One of the striking advantages of this approach is that it speeds up the (on-line) calibration
Rough Volatility models to the realm of just a few milliseconds. There have been several recent
contributions on neural network calibrations of stochastic models [BHM*19, BGTW19, Herl6,
Konl8, DSMRSI18]. Clearly, much depends on the finesse of the particular network design
with respect to the performance of these networks. One contribution of this chapter is to
achieve a fast and accurate calibration of the rough Bergomi model of [BFG16] with a general
forward variance curve (approximated by piecewise constant function). To demonstrate this,
we first perform calibration experiments on simulated data and show calibration accuracy
in controlled experiments. To demonstrate the speed and prowess of the approach we then
calibrate the rough Bergomi model to historical data and display the evolution of parameters
on a dataset consisting of 10 years of SPX data. Another advantage of our modelling choice is
that by its very design it can be applied to portfolios including multiple strikes and maturities
at the same time which is the first step towards their application as hedging instruments. See
for example Buehler et al. [BGTW19] for a motivation.

The chapter is organised as follows: In Section 1 we present a neural network perspec-
tive on model calibration and recall stochastic models that are considered in later sections.
Section 2 reviews different possible setup and motivates our own approach. In Section 4 we
present numerical experiments of price approximations of vanilla and some exotic options,
calibration to synthetic data and to historical data. We conclude with further potential appli-
cations and outlook to future work.

Numerical experiments and codes are provided on GitHub: NN-StochVol-Calibrations, where

an accessible code demo of our results can be downloaded. We also created a library of
stochastic models where this approach is demonstrated to work well.
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1 A neural network perspective on model calibration

In plain words, any calibration procedure is meant to fix the model parameters such that
the model is as close as possible to the observed reality. In a financial context, our model
represents the underlying (stocks, indices, volatility, etc.) and we are interested in calibrating
the model to available market prices of financial contracts based on this underlying.

Let us first formalise this by setting the notation 4 := 4 (0)gee which represents an abstract
model with parameters 6 in the set ® c R”, for some n € N. Thus the model .# () (stochas-
tic or parametric) and the corresponding prices of financial contracts are fully specified by
the choice of the parameter combination 6 € ©. Furthermore, we introduce a pricing map
P:.4(0,0) = R™, where { : (C(R) — R"), m €N denote the financial products we aim to price,
such as vanilla options for (a set of) given maturities and strikes. Let us denote the observed
market data corresponding to the contracts by PMKT (Y e R™ meN.

Parameter Calibration: The parameter configuration  solves an (ideal) §-calibration problem
for a model .# (©) for the conditions 2MKT () if

0 = argmin&(P(4 (0),0), 2T () )
6O

where 6(-,-) is a suitable choice of metric for the financial contract ¢ at hand.

For most financial models however (1) represents an idealised form of the calibration problem as
in practice there rarely exists an analytical formula for the option price P(.#(6),() and for the
vast majority of financial models it needs to be computed by some numerical approximation
scheme.

Approximate Parameter Calibration We say that the parameter configuration 6 € © solves
an approximate 6 -calibration problem for the model .# (®) for the conditions PMKT ¢y if

0 = argmin&(P(4 (0),0),2MKT () (2)
6O

where 8(-,-) is a suitably chosen metric and P is a numerical approximation of the pricing
map P.

In the remainder of this chapter it is this second type of calibration problem that we will be
concerned with: In our numerical experiments (Section 4) we consider the numerical approx-
imation P of the pricing map P as the benchmark (available truth) for generating synthetic
training samples in the training a neural network to approximate pricing maps. Clearly, the
better the original numerical approximations, the better the network approximation will be. In
a separate work we will illuminate this perspective with a Bayesian analysis of the calibration
procedure.
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1. A neural network perspective on model calibration

11 A brief reminder of some (rough) models considered

We would like to emphasize that our methodology can in principle be applied to any (classical
or rough) volatility model. From the classical Black Scholes or Heston models to the rough
Bergomi model of [BFG16], also to large class of rough volatility models (see Horvath, Jacquier
and Muguruza [HJM17] for a general setup). In fact the methodology is not limited to stochastic
models, also parametric models of implied volatility could be used for generating training
samples of abstract models, but we have not pursued this direction further.

The Rough Bergomi model

In the abstract model framework, the rough Bergomi model is represented by ./ "Ber§omi(@rBergomiy
with parameters 8 = ({o, v, p, H) € @' Bergomi (yp 4 given filtered probability space (Q, %, (%) t=0,P)
the model corresponds to the following system

1
dXt:—Etht'i' vV thWtr for t>0, X()ZO,
‘ (3)
|7 :fo(r)g(\/sz[ (t-712%47|, fort>0, Voy=1y>0
0

where H € (0,1) denotes the Hurst parameter, v >0, &(-) the stochastic exponential [DD70],
and ¢o(-) > 0 denotes the initial forward variance curve (see [Berl, Section 6]), and W and Z
are correlated standard Brownian motions with correlation parameter p € [-1,1]. To fit the
model parameters into our abstract model framework ©"B¢78° — R" for some n € N, the
initial forward variance curve {o(-) > 0 is approximated by a piecewise constant function in
our numerical experiments in Sections 3.1.1 and 3.2.1. We refer the reader to Horvath, Jacquier
and Muguruza [HJM17] for one general setting of rough volatility models and their numerical
simulation.

The Heston model
The Heston model is described by the system

dst:\/ VtStth for >0, S():S()

4
thZCl(b—Vt)dt+ vy thZt for t>0, Vo=1p ( )

with W and Z Brownian motions with correlation parameter p € [-1,1], a,b,v > 0 and
2ab > v?. In our framework it is denoted by A Heston 9y with 6 = (a, b, v, p)E efeston —
The Heston model was considered by [BHM*19, DRF18] in different neural network contexts.

The Bergomi model
In the general n-factor Bergomi model, the volatility is expressed as

t

V,zfo(t)é"(mz exp(—xi(t—s)dWs")) for t>0, Vy=uv9>0, %)

i=1

where 71,...,1, >0 and (W1L,...,W") is an n-dimensional correlated Brownian motion, &(-)
the stochastic exponential [DD70], and ¢o(-) > 0 denotes the initial forward variance curve, see
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[Berlb, Section 6] for details. In this work we consider the Bergomi model for 7 =1,2 in Section
4. Henceforth, .4/1FBer8omi(g, B n, p) represents the 1 Factor Bergomi model, corresponding
to the following dynamics:

1
dXt:—Etht"r\/ Vlth for t>0, X():O
¢ (6)
Vi=&0(DE (n[ exp(—p(t—s)dZs| for t>0, Vy=vy>0,
0

where v >0, and W and Z are correlated standard Brownian motions with correlation parame-
ter p € [-1,1]. To fit the model parameters into our abstract model framework @!FBergomi — pn
for some n €N, the initial forward variance curve ¢y(-) >0 is approximated in our numerical
experiments by a piecewise constant function in Sections 3.11, and 3.2.1.

The SABR model
The stochastic alpha beta rho model of Hagan et al. [HKLWO02, HLW15] is denoted in our
setting as %SABR(a,ﬁ, p) and is defined as

dS,;=V;SPdw, for >0, So=s.

7
th = thdZt for t> 0, VO =1 ( )

where vg, o, @ >0 and B € [0,1]. The SABR model is considered by McGhee in [McGl18] in a
neural network context (see also Section 1.3).

1.2 Calibration bottlenecks in volatility modelling and deep calibration

Whenever for a stochastic volatility model the numerical approximate calibration procedures
(2) are computationally slow, a bottleneck in calibration time can deem the model of limited
applicability for industrial production irrespective of other desirable features the model might
have. This is the case in particular for the family rough volatility models, where the rough
fractional Brownian motion in the volatility dynamics rules out usual Markovian pricing meth-
ods such as finite differences. So far such calibration bottlenecks have been a major limiting
factor for the class of rough volatility models, whose overwhelming modelling advantages have
been explored and highlighted in rapidly expanding number of academic articles [AGLM18,
ALV07, BFGI16, BFG*20, BFG*19, BLP17, EER19, Fukll, GJR18, JMM18, HJL19, JPSI8] in the
past years. Other examples include models with delicate degeneracies (such as the SABR
model around zero forward) which for a precise computation of arbitrage-free prices require
time consuming numerical pricing methods such as Finite Element Methods [HR18], Monte
Carlo [COVDWI1, LGO17b] or the evaluation of multiple integrals [AKS13].

Contrary to Hernandez’s [Herl6] pioneering work, where he develops a direct calibation
via NN, we set up and advocate a two setp calibration approach.

Two Step Approach (i) Learn a model and (ii) Calibrate to data: One separates the
calibration procedure described in (2) into two parts: (i) We first learn (approximate) the
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1. A neural network perspective on model calibration

pricing map by a neural network that maps parameters of a stochastic model to pricing
functions (or implied volatilities (cf. section (1.1) and we store this map during an off-line
training procedure. In a second step (ii) we calibrate (on-line) the now deterministic approxi-
mative learned price map, which speeds up the on-line calibration by orders of magnitude. To
formalise the two step approach, we write for a payoff { and a model .4 with parameters 6 € ©

(i) Learn: F(©,0) = P(4(©,0)) (i) Calibrate: = argmin5(F(6,0), 2" T (()).  (8)
0o

Note that in part (ii) of (8) we essentially replaced P(.#(®,()) in equation (2) by its learned
(deterministic) counterpart F(©,() (which will be a Neural Network see Section 3.1) from
(i). Therefore, this second calibration is-by its deterministic nature-considerably faster than
calibration of all those traditional stochastic models, which involve numerical simulation of the
expected payoff P(#(0,{)) =E[{(X(0))] for some underlying stochastic process X?. The first
part (i) in (8) denotes an approximation of the pricing map through a neural network, which
is calibrated in a supervised training procedure using the original (possibly slow) numerical
pricing maps for training (see sections 3.1 and 4 for details in specific examples).

In the following sections we elaborate on the objectives and advantages of this two step
calibration approach and present examples of neural network architectures, precise numerical
recipes and training procedures to apply the two step calibration approach to a family of
stochastic volatility models. We also present some numerical experiments (corresponding
codes are available on GitHub: NN-StochVol-Calibrations ) and report on learning errors and
on calibration times.

1.3 Challenges in neural network approximations of pricing functionals

In general problem (1) and henceforth (2) is solved using suitable numerical optimisation
techniques such as gradient descent [GBCI6], specific methods for certain metrics (such
as Lavenberg-Marquadnt [Lev44] for L?), neural networks, or tailor-made methods to the
complexity of the optimisation problem and objective function at hand!. But irrespective of
their level of sophistication all optimisers for calibration share a common property: repeated
(iterative) evaluation of the pricing map 6 — P(.#(),{) (resp. an approximation P thereof)
on each instance 0 of consecutive parameter combinations until a sufficiently small distance
5(ﬁ(%(9),(),9MKT(C) between model prices and observed prices is achieved. Consequently,
the pricing map is arguably the computational cornerstone of a calibration algorithm. Main
differences between specific calibration algorithms effectively lie in the way the specific choice
of evaluated parameter combinations {01,05...} are determined, which hence determines the
total number N of functional evaluations of the pricing function (P(./% (ei)’C))i:L.. N used in
the calibration until the desired precision 5(§(J%(9),(),,@MKT(()) is achieved. In case the
pricing map

P(#(),() : ©— P(M)
0 — P(A(0),0)

IFor details and an overview on calibration methods see [GBC16).
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involved in (1) is available in closed form, and can be evaluated instantaneously, the calibration
(2) is fast even if a high number N of functional evaluations is used. If the pricing map is
approximated numerically, calibration time depends strongly on the time needed to generate a
functional evaluation of the numerical approximation

0;— P(A©0;),0), 0;€{01,...0n) 9)

at each iteration i = 1,..., N of the calibration procedure. Slow functional evaluations poten-
tially cause substantial bottlenecks in calibration time. This is where we see the most powerful
use of the prowess of neural network approximation:

A neural network is constructed to replace in (i) of (8) the pricing map, that is to approximate
(for a given financial contract ¢) the pricing map from the full set? of model parameters © of
the model to the corresponding prices P(.#(0,()). The first challenge for the neural network
approximator of pricing functionals is to speed up this process and enable us to obtain faster
functional evaluations and thereby lift the bottleneck of calibration. The second challenge is to
do so with an accuracy that remains within the error bounds of the original numerical pricing
discretisation:

F:0— P(U)

~ 10
60— F@6,0) 10)

More precisely (motivated by (2)), for any parameter combination 0 € ® we aim to approximate
the numerical approximation P of the true option price P with the neural network F up to the
same order of precision € > 0 up to which P approximates P. That is, for any 6 € ©

F@)=P(#(0),0)+0(€) whenever P(4(0),0)=P(H©),()+0).
Therefore, our training objective is
F(0)=P(#(6),0) +0Oe). (1)

where P is the available numerical approximation of the pricing function, which is considered
as ground truth. In our numerical experiments in Section 4 we demonstrate that our approx-
imation network achieves this approximation accuracy and yields a substantial speedup in
terms of functional evaluations.

1.4 Motivations for our choice of training setup and features of neural
networks as approximators of pricing functionals

There are several advantages of separating the tasks of pricing and calibration which we
address in full detail in a separate work. Here we recall some of the most convincing reasons
to do so. Above all, the most appealing reason is that it allows us to build upon the knowledge

Note that the set 01,...,0y in (9) is extended to the full set of possible parameter combinations © in (10).
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1. A neural network perspective on model calibration

we have gained about the models in the past decades, which is of crucial importance from
a risk management perspective. By its very design, deep learning the price approximation (i)
combined with (ii) deterministic calibration does not cause more headache to risk managers
and regulators than the corresponding stochastic models do. Designing the training as
described above demonstrates how deep learning techniques can successfully extend the
toolbox of financial engineering, without making compromises on any of our objectives.

1. The knowledge gathered in many years of experience with traditional models remains
useful and risk management libraries of models remain valid. The neural network is
only used as a computational enhancement of models.

2. The availability of training data for training the deep neural network does not cause
any constraints as it is synthetically generated by traditional numerical methods.

3. This can be extended beyond the models presented in this work: Whenever a consistent
numerical pricer exists for a model, it can be approximated and replaced by a deep
neural network that provides fast numerical evaluations of the pricing map.

Here, we identify the grid-based apporach as our choice of training. Though a thorough
analysis of the best training approaches is subject to further research, we have good reason to
believe that the grid-based approach provides a powerful and robust methodology for training:

1.4.1 Reasons for the choice of grid-based implicit training

In the grid-based approach we evaluate the values of implied volatility surface along 8 x 11
gridpoints with 80,000 different parameter combinations we effectively evaluate the "fit" of
the surface to numerically generated ones across the same number of points. By moving the
evaluation of the implied volatilities into the objective function we improve the learning in
many aspects:

o The first advantage of implicit training is that it efficiently exploits the structure of the
data. Updates in neighbouring volatility points 0,-; and 0, can be incorporated in the
learning process. If the output is a full grid as in (16) this effect is further enhanced.
Updates of the network on each gridpoint also imply additional information for updates
of the network on neighbouring gridpoints. One can say that we regard the implied
volatility surface as an image with a given number of pixels.

e A further advantage of the image based implicit training is, that by evaluating the
objective function on a larger set of (grid) points, injectivity of the mapping can be more
easily guaranteed than in the pointwise training: Two distinct parameter combinations
are less likely to yield the same value across a set of gridpoints, then if evaluated only
on a single point.

185



VIA. Deep learning volatility

» We do not limit ourselves to one specific grid on the implied volatility surface. We store
the generated 60,000 sample paths for the training data and chose a set of maturities
(here 8) and strikes (here 11) to evaluate prices corresponding to these paths. But we
can easily add and evaluate additional maturities and strikes to the same set of paths.
Note in particular that in this training design we can refine the grid on the implied
volatility surface without increasing the number of training samples needed and without
significantly increasing the computational time for training as the portfolio of vanilla
options on the same underlying grows with different strikes and maturities.

1.4.2 Some relevant properties of deep neural networks as functional approximators

Deep feed forward® neural networks are the most basic deep neural networks, originally
designed to approximate some function F*, which is not available in closed form but only
through sample pairs of given input data x and output data y = F*(x). In a nutshell, a
feed forward network defines a mapping y = F(x, w) and the training determines (calibrates)
the optimal values of network parameters @ that result in the best function approximation*
F*(-) = F(-, w) of the unknown function F*(:) for the given pairs of input and output data
(x,y), cf. [GBCI16, Chapter 6].

To formalise this, we introduce some notation and recall some basic definitions and principles
of function approximation via (feedforward) neural networks:

Definition 1 (Neural network). Let LeN and the tuple (N}, No---,Np) € NE denote the number
of layers (depth) and the number of nodes (neurons) on each layer respectively. Furthermore, we
introduce the affine functions

wh: RN — RN for1<I<L-1

: (12)
x— A +1x+ bl+1

acting between layers for some A1 € RN+ N The pector b'*! € RN# denotes the bias term
and each entry Af:']l) denotes the weight connecting node i € N; of layer | with node j € Nj;y
of layer 1+ 1. For the the collection of affine functions of the form (12) on each layer we fix the
notation w = (w',...,w"). We call the tuple w the network weights for any such collection of
affine functions. Then a Neural Network F(w,-) : RN — RNL is defined as the composition:

FZ:FLO~~'OF1 (13)

where each component is of the form Fj:= o0 W'. The function o;:R — R is referred to as the
activation function. It is typically nonlinear and applied component wise on the outputs of the
affine function W'. The first and last layers, Fy and Fy, are the input and output layers. Layers in
between, F» -+ F1_1, are called hidden layers.

3The network is called feed forward if there are no feedback connections in which outputs of the model are
fed back into itself.

In our case y is a 8x 11-point grid on the implied volatility surface and x are model parameters 6 € ©, for
details see Section 2.
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1. A neural network perspective on model calibration

The following central result of Hornik justifies the use of neural networks as approximators for
multivariate functions and their derivatives.

Theorem 1 (Universal approximation theorem (Hornik, Stinchcombe and White [HSW89])).
Let N NG, be the set of neural networks with activation function o :R— R, input dimension
do €N and output dimension dy € N. Then, if o is continuous and non-constant, ‘/V‘/Vgo,l is dense
in LP () for all finite measures p.

There is a rapidly growing literature on approximation results with neural networks, see
[Hor91, HSW90, Mha93, SCC18] and the references therein. Among these we would like to
single out one particular result:

Theorem 2 (Universal approximation theorem for derivatives (Hornik, Stinchcombe and White
[HSWO0])). Let F* € 6" and F:R% —R and N N Go.1 be the set of single-layer neural networks
with activation function o :R— R, input dimension dy € N and output dimension 1. Then, if the
(non-constant) activation function is 0 € €"R), then N NG | arbitrarily approximates f and all
its derivatives up to order n.

Remark 1. Theorem 2 highlights that the smoothness properties of the activation function are of
significant importance in the approximation of derivatives of the target function F*. In particular,
to guarantee the convergence of l-th order derivatives of the target function, we choose an activation
Sfunction o € C!(R). Note that the ReLu activation Sunction , Opery(x) = (x)" is not in € (R) Sfor
any 1 >0, while o g, (x) = a(e* —1) is smooth.

Bias
Weights b
X1 o—— @i, [i
Activation
function Output
Node inputs ¢ X2 o » OELU -y

X3 O——— al’yg

Figure VIA.L: In detail neuron behaviour.

The following Theorem provides theoretical bounds for the above rule of thumb and establishes
a connection between the number of nodes in a network and the number of training samples
needed to train it.

Theorem 3 (Estimation bounds for Neural Networks (Barron [Bar94])). Let &/ NG, be the

set of single-layer neural networks with Sigmoid activation function o(x) = ex%, input dimension
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do €N and output dimension dy € N. Then:

C2 d
EIF*-FI2<6 (—f) +0 (DlogN)
n N

where n is the number of nodes, N is the training set size and Cp+ is the first absolute moment of
the Fourier magnitude distribution of F*.

Remark 2. Barron’s [Bar94] insightful result gives a rather explicit decomposition of the error in
terms of bias (model complexity) and variance:

2
e 0O (%) represents the model complexity, i.e. the larger n (number of nodes) the smaller the

error

e 0 (an“ log N) represents the variance, i.e. a large n must be compensated with a large training

set N in order to avoid overfitting.

Finally, we motivate the use of multi layer networks and the choice of network depth. Even
though a single layer might theoretically suffice to arbitrarily approximate any continuous
function,in practice the use of multiple layers dramatically improves the approximation
capacities of network. We informally recall the following Theorem due to Eldan and Shamir
[ES16] and refer the reader to the original paper for details.

Theorem 4 (Power of depth of Neural Networks (Eldan and Shamir [ES16])). There exists a
simple (approximately radial) function on R?, expressible by a small 3-layer feedforward neural
networks, which cannot be approximated by any 2-layer network, to more than a certain constant
accuracy, unless its width is exponential in the dimension.

Remark 3. In spite of the specific framework by Eldan and Shamir [ES16] being restrictive, it
provides a theoretical justification to the power of “deep” neural networks (multiple layers) against
“shallower” networks (i.e. few layers) as in [McG18] with a larger number of neurons. On the other
hand, multiple findings indicate [BHM" 19, IS15] that adding hidden layers beyond 4 hidden layers
does not significantly improve network performance.

2 Pricing and calibration with neural networks: Optimising
network and training

In this section we compare different objective functions (direct calibration to data to an
image-based implicit learning approach) and motivate our choice of image-based objective
function. We give details about network architectures for the approximation network and
compare different optimisers for the calibration step.
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2. Pricing and calibration with neural networks: Optimising network and training

2.1 The objective function

1. Learn the map F*(0) = (p4© ((,-)}?:1 via neral network, where {(;};=1,. , represents
the exotic product attributes (such as maturity, strike or barrier level) on a prespecified

grid with size n.
Nrrain n

w=argmin Y Y (FOy w);—F*©0,):)°.

weR" u=1 i=1

2. Solve

0:=argmin)_(F(6); - PM*T (). (14)
0e® =1

2.1.1 For vanillas

As in many academic and industry research papers, we pursue the calibration of vanilla
contracts via approximation of the implied volatility surface’.

We take this idea further and design an implicit form of the pricing map that is based
on storing the implied volatility surface as an image given by a grid of "pixels”. This image-
based representation has a formative contribution in the performance of the network we
present in Section 4. We present our contribution here; Let us denote by A:= {k;, T]}? 1"; 1
fixed grid of strikes and maturities, then we propose the following two step approach:

1. Learn the map F*(0) = {035(9)(Tu k])} via neural network F(0) := F(0, i) where

i= 1 j=1
F*:0 —R™™ (16)
6 — F*0)
where the input is a parameter combination 0 € © of the stochastic model ./% (®) and
the output is a 7 x m grid on the implied volatility surface {0’ BS (Tl, k; Yy i1 J 1 where

SFor sake of completeness we introduce the Black-Scholes Call pricing function in terms of log-strike k, initial
spot Sp, maturity T and volatility o:

l —
BS(0, S0, k, T) 1= So N (ds) — KN (A, dy 1= 28BSOk ‘/_0
VTo 2

where A () denotes the Gaussian cumulative distribution function. The implied volatility induced by a Call option
pricing function P(K, T) is then given by the unique solution ops(k, T) of the following equation

BS(ops(k,T),Sp,k, T)=P(k, T).
Precisely, we seek to solve the following calibration problem

6 := argmind (Z“ﬂ(e) ZMK T (15)

[eJ=(C)

where Z“”(B) {UBS(Q)(kl, T)}i=1,.,n, j=1,..,m represents the set of implied volatilities generated by the model

pricing functlon P((0),k, T) and ZMKT {UMKT(kl, T;: )}z 1.1, j=1,.,m are the corresponding market implied
volatilities, for some metric d : [R"xm x [R"X’" — [R%+
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n,meN are chosen appropriately (see Section 3.1). Then,

Nrtrain 1

m
W = argmin Z Z(F(Gu,w)ij—F*(gu)ij)z-
weR"  u=1 j=1j=1

2. Solve

n m
0:=argmin)_ > (F0);;—oka  (Ti, k).
6e® i=1j=1

Remark 4. Notice that W(A) depends on A implicitly, consequently so does F(0) = F(6, (A))
(hence the name implicit learning). This setting is similar to that of image recognition and exploits
the structure of the data to reduce the complexity of the Network (see Section 4 for details).

Remark 5. In our experiments we chose n =8 and m = 11. At first, a criticism of mapping
(16) might be the inability to extrapolate/interpolate between maturities/strikes outside the grid
A. However, one is free to choose the grids A as fine as needed. In addition, one may use
standard (arbitrage free) uni/bi-variate splines techniques to extrapolate/interpolate across strikes
and maturities, as with traditional market data observable only at discrete points.

Figure VIA.2: Volatility surface generated by the neural network approximator and the
corresponding original counterpart on a grid given by 8 maturities and 11 strikes.

212 Some exotic payoffs

Our framework extends to a number of exotic products such as: Digital barriers, no-touch (or
double no-touch) barrier, cliquets or autocallables.

We present some numerical experiments in Section 3.3, to demonstrate the pricing of digital
barrier options. More precisely, in Section 3.3 we consider down-and-in such as down-and-out
digital barrier options, the main building blocks of many Autocallable products. For a barrier
level B < Sp and maturity T the payoff is given by:

PDOwn—and_In (B, T)=L [I{TBST}] (17)
PDown—and—Out(B, T)=E [I{TBET}] )

where 7p = irtlf{St = B}. In this setting, we may easily generate a grid for barrier levels and

maturities AB4TTier .— (B, Tj}?;lﬂjl.:l that we can fit in the objective function specified in (14)
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2.2 Network architecture and training

Motivated by the above analysis, we choose to set up the calibration in the implicit two-step
approach. This involves a separation of the calibration procedure into (i) “Deep approximation”
an approximation network with an implicit training and (ii) “Calibration” a calibration layer
on top. We first start by describing the approximation network in the implicit image-based
training and discuss the calibration in Section 3.2 below. In addition, we will highlight specific
techniques that contribute to the robustness and efficiency of our design.

2.21 Network architecture of the implied volatility map approximation

Here we motivate our choice of network architecture for the following numerical experiments
which were inspired by the analysis in the previous sections. Our network architecture is
summarised in the graph VIA.3 below.

1. A fully connected feed forward neural network with 4 hidden layers (due to Theorem 4)
and 30 nodes on each layers (see Figure VIA.3 for a detailed representation)

2. Input dimension = n, number of model parameters

3. Output dimension = 11 strikesx 8 maturities for this experiment, but this choice of grid
can be enriched or modified.

4. The four inner layers have 30 nodes each, which adding the corresponding biases results
on a number

(n+1)x30+4x(1+30)x30+(30+1) x88=30n+6478

of network parameters to calibrate (see Section 1.4.2 for details).

5. Motivated by Theorem 2 we choose the Elu 0, = a(e* — 1) activation function for the
network.
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Figure VIA.3: Neural network architecture.
Our neural network architecture with 4 hidden layers and 30 neurons on each hidden layer,
with the model parameters of the respective model on the input layer and with the 8 x 11
implied volatility grid on the output layer.

2.2.2 Training of the approximation network

We follow the common features of optimization techniques and choose mini-batches, as de-
scribed in Goodfellow, Bengio and Courville [GBCI16]. Typical batch size values range from
around 10 to 100. In our case we started with small batch sizes and increased the batch size
until training performance consistently reached a plateau. Finally, we chose batch sizes of
32, as performance is similar for batch sizes above this level, and larger batch sizes increase
computation time by computing a larger number of gradients at a time.

In our training design, we use a number of regularisation techniques to speed up convergence
of the training, to avoid overfitting and improve the network performance.

1) Early stopping: We choose the number of epochs as 200 and stop updating network
parameters if the error has not improved in the test set for 25 steps.

2) Normalisation of model parameters: Usually, model parameters are restricted to a
given domain i.e. 0 € [0 ;1,0 max]. Then, we perform the following normalisation transform:

20 - (emax + Hmin)

emax - emin

€e[-1,1].
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3) Normalisation of implied volatilities: The normalisation of implied volatilities is a more
delicate matter, since os(T, k,07"%") € [0,00), for each T and k. Therefore, we choose to
normalise the surface subtracting the sample empirical mean and dividing by the sample
standard deviation.

2.3 The calibration step

Once the pricing map approximation F for the implied volatility is found, only the calibration
step in (2) is left to solve. In general, for financial models the pricing map F* is assumed to be
smooth (at least C! differentiable) with respect to all its input parameters 0.

Gradient-based optimizers

A standard necessary first order condition for optimality in (2) is that
V05 (Fu0),0, 2™ () =0, (19)

provided that the objective function is smooth. Then, a natural update rule is to move along
the gradient via Gradient Descent i.e.

0141 =0; - AV?5 (F(t (0,0, 25T (), A>o0. (20)

A common feature of gradient based optimization methods building on (20) is the use of the
gradient V9§ (F(.(0),), MK 7)), hence its correct and precise computation is crucial for
subsequent success. Examples of such algorithms, are Levenberg-Marquardt [Lev44, Mar63],
Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm [NW06], L-BFGS-B [ZBLN97] and SLSQP
[Kra88]. The main advantage of the aforementioned methods is the quick convergence towards
condition (19). However, (19) only gives necessary and not sufficient conditions for optimality,
hence special care must be taken with non-convex problems.

Remark 6. Notably, making use of Theorem 2 we use a smooth activation functions in order to
guarantee V0P~ VOF

Gradient-free optimizers

Gradient-free optimization algorithms are gaining popularity due to the increasing num-
ber of high dimensional nonlinear, non-differentiable and/or non-convex problems flourishing
in many scientific fields such as biology, physics or engineering. As the name suggests,
gradient-free algorithms make no C! assumption on the objective function. Perhaps, the most
well known example is the Simplex based Nelder-Mead [NM65] algorithm. However, there are
many other methods such as COBYLA [Pow94] or Differential Evolution [SP97] and we refer
the reader to [RS13] for an excellent review on gradient-free methods. The main advantage of
these methods is the ability to find global solutions in (2) regardless of the objective function.
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In contrast, the main drawback is a higher computational cost compared to gradient methods.

To conclude, we summarise the advantages of each approach in Table VIA.L

Gradient-based Gradient-free

Convergence Speed Very Fast Slow

Global Solution Depends on problem Always
Smooth activation

function needed Yes to apply Theorem 2 No
A .

ccu.rate .gradlent Yes No

approximation needed

Table VIA.1: Comparison of Gradient vs. Gradient-free methods.

3 Numerical experiments

In our numerical experiments we demonstrate that the accuracy of the approximation network
indeed remains within the accuracy of the Monte Carlo error bounds and proclaimed in the
introductory sections’ objectives. For this we first compute the benchmark Monte Carlo errors
in Figures VIA.4-VIA.5 and compare this with the neural network approximation errors in
Figures VIA.6 and VIA.7. For this separation into steps (i) and (ii) to be computationally
meaningful, the neural network approximation has to be a reasonably accurate approximation
of the true pricing functionals and each functional evaluation (i.e. evaluation an option price
for a given price and maturity) should have a considerable speed-up in comparison to the
original numerical method. In this section we demonstrate that our network achieves both of
these goals.

3.1 Numerical accuracy and speed of the price approximation for vanillas

As mentioned in Section 1 one crucial difference that sets apart this work from direct neural
network approaches, as pioneered by Hernandez [Herl6], is the separation of (i) the implied
volatility approximation function, mapping from parameters of the stochastic volatility model
to the implied volatility surface-thereby bypassing the need for expensive Monte-Carlo
simulations—and (ii) the calibration procedure, which (after this separation) becomes a simple
deterministic optimisation problem. As outlined in Section 1.3 our aim for the Step (i) in the
two-step training approach is to achieve a considerable speedup per functional evaluation
of option prices while maintaining the numerical accuracy of the original pricer. Here we
demonstrate how our NN training for Step (i) achieves these goals outlined in Section 1.3:

1. Approximation accuracy: here we compare the error of the approximation network error
to the error of Monte Carlo evaluations. We compute Monte Carlo prices with 60,000
paths as reference at the nodes where we compute the implied volatility grid using
Algorithm 3.5 in Horvath, Jacquier and Muguruza [HJM17]. In Figures VIA.4 and VIA.5
the approximation accuracy of the Monte Carlo method for the full implied volatility
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surface is computed using pointwise relative error with respect to the 95% Monte Carlo
confidence interval. Figures VIA.6 and VIA.7 demonstrate that the same approximation
accuracy for the neural network is achieved as for the Monte Carlo approximation (i.e.
within a few basis points). For reference, the spread on options is around 0.2% in implied
volatility terms for the most liquid and those below a year. This translates into 1% relative
error for a implied volatility of 20%.

2. Approximation speed: Table VIB.1 shows the CPU computation time per functional
evaluation of a full surface under two different models; rBergomi 3 and 1 Factor Bergomi
6 (for a reminder see Section 3.1.1 for details).

MC Pricing | MC Pricing
IF Bergomi rBergomi
Full Surface | Full Surface

NN Pricing | NN Gradient Speed up
Full Surface | Full Surface NN vs. MC

Piecewise constant
’ ’ . 11 , —16,
forward variance 300,000 us | 500,000 pis 30.9 s 3 us 9,000 - 16,000

Table VIA.2: Computational time of pricing map (entire implied volatility surface) and
gradients via Neural Network approximation and Monte Carlo (MC). If the forward variance
curve is a constant value, then the speed-up is even more pronounced

MC Error Analysis rough Bergomi with Piecewise Constant Term Structure

3.50% 3.00%
Average relative error Std relative error Maximum relative error
3.00%
0.1 ’ 0.1 2.50% .
0.3 2.50% 03 .
5,06 >, 0.6 2.00% :
= = =
= 0.9 2.00% 5 0.9 < o.
212 212 1.50% .
= 15 150% = 15 .
18 18 .
1.00%
2.0 1.00% 2.0 .

05060.70809101.112131415 0506070809101.112131415 05060.70809101.112131415

Strike 0.50% Strike 0:50% Strike

Figure VIA.4: Error metrics for rough Bergomi prices obtained by Monte-Carlo evalua-
tions.

As benchmark we recall average relative errors of Monte Carlo prices computed across 80,000
random parameter combinations of the Rough Bergomi model. Relative errors are given
in terms of Average-Standard Deviation-Maximum (Left-Middle-Right) on implied volatility
surfaces in the Rough Bergomi model, computed using 95% confidence intervals.
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MC Error Analysis 1 Factor Bergomi with Piecewise Constant Term Structure

0.50.60708091.0111.2131415
0.50% Strike

0506070809101.112131415

Strike 0.50% Strike

4.00%
Average relative error 3:50% Std relative error 3.50% Maximum relative error
. 3.00% 0.1 3.00% :
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Figure VIA.5: Error metrics for 1 Factor Bergomi prices obtained by Monte-Carlo
evaluations.

As benchmark we recall average relative errors of Monte Carlo prices computed across 80,000
random parameter combinations of the 1 Factor Bergomi model. Relative errors are given
in terms of Average-Standard Deviation-Maximum (Left-Middle-Right) on implied volatility
surfaces in the 1 Factor Bergomi model, computed using 95% confidence intervals.

3.11 Neural network price approximation in (rough) Bergomi models with piecewise
constant forward variance curve

We consider a piecewise constant forward variance curve o(f) = ;’_15 ilis, ,<t<t) where
lh=0<1t <..<t,and {t;}; =1,..,n are the option maturity dates (7 =8 in our case). This
is the modelling approach suggested by Bergomi [Berl5]. We will consider again the rough
Bergomi 3 and 1 Factor Bergomi models 6

* Normalized parameters as input and normalised implied volatilities as output
¢ 4 hidden layers with 30 neurons and Elu activation function

¢ Output layer with Linear activation function

¢ Total number of parameters: 6808

e Train Set: 68,000 and Test Set: 12,000

» Rough Bergomi sample:(&o,v, p, H) € £1[0.01,0.16]8x2/[0.5,4.0] x2%[-0.95, —0.1] x2[0.025, 0.5]

o 1 Factor Bergomi sample:({o,v,p, ) € 10.01,0.16]8 x 2[0.5,4.0] x %[—0.95,—0.1] x
9/10,10]

* strikes={0.5,0.6,0.7,0.8,0.9,1,1.1,1.2,1.3,1.4,1.5}

¢ maturities={0.1,0.3,0.6,0.9,1.2,1.5,1.8,2.0}
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3. Numerical experiments

¢ Training data samples of Input-Output pares are computed using Algorithm 3.5 in
Horvath, Jacquier and Muguruza [HJMI17] with 60,000 sample paths and the spot
martingale condition i.e. E[S;] = Sp, ¢ =0 as control variate.
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Figure VIA.6: Error metrics for rough Bergomi prices obtained by neural network
approximation.

We compare surface relative errors of the neural network approximator against the Monte
Carlo benchmark across all training data (68,000 random parameter combinations)in the rough
Bergomi model. Relative errors are given in terms of Average-Standard Deviation-Maximum

(Left-Middle-Right).

Maturit
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Strike 0.20% Strike

Figure VIA.7: Error metrics for 1 Factor Bergomi prices obtained by neural network
approximation.

We compare surface relative errors of the neural network approximator against the Monte Carlo
benchmark across all training data (68,000 random parameter combinations)in the 1 Factor
Bergomi model. Relative errors are given in terms of Average-Standard Deviation-Maximum

(Left-Middle-Right).

Figures VIA.6 and VIA.7 show that the average (across all parameter combinations) relative er-
ror between neural network and Monte Carlo approximations is far less than 0.5% consistently
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(left image in Figures VIA.6 and VIA.7) with a standard deviation of less than 1% (middle
image in Figures VIA.6 and VIA.7). The maximum relative error goes as far as 25%. We
conclude that the methodology generalises adequately to the case of non-constant forward
variances, by showing the same error behaviour.

3.2 Calibration speed and accuracy for implied volatility surfaces

Figure VIA.8 reports average calibration times on test set for different parameter combinations
on each of the models analysed. We conclude that gradient-based optimizers outperform (in
terms of speed) gradient-free ones. Moreover, in Figure VIA.8 one observes that computational
times in gradient-free methods are heavily affected by the dimension of the parameter space,
i.e. flat forward variances are much quicker to calibrate than piecewise constant ones. We find
that Lavenberg-Marquardt is the most balanced optimizer in terms of speed/convergence and
we choose to perform further experiments with this optimizer. The reader is encouraged to
keep in mind that a wide range of optimizers is available for the calibration and the optimal
selection of one is left for future research.

Average calibration time with different optimisers

4 - ) ’
107 rBergomi piecewise forward variance

W 1FBergomi piecewise forward variance

L-BFGS-B SLSQP BFGS Levenberg-Marquardt COBYLA  Differential Evolution Nelder-Mead

r

10

= =
o o
~ W

Figure VIA.8: Average calibrations times for all models using a range of optimizers.

In order to assess the accuracy, we report the calibrated model parameters 0 compared to the
synthetically generated data with the set of parameters 6 that was chosen for the generation of
our synthetic data. We measure the accuracy of the calibration via parameter relative error i.e.

~ 10-6
ER(H) = Q
161

as well as the root mean square error (RMSE) with respect to the original surface i.e.

n m
RMSE@) = | Y ¥ (F(@)ij— oMK (T}, k;))2.
i=1j=1
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Therefore, on one hand a measure of good calibration is a small RMSE. On the other hand,
a measure of parameter sensitivity on a given model is the combined result of RMSE and
parameter relative error.

3.21 A calibration experiment with simulated data in (rough) Bergomi models with
piecewise constant forward variances

We consider the rough Bergomi model (3) and the Bergomi model (6) with a piecewise constant
term-structure of forward variances. Figures VIA.9 and VIA.10 show that the 99% quantile of
the RMSE is below 1% and shows that the Neural Network approach generalises properly to
the piecewise constant forward variance. Again, we find that the largest relative errors per
parameter are concentrated around 0, consequence of using the relative error as measure. This
suggests a successful generalisation to general forward variances, which to our knowledge has
not been addressed before by means of neural networks or machine learning techniques.

Empirical CDF of parameter relative error Empirical CDF of implied vol surface RMSE
— ? —— RMSE
150% ] — & 2.50% ---- 99% quantile
— &
5 — 5 2.00%
= — &
2 100% £ $ 1.50%
2 — & =
© v « o
© — b | 1.00%
S 50%1
=== 95% quantile ( 0.50%
/4 "
0% 0.00%1 —
0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100% 0% 10% 20% 30% 40% 50% 60% 70% 80% 90%100%
quantiles quantiles

Figure VIA.9: Synthetic parameter and implied volatility surface error of the neural
network based calibration for the rough Bergomi model.

Cumulative Distribution Function (CDF) of Rough Bergomi parameter relative errors (left)
and RMSE (right) after Levengerg-Marquardt calibration across test set random parameter
combinations.
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Empirical CDF of parameter relative error Empirical CDF of implied vol surface RMSE
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Figure VIA.10: Synthetic parameter and implied volatility surface error of the neural
network based calibration for the 1 Factor Bergomi model.

Cumulative Distribution Function (CDF) of 1 Factor Bergomi parameter relative errors (left)
and RMSE (right) after Levengerg-Marquardt calibration across test set random parameter
combinations.

3.2.2 Calibration in the rough Bergomi model with historical data

As previously mentioned, the natural use of neural network approximators is the model
calibration to historical data. We discussed that as along as the approximation is accurate,
the calibration task should be performed within the given tolerance. Furthermore, one should
expect such tolerance to be aligned with the neural network accuracy obtained in both training
and test sets.

In this section we will perform a historical calibration using the neural network approxi-
mation and compare it with that of the brute force monte carlo calibration. Precisely we seek
to solve the following optimisation problem for the rough Bergomi model

grBergomi .= argmin Y Y (F@);;—-ons " (T;, ki)

QrBergomic@rBergomi j—1 j: 1

where 07BeT8OMI = (&1,&5,85,84,E5,v,p, H) and ©"BT8O™ME = [0,01,0.25]° x [0.5,4] x [-1,0] x
[0.025,0.5]. As for the time grid we choose

1
(Tl’ TZ’ T3y T4r TS) = E X (11 3,6,9, 12)
and for the strike grid
k;:=0.85+(i—-1)x0.05 fori=1,..,9.

We consider SPX market smiles between 01/01/2010 and 18/03/2019 on the pre-specified time
and strike grid. Figure VIA.Il shows the historical evolution of rough Bergomi parameters
calibrated to SPX using the neural network price. In particular we note that H < % as
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previously discussed in many academic papers [AGLMI18, ALV07, BFG16, BFG"20, BFG'19,
BLP17, EERI19, Fukll, GJR18, JMMI8, HJL19, JPSI8], moreover we may confirm that under Q,
H€[0.1,0.15] as found in Gatheral, Jaisson and Rosenbaum [GJR18] under P. Figure VIA.12,
benchmarks the NN optimal fit using Levenberg-Marquardt and Differential Evolution against
a brute force MC calibration via Levenberg-Marquardt. Again, we find that the discrepancy
between both is below 0.2% most of the time and conclude that the Differential Evolution
algorithm does outperform the Levenberg-Marquardt. This in turn, suggests that the neural
network might not be precise enough on first order derivatives. This observation, is left as
an open question for further research. Perhaps surprisingly, we sometimes obtain a better fit
using the neural network than the MC pricing itself. This could be caused by the fact that
gradients in the neural network are exact, whereas when using MC brute force calibration we
resort to finite differences to approximate gradients.
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Evolution of Model Parameters in the Rough Bergomi Model Calibrated to SPX
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Figure VIA.1l: Historical Evolution of parameters in the rough Bergomi model with a
piecewise constant forward variance term structure calibrated on SPX.
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Figure VIA.12: Comparison of quality of fit of different calibration approaches.

The image above compares historical RMSE obtained by the neural network best fit via
Levenberg-Marquardt (dashed orange line) and Differential Evolution (dotted purple line)
against the brute force MC calibration (green line) via Levenberg-Marquardt. Picture below
shows the difference against MC brute force calibration.
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3.3 Numerical experiments with barrier options in the rough Bergomi model

In this section we show that our methodology can be easily extended to exotic options. To
do so we test our image-based approach on digital barrier options. We follow the same
architecture and experimental design described in Section 3.1 for the rough Bergomi model. As
described in Section 2.1.2 we adapt the objective function to the payoffs given in (17) and (18)
and replace the strike grid by a barrier level grid. Figure VIA.13 confirm the accuracy of the
neural network approximation with average absolute errors of less than 10bps with standard
deviation of 10bps.

Neural network approximator performance on Down-and-Out barrier options
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Neural network approximator performance on Down-and-In barrier options
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Figure VIA.13: Error metrics for neural network approximation of exotic derivatives’

prices.
Picture above: Down-and-Out neural network absolute error analysis on test set. Picture below:

Down-and-In neural network absolute error analysis on test set.

Conclusions and outlook: “best-fit” models

To sum up, neural networks have the potential to efficiently approximate complex functions,
which are difficult to represent and time-consuming to evaluate by other means. Using deep
neural networks, as we will do here, to approximate the pricing map (or equivalently the
implied volatility mapping) from parameters of traditional models to shapes of the implied
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volatility surface represented by grid of implied volatility values speeds up each functional
evaluation, while maintaining control over reliability and interpretability of network outputs.
The implicit grid based approach that we advocate here, also allows further applications that
opens up further landscapes for financial modelling.

Potential applications and outlook towards mixture of “expert” models: In the previous
sections we set up a powerful approximation method to closely approximate implied volatilities
under different stochastic models and highlighted that the choice of the objective function
(evaluation of the surface on a grid, inspired by pixels of an image) was crucial for the
performance of the network. Now we are interested in the inverse task and ask whether a neural
network—trained by this objective function to multiple stochastic models simultaneously—can
identify which stochastic model a given set of data comes from. By doing so, potential
applications we have in mind are twofold:

o Ultimately we are interested in which model (or what mixture of existing stochastic
models) best describes the market.

* From a more academic and less practical perspective, we are interested whether and to
what extent is it possible to“translate” parameters of one stochastic model to parameters
of another.

We conduct a further, preliminary experiment as a proof of concept in the classification setting.
We train a further neural network to identify which of three given stochastic volatility model
generated a given implied volatility surface.

Training procedure: Implied volatility surfaces in this experiment were generated by the
Heston, Bergomi and rough Bergomi models (see Section 1.1 for a reminder). For each volatility
surface, a “flag" was assigned corresponding to the model (eg: 1 for Heston, 2 for Bergomi and
3 for rough Bergomi). The training set thus consists of surfaces of the form: (Z;;g(e), I), where
M is one of the three models .zHeston g Bergomi - _yrBergomi g 51 5dmissible combination of
parameters for that model (thus in @Heston @Bergomi oy @rBergomi) a1 [ the flag identifying the
model which generated the surface (I =1 if 4 = #1501 =2 if 4 = 4(P*8°™ and I =3 if
%zvjﬂrBergomi).

We define a mixture of these surfaces as T4 """ .= gp AT | pyACTET | py A
where a,b,c 20 and a+ b+ c =1. So far the training is suitable for recognition of a single
model surface (either a=0,b=0,c=1,a=0,b=1,c=00r a=1,b=0,c=0). To generalise
this to mixtures, we randomly select surfaces (one from each model) and compute the mixture
surface 3 M@ o) s _yMeston +bs _yBergomi Lo _yvough Bergomi

are (a,b,c=1-a-Db).

. The corresponding probabilities

Network Architecture: The classifier is a small, fully connected feedforward network for
the same reasons as those outlined in section 3.1. The network is composed of 2 hidden
layers (of 100 and 50 output nodes respectively) with exponentially linear activation functions
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and an output layer with a softmax activation function. Thus, the output of the network
represents the probabilities of a given surface belonging to a particular model. We used
stochastic gradient descent with 20 epochs to minimize cross-entropy (the cross-entropy of
two discrete distributions (p, g) with K possible distinct values is H(p, q) 1= —Y.1<i<k pilogq;.).

A numerical experiment on model recognition: We report on one of many experiments
here as a proof of concept: We test the method on mixtures of rough Bergomi and Heston
surfaces (hence setting b =0 in the training). To vary the type of mixtures generated, we
chose a€{0,0.1,---,0.9,1}. For each a, the mixture surface is computed as the convex com-
bination of a randomly chosen surface from the rough Bergomi and the Heston model, and
repeated 20 times. The training set has 320,000 surfaces. To further test the robustness
of the model, validation surfaces were generated using a finer grid of mixture parameters:
a€{0,0.05,---,0.95,1}. In total, the validation set is made up of 105,000 surfaces.

We report the classifiers’ effectiveness and comment on the results in Figure VIA.14.

Estimation of mixture coefficient @ (& = 0 rBergomi, 3a=1 Heston)
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Figure VIA 14: Error of the neural network classifier depending on the mixture coefficient
a.

Each point of the plot corresponds to the average estimated coefficient by the neural network
for all mixture surfaces with a given a. For example, for a =0, the surfaces are generated from
the rough Bergomi model. For each parameter combination from those surfaces, we compute
the predicted mixture coefficient and average all of them over the validation set to report 4.
The network never sets the mixture coefficient very close to 1 or 0, attributing the surface to
one specific model. This may be explained using Bayesian reasoning.
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CHAPTER VIB

On deep calibration of rough volatility
models

Abstract

Techniques from deep learning play a more and more important role for the important
task of calibration of financial models. The pioneering paper by Hernandez [Risk, 2017]
was a catalyst for resurfacing interest in research in this area. In this chapter we advocate
an alternative (two-step) approach using deep learning techniques solely to learn the
pricing map - from model parameters to prices or implied volatilities. Having a fast and
accurate neural-network-based approximating pricing map (first step), we can then (second
step) use traditional model calibration algorithms. In this work we showcase a direct
comparison of different potential approaches to the learning stage and present algorithms
that provide a sufficient accuracy for practical use. In particular provide the first and
simplest neural network-based calibration methods for rough volatility models with a
constant intitial volatility for which calibration can be done on the fly. We demonstrate the
method via a hands-on calibration engine on the rough Bergomi model, for which classical
calibration techniques are difficult to apply due to the high cost of all known numerical
pricing methods. Furthermore, we display and compare different types of sampling and
training methods and elaborate on their advantages under different objectives. As a
further application we use the fast pricing method for a Bayesian analysis of the calibrated
model.

On deep calibration of (rough) stochastic volatility models
C. Bayer, B. Horvath, A. Muguruza, B. Stemper, M. Tomas

Introduction

Almost half a century after its publication, the option pricing model by Black, Scholes and
Merton remains one of the most popular analytical frameworks for pricing and hedging
European options in financial markets. A part of its success stems from the availability of
explicit and hence instantaneously computable closed formulas for both theoretical option
prices and option price sensitivities to input parameters (Greeks), albeit at the expense of
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0.22
0.20
0.18~

2
0168
0.14

0.12

Figure VIB.1: SPX Market Implied Volatility surface on 15th February 2018.

IVs have been inverted from SPX Weekly European plain vanilla call mid prices and the
interpolation is a (non-arbitrage-free) Delaunay triangulation. Axes denote log-moneyness
m = log(K/Sp) for strike K and spot Sp, time to maturity T in years and market implied
volatility oy (m, T).

assuming that volatility - the standard deviation of log returns of the underlying asset price -
is deterministic and constant. Still, in financial practice, the Black-Scholes model is considered
as the sophisticated transform between option prices and Black-Scholes (BS) implied volatility
(IV) o;, where the latter is defined as the constant volatility input needed in the BS formula to
match a given (market) price. It is a well-known fact that in empirical IV surfaces obtained by
transforming market prices of European options to IVs, it can be observed that IVs vary across
moneyness and maturities, exhibiting well-known smiles and at-the-money (ATM) skews and
thereby contradicting the flat surface predicted by Black-Scholes (Figure VIB.1). In particular,
Bayer, Friz, and Gatheral [BFGI16] report empirical at-the-money volatility skews of the form

0 _
'%Uiv(m, T)’ ~T 0.4; T— 0; (1)

for log moneyness m and time to maturity T.

While plain vanilla European call and put options often show enough liquidity to be marked-to-
market, pricing and hedging path-dependent options (so-called exotics) necessitates an option
pricing model that prices European options consistently with respect to observed market IVs
across moneyness and maturities. In other words, it should parsimoniously capture stylized
facts of empirical IV surfaces. In the past, in order to address the shortcomings of standard
models such as Black-Scholes and to incorporate the stochastic nature of volatility itself,
popular bivariate diffusion models such as SABR [HKLWO02] or Heston [Hes93| have been
developed to capture some important stylized facts. However, according to Gatheral [Gatll],
diffusive stochastic volatility models in general fail to recover the exploding power-law nature
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(1) of the volatility skew as time to maturity goes to 0 and instead predict a constant behaviour.

Sparked by the seminal work of [ALV07, Fukll, GJR18], we have since seen a shift from
classical diffusive modeling towards so-called rough stochastic volatility models. They may
be defined as a class of continuous-path stochastic volatility models where the instantaneous
volatility is driven by a stochastic process with Hoélder regularity smaller than Brownian
Motion, typically modeled by a fractional Brownian Motion with Hurst parameter H < 3. The
evidence for this paradigm shift is by now overwhelming, both under the physical measure
where time series analysis suggests that log realized volatility has Holder regularity in the
order of =~ 0.1 [BLP17, GJR18] and also under the pricing measure where the empirically
observed power-law behaviour of the volatility skew near zero may be reproduced in the model
[ALVO07, BFG16, BFG*19, Fukll]. Serious computational and mathematical challenges arise
from the non-Markovianity of fractional Brownian motion, effectively forcing researchers to re-
sort to asymptotic expansions [BFG*19, FZ17] in limiting regimes or (variance-reduced) Monte
Carlo schemes [BFG*20, BFG16, HIM17, MP18] to compute fair option prices. This poses
considerable bottlenecks for calibration of rough volatility models for practical purposes. One
contribution of this work is to provide and explore different neural network based solutions to
the task of fast calibration of rough volatility models.

Remark 1. State of the art models usually super-impose a local volatility over a stochastic volatility
backbone model, in order to combine realistic dynamics - as achieved with stochastic volatility -
with exact fit of traded vanilla options. In this framework, calibration of a rough volatility backbone
model can be seen as the first step of the total calibration procedure, which is then complemented by
a particle method, see [Mugl9] or [GHL12].

The solution we provide here is demonstrated on the rough Bergomi model but due to the
nature of neural network approximations (as opposed to static polynomial approximations)
it is fundamentally model agnostic and it consistently! carries over to other rough volatility
models (of the same complexity) and to classical stochastic volatility models, which are by
nature simpler to approximate.

The “need for speed” is by no means limited to rough volatility models, although our initial
motivation was indeed the rough Bergomi model. Parallel to this work, Ferguson and Green
address in [FGI18, Section 1.1] the ongoing struggle for faster pricing algorithms for more and
more complex products and propose a deep learning approach to pricing basket options
in a lognormal setting to achieve considerable speed-ups over Monte Carlo pricers. High
dimensional problems as in [FG18] are one useful applications of the speedup resulting from
this methodology. But it can also enable us to speed up more involved numerical methods for
benchmark stochastic volatility models: multiple integrals [AKSI19], Monte Carlo-type methods

1By consistency we mean here that the proposed network (with the same architecture) can be trained on
different models consistently without further modifications and yield satisfactory results irrespective of the chosen
model for training. Our numerical experiments show that for the calibration of classical stochastic volatility models
(SABR, Heston) a simpler network architecture is sufficient, while rough volatility models require a more nuanced
network design.
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[LGOI17a] or Finite Element Methods [HR18] for the SABR model can thus compete in speed
with the original SABR expansion formula [HKIWO02], by pre-learning them through the DNN.

In related contexts deep BSDE solvers have been used to replace Monte Carlo methods for
solving Backward Stochastic Differential Equations in high dimension [HJW18, HL17, VSS18]
which can arise from pricing problem. Other authors used computational speedups pro-
vided by neural networks in the context of computationally expensive valuation adjustments

[Grel5, HLI7].

The work we present here is very much in the spirit of the pioneering work of Avellaneda,
Carelli and Stella [MA99]. Our focus in this work is on model calibration of stochastic volatiliy
models and we propose computationally efficient and ready-to-use algorithms that can be
applied to a variety of settings. Bearing in mind that deep neural network solutions are
often challenged by concerns of generalisation and “black-box-solutions”, our goal is to limit
the application of neural networks to parts of the calibration process that we can control
and validate. As a first step, we identify the parts of the calibration process that are mainly
responsible for the prevailing calibration bottlenecks, which we will replace by a deep neural
network.

In this context, we distinguish two kinds of approaches. The first, pioneered by Hernan-
dez [Herl6], seeks to learn the mapping from implied volatility surfaces to model parameters
(inverse problem) directly. In [Herl6], Hernandez proposes to use a neural network to learn
the complete calibration routine taking market data as inputs and returning calibrated model
parameters, and calibrates the popular short rate model of Hull and White [HW90] to market
data in numerical experiments. In Section 2.1 we describe this approach in more detail and
perform a similar calibration experiment with the Heston Model.

In the rest of this chapter, we will refer to it as the one-step approach. In a second strand of
research neural networks have been applied not directly to calibration problems, but simply to
obtain an approximated representation of derivative valuations, i.e. of option pricing maps:
For example Hutchinson, Lo and Poggio [HLP94] such as Culkin and Das [CD17] applied
neural networks to learn the Black-Scholes formula and McGhee demonstrates in [McG18] a
neural networks representation of the lognormal SABR model. In this chapter we explore the
advantages of shaping this second strand of research into a building block of a single fwo-step

approach?.

The two-step approach, which we highlight in this chapter, first approximates the pricing
map, (denoted, by ¢ from model parameters to option prices) by a neural network (Step (i))
before calibrating the model, (via traditional calibration algorithms applied to the approximate
pricing map ¢nN) to market data (Step (ii)). Thereby we optimally leverage the capability
of neural networks to approximate functions which are only implicitly available through

2Later works of Liu et al [LBGO19] further develop this line of research by developing sophisticated methods
to speed up the training process for Markovian stochastic volatility models.
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input-output pairs {(xi,(/)(xi))}?i 1> by training a fully-connected neural network on specifically
tailored, synthetically generated training data to learn an approximative representation ¢NN
of the pricing functional ¢. Details of this approach and its benefits are further explained in
Section 2.

In particular, in Section 2.2 we compare two network architectures and sampling meth-
ods according to different modelling objectives. Among these, the grid-based approach is
particularly designed for applicability and efficiency in every day calibration practice. The
novelty of our grid-based approach will allow us to tackle the calibration problem with a
remarkably small neural network (3 layers and 30 neurons each), which to the best of our
knowledge is the smallest network in the literature to successfully solve the calibration/pricing
task. Moreover, the architecture of the problem easily permits that the proposed method
can run on a standard PC (with or without GPU) and it is not necessary to use server side
resources for computations. This in turn, opens the door to its practical implementation in the
financial industry without the need to update current hardware systems.

The overall benefits of the two-step approach are plentiful:

o First, evaluations of ¢nn amount to cheap and almost instantaneous forward runs of a
pre-trained network. Second, automatic differentiation of ¢Nn with respect to the model
parameters returns fast and accurate approximations of the Jacobians needed for the
LM calibration routine. Used together, they allow for the efficient calibration of any
(rough) stochastic volatility model including rough Bergomi.

o The two-step approach also has overwhelming risk management benefits. Firstly, we can
understand and interpret the output of our neural network and therefore test the output
as a function of model parameters against traditional numerical methods. (Indeed, the
output values correspond to option prices in the model under consideration.) The second
overwhelming advantage is that existing risk management libraries of models remain
valid with minimal modification. The neural network is only used as a computational
enhancement of models, and therefore, the knowledge and intuition gathered in many
years of experience with traditional models remains useful.

 The training becomes more robust (with respect to generalisation errors on unseen data).
Additionally, the trained network is independent from market data, and, in particular,
from changing market environments.

* We can train the network to synthetic data - model prices or implied volatilities
computed by any adequate numerical method. In particular, we can easily provide as
large training sets as desired.

Both generating the synthetic data set as well as the actual neural network training are
expensive in time and computing resource requirements, yet they only have to be performed a
single time. Trained networks may then be quickly and efficiently saved, moved and deployed.
We demonstrate this first advantage in a further application: a Bayesian calibration experiment,
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VIB. On deep calibration of rough volatility models

which is facilitated by our ability to nearly instantaneously call functional evaluations of option
prices in a given model. To quantify the uncertainty about model parameter estimates obtained
by calibrating with ¢nN, we infer model parameters in a Bayesian spirit from (i) a synthetically
generated IV surface and (ii) SPX market IV data. In both experiments, a simple (weighted)
Bayesian nonlinear regression returns a (joint) posterior distribution over model parameters
that (1) correctly identifies sensible model parameter regions and (2) places its peak at or close
to the true (in the case of the synthetic IV) or previously reported [BFGI16] (in the case of the
SPX surface) model parameter values. Both experiments thus confirm the idea that ¢ny is
sufficiently accurate for calibration.

The chapter is organised as follows: In Section 1 we present an abstract point of view
on model calibration in finance. In Section 2 we give an overview of applications of techniques
from deep learning to model calibration. We also introduce our own framework and discuss
possible advantages and disadvantages as compared to other approaches. In Section 3 we
focus on the concrete implementation of our methods, both for the learning and for the actual
calibration stage. Numerical experiments are then presented in Section 4. In addition, we
also apply the network in a Bayesian approach. The Appendix VIB.A contains a numerical
comparison with an alternative deep learning approach to calibration.

1 Model calibration revisited

Calibration describes the procedure of tuning model parameters to fit a model surface to an
empirical implied volatility surface obtained by transforming liquid European option market
prices to Black-Scholes implied volatilities. A mathematically convenient approach consists of
minimizing the weighted squared differences between market and model implied volatlities of
N e N plain vanilla European options.

Suppose that a model is parametrized by a set of parameters ©, i.e., by 6 € ©. We refer
to Example VIB.1 for a concrete example. Furthermore, we consider options parametrized
by a parameter ¢ € Z. E.g., for put and call options we generally have { = (T, k), the option’s
maturity and log-moneyness. There might be further parameters which are needed to compute
prices but can be observed on the market and, hence, do not need to be calibrated. For
instance, the spot price of the underlying, the interest rate, or the forward variance curve in
Bergomi-type models (see [Berl)]) falls under this type. For this quick overview, we ignore this
category. We introduce the pricing map

0,0~ P(©,0), (2)
the price of an option with parameters { in the model with parameters 6. It is this map (2)
that we will learn by a neural network in the following sections either directly, for some (simple
or exotic) payoff functions {, or indirectly, by learning the implied volatility map

60— o(0,K,T), 3)
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1. Model calibration revisited

of vanilla payofts {(-,K,T) = ( - |7 — K)+ for some T,K > 0. Financial practice often prefers to
work with implied volatilities rather than option prices, and we will also do so in the numerical
parts of this chapter containing vanilla contracts. For the purpose of this introduction, any
mentioning of a price may be, mutatis mutandis, replaced by the corresponding implied
volatility.

Observations of market prices 22({) for options are parametrized by { for a (finite) sub-
set { € Z' <« Z of all possible option parameters.

When the model is calibrated, a model parameter 0 is identified which minimizes a distance 6
between model prices (PO, D¢er and observed market prices P Deyzsie,

0 = argminé (PO,0)iez (P O)iez)- 4)
0cO

Hence, the faster each model price (P(0,{)) can be computed, the faster the calibration routine.

The most common choice of a distance function 0 is a suitably weighted least squares
function, i.e.,
0 =argmin Y w; (PO,0) -2 ()?.
0e® (e

Here, the weights w; can be chosen in order to reflect importance of an option at { and the
reliability of the market observation 22({). For instance, a reasonable choice might be the
inverse of the bid-ask spread (see [Conl0] for a motivation), which puts low weight on prices of
illiquid options.

As long as the number of model parameters is smaller than the number |Z'| of calibra-
tion instruments, the calibration problem is an example of an overdetermined non-linear least
squares problem, usually solved numerically using iterative solvers such as the de-facto stan-
dard Levenberg-Marquardt (LM) algorithm [Lev44, Mar63]. Let J = J(0) denote the Jacobian
of the map 6 — (P(0,{);c and let

R©):=(PO,0)) - 2{)er

denote the residual, then the Levenberg-Marquart algorithm iteratively computes increments
AOy 1= Of41 — O by solving
[JTWJ+AI] A = JTWR (5)

where I denotes the identity matrix, W = diag (w;), and 1€ R.

It is hence necessary that the normal equations (5) be quickly and accurately solved for the
iterative step Afj. In a general (rough) stochastic volatility setting this is problematic: The
true implied volatility map as well as its Jacobian J are unknown in analytical form. In the
absence of an analytical expression for A0y, an immediate remedy is:

(I) Replace the (theoretical) true pricing (or implied volatility) map P by an efficient
numerical approximation P such as Monte Carlo, Fourier pricing.

(I) Apply finite-differences to P to compute an approximate Jacobian J.
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Algorithm 1: Levenberg-Marquart calibration

Input: Implied vol map P and its Jacobian J, market quotes 22

Parameters: Initialise Lagrange multiplier A > 0, maximum number of iterations 7max,
minimum tolerance of step norm &mpin, bounds 0 < fp < B <1

Result: Calibrated model parameters 0*

initialize model parameters 6 = 0y and step counter n = 0;

compute R() = P(@) -2 and J(0) and solve normal equations (5) for A6;

while 7 < gy and [;° A0, > € do

.. [P RO [ RO+A0),
compute relative improvement cg = S R0, e RO+ TG0A 9,

improvement under linear model;
if cgp < fo then reject Af, set A =24;
if cg = B; then accept AQ, set 0 =0+A0 and 1 = %/1;
compute R(0) and J(0) and solve normal equations (5) for AG;
set n=n+1;
end

with respect to predicted

In particular, in many (rough) stochastic volatility models such as the rough Bergomi model
(see Example VIB.1), expensive Monte Carlo simulations have to be used to approximate the
pricing map (see [HJM17] or [BLP17] for details). In a common calibration scenario where the
normal equations (5) have to be solved frequently, the approach outlined above thus renders
calibration prohibitively expensive.

Remark 2. We note that many modern tensor-based machine learning frameworks are ideally
suited for calibration tasks because they directly provide gradients of the output variable by use of
automatic differentiation.

We would like to emphasize that our methodology can in principle be applied to any model
with finitely many parameters, from the classical Black Scholes or Heston models to the rough
Bergomi model of [BFG16], also to large class of rough volatility models (see Horvath, Jacquier
and Muguruza [HJM17] for a general setup). In fact the methodology is not limited to stochastic
models, also parametric models of implied volatility could be used for generating training
samples of abstract models, but we have not pursued this direction further. For the sake of
concreteness, we give an example of one rough volatility model, since computational costs of
available numerical methods are especially limiting for this model class.

Example VIB.1. In the abstract model framework, the rough Bergomi model [BFG16] is represented
by M rBergomi grBergomiy " .15 parameters 0 = ($o,m,p, H) € @Bergomi - fy instance, we may choose

@™BerEoM = > 0 x R> 0 x [-1,1]x]0, 1/2],
to stay in a truly rough setting. The model corresponds to the following system for the log price X
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2. Deep calibration

and the instantaneous variance V:

1
dXtZ—Etht‘l‘ \V V[th, ﬁ7t>0, Xy =0, (6&)
t
V= 60(t)é°(\/2Hn/ (t-90Y24z|, fort>0, Vo=uvp>0, (6b)
0

where H denotes the Hurst parameter, n >0 , &(-) the Wick exponential, and &y(-) > 0 denotes
the initial forward variance curve (see [Ber1), Section 6]), and W and Z are correlated standard
Brownian motions with correlation parameter p € [-1,1]. In this work, we shall consider the
constant forward variance case &o(t) := o = 0 and address more general forward variance setups in
a separate work.

2 Deep calibration

In the following sections we elaborate on the objectives and advantages of this two step
calibration approach and present examples of neural network architectures, precise numerical
recipes and training procedures to apply the two step calibration approach to a family of
stochastic volatility models. We also present some numerical experiments and report the
learning errors compared to chosen parameters of the synthetic data.

There are several advantages of separating the tasks of pricing and calibration. Above all,
the most appealing reason is that it allows us to build upon the knowledge we have gained
about the models in the past decades, which is of crucial importance from a risk management
perspective. By its very design, (i) deep learning the price approximation combined with (ii)
deterministic calibration does not cause more headache to risk managers and regulators
than the corresponding stochastic models do. Designing the training as described above
demonstrates how deep learning techniques can successfully extend the toolbox of financial
engineering, without imposing the need for substantial changes in our risk management
libraries.

2.1 One-step approach: Deep calibration by the inverse map

An increasingly popular approach in quantitative finance (and many other fields of engineering)
is to develop purely data-driven frameworks, without relying on formal models. While this
approach bears many advantages, this kind of modelling is still relatively new and several
risk-management considerations are not yet addressed. In its current state this approach leaves
for example the meaning of calibrated network parameters unexplained, not to mention the
ambiguity about the choice of the number of network parameters and network design. This
can cause major challenges towards today’s regulatory requirements. In addition, issues of
generalisation - how can one price exotic options in a network trained with vanilla option
data, to give a simple example - are difficult to analyse, and traditional paradigms of finance -
such as no arbitrage - are hard to guarantee in the absence of a model. We refer to the works
[BHL*20, JL19] for examples of data driven modelling frameworks.

A second, more model based approach was proposed in the pioneering work of Hernan-
dez [Herl6], followed by several other authors such as Stone [Sto20], Dimitroff, Réder and
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VIB. On deep calibration of rough volatility models

Fries [DRF18] and many others. A main characteristic of the neural network proposed by
[Herl6] is that option price approximation and parameter calibration are done in one step
within the same network. Indeed, the idea is to directly learn the whole calibration problem,
i.e., to learn the model parameters as a function of the market prices (typically parametrized
as implied volatilities). In the formulation of Section 1, this means that we learn the mapping

0 (@PO)ey — 0.

More precisely, [Herl6] trains a deep neural network based on labelled data (x;,y;), i =1,...,N,
with
xi = (PO)¢ez

for day ¢; (in the past) and the corresponding labels
Yi= é\i’

obtained from calibrating the model to the market data y; using traditional calibration routines.
The number of labelled data points N is, of course, limited to the amount of (reliable) historical
market price data available.

In spite of the promising results by Hernandez [Herl6] the main drawback of this approach,
as Hernandez observes, is the lack of control on the function I1~!. Furthermore, from a risk
management perspective one has no guarantee how well the learned mapping of IT™! will solve
the calibration problem when exposed to unseen data. In fact, this is the behaviour observed
in Hernandez [Herl6], since the out of sample performance tends to differ from the in sample
one, suggesting a not fully satisfactory generalisation of the learned map. We recover the same
behaviour of the inverse map in our own experiments, which we included in Appendix VIB.A.

2.2 Two-step approach:
Learning the pricing map (or implied volatility map) of models

The two step approach is somewhere mid-way between a sole reliance on traditional pricing
methods (Monte Carlo, finite elements, finite differences, Fourier methods, asymptotic methods
etc.) and the direct approach described above that calibrate directly to the price data. Here,
one separates the calibration procedure as described in Section 1 (i) We first learn (approximate)
the pricing map by a neural network that maps parameters of a stochastic model to prices or
implied volatilities. In other words, we set up and train (off-line) a neural network to learn the
pricing map P. In a second step (ii) we calibrate (on-line) the model - as approximated by
the neural network trained in step (i) - to market data using a standard calibration routine.
To formalise the two step approach, for an option parametrized by ¢ and a model .# with
parameters 0 € © we write ﬁ(@,( ) = P(0,{) for the approximation P of the true pricing map P
based on a neural network. Then, in the second step, for a properly chosen distance function
0 (and a properly chosen optimization algorithm) we calibrate the model by computing

0 = argming ((P(©,0) 7, (P O)e). 7)
[Z2=(C)
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In principle, this method is not unlike traditional calibration routines, as the true option
price has to be numerically approximated for all but the most simple models. This particular
approximation method tends to be orders of magnitudes faster compared to other numerical
approximation methods for all tested models. In particular, note that the (slow) training stage
of the neural network itself only has to be done once. We will come back to comparisons of
actual computational times in the numerical section of this chapter.

At this stage, we note that the deep calibration routine is not yet specified in any details: apart
from purely numerical details such as the choice of the architecture of the neural networks, the
loss functions and optimization algorithms of both the training of the neural networks in stage
(i) and the actual calibration in stage (ii), one particularly important choice is whether the
neural network learns implied volatilities of individual options or rather a full implied volatility
surface. Before discussing these details, let us already highlight some of the differences to
the one-step approach of [Herl6]. In principle, the one-step approach is orders of magnitude
faster by construction, however we will demonstrate in Section 4 that the two-step approach
calibrates within milliseconds making the speed difference irrelevant in practice. Moreover, we
see the main benefit of the two-step approach in the increased stability, which is influenced by
two key differences:

* As the neural network is only responsible for option pricing in the model, synthetic data
is used for training. Hence, we can easily increase the number of training data, and the
training data are completely unpolluted from market imperfections.

e The two-step approach induces a natural decomposition of the overall calibration error
into a pricing error (from the neural network) and a model misfit to the market data.
Hence, the performance of the neural network itself is generally independent of changing
market regimes - which might, of course, change the suitability of the model under
consideration.

These points, in particular, imply that frequent re-training of the neural network is not needed
in the two-step approach.

2.21 The two step approach: Pointwise training and implicit and grid-based training

The underlying principle of the two-step approach appears in one way or another in a num-
ber of related contributions De Spiegeleer, Madan, Reyners and Schoutens [DSMRSI8] and
McGhee [McGl18]. In fact, the early works of Hutchinson, Lo and Poggio [HLP94] and the
more recent work of Culkin and Das [CD17]-where Deep Neural Networks are applied to
learn the Black-Scholes formula-can be recognised as Step (i) of the two-step approach in
a Black-Scholes context. Also Ferguson and Green [FGI18] examine Step (i) of the two-step
approach in [FG18] for basket options in a lognormal context and observe that the network
even has a smoothing effect and increased accuracy in comparison to the underlying Monte
Carlo prices. In this section, we examine its advantages and present an analysis of the objective
function with the goal to enhance learning performance. Within this framework, the pointwise
approach has the ability to asses the quality of P using Monte Carlo or PDE methods, and
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indeed it is superior in terms of robustness.

Pointwise learning

Step (i): Learn the map PO, T k) =" (0)(T, k) - that is in equation (7) above we have { = (T, k).

In the case of vanilla options ({ = (7, k)) one can rephrase this learning objective as
an implied volatility problem: In the implied volatility problem the more informative
implied volatility map 6% (T, k) is learned, rather than call- or put option prices
PO, T k). We denote the artificial neural network by F (w;0,0) as a function of the
weights w of the neural network, the model parameters 6 and the option parameters (.
The optimisation problem to solve is the following:

NTrain -
@:=argmin Y n;(F(w;0;, T;, ki) — &% 0, Ti, k:i)*. (8)
weR”  j=1

where 17; € R5g is a weight vector.

Step (ii): Solve the classical model calibration problem for the market quotes {G%dsKT(k i Ti)} ;”: 1

m
0:=argmin y_ B;(F(@;0;, T;, ki) — oy (kj, Tj)>.
0e® j=1

for some user specified weights §; € R, where now the (numerical approximation of the) op-
tion price PO, T k) resp. implied volatility GO (T k) is replaced by the DNN approximation
F(@:0, T, k) obtained in Step (i). We note here that F (;0;, T;, k;) being a Neural Network, all
gradients with respect to (6, T, k) are available in closed-form and are fast to evaluate.

The critical part is, of course, the first step, as the second one merely corresponds to
classical calibration against liquid options. For the first step, key issues are the choice of
training data and the architecture of the neural network. Regarding the training data, the

general idea is as follows:

218

1. Choose realistic “prior” distributions for both model parameters 6 and option param-

eters { (= (T, k) in the above notation). The point is that many theoretically possible
parameters are very unlikely to ever occur in real markets, for both model and option
parameters. Hence, it is wasteful to spend resources to learn the pricing map for, say,
maturities in the range of hundreds of years. The simplest choice is to simply impose uni-
form distributions on truncated parameter ranges, but nothing prevents more “informed”
possibilities, for instance taking into account historical distributions of estimated model
parameter values or observed option parameter values.

Simulate model and option parameters according to the distribution chosen before
and compute the corresponding option price or implied volatility, which serves as label
for the respective parameter vector. The computation can be done for any available
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numerical method, for instance Monte Carlo simulation. As an aside, this mechanism
can, of course, be used to produce training, testing and validation data in the sense of
the machine learning literature.

Remark 3. Note that the above mentioned “informed” parameter distributions could also be encoded
as weights into the loss function for the training of the neural network.

Remark 4. Instead of simulation of parameter values, we could also consider deterministic grids in
the parameter space. In very high dimensional parameter spaces this probably becomes unfeasible
due to the curse of dimensionality, but in the current context this approach may very well improve
training of the neural network. We leave a comparison to future work.

Implicit & grid-based learning

We take this idea further and design an implicit form of the pricing map that is based on
storing the implied volatility surface as an image given by a grid of “pixels”. This image-based
representation has a formative contribution in the performance of the network we present in
Section 4. Let us denote by A:={k;, Tj}?;l’"]l.zl a fixed grid of strikes and maturities, then we
propose the following two step approach:

Step (i): Learn the map F(w,0) = {o# O (T3, kj)}?;lm.:l via neural network where the input is a
parameter combination 8 € © of the stochastic model .4 (0) and the output is a nx m
grid on the implied volatility surface {o-#© (T}, kj)}?;lfq}zl n
appropriately (see Section 3.1) on a predefined fixed grid of maturities and strikes. F
takes values in RE where L = strikes x maturities = nm. The optimisation problem in the

image-based implicit learning approach is:

where n,m €N are chosen

Nl L
o= argmin Z an(F(w,Bi)j—ﬁ“”(Gi,Tj,kj))zy (9)

weR” i=1 j=1

— Nreduced

where Nyain Train

x L and n; € R5¢ is a weight vector.

Step (ii): Solve the minimisation problem

L
0:=argmin }_ B,;(F@,0); —oks " (T1, k)%,
0e® =1

for some user specified weights §; € R>o. We note here that F(@,0) being a Neural
Network, all gradients with respect to 0 are available in closed-form and are fast to
evaluate.

The data generation stage for the image-based approach works as in the pointwise approach,
except that the option parameters { = (T, k) are, fixed and are no longer part of the learning
algorithms - except implicitly in the output/labels of the neural network. This is why they
appear in the general objective function of pointwise learning (8) but no longer appear in the
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objective function (9) of the grid-based learning above. In practice, we choose a grid A of size
8x11.

Clearly, the neural network does depend on the grid A of option parameters {. Hence, we need
to interpolate between gridpoints in order to be able to calibrate (in the calibration Step (ii))
also to such options, whose maturity and strike do not exactly lie on the grid A. This indirect
dependence of the trained network on A is alluded to by the name “implicit learning”.

Implicit smile-based learning:

-And outlook towards an implicit learning with more elaborate grids and tessalations
of the IV surface-

We note that McGhee [McG18] follows an implicit approach for the lognormal SABR model,
which lies somewhere between the pointwise and the image-based approaches of Step (i):
There, the inputs are (OSABR T, ky,...,k10), and there are ten volatility outputs g1,...,010 per
maturity T. Since between the reference points of the smile McGhee [McGl18] also interpolates
(by splines) based on a smoothness assumption of implied volatilities, we also refer to this
approach as implicit training. The reference points ki,..., ki on the volatility surface are
determined as a direct functional of the model parameters §5*BR and of the maturity T, that
is the learning is done slice-by slice. This sampling technique showcases an excellent working
example of a representative functional sampling on the surface, where more samples are taken
in certain regions of the surface, to ensure a good accuracy of the training in those regions (e.g.
regions with higher liquidity). Though the sampling of the strikes in [McG18] is bespoke to
the SABR model, it motivates the idea of representative sampling grid (or tessalation net), which
would be desirable to achieve also in a model agnostic context. We note that the introduction
of the weight vectors 1n; € Rs¢ in the objective function (9) of the grid-wise approach has a
similar effect as a higher sampling frequency of a neighbourhood/point.

2.2.2 The role of the objective function: Pointwise training versus implicit and
grid-based training

Comparing the pointwise approach (characterised by the general objective function (8)) and
the image-based approach (characterised by the objective function (9)), we find that both of
them can be advantageous in certain situations. We highlight the connection between the two
below, and elaborate on some of the respective advantages of each approach.

Equation (9) can be brought to the form of (8) equation by inserting (into (8)) the specification
values 0 = 0, with

0,=0,,...,0,=00,0,,,=0,...,

— Nreduced

and recalling that L = strikes x maturities and Nryain Train

approach is more general than the image-based one.

x L. Hence, the pointwise
With this in mind we make the general note, many of the various advantages and disadvantages
of both approaches can, in principle, be mitigated by careful choice of the data generation

mechanism (of the training and validation datasets) and the loss function in the training.
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» The biggest difference, between pointwise and image based implicit learning procedures
is that image based implicit learning requires an outside (implicit) interpolation between
the learned implied volatilities in order to compute the implied volatility of an option
with an arbitrary strike or maturity, not aligned with the grid. At face value, this is
of course an advantage of the pointwise (explicit) approach, where the interpolation
is rather performed by the deep neural network. On the other hand, we note that
the function (T, k) — o~ (0; T, k) (for fixed model parameters 0) is usually a very well
understood smooth function.

* Indeed, this very same structure induces a reduction of variance in the training data
for the grid-based approach as compared to the pointwise approach. Overall, in the
grid-wise approach, the network can be trained on a (remarkably) small number of Mote
Carlo paths, as the same generated paths can be re-used and evaluated at different
maturities (corresponding to the points on the grid). This efficient use of MC paths
would a priori would not be possible without a fixed grid, i.e. in the pointwise method.
Formally speaking, in the image based approach only the model parameters are sampled,
while the strike and maturities of the underlying instruments are deterministic. As a side
note, keep in mind that we should always compare the two approaches based on a fixed
number Ny, of total training data.

o It is easier to take into account the structure of real financial data into the data generation
for the pointwise approach by adjusting the (random) sampling distribution on the
surface accordingly. Clearly, not all options are equally important for the purpose of
calibration, but we would like to concentrate on liquid options. The pointwise approach
is ideally suited to take into account historical numbers of liquidity: it is easy to adjust
the sampling distribution for strikes and maturities,which is the method of choice if
such considerations should be taken into account. In the grid-based approach, specific
sampling distributions as above could be mimicked (to some extent) by the choice of a
weight vector 77; € R>¢ in (9). Alternatively it could be taken into account by some hibrid
method using non-uniform, non-tensorized (or even bespoke quasirandom sampling
grids), with higher density of points in regions with higher liquidity, which however, is
beyond the scope of the current discussions.

* The image-based approach may be seen as an efficient dimension-reduction technique
as compared to the pointwise one. Of course, the price we pay is that we only learn the
values of the implied volatilities on a fix grid A of option parameters. In this example,
this price is, however, worth paying since the regularity of the volatility surface is well
understood. This implies that we know very well the number and location of grid points
required to get good fits globally in terms of the chosen interpolation.

In the particular calibration example presented in Section 4 below, the image-based approach
performed somewhat better than the pointwise approach, which indicates that the variance
and dimension reduction features may be more important than the other aspects in the above
comparison.
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Remark 5. In principle, the two-step approach is also amenable to other numerical interpolation
methods. For instance, we could also use Chebyshev interpolation to approximate model implied
volatilities such as [GKS20, GHMPI19].

Remark 6. In line with Remark 5, we note that the image-based approach (in conjunction with the
outside interpolation) is a hybrid between a pure DNN approximation such as the pointwise approach
and a standard polynomial interpolation method, such as Chebyshev approximation, see [GKS20] for
example. Of course, other, more specialized interpolation methods on the implied volatility surface
are also possible, for instance using the SVI volatility parameterization [Itk15] or using no-arbitrage
constraints [CRW20].

Remark 7. We remark that inversion of a trained DNN in the grid-base two-step approach might
help training the neural network underlying the one-step approach, for instance by providing a good
initial guess for the parameters of the neural network. Continued training with market data will,
however, certainly be necessary to take into account the model error as well as the special structure of
market data.

3 Practical implementation

We start by describing the approximation network (Step (i) of Section 2 with objective functions
(8) and (9)) and leave the discussion of calibration (Step (ii)) for Section 3.2 below. While
several related works [HLP94, CD17, McGl18| have demonstrated that learning the pricing map
(Step (i)) in the Black-Scholes model and in certain classical stochastic volatility models (such
as the lognormal SABR model in [McGl18]) can be done to a satisfactory accuracy with a single
hidden layer, the situation is-as often-more delicate in the case of rough volatility models.
Since these models are highly nonlinear nature, they also require deeper networks for an
accurate approximation of their pricing functional.

3.1 Network architecture and training

We present the architecture used for the grid-based approach in some detail, as this approach
was used for most of the numerical examples below.

1. A fully connected feed forward neural network with 3 hidden layers and 30 nodes on
each layers;

2. Input dimension = n, number of model parameters

3. Output dimension = 11 strikesx 8 maturities for this experiment, but this choice of grid
can be enriched or modified.

4. The three inner layers have 30 nodes each, which adding the corresponding biases
results on a number

(n+1)x30+2x(1+30)x30+(30+1)x88=30n+4618

of network parameters to calibrate.
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3. Practical implementation

5. We choose the Elu op, = @(e* — 1) activation function for the network and a linear
activation 0jueqr (x) = x in the output layer

The use of Elu and linear activations is motivated by the fact that we want the neural network
to be continuously differentiable in order to use gradient methods in the calibration. We train
the neural network using gradient descent, the so-called ‘Adam’ minibatch training scheme due
to Kingman and Ba [KBI15], which is a version of the Stochastic Gradient Descent algorithm.
In the following, w denotes the set of parameters - weights and biases - of a neural network
F = F(w, x). Given parameters 0 < 81, B2 < 1,¢, a, initial iterates 1y :=0, v :=0, wp € Q, the
Adam scheme has the following iterates:

m
gn1= V" Y L (Fw,o, Xpeh), F* (X))
i=1

Uns1:=Prup+ 1 - P1)8n

Uns1:= Bavn+(1—B2)g2
Un+1 1

L= o= Bpth) +e

We used the default parameters recommended in [KB15] and we chose a batch size of 32 and
iterated through 200 epochs with random shuffling in place to perform the off-line training
procedure (we refer the reader to GitHub: NN-StochVol-Calibrations for further details).

Wpt1:=Wp—a

3.2 The calibration step

Once the pricing map approximator F for the implied volatility is found, only the calibration
step is left to solve. We use the Levenberg-Marquart algorithm as presented in Section 1.

3.21 Bayesian Analysis of the Calibration

Intuitively, we are interested in quantifying the uncertainty about model parameter estimates
obtained by calibrating with the approximative implied volatility map map F. To this end,
we switch to a Bayesian viewpoint and treat model parameters 0 as random variables. The
fundamental idea behind Bayesian parameter inference is to update prior beliefs p(6) with the
likelihood p(y16) of observing a given point cloud y € RV of implied volatility data to deduce
a posterior (joint) distribution p(0 | y) over model parameters 6.

Formally, for pairs (Tj, k;) of time to maturity and log-moneyness, let an implied volatility
point cloud to calibrate against be given by

y=[n Tk, yn (T, k)] T € RN

and analogously, collect model implied volatilities for model parameters 6
FO) =[FO,T1,k),....F 0, Tn, kn)] " €RY.
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We perform a liquidity-weighted nonlinear Bayes regression. Mathematically, for heteroskedastic
sample errors 0; >0,i=1,...,N, we postulate

y=E@®) +¢, &~ (0diaga?,...,0%)),

so that for some diagonal weight matrix W = diag(wy,..., wy) € RVN*V| the liquidity-weighted
residuals are distributed as follows

W2 [y—F@0)] ~ N (0,diag(wi02,..., wno3).

In other words, we assume that the joint likelihood p(y |6) of observing data y is given by a
multivariate normal. In absence of an analytical expression for the posterior (joint) probability
p01y) x p(yl0)p(0), we approximate it numerically using MCMC techniques [FMHLGI13] and
plot the one- and two-dimensional projections of the four-dimensional posterior by means of
an MCMC plotting library [FMI16].

Remark 8. Of course, from a statistical point of view, loss functions of sum of squares form
corresponds to a normality assumption on the error distribution when interpreted as an MLE, for
instance. The normality assumption above, hence, merely mirrors the common choice of sum-of-squares
as loss function for calibration in finance.

4 Numerical experiments

4.1 Speed and accuracy of the price approximation networks

As mentioned in Section 2.2 one crucial improvement in comparison with direct neural network
approaches, as pioneered by Hernandez [Herl6], is the separation of (i) the implied volatility
approximation function, mapping from parameters of the stochastic volatility model to the
implied volatility surface-thereby bypassing the need for expensive Monte-Carlo simulations
in the on-line phase—and (ii) the calibration procedure, which (after this separation) becomes
a simple deterministic optimisation problem.

Table VIB.1 shows the CPU computation time for functional evaluation of a full surface
under the rough Bergomi model of Example VIB.l. Here, we take the forward variance &g
as constant. In a future work we take a similar approach to constract a network that can
consistently approximate a variaty of models including the rough Bergomi model with a
forward variance curve that is approximated (more generally) by piecewise constant function.

MC Pricing | NN Pricing | NN Gradient Speed up
Full Surface | Full Surface | Full Surface NN vs. MC
500.000us | 14,3ps | 47ps | 21.000—35.000

Table VIB.1: Computational time of pricing map (entire implied volatility surface) and gradients
via Neural Network approximation and Monte Carlo (MC) for the image-based approach

Table VIB.1 provides the speed of evaluating the trained neural network for the image-based
approach, the numbers for the pointwise approach are very similar. We used
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20-

Total number of parameteres: 5.668

Training set of size 34.000 and testing set of size 6.000

Rough Bergomi sample: ({o, v, p, H) € %/[0.01,0.16]x%[0.5,4.0] x% [-0.95,-0.1] x%/[0.025,0.5]
Strikes: {0.5,0.6,0.7,0.8,0.9,1,1.1,1.2,1.3,1.4,1.5}

Maturities: {0.1,0.3,0.6,0.9,1.2,1.5,1.8,2.0}

Training data samples of Input-Output pairs are computed using Algorithm 3.5 in Hor-
vath, Jacquier and Muguruza [HJM17] with 60.000 sample paths and the spot martingale
condition i.e. E[S;] = S, £ =0 as control variate.

2.50%
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2.00%

1.75% : 4.0%
150% £ o
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Figure VIB.2: Error metrics for prices in the rough Bergomi model computed using

Monte Carlo evaluations.
As benchmark we recall relative errors of Monte Carlo prices computed across 34,000 random

parameter combinations of the Rough Bergomi model. Relative errors are reported in terms of
Average-Standard Deviation-Maximum (Left-Middle-Right) on implied volatility surfaces in
the Rough Bergomi model, computed using 95% confidence intervals.

Figure VIB.2 reports the Monte Carlo errors of the training set as a reference. Figure VIB.3
show that the average (across all parameter combinations) relative error® between neural
network and Monte Carlo approximations is far less than 0.5% consistently (left image in
Figure VIB.3) with a standard deviation of less than 1% (middle image in Figure VIB.3).
Nevertheless, the maximum relative error goes as far as 25%. As previously stated, the beauty
of this approach is the ability to asses whether the approximation is suitable and if not, where
exactly fails or is more delicate. In this case, we observe that the approximation is less precise
for short maturities and deep out-of-the-money/in-the-money options. Theses errors are
consistent with the errors of the Monte Carlo training set.

3Relative here is computed here as leNN(T, k) - UMC(T, k)l/lchC(T, k)|.
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Figure VIB.3: Error metrics for prices in the rough Bergomi model computed using the

neural network approximation.

We compare surface relative errors of the neural network approximator against the Monte Carlo
benchmark across all training data (34.000 random parameter combinations) in the rough
Bergomi model. Relative errors are given in terms of Average-Standard Deviation-Maximum

(Left-Middle-Right).

&= 0.06, v=1.99, p=-0.39 , H= 0.07

£=0.08, v=3.88, p=-0.72 , H= 0.36

06 s

-0.2
'W’W"eynesf ° o

04

Figure VIB.4: Quality of fit of the neural network approximation.
The Figure illustrates the distribution of the approximation error in space after the interpolation

to a full implied volatility surface in two examples of model parameter choice.
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4. Numerical experiments

4.2 Calibration speed and accuracy

To demonstrate the advantage of our two-step approach we obtain calibration times less than
40 milliseconds for the full implied volatility surface in the rough Bergomi model, which
was notoriously slow to calibrate (several seconds) by Monte Carlo methods due to its non-
Markovian nature. Note that these calibration times become much lower (usually under 10
milliseconds) for Markovian stochastic volaility models. This considerable speedup is due to
the 21000-35000 factor speedup (reported in Tabe 1) of the approximation network.

In order to asses calibration the accuracy compared to synthetic data in a controlled experiment,
the accuarcy of calibrated model parameters 6 compared to the synthetically generated data
with the set of parameters 6 that was chosen for the generation of our synthetic data. We
measure the accuracy of the calibration via parameter relative error i.e.

as well as the root mean square error (RMSE) with respect to the original surface i.e.

RMSE®) = J > Y (F©):; - oMK (T, k)))2.
i=1j=1

Therefore, on one hand a measure of good calibration is a small RMSE. On the other hand,
a measure of parameter sensitivity on a given model is the combined result of RMSE and
parameter relative error. For this set of tests, we again restrict ourselves to the image-based
approach for learning the price (implied volatility) function in the model.
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Figure VIB.5: Calibration relative error per parameter in the test set in the rough Bergomi
model.

Figures VIB.5 shows relative errors after calibration via Levengerg-Marquardt in the rough
Bergomi model. We observe that largest errors are concentrated for small H or small vol of
vol v situations. Naturally, the relative error is more sensitive around 0 as well. Once again, we
emphasise that by understanding the error zones of the pricing function P (see Figure VIB.3)
along with parameter relative errors in Figure VIB.5, we are able to asses its quality and detect
parameter configurations that might yield a lower performance of the calibration process.
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Empirical CDF of parameter relative error
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Figure VIB.6: Parameter calibration error for the rough Bergomi model using the two-
step approach.

Cumulative Distribution Function (CDF) of rough Bergomi parameter relative errors (left)
and RMSE (right) after Levengerg-Marquardt calibration across test set random parameter
combinations.

To finalise our analysis, Figure VIB.6 shows that the 99% quantile of the RMSE is below 1%,
even though parameter relative errors might be higher (see VIB.5 as well), particularly when
the parameters are close to 0. Notably, the maximum RMSE across the full surface (i.e. the 88
grid points) is below 4%, which suggests a surprisingly good accuracy.

4.3 A Bayes calibration experiment

We next test the deep calibration procedure using the Bayesian point of view sketched in
Section 3.2.1. Here, we use the pointwise approach for learning the model implied volatility
map. We perform two experiments. First, fixing 6 = 0, we generate a synthetic implied
volatility point cloud

Ysynth = [P(GT,T1,k1),...,P(9T,TN,kN)] erRN

using Monte Carlo simulation as in Section 4.2 above. Next, we perform a non-weighted
Bayesian calibration against the synthetic surface and collect the numerical results in Figure
VIB.7.

More precisely, the figure shows histograms from the posterior distribution of the one-
dimensional marginal distribution of the (four-dimensional) parameter 0 in the rough Bergomi
model, together with contour plots of all pairs of two-dimensional marginal distributions
based on kernel density estimates of the joint densities. The titles of the histogram-windows
report the empirical medians together with the differences to the 2.5% and 97.5% quantiles,
respectively. The dashed lines in the histogram plots show those quantiles.

If the map F is sufficiently accurate for calibration, the computed posterior should attribute
a large probability mass around 7. The results in Figure VIB.7 are quite striking in several
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Vo = 0.010#991

_J H = 0.069+3313

n=2.041*3134

.-r"j p=-0.855:3338

Figure VIB.7: Bayes calibration against synthetic implied volatility surface.
Solid vertical blue lines indicate true parameter values.

ways: (1) From the univariate histograms on the diagonal it is clear that the calibration routine
has identified sensible model parameter regions covering the true values. (2) Histograms are
unimodal and its peaks close or identical to the true parameters. (3) The isocontours of the 2d
Gaussian KDE in the off-diagonal pair plots for (, H) and (1, p) show exactly the behaviour
expected from the reasoning in the last section: Since increases or decreases in one of 1, H or
p can be offset by adequate changes in the others with no impact on the calculated IV, the
Bayes posterior cannot discriminate between such parameter configurations and places equal
probability on both combinations. This can be seen by the diagonal elliptic probability level
sets.

In a second experiment, we want to check whether the inaccuracy of F allows for a suc-
cessful calibration against market data. To this end, we perform a liquidity-weighted Bayesian

regression against SPX implied volatilities from 19th May 2017. For bid and ask IVs a; >0
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Figure VIB.8: Liquidity-weighted Bayes calibration against SPX market implied volatility
surface from 19th May 2017.
Liquidity proxies given by inverse bid-ask-spreads.

and b; > 0 respectively, we proxy the IV of the mid price by m; := %bl With spread defined
by s; = a; — b; =2 0, all options with s;/m; = 5% are removed because of too little liquidity.
Weights are chosen to be w; = aiT;m =0, effectively taking inverse bid-ask spreads as a proxy
for liquidity. Finally, o; are proxied by a fractional of the spread s;. The numerical results in
Figure VIB.8 further confirm the accuracy of F: (1) As can be seen on the univariate histograms
on the diagonal, the Bayes calibration has again identified sensible model parameter regions
in line with what is to expected. (2) Said histograms are again unimodal with peaks at or close
to values previously reported in the literature. (3) Quite strikingly, at a first glance, the effect
of the diagonal probability level sets in the off-diagonal plots as documented in Figure VIB.7
cannot be confirmed here. However, the scatter plots in the diagrams do reveal some remnants

of that phenomenon.
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VIB.A A numerical experiment with the inverse map

To motivate the main drawbacks of the inverse map approach of Section 2.1, we calibrate rough
Bergomi model with it, i.e., we consider the simple map

- g™ — o, ¥, 6, D)

;Bsergoml e R™™ is a rBergomi implied volatility surface and (fo,f/, 0, H) the optimal

solution to the corresponding calibration problem.

where X

Remark 9. For simplicity we consider the strikes and maturities to be fixed for all implied volatility
surfaces.

Inverse Map Architecture

* 1 convolutional layer with 16 filters and 3 x 3 sliding window

» MaxPooling layer with 2 x 2 sliding window

* 50 Neuron Feedforward Layer with Elu activation function

* Output layer with linear activation function

¢ Total number of parameters: 10.014

e Train Set: 34.000 and Test Set: 6.000

e (&o,v,p,H)€90.01,0.16] x %[0.3,4.0] x % [-0.95,—0.1] x %[0.025,0.5]

* strikes={0.5,0.6,0.7,0.8,0.9,1,1.1,1.2,1.3,1.4,1.5}

e maturities={0.1,0.3,0.6,0.9,1.2,1.5,1.8,2.0}

 Implied volatilities computed using Algorithm 3.5 in Horvath, Jacquier and Muguruza
[HJM17] with 60.000 sample paths and the spot martingale condition i.e. E[S;] = Sy, =0
as control variate.
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Figure VIB.9: Out of sample relative errors per parameter calibration.

Figure VIB.9 shows that, indeed it is possible to approximate the inverse map and very sharply
calibrate model parameters with a relatively small network. Convolutional networks make
sense in this context, since a implied volatility surface has many features both in the strike
and maturity direction that can be extracted, similar to image recognition problems. Notice
also that the biggest error come from parameter configurations where the Monte Carlo input
is more delicate i.e. very small H or very small volatility. Hence, the shape of the errors is
intuitively natural and expected beforehand.
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Out of sample performance of the approach

Let us now consider a more substantial variation of our out-of-sample data. We now do
not only present implied volatilities to the neural network which have been generated from
parameter configurations that are “unseen” by the network, but instead, the presented implied
volatitlites are generated by a different model than the one that has been used in the training
phase. By this variation we would like to illustrate the scenario of a more substantial regime
change in the market. To this end we do not use a rough Bergomi model for the out of sample
surfaces but instead generate implied volatility surfaces using the 2-factor Bergomi model,
which is described by the stochastic dynamics

1
dXt = ——tht'i' vV thWt

2
(10)
Vi=¢o(D)& (V

t t
(1—9)[ exp(—KX(t—s))dZS+9f exp(—Ky(t—s))dYs)),
0 0

where W, Y and Z are correlated standard Brownian motions. We run two experiments: one
with the one-step inverse map approach in Figure VIB.10 and one with the two-step approach
in Figure VIB.1L. In the first experiment we present smiles from the model (10) to our (one-step)
neural network as out-of-sample (input) data and seek to obtain the corresponding optimal
(rough Bergomi) parameters to the presented implied volatilities as an output. The benchmark
used in these experiments is a standard calibration routine where (rough Bergomi) prices are
obtained by Monte Carlo (MC) simulation, which is then combined with Levenberg-Marquardt
(LM) [Lev44, Mar63] algorithm to obtain the calibrated rough Bergomi paremeters. Clearly,
since we are calibrating a rough Bergomi model to a market that has already shifted and is
now described by a 2-factor Bergomi model, we expect some instances of larger calibration
errors, even for the benchmark MC-LM calibration case. Figure VIB.10 however shows that
the (ones-step) neural network performs overall visibly worse than the benchmark: While for
some samples (marked in blue) the root mean square error of the neural network calibration is
smaller than the benchmark, for the majority of the samples (orange) the neural network error
is significantly larger. However, we must emphasize that when the neural network is exposed
to familiar situations i.e. surfaces close to the ones generated by the rBergomi model it may
work just as well (or better) than the benchmark standart MC approach, see the points (in blue)
below the dashed black line in Figure VIB.10. The results by Hernandez [Herl6] also support
this conclusion. There, some out of sample scenarios (based on different historical period)
reasonably worse than the in-sample ones. Similar observations can be made here in Figure
VIB.10 This is likely due to delicate parameter configurations i.e. very low variance, where MC
suffers to obtain accurate estimates whereas the network benefits from the smoothing effect.
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Figure VIB.10: Calibration accuracy for the inverse map compared to Monte Carlo
calibration.

Stars represent the out of sample RMSE via neural network (NN) in the one-step approach
on the vertical axis and the standard benchmark calibration via Monte Carlo method (MC)
with Levenberg-Marquardt (LM) optimisation on the horizontal axis. The dashed black line
represents the identity function. Points below the identity are samples where the neural network
one-step approach has outperformed the Monte-Carlo benchmark. These are highlighted in
blue. The majority of the sample are above the identity line marked orange represent samples
where the neural network one-step approach generated a significantly larger error than the
benchmark.

The one-step approach does not generalise the problem to all possible settings, only the ones
already observed in the (non-stationary) data. By design it is not possible to train IT"! on
all possible (arbitrage-free) market scenarios. Moreover, there is a lack of understanding in
the highly non-trivial function IT1"!, hence from a risk-managing perspective is more difficult
to justify the use of this inverse approach than of the direct approach. On the contrary,
Figure VIB.1l reproduces the same experiment with the two-step approach. As expected, by
construction the two-step approach solves the calibration problem for any market condition.
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Figure VIB.1l: Calibration accuracy for the two-step approach compared to Monte Carlo
calibration.

Stars represent the out of sample RMSE via neural network (NN) using the two-step approach
and brute force Monte Carlo (MC) on different samples. The dashed black line represents the
identity function. Points below the identity are samples where the neural network one-step
approach has outperformed the Monte-Carlo benchmark and represented in blue. Points above
the identity represent samples where the neural network one-step approach underperformed
and represented in orange.

We believe that these differences highlighted in the graphs above are not due to some inherent
flaw of the one-step model architecture, but rather due to the structures of the data: due to
non-stationarity effects in markets, an unprecedented behaviour may be difficult to reproduce
directly in the learned network, depending on the training data previously provided to the
network. Therefore, we would like to emphasize here that the above experiments should by no
means suggest that the one-step approach should be abandoned all together, but rather that
the merit of that approach lies in situations, where data should take a more central role rather
than-as we suggest here-using the DNN as a speedup for pricing.
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xi0 004

Figure VIB.12: Influence of model parameters on the implied volatility surface in the
rough Bergomi model.

VIB.B Illusration of model parameters & the pricing engine in
the rBergomi model

We showcase here the influence of the model parameters in the rough Bergomi model on the
shape of the implied volatility surface using the hands-on pricing engine we generated via the
DNN of step (i) for the rough Bergomi model. Our findings are in line with asymptotic results
presented in [BFG*19] and with [MP18] for the role of the model parameters.

The model parameters v, p and H correspond to the smile (v), skew (p) and the explosion (H)
parameters of the surface, while ¢ is the one-point approximation of the forward variance.
The images illustrate that the parameters v and H influence the slope of the smile, and an
explosive behaviour for short maturities can be achieved (without calibrating slice by slice)
with a single surface if the Hurst parameter is H << % And finally, as usual in stochastic
volatility models, the parameter p introduces skewness in the surface as illustrated below.
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Titre : Le processus de formation de prix multivarié et 'impact croisé

Mots clés : microstructure des marchés, cross-impact, couts de transaction

Résumeé : cette these comprend six parties. La premiére lie les flux
d’'ordres anonymes et les variations de prix a I'aide de modeles d’'impact
croisé statiques et linéaires. Nous énumérons les propriétés souhaitables de
ces modéles, caractérisons ceux qui les satisfont et les testons sur diffé-
rents marchés. La deuxiéme partie étend cette approche aux produits dé-
rivés afin d’obtenir une méthode d’estimation pour I'impact croisé que nous
appliquons aux options SP500 et aux contrats a terme VIX. Dans la troisieme
partie, nous généralisons les modéles précédents pour prendre en compte
l'influence des ordres passés sur les prix. La quatrieme partie utilise des don-
nées de méta-ordres sur les actions et les contrats a terme pour proposer
une formule d’impact croisé qui généralise la loi de la racine carrée de I'im-
pact. Dans la cinquiéme partie, nous présentons un modele tick-par-tick pour
la dynamique des prix multivariés en utilisant les processus de Hawkes. La
derniére partie résout le probleme de la calibration des modeéles de volatilité
en utilisant des réseaux de neurones. La premiere partie étudie les modeles
statiques linéaires pour I'impact croisé. Ces modéles dépendent des cova-
riances des transactions et des prix. Nous introduisons des propriétés pour
qu’un modeéle se comporte correctement dans différentes conditions de mar-
ché. Nous montrons qu'il existe un seul modéle qui satisfait toutes ces pro-
priétés. Nous appliquons différents modeles sur des actions et des contrats
a terme. Le modéle précédent est 'un des deux modéles robustes sur les
marchés étudiés. Il s’agit donc d’un bon candidat pour une vision unifiée du
processus de formation des prix. La deuxieme partie généralise I'approche
précédente aux produits dérivés. Nous dérivons une méthode d’estimation
pour I'impact croisé a partir de covariances de faible dimension. Sur des
données de produits dérivés sur le SP500 et des contrats a terme VIX, le
modéle explique en partie les fluctuations du sous-jacent et de la surface

de volatilité¢ implicite. Dans la deuxiéme partie, nous étudions des modeles
linéaires a noyaux pour l'impact croisé. Nous examinons deux classes de
modéles : ceux qui anticipent le flux d’ordres pour fixer des prix martingale et
ceux qui empéchent I'arbitrage statistique. Nous montrons qu'’il existe au plus
un noyau appartenant aux deux classes mais qu'’il n'empéche pas nécessai-
rement I'arbitrage. Pour résoudre ce probleme, nous introduisons un second
noyau qui empéche l'arbitrage statistique et qui est le plus proche possible
a donner des prix martingale. Enfin, nous calibrons ces noyaux sur des don-
nées de contrats a terme. La troisiéme partie mesure I'impact croisé avec
deux bases de données d’ordres envoyés par des gestionnaires d’actifs sur
des actions et des contrats a terme. Nous proposons une formule pour I'im-
pact croisé qui généralise la loi de la racine carrée et donne des prédictions
plus précises sur nos données. Dans la quatriéeme partie, nous modélisons le
processus de prix tick-par-tick avec des processus de Hawkes. Pour capturer
'endogénéité des marchés financiers, nous étudions la limite ou la norme Lt
du rayon spectral du noyau de Hawkes devient égale a un. Certains modeles
de volatilité rugueuse multivariée émergent alors comme la limite macrosco-
pique de la dynamique microscopique des prix. Le processus de volatilité de
ces modeles est une combinaison de facteurs de variance entrainés par un
mouvement brownien fractionnaire d’indice de Hurst commun. Enfin, la der-
niere partie de cette thése examine la calibration des modéles de volatilité
a l'aide de réseaux de neurones. Nous approchons la fonction donnant les
prix des contrats a partir des parametres du modele en utilisant des réseaux
de neurones. Cette approximation est ensuite utilisée pour obtenir les para-
meétres du modéle a partir de prix de marché des contrats. Nous mettons en
évidence I'applicabilité de la méthode en utilisant des données de marché
synthétiques et réelles.

Title : The multivariate price formation process and cross-impact

Keywords : market microstructure, cross-impact, transaction costs

Abstract : Tnis thesis comprises six parts. The first relates anonymous
order flow and price changes using static, linear cross-impact models. We list
desirable properties of such models, characterise those which satisfy them
and test their predictions on different markets. The second part extends this
approach to derivatives to obtain a tractable estimation method for cross-
impact which is applied to SP500 options and VIX futures. In the third part,
we generalise the previous setup to derive and estimate cross-impact mo-
dels which account for the influence of past trades on current prices. The
fourth part uses meta-order databases on stocks and futures to propose a
formula for cross-impact which generalises the square-root law of market im-
pact. In the fifth part, we propose a tick-by-tick model for price dynamics using
Hawkes processes. We investigate scaling limits of prices in the high endo-
geneity regime to derive multivariate macroscopic price dynamics of rough
Heston type. Finally, the last part solves the calibration problem of volatility
models using neural networks. In the first part, we study linear cross-impact
models which relate asset prices to anonymous order flow. These models
are functions of the covariances of these variables. We introduce properties
models should satisfy to behave well across market conditions and show that
there exists a unique model which satisfies all such properties. We apply mo-
dels on stocks and futures and find that the latter model is one of two robust
across markets. Thus, it is a good candidate model for a unifying view of the
price formation process on stocks and futures. The second part leverages the
candidate model identified in the first part to extend the previous setup to de-
rivatives. We derive an estimation method for the large cross-impact matrix
which depends on low-dimensional covariances. Using SP500 options and
VIX futures data, we show cross-impact captures salient features of the price
formation process on derivatives. The second part examines cross-impact

kernels, which account for the lasting influence of past trades on current
prices. We focus on two kernel classes : kernels that anticipate future order
flow to set martingale prices and those that prevent statistical arbitrage. We
show that there is at most one kernel belonging to both classes. This kernel
sets martingale prices but may not prevent arbitrage. To fix this, we introduce
a methodology to obtain a second kernel which prevents statistical arbitrage
and is the closest to setting martingale prices. Finally, we derive a calibra-
tion methodology for both kernels and apply it to futures data. The third part
measures cross-impact from using two databases of proprietary orders sent
by asset managers on U.S stocks and futures. These databases allow us to
study the cross-impact of individual investor orders. We propose a formula for
cross-impact which generalises the square-root law to account for price and
order correlations. On both stocks and futures, we find that this generalisation
gives more precise predictions than the square-root law. In the fourth part, we
model the tick-by-tick price process using Hawkes processes. To capture the
high endogeneity of financial markets, we investigate the limit where the L*
norm of the spectral radius of the Hawkes kernel goes to one. We show that
some multivariate rough volatility models emerge as the macroscopic limit of
the microscopic price dynamics. In these models, volatility is a combination
of underlying variance factors, each driven by a fractional Brownian motion of
common Hurst index. Finally, the last part examines the calibration of volatility
models by using neural networks. We first approximate the map from model
parameters to contract prices using neural networks. This approximation can
then be used to recover model parameters given market prices of contracts.
We highlight the applicability of the method using synthetic and real market
data.
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