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"Sometimes I'll start a sentence and
I don’t even know where it’s going.

I just hope I find it along the way."

Michael Scott, The Office (US).






Abstract

Learning from time-dependent streaming data with online stochastic algorithms

In recent decades, intelligent systems, such as machine learning and artificial intelligence, have
become mainstream in many parts of society. However, many of these methods often work in a batch
or offline learning setting, where the model is re-trained from scratch when new data arrives. Such
learning methods suffer some critical drawbacks, such as expensive re-training costs when dealing
with new data and thus poor scalability for large-scale and real-world applications. At the same
time, these intelligent systems generate a practically infinite amount of large datasets, many of which
come as a continuous stream of data, so-called streaming data. Therefore, first-order methods with
low per-iteration computational costs have become predominant in the literature in recent years, in
particular the Stochastic Gradient (SG) descent [124]. These SG methods have proven scalable and
robust in many areas ranging from smooth and strongly convex problems to complex non-convex
ones, which makes them applicable in many learning tasks for real-world applications where data
are large in size (and dimension) and arrive at a high velocity. Such first-order methods have been
intensively studied in theory and practice in recent years [21]. Nevertheless, there is still a lack of
theoretical understanding of how dependence and biases affect these learning algorithms.

A central theme in this thesis is to learn from time-dependent streaming data and examine how
changing data streams affect learning. To achieve this, we first construct the Stochastic Streaming
Gradient (SSG) algorithm, which can handle streaming data; this includes several SG-based meth-
ods, such as the well-known SG descent and mini-batch methods, along with their Polyak-Ruppert
average estimates [118, 129]. The SSG combines SG-based methods’ applicability, computational
benefits, variance-reducing properties through mini-batching, and the accelerated convergence from
Polyak-Ruppert averaging. Our analysis links the dependency and convexity level, enabling us to
improve convergence. Roughly speaking, SSG methods can converge using non-decreasing streaming
batches, which break long-term and short-term dependence, even using biased gradient estimates.
More surprisingly, these results form a heuristic that can help increase the stability of SSG methods
in practice. In particular, our analysis reveals how noise reduction and accelerated convergence
can be achieved by processing the dataset in a specific pattern, which is beneficial for large-scale
learning problems.

At last, we propose an online adaptive recursive estimation routine for Generalized AutoRegres-
sive Conditional Heteroskedasticity (GARCH) models called AdaVol. The AdaVol procedure relies
on stochastic algorithms combined with Variance Targeting Estimation (VTE); AdaVol has com-
putationally efficient properties, while VTE overcomes some convergence difficulties due to the lack
of convexity of the Quasi-Maximum Likelihood (QML) procedure. Empirical demonstrations show
favorable trade-offs between AdaVol’s stability and its ability to adapt to time-varying estimates.

Keywords: stochastic optimization, machine learning, stochastic algorithms, online learning,

streaming, time-dependent data






Résumé

Apprentissage a partir de données en continu dépendant du temps avec des

algorithmes stochastiques en ligne

Au cours des derniéres décennies, les systémes intelligents, tels que ’apprentissage automatique
et I'intelligence artificielle, se sont imposés dans de nombreux secteurs de la société. Cependant, bon
nombre de ces méthodes fonctionnent souvent dans un cadre d’apprentissage batch ou hors ligne,
ol le modéle est réentrainé a partir de zéro lorsque de nouvelles données arrivent. Ces méthodes
d’apprentissage présentent des inconvénients majeurs, tels que des cotlits de réentrainement élevés en
cas de nouvelles données, et donc une faible adaptabilité aux données massives et en pratique. Dans
le méme temps, ces systémes intelligents générent une quantité pratiquement infinie de grands jeux
de données, dont beaucoup se présentent sous la forme d’un flux quasi-continu de données, appelé
streaming. C’est pourquoi les méthodes du premier ordre a faible coiit de calcul par itération
sont devenues prédominantes dans la littérature ces derniéres années, en particulier la descente de
gradient stochastique (SG) [124]. Ces méthodes SG sont adaptées et robustes dans de nombreux
domaines allant de problémes lisses et fortement convexes aux problémes complexes non convexes,
ce qui les rend applicables & de nombreuses téches d’apprentissage pour des applications réelles ou
les données sont de grande taille (et de grande dimension) et arrivent a une vitesse élevée. Ces
méthodes du premier ordre ont été intensivement étudiées en théorie et en pratique au cours des
derniéres années [21]. Néanmoins, il y a encore un manque de compréhension théorique sur la fagon
dont la dépendance et le biais affectent ces algorithmes d’apprentissage.

Un théme central de cette thése est d’apprendre & partir de données en streaming dépendantes
du temps et d’examiner comment les flux de données changeants affectent ’apprentissage. Pour y
parvenir, nous construisons d’abord ’algorithme de gradient stochastique en streaming (SSG), qui
peut gérer des données quasi-continues ; il comprend diverses méthodes SG, telles que la descente
SG (c’est-a-dire I'algorithme de Robbins-Monro), les méthodes SG a mini-batch, ainsi que leurs
estimations moyennes Polyak-Ruppert [118, 129]. La descente SSG combine lapplicabilité des
méthodes fondées sur les SG, les avantages en termes de calcul, les propriétés de réduction de la
variance grace au mini-batching, et la convergence accélérée grace a la moyénisation de Polyak-
Ruppert. Notre analyse repose sur le niveau de dépendance et de convexité du probléme, et nous
permet d’améliorer la convergence. En résumé, les méthodes SSG peuvent converger en utilisant des
mini-batchs de tailles croissante en streaming, qui rompent la dépendance a long terme et a court
terme, et ce, méme en utilisant des estimations de gradient biaisées. De maniére plus surprenante,
ces résultats forment une heuristique qui peut aider & augmenter la stabilité des méthodes SSG en
pratique. En particulier, notre analyse révéle comment une réduction du bruit et une convergence
accélérée peuvent étre obtenues en traitant I’ensemble de données selon une procédure spécifique,
ce qui est bénéfique pour les problémes d’apprentissage & grande échelle.

Enfin, nous proposons une méthode d’estimation récursive adaptative en ligne pour les modéles
GARCH appelée AdaVol. La procédure AdaVol repose sur des algorithmes stochastiques combinés
a la méthode de ciblage de la variance (VTE) ; AdaVol présente des propriétés efficaces sur le
plan du calcul grace a la VTE qui permet de surmonter certaines difficultés de convergence dues au
manque de convexité de la procédure de vraisemblance quasi-maximale (QML). Des démonstrations
empiriques montrent des compromis favorables entre la stabilité d’AdaVol et sa capacité a s’adapter
a des estimations variant dans le temps.

Mots clés: optimisation stochastique, apprentissage automatique, algorithmes stochastiques, ap-

prentissage en ligne, streaming, données dépendantes
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Chapter 1: Introduction
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1.1.2  Contributions and Outline of Thesis . . . . . ... ... ... ... 6
1.2 Stochastic Optimization for Streaming Data . . . . . . .. ... .. .. .. 7
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1.2.2  Stochastic Streaming Gradients . . . . . . . . ... ... ... ... 9
1.2.3  Beyond Stochastic Streaming Gradients . . . . ... ... .. ... 10
1.3 Non-asymptotic Analysis of Stochastic Streaming Gradient Estimates . . . 11
1.3.1  Mathematical Framework . . . ... .. ... ... ... ... .. 12
1.3.2  Learning from Streaming Data . . . . . . ... ... ... ..... 13
1.3.3  Learning from Time-dependent Streaming Data . . . . . . . .. .. 17

1.1 Learning from Streaming Data

Machine learning and intelligent systems have become an integral part of modern society, e.g.,
through online learning, deep learning, reinforcement learning and supervised learning [59, 70,
71, 140]. This interest is particularly driven by readily available datasets of enormous size and
increasingly powerful and cheaper computer systems. Many of these systems follow the traditional
learning scheme where we observe an entire dataset, build our model and then predict/label new
observations, e.g., see the left-hand side of Figure 1.1. At the same time, the use of these intelligent
systems generates a practically infinite amount of large-scale datasets, many of which come as a
continuous data stream, so-called streaming data, such as internet traffic (e.g., tweets, search engines,
advertising), self-driving cars, financial investments, weather data, or other sensor data [1, 87, 90|.
These data streams should be processed sequentially with the property that the data stream may
change over time. To be able to distinguish between these, we introduce streaming learning. In
streaming learning, we assume that data arrives sequentially over time, in which we update our
models during this continuous influx of data, e.g., see right-hand side of Figure 1.1.

Streaming data arrives as an endless sequence of samples (data points), which means that at any
given time, the model must be able to adapt to the samples observed (so far) to predict/label new
samples accurately. Such streaming models can never be seen as complete but must be updated
continuously as newer samples arrive. Methods that recalculate the model from scratch on the
arrival of new samples are impractical due to their high computational cost. Therefore we need
procedures that effectively update the model as more samples arrive. This computational efficiency

should not be at the expense of accuracy; the model’s accuracy should be close to that achieved if



Chapter 1

O—

Figure 1.1: Learning schemes: large- and small-scale learning vs. learning from streaming data.

we built a model from scratch using all the samples [20].

Machine learning is rooted in statistics and is highly dependent on the efficiency of numerical
algorithms. One of the main ingredients in machine learning is to choose the optimization method.
The optimization model must numerically estimate the parameters of a given model so that the
model can make accurate decisions based on future data. These model parameters must be selected
optimally for a given learning problem based on currently available data. Traditional gradient-based
batch approaches can effectively solve small learning problems but are unfeasible for streaming (and
large-scale) learning problems [19]. Therefore, there is a need for effective optimization methods that
process data samples at low computational costs while having sufficient theoretical guarantees. This
setting goes beyond the traditional optimization methods [37, 78], which gives first-order gradient
methods an important role.

A hallmark of learning from streaming data (or large-scale learning) is the uncertainty from
limited (or no) access to accurate information about incoming data. This can be implemented by
assuming that the objectives of the optimization are stochastic, leading to Stochastic Optimization
(SO) [102]. Solving the SO problem in a streaming framework means we approach the objective
using the gradually arriving samples drawn according to an unknown process. Stochastic algorithms,
such as the Stochastic Gradient (SG) descent [124], have been one of the core methods of efficiently
dealing with SO problems. Since then, much work has been done to analyze, improve and develop
methods dealing with stochasticity |21, 54, 89, 101]. An essential extension is Polyak-Ruppert
averaging [118, 129]; this technique sequentially aggregates the estimates, which leads to a smoother
curves (i.e., variance reduction in the estimation trajectories), and accelerates the convergence.

The classical analyses of SO problems typically require unbiased gradients drawn independently
and identically distributed (i.i.d.) from some underlying (and unknown) data generation process
[34]. However, in practice, learning often involves a data-generating process that produces highly
dependent data samples, which are known to heavily bias the SO problem and slow down the con-
vergence of learning; these time-dependent streaming data could, e.g., be meteorological or financial
time series. Nevertheless, stochastic algorithms for dependent data are not as well understood as for

i.i.d. data. Stochastic algorithms can converge even when they only have access to biased gradients,
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but most analysis has been developed with specific applications in mind [4, 15, 37, 40, 130]. Yet,
some researchers have examined the convergence of stochastic algorithms these difficult settings,
e.g., see Agarwal and Duchi [3], Karimi et al. [79].

While the above works utilized concepts of data dependence to characterize different stochastic
algorithms over dependent data, there is still a lack of theoretical understanding on how different
levels of data dependence affects these algorithms. In particular, the learning scheme of stochastic
algorithms critically affects the bias and variance of the learning process. In fact, under i.i.d. data
and convexity, we have shown that SG-based methods achieves only slightly improved convergence
bounds by using constant mini-batch vs. single batch [57]. However, these learning schemes may
lead to substantially different convergence behaviors over highly dependent data, as the gradients
are no longer unbiased estimates. Therefore, it is vital to understand the interplay between data
dependence and stochastic algorithms. In this thesis, we go beyond these standard assumptions
by allowing dependent and biased gradients. Specifically, we study convergence rates of stochastic
algorithms over a broad spectrum of data dependence levels under various streaming schemes,
including mini-batch and averaged mini-batches.

Organization. In this introduction, we summarize this thesis’s main ideas and challenges. Sec-
tion 1.1.1 explains some of the benefits of SG-based methods and emphasizes where our contributions
should be placed in the literature. Next, this thesis’s contributions (and a brief description of them)
are given in Section 1.1.2. Section 1.2 presents the stochastic streaming algorithms that solve the
SO problem, namely the Stochastic Streaming Gradient (SSG) and Averaged SSG (ASSG). In addi-
tion, we highlight some of its extensions used to design optimization methods, e.g., noise/variance
reduction methods that use the power of mini-batch methods to reduce noise during optimization
and iterative averaging that improves convergence rates (Section 1.2.3). Finally, we provide a sum-
mary of the main results of this thesis (Section 1.3); here we show how our SSG and ASSG methods
overcome these challenges and achieve convergence in difficult settings with long- and short-range

dependencies, biased estimates, and changing data streams.

1.1.1 Examples of Applications

In statistics and machine learning, one often encounters the following optimization problem [70]:
let I1,...,1, be a sequence of random differentiable functions from R? to R. Our goal is to find an

approximate solution § € R? of the following optimization problem,
1 n
Ln(0) = n;zt(e). (1.1.1)

We say that L, : R — R yields the empirical risk, i.e., empirical loss. Many problems, from
classification, and regression to ranking, can be written on this form (1.1.1), e.g., see Teo et al. [141]
for examples of scalar and vectorial loss functions and their derivatives.

For example, consider the simple case where we have some samples (X¢,Y;), t = 1,...,n from

a couple of random variables (X,Y’) in X x ). Our interest is to find predictor hg : X — R over
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some parameterization {hg}gcra, by minimizing (1.1.1) with {;(0) = I(he(Xy), Y:) +AQ(0), where [ is
some loss function, A > 0 a regulizer parameter, and € : R — R some regularizer, e.g., the I; or Iy
regularization. The loss [ could be the quadratic loss, logistic loss, (squared) hinge loss, or Huber’s

(robust) loss, but it depends on the experiments that one wants to perform [21, 26, 31, 104, 110].

More specifically, in classification one has X = R% and Y = {—1,1}, thus, taking the hinge loss
max{0,1—Y;ho(Xs)}, ho(X:) = 67 X, and (0) = ||0]|2 one obtains the SVM problem. On the other
hand, taking the logistic loss log(1 + exp(—Y;hg(X;))) and again hg(X;) = 67 X; and Q(0) = ||0))3
one obtains the (regularized) logistic regression problem. In regression one has X = R? and ) = R,
thus, taking the squared loss (hg(X;) — Y;)?, ho(X;) = 07 X, and ©(6) = 0 one obtains the vanilla
least-squares problem. This problem can be rewritten in vector notation as mingega[ X6 — Y2,
where X € R™*? is the matrix with X; the t’th row and Y = (Y7,...,Y,)7. Hence, with Q(6) = ||6]|3
one obtains the ridge regression problem, while with ©(6) = ||6]|; this is the LASSO problem [142].
The regularizer () can be seen as a simple convex function that, when added to a non-convex loss
function [, may convexifies it, thereby helping gradient-based optimization techniques avoid poor

solutions at its saddle points or flat areas.

In addition to these simple methods, there are many other more complex methods, such as
those for linear/non-linear time series. These methods have been successfully used in a wide range
of applications due to their ability to describe or predict time-varying (dependent) processes, e.g.,
the AutoRegressive (AR), Moving-Average (MA), and AutoRegressive Moving-Average (ARMA)
models are the most well-known models for time series [25, 30, 66]. Standard time series analysis
often relies on independence and constant noise, but it can be relaxed by, e.g., the AutoRegressive
Conditional Heteroskedasticity (ARCH) model [45].

Let us give some examples of (1.1.1) with our notation: let (Z;) denote some real-valued time
series. For an AR(d) model our interest is in explaining Y; = Z; using the explanatory values
X, = (Z4-1,...,Zt—q). In other words, an AR model explains the variable of interest by a linear
combination of past values of the variable, whereas a multiple regression model explains the variable
of interest by a linear combination of predictors. A reasonable measure could be to compare to the
best possible AR model, i.e., at time ¢, we make a prediction hy(X;) = Z?Zl 0;Z;_;, after which Y}
is revealed, and we suffer a loss I;(0) = (Y; — ho(X¢)?, where 8 = (01, ...,0,) are the coefficients.

Another example could be an ARCH(d) model, e.g, see Francq and Zakoian [48]: in this case,
we are interested in predicting the volatility of Z; (i.e., Y; = Z7) using the explanatory values X; =
(Z%,...,Z% ;). Thus, an ARCH(d) process with parameters § = (w,aq,...,a4) has ho(X;) =
w+ Z?Zl a;Z? ;. The natural estimator for € is the Quasi-Maximum Likelihood Estimator (QMLE)
due to its theoretically appealing properties and robustness to extreme values, e.g., see Patton [113].
This means we are considering Quasi-Likelihood (QL) losses of form [;(0) = log hg(X¢)+Y;?/ho(X¢).
However, the concavity of the QL loss raises some issues, which we will return to in Chapter 4.

More sophisticated models such as ARMA, ARIMA, and Generalized ARCH (GARCH) are
studied in Anava et al. [7], Liu et al. [92], Werge and Wintenberger [150]. In Chapter 4, we
propose an online adaptive estimation routine for GARCH models called AdaVol. AdaVol uses
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online stochastic algorithms to estimate the parameters of a GARCH model using the QMLE. More
generally, online learning algorithms of (both stationary and non-stationary) dependent time series
have been studied in Agarwal and Duchi [3], Wintenberger [152].

To sum up, the optimization problem in (1.1.1) contains numerous models, whether we want to
incorporate dependency or not. Even though (1.1.1) may look remarkably simple, it ranges widely.
We will see several different examples of (I;) over the following chapters; in particular, we will

consider each [; as a varying block of streaming data, i.e., a streaming batch of varying size.

Computational Trade-offs by Stochastic Gradient Methods

Let us now illustrate the computational advantages of stochastic gradient-based methods. For
this purpose, we introduce some fundamental gradient-based optimization algorithms to minimize
the empirical risk L, in (1.1.1). We are currently introducing them in the context of minimizing the
empirical risk L,, but our later analysis will focus on algorithms for minimizing the expected risk
L in (1.2.4). Optimization methods can be divided into two broad categories: stochastic and batch.

Gradient-based batch optimization methods can, in their simplest form with £ € N, be defined as

0] iec, Veoli(fk—1), (mini-batch)

(1.1.2)
LS Voli(0k—1), (batch gradient)

0k = 0k—1 — Vg (Or—1), with g(0r_1) =

with 6y € R%, Cj, C {1,...,n} and (v;) is the learning rate. Solving (1.1.1) by traditional iterative
gradient-based methods (1.1.2) can be effective in solving small-scale learning problems where n
and d are small. A batch approach would have a computational cost of O(dn) per-iteration, i.e.,
O(kdn) computations after k iterations. In practice, one would instead use an iterative mini-batch
method in which a subset of samples C} is chosen randomly in each iteration. A mini-batch have
a computational costs of O(|Ck|d) per-iteration, i.e., O(k|Ck|d) computations after k iterations.
These (mini-)batch approaches will converge quickly, but these approaches are too computationally
expensive and will thus be prohibitive for streaming data (or large datasets), where n and/or d
are large, since we would have computational costs of O(kdn) (or O(k|Ck|d)) every time new data
arrives. Instead, online algorithms have been the core method of interest [71, 132], particularly the
SG descent [124], which, in the context of minimizing L,, in (1.1.1), is defined for t = 1,...,n by

9t == Ht_1 - 'ytV(;lt(é’t_l). (113)

The SG descent in (1.1.3) has a computational cost of only O(d) for each new data point, corre-
sponding to a mini-batch with |[Ckx| = 1 and k = 1, which is very cheap. These SG methods and
batch approaches have different trade-offs in computational costs and expected convergence rates.
One may ask, why have SG methods become so famous for large-scale problems? This question
requires careful consideration of the computational trade-offs between stochastic and batch methods

and a thorough investigation of their convergence capabilities [19-21].
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1.1.2 Contributions and Outline of Thesis

Main goals. The central theme of this thesis is to learn from time-dependent streaming data,
where traditional optimization techniques are unsustainable due to their high computational cost.
We want to explore SG-based methods robustness and convergence guarantees under various

settings. In short, the main objectives of this thesis are
1. To allow learning algorithms to handle streaming data,

2. To improve learning by adapting streaming learning to the hardness of the problem; the

level of dependence, noisiness, and convexity.

Chapter 2 introduces the Stochastic Optimization (SO) problem in a streaming framework.
In this streaming setting, we propose techniques for minimizing convex objectives through unbi-
ased estimates of their gradients. Our analysis extends the work of Moulines and Bach [96] to a
streaming framework. A fundamental aspect of this chapter is to explore how changing data streams
affect these techniques; this include everything from vanilla SG descent and Averaged SG (ASG)!,
mini-batch SG and ASG, to more exotic learning designs. Our main theoretical contribution is the
non-asymptotic analysis of the SSG and Averaged SSG (ASSG) method in this streaming frame-
work. Our results show a noticeable improvement in convergence rates by having learning rates that
adapt to the expected data streams. In particular, we show how to obtain improved convergence
rates robust to any data streaming rate. In addition, noise reduction can be achieved by processing
the data in a specific pattern, which is advantageous for large-scale machine learning problems.
These theoretical results are illustrated for various data streams, showing the effectiveness of the

proposed streaming algorithms.

e Godichon-Baggioni, A., Werge, N., Wintenberger, O. (2021). Non-asymptotic analysis of

stochastic approximation algorithms for streaming data. arXiv preprint arXiv:2109.07117.

Next, in Chapter 3, we investigate the SO problem in a streaming framework 57|, where the data
comes from a dependent stochastic process. We provide non-asymptotic analysis and quantify the
magnitude of achievable convergence rates under various dependency structures (sometimes leading
to divergence). Our framework covers many applications with dependence and biased gradients.
Our results build a connection between the level of dependency and convexity, enabling us to
improve convergence. Roughly speaking, SSG methods can break short-term and even long-term
dependence by using increasing batch sizes, which counteracts the dependency structures. We show
that biased SSG methods converge, and that they can converge with the same accuracy as unbiased
SSG methods if the bias is not too large. More surprisingly, our results give an explicit heuristic that
can be used in practice to help increase the stability of SSG methods. In particular, we show that
mini-batch is essential to break dependence and ensure convexity. In addition, we can accelerate

convergence by simultaneously averaging.

!The ASG estimate is referring to the Polyak-Ruppert averaging estimate [118, 129].
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e Godichon-Baggioni, A., Werge, N., and Wintenberger, O. (2022). Learning from time-dependent
streaming data with online stochastic algorithms. arXiv preprint arXiw:2205.12549.

In Chapter 4, we propose an online adaptive estimation routine for GARCH models called
AdaVol. The AdaVol procedure relies on stochastic algorithms combined with the technique of
Variance Targeting Estimation (VTE) [49]. This AdaVol method has computationally efficient
properties, while VTE alleviates some convergence difficulties encountered by the usual Quasi-
Maximum Likelihood (QML) estimation due to a lack of convexity. Empirical demonstrations show
favorable trade-offs between AdaVol’s stability and its ability to adapt to time-varying estimates.
The adaptation to time-varying parameters was a surprising advantage that appeared when we
applied our method to real-life observations.?

e Werge, N., Wintenberger, O. (2022). Adavol: An adaptive recursive volatility prediction
method. Econometrics and Statistics, 23:19-35.

During my Ph.D. first year, I worked part-time at Advestis as an Al researcher. Advestis is
an award-winning french fintech company making Al-based quantitative trading and research. My
mission at Advestis was to conduct independent research with the aim of constructing a regime-
shifting model that can distinguish between market regimes in a wide range of financial markets.
This work resulted in the paper below, where I propose an asset-independent regime-switching
model for risk-adjusted return forecasts based on hidden Markov models; a full version paper is
included in Chapter A.

e Werge, N. (2021). Predicting risk-adjusted returns using an asset independent regime-switching
model. Expert Systems with Applications, 184:115576.

1.2 Stochastic Optimization for Streaming Data

The computational complexity of an algorithm is a limited element when handling streaming
data (or large-scale datasets). The main focus of this thesis is to study stochastic algorithms for
solving stochastic optimization problems in a steaming framework. We focus on gradient-based op-
timization algorithms with convex objectives that we will analyze in a non-asymptotic way. Remark
that gradient estimates can be constructed from function values if gradients are unavailable, e.g.,
see Nesterov and Spokoiny [106]. In Section 1.2.1, we formalize stochastic optimization problems in
a steaming framework. Next, in Section 1.2.2, we define the Stochastic Streaming Gradient (SSG)
methods [57, 58] and highlight some of the main benefits of SSG methods. This section is concluded

with a preview of some advanced optimization techniques discussed in the literature (Section 1.2.3).

2 AdaVol was recently ranked third among the best probability forecasters in the M6 financial forecast competition,
e.g., see https://m6competition.com. The M6 competition will be live, lasting for twelve months, starting in
February 2022 and ending a year later in 2023. Quarterly prizes will be awarded for each of the four quarters of the
competition, of which we ranked third in the first quarter.


https://m6competition.com
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1.2.1 Problem Formulation

In statistics and machine learning, we often want to describe the behavior of a real system of
interest, usually in the form of a parameterized mathematical model |21, 70]. Therefore, we set up
a mathematical function representing how well the model describes the system of interest with the
model parameters as arguments. Throughout the thesis, we refer to this as the objective function.
We can now describe our streaming setting formally: at each time ¢ € N, a block consisting of
n¢ € N random functions l; = ({41, ...,l¢n,) arrives. The objective of the Stochastic Optimization

(SO) problem is to minimize functions of the form
L(0) = E[L(0)], (1.2.9

with respect to § € ©, where © is a closed convex set in R? and I, : © — R is some random
differentiable functions (possibly non-convex), e.g, see Boyd et al. [26], Nesterov et al. [104]. The
function L is called the objective function (and sometimes also the risk). We assume that L is
p-quasi-strongly convex and Lipschitz continuous, e.g., see definitions in Section 1.3.1. Our goal
is to find this unique global minimizer 8* € © of L. Minimization of the objective function L is
achieved without evaluating it directly but by with use of random functions Vgl ; as estimates of the
gradient of L. These random functions (l;;) can be seen as observations (or random loss functions)

depending on L and some underlying noise sequence.

An example of such a SO problem (1.2.4) can be given as follows [87]: there is an unknown
one-to-one mapping L : © — R embedded into the system by nature, which we are interested in.
Thus, in order to approximate L (and recover 6 from it), we use the gradient estimates (Vyl;),
where [; is e.g., the loss between the predicted hg(X;) and true Y; outputs, respectively; here we
assume that the prediction function hg has a fixed form and is parameterized by a real vector 8 € ©
over which the optimization is to be performed. Hence, the aim is to find 6 such that the prediction

function hg minimizes the risk L.

In order to compare our streaming methods fairly, we should always compare in terms of the
number of observations used, namely using Ny = S"_, n;, which is the (accumulated) sum of obser-
vations at time ¢. For example, for empirical risk minimization (1.1.1), one chooses the predictor by
minimizing the empirical risk over a parameterized set of predictors potentially with regularization
[89, 141, 145], e.g, for a parameterization {hg}oco, a regulizer parameter A\, and a regularizer € :
© — R, this requires to minimize Ly, (6) = N% ST 1:(0) with 1;(0) = > ity Who(Xi ), Yi i) +A0(0),
where X; = (X;1,...,Xip,) and Y; = (Yi1,...,Y;,,) are the blocks of n; observations that arrive
at each ¢ (a.k.a. streaming batches). Consequently, if n; = 1, we have the classic setting of Moulines
and Bach [96], which we described in Section 1.1.1. Whereas, if n; is constant, we have a (constant)
mini-batch. Having n; varying means that we have varying streaming batches depending on the

time t, which is what we are particularly interested in.
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1.2.2  Stochastic Streaming Gradients

The prototypical method for solving the SO problem is SG-based methods [24, 68, 133, 144,
153, 156]. But to solve the SO problem (1.2.4) in a streaming framework, we use the Stochastic
Streaming Gradient (SSG) method proposed by Godichon-Baggioni et al. [57], given as

0, =60, 1 — ngzm (0:-1), 6p€O, (1.2.5)

where 7 is the learning rate satisfying the conditions Y% v = 0o and Y 5%, v? < oo [124]. Note
that if V¢, n; = 1, SSG becomes the well-known SG descent. In many models, there may be
constraints on the parameter space, which would require a projection of the parameters; therefore,

we also introduce the Projected Stochastic Streaming Gradient (PSSG) estimate, defined by

9t=7>e< 1——Zvelm 0 1>, bp € O, (1.2.6)

where Pg denotes the the Euclidean projection onto ©, i.e., Pg() = argminggl|/0 — 6'||2. To
shorten notation, we let Vgl (0) = n; * "1, Volyi(0).

In this streaming setting, we are also interested in acceleration approaches to the existing al-
gorithms. An essential extension is the Polyak-Ruppert averaging [118, 129], which guarantees
optimal statistical efficiency without jeopardizing the computational cost; the Averaged Stochastic
Streaming Gradient (ASSG) is given by

anﬂel, 6o =0, (1.2.7)

where N; = Z:f:l n; is the sum of observations at time t. Likewise, PASSG denotes the averaged
estimate of PSSG (1.2.6). In addition, (1.2.7) can be modified to a weighted average version,
giving greater weight to the latest estimates and thereby improving the convergence while limiting
the effect of poor initializations; examples of these can be found in Boyer and Godichon-Baggioni
[27], Mokkadem and Pelletier [95].

These averaging methods sequentially aggregates the estimates, which leads to a smoother
curves (i.e., variance reduction in the estimation trajectories), and accelerates the convergence.
Practically, as we handle data sequentially, we will make use of the rewritten formula: 6; =
(Ni—1/Ng)0y 1 + (ng/N)0;—1 with 8y = 0. Pseudo-code of these streaming estimates are presented
in Algorithm 1.1. Each update of these methods is very cheap, involving only the computation of
ny gradients Vgl (6:—1) = n; Z 1 Volii(6,-1), i.e., a computational costs of O(dn;). Thus, we
have the same computationally efficiency as the SG descent in (1.1.3), e.g., see Section 1.1.1. These
methods are notable as (;) is a stochastic process whose behavior is determined by the random

sequence (l;) and the learning rate (). Still, as we shall see in our analysis in Section 1.3, the
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direction of —v;Vgl:(6;) might not point at §;. However, if it does in expectation, we follow the

gradient of L, and thereby the sequence (6;) can be guided toward the minimizer of L.

Algorithm 1.1: Stochastic streaming gradient estimates (SSG/PSSG/ASSG/PASSG)
Inputs : 6 € ©, project: True or False, average: True or False
Outputs: 0, 0; (resulting estimates)
0p=0
for each t > 1, a block of ny data arrives do
Ht <— Gt_1 — ;.% Zlnél velt,i (et—l)
if project is True then

‘ 0 < Po(0:) /* project estimate */
if average is True then
‘ Op < (Ni—1/Np)bi—1 + (ng/Ny)0y—1 /* average estimate */

In the same way as the streaming methods in (1.2.5) to (1.2.7), one can define the (full) batch

gradient method in our streaming setting, given as

t n;
Ok+1 = O — Vﬁi Z Z Voli;(0r). (1.2.8)

i=1 j=1

The computational cost of each step (1.2.8) is prohibitive for N; very large (e.g., 10° or 10?), although
one would expect a better step estimate when all NV; samples are considered at each iteration. Per-
iteration would have a computational cost of O(dNy), i.e., O(kdN;) computations after k iterations
(similarly to what we saw in Section 1.1.1). In addition, we must also take into account that in
streaming settings, one has limited response time between new observations; thus, computational

costs become even more crucial.

1.2.3 Beyond Stochastic Streaming Gradients

Due to the massive popularity of SG methods, it is obvious to ask how we can make SG even
more efficient, robust, and user-friendly for several different optimization methods. This question
has led to very many variants, of which we will outline some of the most common, but we will omit
algorithms that are impractical for large-scale datasets, e.g., see Boyd et al. [26], Nesterov et al.
[104] for more details on second-order methods (such as Newton’s method), or other extensions.

The choice of learning rate () has a significant impact on the convergence of SG methods;
if it is too small, it will slow down the convergence, while too high a learning rate may prevent
convergence or even divergence, as the loss function will fluctuate around the minimum. Thus, an
adaptive learning rate would be much more effortless to adjust and more user-friendly, as it requires
less fine-tuning. In addition, it would be preferable to have a learning rate per dimension, which
thereby adjust learning individually as convergence evolves. Some of the most common adaptive
learning algorithms for SG optimization is Momentum [119], Nesterov accelerated gradient [103],
Adagrad [42], Adadelta [155], RMSprop [74], and Adam [83]. Ruder [127] gives an overview of

10
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various SG methods for (convex and non-convex) optimization, including how to parallelize and
distribute SG updates.

If one were to look at the trajectory of the noisy gradients SG uses as estimates, one would be
surprised. This lack of robustness (or high noise level) can prevent SG methods from converging or
lead to slow convergence. There are several techniques to improve the robustness of SG methods,
of which some of the most known are mini-batch SG, gradient aggregation methods, and iterate
averaging methods. Such methods have proven effective in practice and possess attractive theoretical
properties because they reduce the noise in the gradient estimates [38, 76, 77, 108, 126|. The mini-
batch SG uses a small subset of gradient estimates in each iteration, which intuitively reduces
variance, makes it easier to tune the learning rate (v;), and improves the quality of each iteration.
Gradient aggregation methods enhance the quality of the gradient estimates more adaptively; these
methods smooth the iterations using past gradient estimates, e.g., using a weighted average of
these past estimates [39]. On the other hand, iterate averaging methods do not accomplish noise
reduction by averaging gradient estimates but instead by averaging the iterates computed during
the optimization [118, 129]. These methods also have some appealing convergence acceleration

properties, which we will come back to later.

1.3 Non-asymptotic Analysis of Stochastic Streaming Gradient Estimates

This section presents a summary of this thesis’s main results [57, 58]. These results are shown
in a simple form to be able to highlight the main conclusions, but an extended (and fully non-
asymptotic) version can be found in the papers themselves, e.g., see Chapters 2 and 3. Before
examining the stochastic streaming estimates in more detail, we briefly present the mathematical
framework in Section 1.3.1. Next, Section 1.3.2 provides the analysis in the i.i.d. streaming setting.
In Section 1.3.3, we expand these assumptions and notions to include time-dependency. Through

this section, we will show examples of our findings.

Throughout this introduction, we consider the stochastic algorithms in (1.2.5) to (1.2.7) with
learning rates on the form v = Cvnft_CY with hyper-parameters Cy > 0, 8 € [0,1], and o > 0
chosen accordingly to the expected streaming batches denoted by n;. The streaming batches n; are
on the form C,t” with C, > 1 and p € (—1,1); here C, = 1 and p = 0 corresponds to the classical
SG descent, where we process observations one-by-one [96]. If C, € N and p = 0 we consider
mini-batch procedures of size C,, and likewise, if C;, € N and p € (—1,1) we have varying streaming
batches with initial batch size of C),. We will refer to p as the streaming rate. Our aim is to bound
8¢ = E[||0; — 6*]|?] and &; = E[||§; — 6*||?] non-asymptotically such that these bounds depend solely
on the problem’s parameters. These non-asymptotic bounds are derived by explicitly bounding
the ¢-th estimate of (1.2.5) and (1.2.6) using classical techniques from stochastic approximations

[13, 87|. Remark that almost sure convergence of SO algorithms were shown in Pelletier [115].

11
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1.3.1 Mathematical Framework

The analysis of SO algorithms requires assumptions on the objective function L: the SO problem
(1.2.4) is specified over a convex domain O, which in this thesis we always take to be a compact
subset of R? d > 1, and an objective function L : © — R which is convex with respect to its
argument 6 € ©. This problem is a closely related branch of optimization tools for (online) convex
optimization [26, 71, 104].

Quasi-strong Convex Objectives

Following Gower et al. [60], Moulines and Bach [96], we assume that L has a unique global
minimizer 6* € © such that VyL(6*) = 0, and it is p-quasi-strongly convex [80, 99|, i.e, there exists
@ > 0 such that V0 € ©,

L(6%) > L(0) + (VoL (6), 0" — 0) + %IIH* — 9|2 (1.3.9)

Teo et al. [141] provides a comprehensive record of various convex functions L used in machine
learning applications. Milder degrees of convexity have been studied by, e.g., Karimi et al. [80],
which studied stochastic gradient methods under the Polyak-FLojasiewicz condition [93, 117], or Ga-
dat and Panloup [50], which studied the Ruppert-Polyak averaging estimate under some Kurdyka-
Lojasiewicz-type condition [86, 93|. Relaxations of convexity is crucial in practice to ensure robust-
ness and adaptiveness of the algorithms, e.g., for non-strongly convex SO, see Bach and Moulines
[9], Necoara et al. [99], Nemirovski et al. [101].

Smoothness of the Objectives

Some additional assumptions are needed for bounding the averaging estimate (6;) in (1.2.7):
let the function L have Cy-Lipschitz continuous gradients, i.e., there exists a constant Cy > 0,
V0,0’ € © C R4,

IVoL(0) — VoL(0)|| < Cv||0 — ¢ (1.3.10)

Remark that one has pl; < VZL(0) < Cyl, in the case L is p-quasi-strongly convex and twice
differentiable, e.g., see Nesterov et al. [104]. As discussed in Bottou et al. [21], this assumption
ensures that VgL does not vary arbitrarily, making the gradient VoL a useful indicator on how
to decrease L. Moreover, note that when L is u-quasi-convex and Cy-smooth, the convergence of
gradient methods will depend on the number Cyv /> 1. If Cy/p is small, we have fast convergence,
and conversely, if it is large, we get oscillations [21]. Next, assume that the Hessian of L is Cg-
Lipschitz-continuous, that is, there exists Cy;, > 0 such that V6,6’ € © C R,

IV3L(9) — V3L(8)] < C&ll6 - ] (1.3.11)

12
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Note that (1.3.10) and (1.3.11) only needs to hold true for ' = 6*.

1.3.2 Learning from Streaming Data

A fundamental aspect of Godichon-Baggioni et al. [57] is to explore how changing data streams
affect these SO methods. These data streams includes everything from vanilla SG and ASG descent,
mini-batch SG and ASG, to more exotic learning designs. Our analysis extends the work of Moulines
and Bach [96] to a streaming framework. Our main theoretical contribution is the non-asymptotic
analysis of the SSG methods in this streaming framework. Our results show a noticeable improve-
ment in convergence rates by having learning rates that adapt to the expected data streams. In
particular, we show how to obtain improve convergence, while being robust to any data streaming
rate.

Remember the description of our streaming framework in which we solve our SO problem (1.2.4):
at each time ¢ € N, a block consisting of n; € N random functions l; = (l;1,...,ltn,) arrive. Let
(1) constitute a sequence of independent differentiable random functions (possibly non-convex) and
their gradients unbiased estimates of VL, e.g., see Nesterov et al. [104] for definitions and properties

of such functions. We assume the following about the [;; functions at each t € Nwith ¢ =1,...,n;:

Assumption 1.3.1 (unbiased gradients). The random variable Vgl; ;(0) is square-integrable and
V8 € ©, E[Vyl:i(0)] = VoL(9).

In the classical convergence analysis of SG methods, one assumes that the SGs are uniformly
bounded [72, 101, 121, 133]. However, this assumption is too restrictive as it only may hold for
some losses, e.g., see Bottou et al. [21], Nguyen et al. [107]. Instead, we follow the same ideas as
in Gower et al. [60], Moulines and Bach [96], to make the following assumption about the expected

smoothness of the stochastic gradients (Vgl; ;).

Assumption 1.3.2-p (Cj-expected smoothness). For p > 1, there exists C; > 0 such that V0,0’ €
0, E[|Vols.i(6) — Vola (6] < CPE[I0 — 8')F).

Assumption 1.3.2-p can be seen as an assumption about the smoothness properties of (I;;), and
it only needs to hold for #’ = #*. Moreover, under Assumption 1.3.1, Assumption 1.3.2-p with
p = 1 implies the condition in (1.3.10) by Jensen’s inequality. The last fundamental assumption
(Assumption 1.3.3-p) is about the finitude of (Vyl; ;(6*)):

Assumption 1.3.3-p (o-gradient noise). Forp > 1, there exists o > 0 such that E[||Vgl; ;(6%)||P] <

oP.

These assumptions are modified versions of the standard assumptions for stochastic approxi-
mations as they hold for any i = 1,...,ny, e.g., see [13, 87, 96]. By the smoothness assumption
(Assumption 1.3.2-p), we avoid the unfavorable uniformly bounded gradients assumption, which is
too restrictive and only holds for a few losses. Assumption 1.3.3-p enables to give an upper bound

of the Frobenius norm of the variance of the gradient for p = 2 and is very usual (see [96] for
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instance). For SSG and PSSG, we only need Assumptions 1.3.2-p and 1.3.3-p to hold for p = 2,
whereas, for ASSG and PASSG, we need p = 4 in order to bound the fourth-order moment. Our
framework include classic examples: stochastic approximation (Robbins-Monro setting [124]) and
learning from i.i.d. data, such as linear regression, logistic regression, general ridge regressions and
quantile regression, p-means, and softmax regression, under regularity conditions |33, 136]; here it is
important to remark that most of these examples lead to the minimization of only locally strongly

convex objectives, and the assumptions are only verified for the projected estimates, i.e., PSSG and
PASSG [141].

Stochastic Streaming FEstimates

Recall that we consider learning rates on the form ~, = Cvnf t~* with hyper-parameters Cy, > 0,
B € [0,1], and « chosen accordingly to the expected streaming batches denoted by n; = C,t?. But
before we present our results, we want to recall the result for the classical SG descent (i.e., ny = 1
as C, =1 and p = 0) shown by Moulines and Bach [96]:

Theorem 1.3.1. Denote §; = E[||0; — 6*||?] for some 6o > 0, where (0;) follows (1.2.5) or (1.2.6).
Assume that Assumption 1.8.1, Assumptions 1.3.2-p and 1.8.8-p for p = 2 hold true. Then there
exists Cs > 0 such that for a € (1/2,1), we have

21+a0,207

0 <
"Ny

+ O(exp(—CsN} ). (1.3.12)

The non-asymptotic bound in (1.3.12) depends explicitly upon the problem’s parameters. Such
bounds were the first of their kind, whereas previous results focused mainly on almost sure conver-
gence., e.g., see [115].

Decay of the initial conditions. The condition of having « € (1/2,1) is a natural restriction
from Robbins and Monro [124], ensuring Y 5%, v; = 0o and > i, 72 < co. The primary conclusion
of Theorem 1.3.1 is that (1.3.12) can be divided into a noise term %
term O(exp(—CsN} ™)) (an explicit version of this term can be found iItl Moulines and Bach [96]).

and a sub-exponential

Thus, we should focus on reducing the noise term without harming the natural decay of the sub-
exponential term.
Now, let us present our first result [57|: we start by considering constant streaming batches (i.e.,

mini-batch SSG) where n; follows the constant streaming batch size C, € N:

Theorem 1.3.2. Denote §; = E[||0; — 0*||?] for some Jo > 0, where (6;) follows (1.2.5) or (1.2.6).
Assume that Assumption 1.3.1, Assumptions 1.3.2-p and 1.3.3-p for p = 2 hold true. Then there
exists C5 > 0 such that for a € (1/2,1), we have

5, < 21+O‘U2Cy

< ——— 0 4 Oexp(—C4{NL)). 1.3.13
Lo (exp(—=CsN; ™)) ( )

Variance reduction. Not surprisingly, the bound in (1.3.13) has the same structure as (1.3.12),
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whereby we can make equivalent conclusions. However, the noise term in (1.3.13) is divided by
C;_a_ﬁ , implying we could achieve variance reduction by taking o + 8 < 1. Thus taking a large
streaming batch size C), will give us some variance reduction, but it will not increase the convergence
rate, which is still determined by a € (1/2,1). Remark that too large streaming batch sizes C,
would be unsuitable in practice as it would mean we would only take a few steps before convergence
is achieved.

These fixed-sized streaming batches are not the most realistic streaming setting. It is far more
likely to vary in size depending on the data streams. Thus, let us now consider varying streaming
batches where n; are on the form C,t” with C, > 1 and p € (—1,1) such that n; > 1 for all t. We

will refer to p as the streaming rate. For the convenience of notation, let p = pl,,>q.

Theorem 1.3.3. Denote §; = E[||0; — 6*||?] for some 6o > 0, where (0;) follows (1.2.5) or (1.2.6).
Assume that Assumption 1.8.1, Assumptions 1.3.2-p and 1.3.3-p for p = 2 hold true. Then there
exists C§ > 0 such that for oo — Bp € (1/2,1), we have

21—{—(2—i—p)(;50_261’y

6 < + O(exp(—CIN?)), (1.3.14)

ucélfﬁ) Lip>0y 7¢Nt¢

with ¢ = (1= B)p + )/ (1 + ).

When p = 0, Theorem 1.3.3 yields the same as Theorem 1.3.2. Moreover, when C, = 1 and
p = 0, we obtain the usual SG descent studied in Moulines and Bach [96], e.g., see Theorem 1.3.1.
Accelerated decay and variance reduction. The condition of having o — 8p € (1/2,1)
relaxes the usual condition of having a € (1/2,1) for p non-negative. In particular, accelerated
convergence could be achieved by, e.g., setting @ = 2/3 and f = 0 for streaming rates p > 0,

O(Nt_(2/3+p)/(1+p)), meaning increasing streaming batches (p > 0) can accelerate

giving us §; =
convergence. Moreover, the noise term is scaled by C’,‘}_’B % for p > 0, implying we should take

a+ S <1 to obtain variance reduction (as we saw for Theorem 1.3.2).

Acceleration by Averaging

In what follows, we consider the averaging estimate (f,,) given in (1.2.7) derived with use of
(0¢) from (1.2.5) or (1.2.6). Instead of first considering the vanilla case {C, = 1, p = 0}, then the
mini-batch case {C, € N,p = 0}, and finally the streaming case {C, € N,p € (—1,1)}, we only
consider the streaming case from which the other cases will follow.

Besides having Assumptions 1.3.2-p and 1.3.3-p to hold for p = 4, an additional assumption is

needed for bounding the rest term of the averaging estimate.

Assumption 1.3.4. There erists a non-negative self-adjoint operator Y such that B[V gl; ;(0*)Vly :(6*) 7] <
3.

Note that the operator ¥ always exists when o is finite for order p = 4 in Assumption 1.3.3-p.

Moreover, to avoid calculating the six-order moment when considering projected average estimate
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PASSG, we make the unnecessary assumption that ||Vyl; ;(0)|| is uniformly bounded for any 6 € ©;

the derivation of the six-order moment can be found in Godichon-Baggioni [55].

Assumption 1.3.5. Let dpin = infgepo||0 —0*|| > 0 with 0O denoting the frontier of ©. Moreover,
there exists Go > 0 such that Vt > 1, supgee||Volt,i(0)||? < G a.s., withi=1,...,n,.

Theorem 1.3.4. Denote &; = E[||0; — 0%||?] with (0;) given by (1.2.7), where (6;) follows (1.2.5) or
(1.2.6). Assume that Assumption 1.3.1, Assumptions 1.5.2-p and 1.53.3-p for p = 4, and Assump-
tion 1.3.4 hold true. Moreover, let (1.3.10) and (1.3.11) hold true. In addition, Assumption 1.3.5
must hold true only if (6;) follows (1.2.6). For o — fp € (1/2,1), we have

<1/2 AL/2
0" < 1/2
Ny

+ O(max{N, T2 N7, (1.3.15)

where A = Tr(VZL(6*)1ESVEL(0*)™Y) and ¢ = (1 — B)p+ @) /(1 + p).

Accelerated decay. As noticed in Polyak and Juditsky [118], the leading term A/N; achieves
the desirable Cramer-Rao bound, namely, the leading term A/N; could obtain the optimal and
incorrigible rate of O(N; ) [50, 97]. Moreover, this bound is achieved without inverting the Hessian,
and it is invariant of the learning rate (7). Thus, by averaging, we have increased the rate of
convergence from (’)(Nt_d’) (in Theorem 1.3.3) to the optimal rate O(N; ). As discussed in Gadat
and Panloup [50], the bound of §; can be seen as a bias-variance decomposition between the first
and second term in (1.3.15).

Next, it is worth noting that there are no sub-exponential decaying terms for the initial conditions
in (1.3.15), which is a common problem for averaging. This means we should be more careful when
picking our hyper-parameters, e.g., taking C too large. Nevertheless, these hyper-parameters decay
at a rate of at least O(N;?).

Robustness towards streaming rates p. The main remainder term (’)(maX{N;HW 2, Nt_¢})
reveal that ¢ =2/3 & a— 3p = (2 —p)/3, e.g., by setting 8 = 0, we should pick a = (2 — p)/3.
Likewise, if p = 0, we yield the same conclusion as in Moulines and Bach [96], namely a = 2/3.
However, these hyper-parameter choices are not resilient against any arrival schedule p. Nonetheless,
we can robustly achieve ¢ = 2/3 for any p € (—1,1) by setting « = 2/3 and § = 1/3. In other
words, we can achieve optimal convergence for any data stream by having « =2/3 and 8 =1/3. It
is important to remark that these choices of hyper-parameters are not derived from exact bounds.
Gadat and Panloup [50] establishes even tighter bounds (which also are optimal relative to Cramer-
Rao’s lower bound) under the Kurdyka-f.ojasiewicz-type condition [86, 93], where they show that
a = 3/4, leading to the main remainder term (’)(N;s/él).

Example 1.3.1 (Geometric median). The geometric median is a generalization of the real median
introduced by Haldane [64]. Robust estimators such as the geometric median may be preferred over
the mean when the data is noisy. Moreover, in our streaming framework, stochastic algorithms are

preferred as they efficiently handle large samples of high-dimensional data [33, 55]. The geometric
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median of X € R? is defined by §* € R? which minimizes the convex function L(f) = E[||X —
0] — I X|l], e-g., see Gervini [53]|, Kemperman [81] for properties such as existence, uniqueness, and
robustness (breakdown point). Thus, the gradient VoL(0) = E[Vyl(0)] with Vgl (0) = —(X; —
0)/||X: — 0| is bounded as [|[Vgl:(0)|| < 1. We omit to project our estimates as this would hide
the errors we want to explore (which we will see more clearly in Example 1.3.2, where we consider
real-life time-dependent streaming data). Instead of projecting the estimates, one could adapt the
proof of Gadat and Panloup [50] to a streaming setting. Otherwise, if X is bounded, one can adapt
Cardot et al. [32] to the streaming setting showing that the streaming estimates are bounded.

To measure the performance, we use the mean quadratic error of the parameter estimates over
one-hundred replications, given by (E[||0n, — 6*[|?])¢>1. Note that averaging over several iterations
gives a reduction in variability, which mainly benefits the SSG. Suppose (X}) is standard Gaussian
centered at (6;)1<;<q with 6; taken randomly in the range [—d, d]. Moreover, following the reasoning
of Cardot et al. [33], we set C, = V/d, and let a = 2/3. For this example we take d = 10 (Figure 1.2).

In Figure 1.2a, we consider constant data streams to illustrate the results in Theorems 1.3.1
and 1.3.2; this figure shows the variance reduction effect for different constant streaming batches
C, € {1,8,64,128} with § = 0 (as shown in Theorem 1.3.2). However, the robustness of the
geometric median leaves only a small positive impact for further variance reduction. Thus, too
large (constant) streaming batch sizes C), hinders the convergence as we make too few iterations.
In addition, we see an acceleration in decay by averaging, as explained in Theorem 1.3.4.

These findings can be extended to Figures 1.2b to 1.2e, where we vary the streaming rate p for
streaming batch sizes C, = 1, 8, 64, and 128, respectively, with 3 = 0. These figures shows an
increase in decay of the SSG when the streaming rate p increase as mentioned after Theorem 1.3.3.
But the lack of convergence improvements in Figures 1.2d and 1.2e comes from S = 0, which means
we do not exploit the potential of using more observations to accelerate convergence.

As discussed after Theorem 1.3.4, one example of this could be achieved by setting o« = 2/3 and
B =1/3 such that ¢ = 2/3 for any p. As shown in Figure 1.2f, we can achieve this acceleration by
simply taking 8 = 1/3. In addition, 5 = 1/3 provides optimal convergence robust to any streaming
rate p. Choosing a proper 3 > 0 is particularly important when C, is large, as robustness is an

integral part of the geometric median method.

1.3.3 Learning from Time-dependent Streaming Data

In this section, we go beyond the classical assumptions that require unbiased gradients (e.g., see
Bottou et al. [21], Lacoste-Julien et al. [88]) by allowing the gradients to be dependent and biased
estimators [58]. Convergence rates of SG descent with biased estimators has previously been stud-
ied in, e.g., Ajalloeian and Stich [4], Bertsekas [15], but not in a streaming setting. In this section,
we start by replacing Assumptions 1.3.1 to 1.3.4 with the new assumptions; Assumptions 1.3.6-p
to 1.3.9. These new assumptions are milder than the standard assumptions for stochastic approx-
imations, e.g., see [13, 57, 87, 96]. We show some examples of how these assumptions could be

verified using mixing conditions. Next, our convergence results are presented, with and without
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Figure 1.2: Geometric median for various data streams n; = C,t”. See Example 1.3.1 for details.
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averaging. At last, experiments of our findings are illustrated. Let F; = o(l; : ¢ < t) denote the
natural filtration of the SO problem (1.2.4).

Assumption 1.3.6-p (D,vi-dependence and B, v-bias). Let 6y be Fo-measurable. For eacht > 1,
the random function Vgli(0) is square-integrable, Fi-measurable, and there exists a positive integer
p such that for all Fi_1-measurable 8 € O,

E[|[E[Voli(6)|Fi—1] — VoL(9)["] < v} (DLE[|6 - 6°|P] + BE), (1.3.16)

for some positive sequence (vt)i>1 with D,, B, > 0.

Assumption 1.3.7-p (k¢-expected smoothness). There exists a positive integer p such that V6,6 €
0, E[||Vol(0) — Vol (8)]|P] < KVE[||0 — 0'||P] for some positive sequence (kit)i>1-

Assumption 1.3.8-p (o-gradient noise). There exists a positive integer p such that E[|| Vol (6%)||P] <

p o
oy for some positive sequence (0¢)¢>1-

Assumption 1.3.6-p is on the form of mixing conditions for weakly dependence sequences, im-
plying that dependence dilutes with the rate of 4. It is possible to verify Assumption 1.3.6-p by
using moment inequalities for partial sums of strongly mixing sequences [123]; we will refer to this
as short-range dependence. Note that for any positive integer p, Assumption 1.3.6-p can be upper
bounded by

ElE[Vols(0)| Fi—1] — VoL(0)|P] < E[Vols(6) — VoL (O)|F] = n; PE[ISHII”], (1.3.17)

using Jensen’s inequality, where S; = >, (Vgly;(0) — VgL(0)) is a d-dimensional vector. Let
(Volyi) be a strictly stationary sequence and assume that there exists some r > p such that
SUP,~o(2"Q(x))/" < oo, where Q(z) denotes the quantile function of ||Vels;||. Suppose that
(Voly,;) is strongly a-mixing in the sense of Rosenblatt [125], with strong mixing coefficients (o )¢>1
satisfying oy = O(tP"/(27=2P)). Then by Rio [123, Corollary 6.1], we have that E[||S;||’] = (’)(nf/z),
meaning, (1.3.17) is at most O(n, " / %); this includes several linear, non-linear, and Markovian time
series, e.g., see Bradley [29], Doukhan [41] for more examples, other mixing coefficients of weak
dependence and the relations between them. In relation to the form of Assumption 1.3.6-p, this
means that B, # 0 in this case. However, having B, = 0 is possible in well-specified examples.
Note that Assumptions 1.3.7-p and 1.3.8-p can be verified using a-mixing conditions by analogues
arguments as for Assumption 1.3.6-p such that #? and o? is O(n, ™).

The (1), (kt), and (o) sequences may be considered as uncertain terms depending on the
streaming-batch n;. Thus, let vy = n; ", Ky = Cyn; ", and oy = Cyn; 7 with v € (0,00), K,0 €
[0,1/2], and Cy,C, > 0. Having, o,k € [0,1/2] follows directly from Godichon-Baggioni et al.
[57], since 0 = k = 1/2 corresponds to the i.i.d. case, whereas o, < 1/2 allows noisier outputs.
Similarly, v = 0 corresponds to the classical unbiased i.i.d. setting. Having 14 = n;” means
Assumption 1.3.6-p, allow so-called long-range dependence (also known as long memory or long-

range persistence) when v € (0,1/2) and short-range dependence when v € [1/2,00). Thus, the
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i.i.d. case is when v — oco. In this section, we continue to consider streaming-batches (n;) on the
form C,t” but with p € [0,1) (compared to Section 1.3.2 where p € (—1,1)).

Stochastic Streaming FEstimates

Theorem 1.3.5. Denote §; = E[||6; — 6*||?] for some &y > 0, where (0;) follows the recursion
in (1.2.5) or (1.2.6). Assume that Assumptions 1.3.6-p to 1.3.8-p hold true for p = 2. Suppose
ny = Cpt? with p € [0,1) and C, € N, such that p, = pp — 1y,-0y2D,C;" > 0. There exists C§’ >0
such that for a — pf € (1/2,1), we have

74+6pc 24-6pv

2140 C2C 2 1+r B2 1 — 1
6t S 20—B—«a 0;1(2:—5)-0-& 2v V2p71/ + O(eXp(_Cg/Nt( +pﬁ a)/( +p))) (1318)
MuCp 1+p Nt 1+p ,U,Uzprth Nt1+p

Theorem 1.3.5 replicate the results of the unbiased i.i.d. case (with B, =0 and Kk = 0 = 1/2)
considered in Section 1.3.2 [57]. Our findings also reproduce the results of Moulines and Bach
[96], where they considered the unbiased i.i.d. case (under slightly different assumptions) using the
vanilla SG descent, namely, when C, = 1 and p = 0. Moreover, if the function L has Cy-Lipschitz
continuous gradients, then Theorem 1.3.5 implies the bound on the objective function values of L,
E[L(6;) — L(0*)] < Cyd:/2 by Cauchy—Schwarz’s inequality.

Decay of the initial conditions. Note that the positivity of the dependence penalised con-
vexity constant p, = p—17,-0y2D,C," is essential in all terms of (1.3.18). Having p,, > 0 depends
solely on the level of dependence D, but it is scaled by C';'”, meaning if D, is so large that 1, is no
longer positive, then we should take C), large enough such that j, becomes positive again; this is
illustrated in Chapter 3 for ARCH models [58]. The streaming constant C, contributes positively
to all terms in (1.3.18), either directly or though .

The last term of (1.3.18) can be seen as the noise term decaying with (’)(Nt_(p(%_’B)Jra)/(Hp))
for a — pp € (1/2,1), e.g., for any p € [0,1), 0; = O(Nt_Z/?’) when o =2/3, f=1/3, and 0 = 1/2.
In addition, the noise term is positively affected by large streaming constants C), when o + 3 < 20,
which will be expressed as a variance reduction, e.g., see Example 1.3.2 below. In unbiased cases
(B, = 0) the noise term would also be the asymptotic term.

Behavior for B,. The second term of (1.3.18) can be seen as an dependency term as it is
determined solely by the level of dependence v, the bias error B,, and the convexity constant
ty. It is remarkable that the dependence term is unconnected from the choice of the learning
rate () but instead by the streaming rate through C, and p. The dependence term decay with
(’)(N;pr/(prp)), which requires p positive to decay since v € (0,00), e.g., if v = 1/2, we would
need p = 1 to obtain O(Nt_l/ 2). It is surprising that Theorem 1.3.5 allows both long-range and
short-range dependence. Indeed, long-range dependence leads to slow convergence (slower than
O(Nt_l/ 2)) but it will still converge. Obviously, this only matters if B, # 0. To conclude, by
taking p > 0 and C), large enough to ensure that p, stays positive, then we will converge with

5 = O(maX{]]_{BV7£0}Nt_2pV/(l+p),Nt_(p(2g_ﬂ)+a)/(1+p)}).
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Acceleration by Averaging

Similarly to Section 1.3.2, besides having Assumptions 1.3.6-p to 1.3.8-p to hold for p = 4, an
additional assumption is needed to control the rest term. Thus, in continuation of Assumption 1.3.8-

p with o = Cyn; 7 for o € [0,1/2], we make the following assumption:

Assumption 1.3.9. There exists a non-negative self-adjoint operator 3 such that ¥t > 1, we have
n2o B[Vl (0%)Vel(0°)T] < L+ %y, where ¥y is a positive symmetric matriz with Tr(X;) = C’(’,nt_%,,
C/ >0, and 0o’ € (0,1/2].

In the unbiased and independent case, Assumption 1.3.9 is verified with ¢ = 1/2 and C/ = 0
[57]. The short-range dependence cases is when o = 1/2, whereas, the long-range dependence
case is for 0 < 1/2. Moreover, Assumption 1.3.9 allows us to obtain leading term A/N; with
A = Tr(V3L(0*)"'SVZL(6*)~1) as in Theorem 1.3.4. To consider the projected average estimate

0y, given in (1.2.7), an additional assumption is needed to avoid calculating the six-order moment.

Thus, we make the unnecessary assumption that (Vyl;) is uniformly bounded.?

Assumption 1.3.10. Let Dg = infyepp |0 —0*|| > 0 with 0O denoting the frontier of ©. Moreover,
there exists Go > 0 such that Vt > 1, supgee||Voli(0)]? < G a.s.

Theorem 1.3.6. Denote §; = E[||0;, —60*||?] with 6,, given by (1.2.7), where (6;) follows the recursion
in (1.2.5) or (1.2.6). Assume that Assumptions 1.5.6-p to 1.3.8-p for p = 4 and Assumption 1.3.9
hold true. Moreover, let (1.3.10) and (1.3.11) hold true. In addition, Assumption 1.3.10 must hold
true if (0;) follows the recursion in (1.2.6). Suppose ny = C,t? with p € [0,1) and C, € N, such that
pw = — Lp—032D,C" > 0. For a— pB € (1/2,1), we have

1—2¢ 1-2(o+0’)
1/2 1/2 A1/220+0) 1/2'1/2 ~ " 201+0)
<172 _A 212N 2O 21<C,'°C
5, < Ho=1/23 t o L{o<1/2) + et (1.3.19)
N, Nt2(1+p) ,uNtW
_ 24p(20+p)—a _ pRo—B)ta 5 _ d+pv
+0 <max {Nt kN, }) + O (Nt 2“*’”) + 1,20y Ve, (1.3.20)

with § = 1yp,—0y(p(20 — B) + @) + Iyp, 20y min{p(20 — ) + a,2pv} and V; given such that

U, = (7) (max {Nt 2(1+p) 7Nt T+p 7Nt 2(1+p) 7 Nt 2(1+p) 7Nt_ T+p

plotv)  _14p(Btv)—a  _ 1+2pw 5/2+pv 201 })

Accelerated decay. Theorem 1.3.6 replicate the results of Theorem 1.3.4 with A/N; as leading
term in the unbiased i.i.d. case. Thus, by averaging it is possible to achieve the incorrigible rate
of O(Nt_l), e.g., this is always achieved in the unbiased case with o = 1/2, even under short-range
dependence (i.e., when v > 1/2). Remark that each term in (1.3.19) is a direct consequence of
Assumption 1.3.9. Furthermore, all terms of (1.3.19) are independent of the learning rate (v;) but

the two last terms are dependent on streaming batches through C), and p. As in Theorem 1.3.5,

3The derivation of the six-order moment can be found in Godichon-Baggioni [55].
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the positivity of u, is essential for all terms in (1.3.20) even if it does not appear directly; a long
version can be found in Chapter 3. For objectives that lack convexity p or have high levels of
dependence D, we can only ensure convergence by increasing C),, i.e., ensuring positivity of ,;
this is illustrated in Chapter 3 for ARCH models [58].

The first term of (1.3.20) decay at the rate (9(max{Nt_(erpwHU)_a)/(Hp), Nt_2(p(2g_’8)+a)/(l+p)}),
which suggests choosing «, § such that a4+ p(20/3 — 3) =2/3, e.g., « =2/3, 3 =1/3 and 0 = 1/2
4/3

)

yields a decay of (’)(Nt_4/ 3) for any p. Thus, we can robustly achieve O(N, for any streaming
rate p by setting « = 2/3 and = 1/3 if 0 = 1/2. In general, the convergence is resilient to any
streaming rate p by having o = 2/3 and 8 = 20/3. But taking 8 > 0 would damage the variance
reduction effect from having C, large (e.g., see discussion after Theorem 3.3.1). Thus, there is a
trade-off between accelerating the convergence by taking 5 = 20/3 > 0 or taking 8 = 0 to favor
from variance reduction. In practice, an immediate choice would be to take g = 0, but if the data
or model contains a low amount of noise, it can be advantageous to raise 5 to improve convergence
[57]; this is illustrated in Examples 1.3.1 and 1.3.2.

Next, the decay of the second term in (1.3.20) is tricky to interpret in a simple manner as
it is a mixture of the learning rate o and [, streaming rate p, dependence rate v, and bias B,.
Nevertheless, some observations can be made: first, having 5 = 0 is beneficial for the decay rate §
in all cases. Second, increasing streaming rate p would also increase the decay.

Behavior for B,. The influence of B, is exclusively contained in W;, with the exception of
the second term of (1.3.20). Also, increasing p will always diminish the bad influence of this bias
term. Surprisingly, ¥; — 0 as t — oo for any v, but long-range dependence is excluded if we wish
to obtain the desired rate of 6; = O(N~!). However, it does not seem to have any major influence
in our experiments, e.g., see Example 1.3.2. To conclude, by taking p positive and C), large enough
to ensure that u, stays positive, then we will converge under long- or short-range dependence with

biased gradient estimates.

Example 1.3.2 (Geometric median, continuation of Example 1.3.1). To illustrate our methodology
on real-life time-dependent streaming data, we consider some historical hourly weather data. The
dataset contains around five years (roughly 45000 data points) of high temporal resolution hourly
measurements over various weather attributes, such as temperature, humidity, and air pressure.
These measurements are available for thirty US and Canadian cities and six Israeli cities, meaning
the dimension d = 36. In our study, we consider the hourly temperature measurements, which we
filter for monthly and annual seasonality by subtracting the monthly and annual averages.

Figure 1.3 shows the results of the geometric median estimated in the same way as described
in Example 1.3.1; but here we compare our estimates to the geometric median estimate calculated
by the Weiszfeld’s algorithm [148]. Although the (geometric) median is a robust metric (as seen in
Example 1.3.1), we see a considerable amount of fluctuations in Figure 1.3, which comes from the

time-dependency and the noise in the weather measurements. Figure 1.3a shows that it is essential

“The historical hourly weather dataset can be found on https://www.kaggle.com/datasets/selfishgene/
historical-hourly-weather-data.
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to use a mini-batch of a certain size to stabilize the optimization. But to achieve reasonable
convergence, we need to have increasing streaming batches (i.e., positive streaming rates p > 0),
which we can see in Figures 1.3b to 1.3e. Most surprising is that we can achieve excellent convergence
(with a final error of only 10~°) by combining increasing streaming batches with averaging, e.g., see
Figure 1.3f with C, = 64, p > 0 and 8 =1/3.

An extended study of stochastic algorithms for time-dependent data can be found in Chapter 4,
where we propose AdaVol as an online adaptive recursive estimation routine of GARCH parameters.
Here, we make a natural adaptation of the Quasi-Maximum Likelihood (QML) procedure to a
streaming setting. This method is based on stochastic algorithms combined with the Variance
Targeting Estimation (VTE) technique [49]. However, AdaVol was made before the theory of
stochastic algorithms of time-dependent streaming data (with lack of convexity) was shown. This
can also be reflected in Chapter 4, as we use VTE to include all models parameters in the projection
and thereby achieved convergence. With this new theory in place, a modified AdaVol algorithm
could thus be made without VTE by increasing streaming batches to remedy the convexity problems
and break the dependency. Thus, some theoretical guarantees could be proved for this modified
version. Nevertheless, in Chapter 4, we will see that AdaVol goes beyond this stationary setting,
e.g., AdaVol’s ability to adapt to time-varying parameters was beneficial in the M6 financial forecast

competition, where it recently ranked third among the best probability forecasters.

Summary

We examined the SO problem in a streaming framework using time-dependent and biased (gra-
dient) estimates. In particular, we explored convergence rates of the SSG and ASSG algorithms in
a non-asymptotic manner. The theoretical results formed heuristics that links the level of depen-
dency and convexity to the rest of the model parameters. These heuristics provided new insights
into determining learning rates, which can help increase the stability of SG-based methods. Our
experiments verified these findings, suggesting using increasing streaming batches for highly depen-
dent data sources. Moreover, in large-scale learning problems with dependence, noisy variables, and
lack of convexity, we know now how to accelerate convergence and reduce noise through the learning

rate and the treatment pattern of the datasets.
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Figure 1.3: Geometric median for various data streams n; = C,t”. See Example 1.3.2 for details.
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Chapter 2: Non-asymptotic Analysis of Stochastic Algorithms for Streaming
Data

Abstract

Motivated by the high-frequency data streams continuously gener-
ated, real-time learning is becoming increasingly important. These
data streams should be processed sequentially with the property that
the data stream may change over time. In this streaming setting,
we propose techniques for minimizing convex objectives through unbi-
ased estimates of their gradients, commonly referred to as stochastic
approximation problems. Our methods rely on stochastic approxi-
mation algorithms because of their applicability and computational
advantages. The reasoning includes iterate averaging that guaran-
tees optimal statistical efficiency under classical conditions. Our non-
asymptotic analysis shows accelerated convergence by selecting the
learning rate according to the expected data streams. We show that
the average estimate converges optimally and robustly for any data
stream rate. In addition, noise reduction can be achieved by process-
ing the data in a specific pattern, which is advantageous for large-scale
machine learning problems. These theoretical results are illustrated
for various data streams, showing the effectiveness of the proposed
algorithms.

keywords: machine learning, large-scale, stochastic approximation,
stochastic optimization, streaming data.
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2.1 Introduction

Machine learning and artificial intelligence have become an integral part of modern society. This
massive utilization of intelligent systems generates an endless sequence of data, many of which come
as streaming data such as internet traffic data, financial investments, self-driving cars, or sensor
data. It requires robust and time-efficient algorithms to analyze and process such data without
compromising accuracy. This problem has attracted a lot of attention in the machine learning
community [19, 20, 133, 153, 156].

Even after 70 years, Stochastic Approximation (SA) algorithms are still widely used for han-
dling large amounts of data [124]; the most well-known is presumably the Stochastic Gradient (SG)
method, which has led to numerous extensions [42, 83, 122, 128, 143, 155]. An essential extension
is the Polyak-Ruppert averaging (ASG) proposed by Polyak and Juditsky [118] and Ruppert [129],
which guarantees optimal statistical efficiency without jeopardizing the computational cost. Bot-
tou et al. [21]| reviews these stochastic algorithms for large-scale machine learning, including noise
reduction and second-order methods, among others.

Contributions. A fundamental aspect of this paper is to explore how changing data streams
affect these stochastic optimization methods. Our analysis extends the work of Moulines and Bach
[96] to a streaming framework. We examine two different kinds of data streams: constant and
varying streaming-batches. These data streams includes everything from vanilla SG and ASG,
mini-batch SG and ASG, to more exotic learning designs. Our main theoretical contribution is the
non-asymptotic analysis of the SG and ASG method in this streaming framework. Our results show
a noticeable improvement in convergence rates by having learning rates that adapt to the expected
data streams. In particular, we show how to obtain optimal convergence rates robust to any data
streaming rate.

Organization. Section 2.2 presents the streaming framework on which the non-asymptotic
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analysis relies. Our convergence results are presented in Sections 2.3 and 2.4, with and without
averaging. Both sections includes analysis of unbounded and uniform bounded gradients. These
theoretical results are illustrated in Section 2.5 for a variety of data streams. At last, some final

remarks are done in Section 2.6.

2.2 Problem Formulation

The objective of the stochastic optimization problem is to minimize functions of the form L(6) =
E[l;()] with respect to § € ©, where © is a closed convex set in R%. The minimization of L
is achieved without evaluating it directly but by unbiased functions I; : R — R. Observe that
the principles for biased functions (I;) are rather different [37, 130]. Let (I;) constitute a sequence
of independent differentiable random functions (possibly non-convex) and their gradients unbiased
estimates of VyL, e.g., see Nesterov et al. [104] for definitions and properties of such functions. Let
us now describe our streaming framework in which we will solve our SA problem: at each time ¢ € N,
a block consisting of n; € N random functions l; = (I1,...,l;n,) arrive. These random functions
(It;) can be seen as observations (or random loss functions) depending on the true minimizer 6*
and some underlying noise sequence. To solve this, we introduce the Stochastic Streaming Gradient
(SSG) defined as

ne
Oy =01 — % ZV@lm(et_l), Oy € O, (2.2.1)
bzt

where () is a decreasing sequence of positive numbers also referred to as the learning rate satisfying
S v =ocand 3¢ 42 < oo for t — oo [124]. In the same way, we introduce the Projected
Stochastic Streaming Gradient (PSSG), defined by

n
@=¢@<@4—ﬁZ§:VdmwFﬁ>,f%e@, (2.2.2)
=1

where Pg denotes the projection onto ©. The PSSG estimate in (2.2.2) is very convenient for models
with conditions on the parameters space, and thereby, requires a projection of the parameters.
Next, to guarantee optimal convergence properties [118, 129], we introduce the Averaged Stochastic
Streaming Gradient (ASSG), given as

t—1

1 _
Zni+19i, (90 = 0, (2.2.3)
=0

b — —
t N,

where (6;) follow (2.2.1) and N; denotes the accumulated sum of observations, > ¢_, n;. Similarly, we
define the PASSG estimate as when () (in (2.2.3)) is derived using (2.2.2). Practically, as we handle
data sequentially, we will make use of the rewritten formula: 6; = (N;_1/N;)0;_1 + (n¢/N; )01 with
fo = 0.
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2.2.1 Quasi-strong Convex and Lipschitz Smooth Objectives

Following Moulines and Bach [96], Sridharan et al. [135], we make the following assumptions
about the objective function L: assume that §* € © is the unique global minimizer of L with
VoL(0*) = 0. Also, let L be u-quasi-strong convex [80, 99|, that is, the exists p > 0 such that
VO € © the following inequality holds,

L(0%) > L(0) + (VoL (0), 0" — 0) + gne* — 9|2 (2.2.4)

Teo et al. [141] provides a comprehensive record of various convex functions L used in machine
learning applications. Milder degrees of convexity have been studied by, e.g., Karimi et al. [80],
which studied stochastic gradient methods under the Polyak-Lojasiewicz condition [93, 117], or
Gadat and Panloup [50], which studied the Ruppert-Polyak averaging estimate under some Kurdyka-
Lojasiewicz-type condition [86, 93]. Next, let the function VgL be Cy-Lipschitz continuous, i.e.,
there exists C'y > 0 such that V60,0’ € ©,

IVoL(6) — Vo L(0')|| < Cv |10 — ¢']]. (2.2.5)

Furthermore, for the averaging estimate in (2.2.3), we need the function L to be twice differentiable
with Cs-Lipschitz continuous Hessian operator VZL, meaning, there exists Cs > 0 such that V0,0’ €
o,

IVEL(0) = VEL(9")]l < C5]10 — ¢']. (2.2.6)
Note that (2.2.5) and (2.2.6) only needs to hold for 6" = 6*.

2.3 Stochastic Streaming Gradients

This section considers the SSG and PSSG methods with streaming batches arriving in constant
and varying streams. Our aim is to provide bounds on the quadratic mean E[||§; — 6*||?], which
depends explicitly upon the problem’s parameters. In order to do this, we assume the following

about the function /;; for each t € N with ¢ =1,...,ny:

Assumption 2.3.1. The random variable Vgl ;(0) is square-integrable and VY0 € ©, E[Vgl; ;(0)] =
VoL(0).

Assumption 2.3.2-p (Cj-expected smoothness). For p > 1, there exists C; > 0 such that V0,0’ €
O, E[[[Volei(0) — Volei(6)[[P] < CYE[||0 — 6"|[7].

Assumption 2.3.3-p (o-gradient noise). Forp > 1, there exists o > 0 such that E[|| Vgl ;(6%)||P] <

oP.

These assumptions are modified versions of the standard assumptions for stochastic approxi-

mations [13, 87| as they hold for any i« = 1,...,n;. Note that Assumption 2.3.2-p only needs to
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hold for 6/ = 6*. By the smoothness assumption (Assumption 2.3.2-p), we avoid the unfavorable
uniformly bounded gradients assumption, which is too restrictive and only holds for a few losses.
Assumption 2.3.3-p is a weak assumption that should be seen as an assumption on © rather than
on (l;). For SSG and PSSG, we only need Assumptions 2.3.2-p and 2.3.3-p to hold for p = 2,
whereas, for ASSG and PASSG, we need p = 4 in order to bound the fourth-order moment. Our
framework include classic examples: stochastic approximation (Robbins-Monro setting [124]) and
learning from i.i.d. data, such as linear regression, logistic regression, general ridge regressions and
quantile regression, p-means, and softmax regression, under regularity conditions [33, 136]. In the
following theorem, we derive an explicit upper bound on the ¢-th estimate of (2.2.1) and (2.2.2) for

any learning rate () using classical techniques from stochastic approximations [13, 87].

Theorem 2.3.1 (SSG/PSSG). Denote &; = E[||0;—0*||?] for some 6y > 0, where (8;) follows (2.2.1)
or (2.2.2). Under Assumption 2.3.1, Assumptions 2.3.2-p and 2.5.3-p with p = 2, we have for any
learning rate () that

! 202 i
0 <exp | —p Z Y Wf + — max l, (2.3.7)
Fary A L t/2<i<t N

with = exp(4C7 Sy 42/mi) exp(20% T 1 o1972) (B0 + 20%/CF).

Sketch of proof. Under Assumption 2.3.1, Assumptions 2.3.2-p and 2.3.3-p with p = 2, we

derive from (2.2.1) that (J;) satisfies the recursive relation
8 < [1=2py + (267 + (n — 1)CF)n; 271011 + 2070 17, (2.3.8)

for any (n;) and () fulfilling the conditions imposed on the learning rate [124]|. This recursive rela-
tion is then bounded in a non-asymptotic manner using Proposition B.1.5 in Chapter B. Bounding
the projected estimate in (2.2.2) follows directly from the fact that E[||Pe () —6*||?] < E[||0 —6*|?],
Vo € © [157].

Related work. When n; = 1 in (2.3.7), we obtain the usual SG method studied in Moulines
and Bach [96]. Similarly, Theorem 2.3.1 provides an upper bound on the function values, E[L(6;) —
L(6*)] < Cj6;/2; this follows by Cauchy-Schwarz inequality and Assumption 2.3.2-p.

Natural decay imposed by Robbins and Monro [124]. The learning rate () should

satisfy the following requirements: 25:1 v; = oo and 25:1 V2 /n; < 25:1 72 < oo for t — oo.

These conditions directly imply that 7'('? < o0 as t — oo. Thus, our attention is on reducing
the noise term max; /p<;<; 7i/n; without damaging the natural decay of the sub-exponential term
exp(—p Zﬁzt /2 ~i)- In particular, this non-asymptotic bound shows convergence in quadratic mean
for any learning rate, fulfilling these conditions. In addition, the scaling with (n;) in the noise term
shows an apparent variance reduction when we increase the streaming batches (n;).

Throughout this paper, we will consider learning rates on the form v, = C’Wntﬁ t~* with hyper-

parameters C., > 0, § € [0, 1], and « chosen accordingly to the expected streaming batches denoted
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by ni. We start by considering constant streaming batches (i.e., mini-batch SG) where n; follows

the constant streaming batch size C, € N:

Corollary 2.3.1 (SSG/PSSG, constant streaming batches). Denote & = E[||6; — 6*||?] for some
do > 0, where (0) follows (2.2.1) or (2.2.2). Suppose v = Cngt_a such that oo € (1/2,1). Under
Assumption 2.5.1, Assumptions 2.5.2-p and 2.3.3-p with p = 2, we have

C,N; 2!teg?C
b <exp [~ ) pl ¢ Tt (2.3.9)
21—ocCp @ 1

where T5, = exp(4aC§(2C’12 + Cplic,=11C%) /(20 — 1)0;72[3)(50 + 202 /C?) is a finite constant.

Decay of the initial conditions. The bound in Corollary 2.3.1 depends on the initial condition
2 in the noise term. The initial condition &y vanish sub-
exponentially fast for « € (1/2,1). Thus, the asymptotic term is 21+0‘0’2C'7/MC;70{7ﬁNf‘, ie.,

5 = O(N;%). Moreover, the bound in (2.3.9) is optimal (up to some constants) for quadratic

So = ||fo — 0*||* and the variance o

functions (1), since the deterministic recursion in (2.3.8) would be with equality. It is worth noting
that if C',C; or CCy is chosen too large, they may produce a large 7S, constant. In addition, 7, is
positively affected by C, when § < 1/2. Obviously, the hyper-parameter # only comes into play if
the streaming batch size is larger than one, i.e., C;, > 1. Nonetheless, the effect of 75 will decrease
exponentially fast due to the sub-exponentially decaying factor in front.

Variance reduction. The asymptotic term is divided by C;_a_ﬁ

, implying we could achieve
variance reduction by taking o + 8 < 1 when C), is large. Taking a large streaming batch size, e.g.,
C, = t, one accelerates the vanilla SG convergence rate to (’)(Ntl_ﬂ ). However, this large streaming
batch size would be unsuitable in practice, and it would mean that we would take few steps until
convergence is achieved.

The safe choice of having 8 = 0 functions well for the SSG method for any streaming batch size
C), but fixed-sized streaming batches are not the most realistic streaming setting. These streaming
batches are far more likely to vary in size depending on the data streams. For the sake of simplicity,
we consider varying streaming batches where ny are on the form C,t” with C, > 1 and p € (—1,1)
such that ny > 1 for all t. We will refer to p as the streaming rate. For the convenience of notation,

let ﬁ = Pﬂ{pzo]b

Corollary 2.3.2 (SSG/PSSG, varying streaming batches). Denote &; = E[||§; — 6%||?] for some
do > 0, where (0;) follows (2.2.1) or (2.2.2). Suppose v = C’ant_o‘ where ny = Cyt? with C, > 1
and p € (—1,1), such that o — Bp € (1/2,1). Under Assumption 2.5.1, Assumptions 2.3.2-p
and 2.3.3-p with p = 2, we have

C, N} ¢ 2142400520
Py >7rgo+ 7 (2.3.10)

0 < -
t—exp< 2019l P LT 206 o

where ¢ = (1 - B)p+a)/(1+ p) and 72, = exp(d(a — BH)C2C (207 + CE) /(2 — B) — 1) (G +
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202 /C?) is a finite constant.

Decay of the initial conditions. As mentioned for Corollary 2.3.1, the condition of having
a— fp € (1/2,1) is a natural restriction from Robbins and Monro [124], which relaxes the usual
condition of having a € (1/2,1) for p non-negative. For p € (—1,1/2), setting o« = 2/3 and 5 =1/3
would give same decay rate, 6; = (’)(Nt_g/ 3’) as we saw for Corollary 2.3.1 when o = 2/3. However,
accelerated convergence could be achieved by, e.g., setting « = 1 and § = 1/2 for streaming rate
p € (0,1), giving us 0; = O(Nt_(Hp/Q)/(Hp)).

Variance reduction. Similarly to Corollary 2.3.1, the sub-exponential and asymptotic term is
scaled by C,‘}_B ~ for p > 0, implying we should take a+ 8 < 1 to obtain variance reduction. These
conclusions will change when we consider the averaging estimate in Section 2.4.

The reasoning in Corollary 2.3.2 could be expanded to include random streaming batches where
ng is given such that CptPL < n, < CytPH with pr,pg € (—1,1) and Cp,Cy > 1. This yields the
modified rate ¢ = ((1 — B)pr + «)/(1 + pm); nevertheless, we will leave the proof to the reader.

2.4 Averaged Stochastic Streaming Gradients

In what follows, we consider the averaging estimate (6,,) given in (2.2.3) derived with use of (6;)
from (2.2.1) (Section 2.4.1) or (2.2.2) (Section 2.4.2). Besides having Assumptions 2.3.2-p and 2.3.3-
p to hold for p = 4, an additional assumption is needed for bounding the rest term of the averaging

estimate.

Assumption 2.4.1. There exists a non-negative self-adjoint operator . such that E[Vgly ;(0*)Valy:(6%) 7] <
X

Note that the operator X always exists when ¢ is finite for order p = 4 in Assumption 2.3.3-p.

2.4.1 Unbounded Gradients

As in Section 2.3, we conduct a general study for any learning rate () when applying the

Polyak-Ruppert averaging estimate from (2.2.3):

Theorem 2.4.1 (ASSG). Denote 6; = E[||0;—0%||] with (6;) given by (2.2.3) using (6;) from (2.2.1).
Under Assumption 2.8.1, Assumptions 2.3.2-p and 2.8.8-p with p = 4, and Assumption 2.4.1, we

have for any learning rate () that

51/2 <A1/2 N 1 S Nit1 Ny 52 4 ny 52 4 ny <1+Cl) 512
COONY T aNe S i wl Nt aNe 0
t—1 1/2 t—1
C C,
Ny (Zé) O naal 211
i=1 i=0

where A = Tr(VZL(0*)1SVIL(0*)™Y) and Ay = E[||0, — 0*|1] for some Ay > 0.
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As noticed in Polyak and Juditsky [118], the leading term A/N; achieves the Cramer-Rao bound
[50, 97]. Note that the leading term A/N; is invariant of the learning rate (). Moreover, this
bound of O(N; ') is achieved without inverting the Hessian. Next, the processes (J;) and (Ay)
can be bounded by the recursive relations in (2.3.7) and (2.7.21). There are no sub-exponential
decaying terms for the initial conditions in Theorem 2.4.1, which is a common problem for averaging.
However, as mentioned previously, we are more interested in advancing the decay of the asymptotic

terms. To ease notation, we make use of the functions ¥¥(t) : R — R, given as

t1=2)/0+y) /(1 —2) ifx <1,
YI(t) = < (14 y) log(t) if x =1,
z/(z—1) if x> 1,

with y € Ry, such that >>¢_ 7% < ¢0(t) for any = € Ry. Note that ¢¥%(t)/t = O(t~@T¥)/(1+v)) if
r <1, Yi(t)/t = Oog(t)t™1) if z = 1, and ¥¥(t)/t = O(t~1) if x > 1. Hence, for any x,y € Ry,
YY(t)/t = Ot~ @+9)/(149)) where the O(-) notation hides logarithmic factors.

Corollary 2.4.1 (ASSG, constant streaming batches). Denote &; = E[||0; — 0*||?] with (6;) given
by (2.2.3) using (0;) from (2.2.1). Suppose vy = Cngt*“ such that o € (1/2,1). Under Assump-
tion 2.3.1, Assumptions 2.5.2-p and 2.3.3-p with p = 4, and Assumption 2.4.1, we have

si/2 A2 6oCy /2 | 2°6C50°C, 20,0CY/* C,T.
t _Nt1/2 M3/QC$/2Nt17a/2 ,U?C;iaiﬁNg H3/QC/()17a7,8)/2Nt(1+a)/2 1N,
o 3/2 ~38/2
2B mmae (64 Thic,.)2%/2Cs02CY 2 Pyl 0 (N,/C)
pC, NZ° P3N, ’

_l’_

with T'c given by (1/0705 + 01)63/2 + O/ AL/ Cp + \/wgoAgo/Cng + Cs+/TIE AS,, consisting
of the finite constants w5, 115, and AS,, that only depends on i, &, Ao, Cy, 0, Oy, Cs, Cy, C,, B

and o.

Accelerated decay the initial conditions. By averaging, we have increased the rate of
convergence from O(N;®) to the optimal rate O(N;!). The two subsequent terms are the main
remaining terms decaying at the rate O(N?~2) and O(N; 2*), which suggests setting o = 2/3 would
be optimal. The remaining terms are negligible. Next, it is worth noting that having o« + 5 =1 in
Corollary 2.4.1, we would give no impact in the main remaining terms from the streaming batch
size C,. Moreover, taking o = 2/3 and 8 < 1/3 would be an optimal choice of hyper-parameters
such that the streaming batch size C, have a positive or no impact. At last, as we do not rely on
sub-exponentially decaying terms, we need to be more careful when picking our hyper-parameters,
e.g., taking C,C) too large may cause I'. to be significant. Nevertheless, the term consisting of I'.
decay at a rate of at least O(N;2).

Corollary 2.4.2 (ASSG, varying streaming batches). Denote 6; = E[||0; — 6*||?] with (0;) given by
(2.2.3) using (0¢) from (2.2.1). Suppose v = C,Ynft_o‘ where ny = Cpt? with Cp, > 1 and p € (—1,1),
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such that a« — Bp € (1/2,1). Under Assumption 2.53.1, Assumptions 2.5.2-p and 2.5.3-p with p = 4,

and Assumption 2.4.1, we have

51/2 A1/2 23+¢(1+ﬁ)UC£1_¢_5)/2]1{p20} 2(1+¢)(1+'5)72050'207 2¢(1+ﬁ)/20l0.0%/2
<t +
COSNI 32NN T 2O TN B2 Pz (462
—h— ] 3/2 ~14+38/2 ,p
LGl CaF /mT A, N O+ /2C502 05 200 V3 ampp)2(Vt/ Cp)
Ny pCy N2~ 132010, ’

with Iy, given by (1/0705 + Cl)éé/Q + 2°PCy\ /7L AY JC, + 2\/7rgoAgo/CVC'p’B + 2PCs /TS, AY,, con-
sisting of the finite constants w3, IIS and AY,, that only depends on pu, 6o, Ao, Ci, 0, Cy, Cs, C,
Cp, B and «.

Robustness towards streaming rates p: Following the arguments above, the two main
remainder terms reveal that ¢ = 2/3 < a — p = (2 — p)/3, e.g., by setting 8 = 0, we should
pick a = (2 — p)/3. Likewise, if p = 0, we yield the same conclusion as in Corollary 2.4.1, namely
a = 2/3. However, these hyper-parameter choices are not resilient against any arrival schedule p.
Nonetheless, we can robustly achieve ¢ = 2/3 for any p € (—1,1) by setting a = 2/3 and 5 = 1/3.

In other words, we can achieve optimal convergence for any data stream by having @ = 2/3 and

B=1/3.

2.4.2 Bounded Gradients

In what follows, we consider the averaging estimate 6, given in (2.2.3) but with the use of the
projected estimate PSSG from (2.2.2). To avoid calculating the six-order moment, we make the
unnecessary assumption that ||Vl ;(0)|| is uniformly bounded for any 6 € ©; the derivation of the

six-order moment can be found in Godichon-Baggioni [55].

Assumption 2.4.2. Let dpin = infgepo||0 —0*| > 0 with 0O denoting the frontier of ©. Moreover,
there exists Go > 0 such that Vt > 1, supgce||Volt,i(0)|]? < G a.s., withi=1,...,n,.

Corollary 2.4.3 (PASSG, constant streaming batches). Denote &; = E[||0; — 6*||?] with (0;) given
by (2.2.3) using (0¢) from (2.2.2). Suppose vy = Cngt_o‘ such that o € (1/2,1). Under Assump-
tion 2.5.1, Assumptions 2.5.2-p and 2.3.3-p with p = 4, Assumptions 2.4.1 and 2.4.2, we have

5;/2<A1/2 6Ot/ . 296C;502C, 20,00/ C,T.
NY? oty 2y Ng el en A Atz N,

a 3/2 ~33/2
C2o B mmac, (64 Thie,.)) 25 2Ch02CY 20208 (N/C,y)
pC N p3/2N, 7

+

with C} = C5+22Ge/d2,. and T, given by (1/C,C5+C))5e> + Ci\/me AS JC,+ T AS, | CCl +

min

Cs\/1IS A, consisting of the finite constants ©&,, 1IS, and AS,, that only depends on p, &y, Ao,

o0

G, o0, Cy, Cs, C,, Cp, 8 and a.
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Corollary 2.4.4 (PASSG, varying streaming batches). Denote &; = E[||0; — 0*||?] with (8;) given by
(2.2.3) using (6¢) from (2.2.2). Suppose v = Cwnft*a where ny = Cpt? with Cp, > 1 and p € (—1,1),
such that a« — Bp € (1/2,1). Under Assumption 2.3.1, Assumptions 2.5.2-p and 2.5.3-p with p = 4,
Assumptions 2.4.1 and 2.4.2, we have

s A1/2 N 23+¢(1+[3)O_C/()l—¢—5)/2]1{020} N 2(1Jr¢>)(1+,5)72Cv60_2cv’y N 2¢(1+ﬁ)/20l0.0%/2
t = - - o

Nt1/2 M3/2C$/2Nt1 ¢/2 M2C’; ¢ ﬁthb M3/2q()1 ¢ 3)/21{,,20}Nt(1+¢)/2

o 5 3/2 ~1438/2 5
+Cp1"v Cg o—p /ﬂ_fgoArgo N 23(1+¢)(1+P)/20:;0-207/ Cp /Qﬁg(afﬁ[))/Q(Nt/Cp)

Ny ,uC’VNf*‘b M3/2C;1{p20}Nt
with C, = C5+22Ge /d2; and T, given by (1/C,CE+C))8Y*+27C)/n AL JC,+2/TL AL, /C,Co+
20C5\/TIY AY,, consisting of the finite constants %, 1% and A%, that only depends on u, 0o, Ao,

Gy, 0, Cy, Cs, C,, Cp, 8 and a.

2.5 Experiments

In this section, we demonstrate the theoretical results presented in Sections 2.3 and 2.4 for various
data streams. In Section 2.5.1, we illustrate the unbounded gradient case (Sections 2.3 and 2.4.1)
using linear regression. Where in Section 2.5.2, we present the bounded gradient case (Sections 2.3
and 2.4.2) by considering the geometric median. To measure the performance, we use the quadratic
mean error of the parameter estimates over 100 replications, given by (E[||0n, — 6%]|?])¢>1. Note
that averaging over several iterations gives a reduction in variability, which mainly benefits the SSG
and PSSG.

2.5.1 Linear Regression

Consider the linear regression defined by y; = XtT 0+ ¢, where Xy € R% is a random features vec-
tor, § € R? is the parameters vector, and ¢ is a random variable with zero mean, independent from
X:. Moreover, (X¢, €)s>1 are independent and identically distributed. Thus, 8* is the minimizer of
L(#) = E[(y: — X}'0)?]. In this example, we fix d = 10, set § = (—4,—3,2,1,0,1,2,3,4,5)7 € R,
and let (X;) and (&) be standard Gaussian. It is well-known that C, can substantially impact
convergence; when C, is too large, instability can occur, leading to an explosion during the first
iterations. If C, is too small, the convergence can become very slow and destroy the desired rate o.
To focus on the various data streams, we set C, = 1/2 and a = 2/3.

In Figure 2.1a, we consider constant data streams to illustrate the results in Corollaries 2.3.1
and 2.4.1. The figures show a solid decay rate proportional to o = 2/3 for any streaming batch size
C, € {1,8,64,128} with f = 0, as shown in Corollary 2.3.1. In addition, we see an acceleration
in decay by averaging, as explained in Corollary 2.4.1. Both methods show a noticeable reduction
in variance when C, increases which are particularly beneficial in the beginning. Moreover, as

mentioned in Remark 2.7.1, the stationary phase may also commence earlier when we raise the
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streaming batch size C,. Next, in Figures 2.1b to 2.1e, we vary the streaming rate p for streaming
batch sizes C,, = 1, 8, 64, and 128, respectively, with 3 = 0. These figures shows an increase in decay
of the SSG when the streaming rate p increase. Despite this, we still achieve better convergence for
the ASSG method, which seems more immune to the different choices of streaming rate p, e.g., see
the discussion after Corollary 2.4.2. We know this from Corollary 2.3.2, as ¢ = (p+«a)/(1+p) > «
for = 0. In addition, we see that C, has a positive effect on the noise (i.e, variance reduction),
but if C, becomes too large, it may slow down convergence (as seen in Figure 2.1e). Alternatively,
we could think around the problem in another way: how can we choose a and g such that we have
optimal decay of ¢ = 2/3 for any p. In other words, for any arrival schedule that may occur, how
should we choose our hyper-parameters such that we achieve optimal decay of ¢ = 2/3. As discussed
after Corollary 2.4.2, one example of this could be achieved by setting & = 2/3 and 8 = 1/3 such
that ¢ = 2/3 for any p. Figure 2.1f shows an example of this where we (indeed) achieve the same

decay rate for any streaming rate p.

2.5.2 Geometric Median

The geometric median is a generalization of the real median introduced by Haldane [64]. Robust
estimators such as the geometric median may be preferred over the mean when the data is noisy.
Moreover, in our streaming framework, stochastic algorithms are preferred as they efficiently handle
large samples of high-dimensional data [33, 55|. The geometric median of X € RY is defined
by 0* € R? which minimizes the convex function L() = E[|X — 0| — | X||], e.g., see Gervini
[53], Kemperman [81] for properties such as existence, uniqueness, and robustness (breakdown
point). Thus, the gradient VoL (0) = E[Vgl:(0)] with Vgl:(0) = —(X; — 0)/|| X — 0| is bounded
as ||Vols(9)]] < 1. We omit to project our estimates as this would hide the errors we want to
explore (which we will see more clearly in Example 1.3.2, where we consider real-life time-dependent
streaming data). Instead of projecting the estimates, one could adapt the proof of Gadat and
Panloup [50] to a streaming setting. Otherwise, if X; is bounded, one can adapt Cardot et al. [32]
to the streaming setting showing that the streaming estimates are bounded. Similarly to above, we
fix d = 10 and let (X;) be standard Gaussian centered at § = (—4,-3,2,1,0,1,2,3,4,5)T € R1C.
Moreover, following the reasoning of Cardot et al. 33|, we set C,, = Vd = /10, and let oo = 2/3.

Figure 2.2a shows the variance reduction effect for different constant streaming batches C,
with 8 = 0. However, the robustness of the geometric median leaves only a small positive impact
for further variance reduction. Thus, too large (constant) streaming batch sizes C, hinders the
convergence as we make too few iterations. These findings can be extended to Figures 2.2b to 2.2e,
where we vary the streaming rate p for streaming batch sizes C), = 1, 8, 64, and 128, respectively,
with 8 = 0. The lack of convergence improvements comes from § = 0, which means we do not
exploit the potential of using more observations to accelerate convergence. As shown in Figure 2.2f,
we can achieve this acceleration by simply taking 8 = 1/3. In addition, 8 = 1/3 provides optimal
convergence robust to any streaming rate p. Choosing a proper 8 > 0 is particularly important

when C,, is large, as robustness is an integral part of the geometric median method.
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Figure 2.1: Linear regression for various data streams n; = C,t”. See Section 2.5.1 for details.

(a) Constant streaming batches, p =0, =0  (b) Varying streaming batches, C, =1, § =0
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Figure 2.2: Geometric median for various data streams n; = C,t”. See Section 2.5.2 for details.

(a) Constant streaming batches, p =0, 5 =0  (b) Varying streaming batches, C, =1, 3 =0
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2.6 Conclusions

We considered the SO problem in a streaming framework where we had to minimize objectives
using only unbiased estimates of its gradients. We introduced and studied the convergence rates of
the stochastic streaming algorithms in a non-asymptotic manner. This investigation was derived
using learning rates of the form ; = Cyn; 1= under varying data streams of n;. The theoretical re-
sults and our experiments showed a noticeable improvement in the convergence rate by choosing the
learning rate (hyper-parameters) according to the expected data streams. For ASSG and PASSG,
we showed that this choice of learning rate led to optimal convergence rates and was robust to any
data stream rate we may encounter. Moreover, in large-scale learning problems, we know how to
accelerate convergence and reduce noise through the learning rate and the treatment pattern of the
data.

There are several ways to expand our work but let us give some examples: first, we can extend our
analysis to include streaming batches of any size in the spirit of the discussion after Corollary 2.3.2.
Second, many machine learning problems encounter correlated variables and high-dimensional data,
making an extension to non-strongly convex objectives advantageous, e.g, in Werge and Winten-
berger [150], they use SG-based optimization methods for volatility prediction through GARCH
modeling. Third, Assumption 2.3.1 requires independent random functions, thus, an obvious exten-
sion could incorporate a more realistic dependency assumption, thereby increasing the applicability
for more models. Moreover, studying dependence may give insight into how to process dependent
information optimally. Next, a natural extension would be to modify our averaging estimate from
(2.2.3) to a weighted averaged version (WASSG) proposed by Mokkadem and Pelletier [95] and
Boyer and Godichon-Baggioni [27], given as

Or) = an log(1 + i)*0;_1, (2.6.12)

S log (1+14)
where 0y, = 0, A > 0 and () is coming from (2.2.1). By giving more importance to the latest
estimates, we should improve convergence and limit the effect of bad initializations. Following the
demonstrations in Section 2.5, an example of this WASSG estimate (6_?t7 A) can be found in Figure 2.3
with use of A = 2. Here we see that although the WASSG estimate in (2.6.12) may not achieve a
better final error (compared to the ASSG and PASSG estimates in Figures 2.1f and 2.2f), it still

achieves a better decay along the way, often referred to as parameter tracking.

2.7 Proofs

In this section, we provide detailed proofs of the results presented in the manuscript. Purely
technical results used in the proofs can be found in Chapter B. Let (F;);>1 be an increasing family
of o-fields, namely F; = o(l1,...,l) with [y = (l;1,...,ln,). Furthermore, we expand the notation
with Fio1; = o(li1, .o l—1mg15le1s- -+, 1) such that Fr_1 9 = F—1. Meaning, V0 < i < j, we
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Figure 2.3: WASSG for various data streams n; = C,t”. See Section 2.6 for details.

(a) Lmear regression, varying streaming batches, (b) Geometric median, varying streaming
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have F;_1 € Fy—1,; C Fi—1,5. Thus, by the independence of the random (differentiable) functions
(I¢4), Assumption 2.3.1 yields that ¥t > 1, E[Vgl; i(0¢:—1)|Fi—1,i—1] = VoL(0i—1) with i =1,...,ny

2.7.1 Proofs for Section 2.3

The section is structured such that we start by analyzing the recursive relations and bounding

them for every choice of learning rate. Next, we look at specific choices of learning rates.

Proof of Theorem 2.3.1. Taking the quadratic norm on both sides of (2.2.1), expanding it, and take

the conditional expectation, yields

E([6; — 6%|]*Fi—1] =6 1—9*1\2+’“E (01) ft_l

2
%ZE [(Volyi(Br_1), 001 — 07| Fo_1l. (2.7.13)
=1

To bound the second term (on the right-hand side) of (2.7.13), we first expand it as follows,

ne
ZEHW”(@ DIPIFe1] + D E[(Volei(0e-1), Volej (01-1))| Fe1)- (2.7.14)
=1 i#j

For first term of (2.7.14), we utilize the Lipschitz continuity of Vgl ;, together with Assump-
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tions 2.3.1 to 2.3.3-p, to obtain

E[[|Volei(0:—1) 1| Fi=1] <2E[[|Volei(Oe—1) — Volei(0)|1*|Fie1] + 2E[[|Vole,i(6%)|* Fe—1]
<2C?0;_1 — 0*||* + 202, (2.7.15)

using ||z + y||* < 2(||=|* + ||y||*). Next, for the second term in (2.7.14): as F;—1 C Fy—1; C Fi—1,
for all 0 <14 < j, we have

E[(Volii(0i-1), Vals j(0r—1))|Fi—1] = E[E[(Vals,i(0:-1), VoL(0;—1))| Fi—1,i—1]| Fe-1]

since 6;_1 and l;; are F;_1 j_i-measurable for all 0 <4 < j, and similarly, as 6y is F;_1-measurable

and F;_1;—1-measurable for all i > 0, we also have

E[E[(Valt,i(0t-1), VoL(0r—1))| Fi—1i-1]| Fi—1] =E[E[Valyi(0i—1)|Fi-1,i-1], VoL(0:—1))| Fi—1]
=[IVoL(6:—1)|%,

where ||[VoL(0;—1)|? < C&||0,—1 — 6*||> as VoL is Cy-Lipschitz continuous and VoL (6*) = 0. Thus,
we obtained a bound for the second term (on the right-hand side) of (2.7.13) using the bounds of
the two terms in (2.7.14):

ne nt
Z(%“?H@—l —0*|]% +20%) + Z CZ 10,1 — 0*)? = (2C*n; 4+ C&(ng — 1)) ||0s—1 — 6*]|> + 202n,.
i=1 i#]

(2.7.16)

For the third term (on the right-hand side) of (2.7.13) we use that L is py-quasi-strong convex and

0;_1 is Fi_1-measurable,

E[(Volii(0t—1),0i—1 — 0%)|Fi—1] =(E[Volti(0t—1)|Fr-1],0:—1 — 67)
=(VoL(0t-1),0i—1 — 67)
> |01 — 6%, (2.7.17)

by Assumption 2.3.1. Combining inequalities from (2.7.16) and (2.7.17) into (2.7.13) and taking

the expectation on both sides of the inequality, yields the recursive relation (2.3.8):
6 < [1—2uye + (207 + (ng — 1)CE)n; 1421001 + 20°n; 142,

with §; = E[||§; — 6*]|?] with some dp > 0. At last, by Proposition B.1.5, we obtain the desired
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inequality in (2.3.7), namely
t t .2 t 2 2
% 2 2 20 20 i
o <exp | — g i | ex 4C2E -+ ) exp | 2C E 1y, - 0o+ —5 | + — max —.
= Mz’:t/2% p( : i=1 m) p( v i=1 { 2>1}%> ( " Cl2> pot/2sist Mg
using that (n; — l)nt_1 < 1gn,=13, n¢ > 1, and that

202 < 202 o?
max max —s5 = —5.
1<i<t 2C% + (n; — 1)C% ~ 1<i<t 2C?  C?

O

Remark 2.7.1. The decrease of (207 + (ny — 1)C%)n; *y; determines when the stationary phase
occurs. This is more clearly seen in Proposition B.1.4, where the inner terms directly depend on
the inception of the stationary phase. Thus, by increasing ny, we decrease (2C7 + (n, — 1)C%)n; L,

and especially it dominates the constant Cj.
Proof of Corollary 2.53.1. By Theorem 2.3.1, we have the upper bound giving as

t
2 2
0 <exp | —p Z vi | 7 + 27 max Yi- (2.7.18)

Py’ puCp t/2<i<t
asny = C,, with 7§ = exp((402/C,) S4_ 1 77) exp(2CE Lc, 1} St 9)(60+0%/C?). The sum term
St = C’%C’gﬁ S i72% in ¢ can be bounded with the help of integral tests for convergence,
S i =14 i <14 [fa2de <14+ 1/(2a — 1) = 2a/(2a — 1), as a € (1/2,1).
Likewise, plugging v, = CWC'E t~ into the first term of (2.7.18), gives

t t t /’LC Cﬁtl—a
exp | —p Z ~vi | =exp —,quCg Z i <exp —MC,YOE/ z %dx | <exp —;17501 ,
i=t/2 i=t/2 t/2

using the integral test for convergence. Next, as (y¢)¢>1 is decreasing, then maxy/o<i<; vt = Y4/2-

Combining all these findings into (2.7.18), gives us

Bil—a 14a 2
nCLCyt . 27T C,
0 < _— + —7 2.7.19
t S exp ( ol—a Too C;,,gta ) ( )

with 7¢, = exp(4oz03(2(§'l2 + Cp]l{cp>1}0%)/(2a — 1)0;_25)(50 + 20%/C?). At last, converting
(2.7.19) into terms of Ny using Ny = C,t, yields the desired. O

Proof of Corollary 2.3.2. For convenience, we divided the proof into two cases to comprehend that
ny > 1 for all ¢: first, we bound each term of (2.3.7) (from Theorem 2.3.1) after inserting, v, =
C’ant_“ = C&,C’gtﬁp—o‘ if p> 0, or v > Cyt™ if p < 0 (using that § > 0) into the inequality. If
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p > 0, the first term of (2.3.7) can be bounded, as follows:

t t B114+-Bp—a

o nCLCyt

exp | —p E %i | =exp | —pCyCY Z ) s e <_M> |
i=t/2 i=t/2

using that o — Sp € (1/2,1) and the integral test for convergence. In a same way, if p < 0, one has

t t ,U,C tl_a
e (=03 ) 2o [ne, 3 ) o (G,
1=t/2 i=t/2

Likewise, with the help of integral tests for convergence, we have for p > 0, that 21;:1 V2 /n; <
S < 2(a - Bp)C’,%CgB/(Q(oz —Bp)—1),asny > 1 and o — pf > 1/2. If p < 0, one has
St i <Y 2 < 20403036/(204 — 1) since C, > ny > 1. Next, as (1 — 3)p + a > 0 for
p > 0, then we can bound the last term of (2.3.7) by

202 v 20%C, 1 oi+(=Bptas2c

— max — = ———— Inax < .
pote<i<eng Oy ye<i<ei-Aere = 0d=B(1-p)p+a

Likewise, if p < 0, we have

202 v 20%C, 1 21+QU2C’7
—— max = max ——g- < o
not/2<i<t n; not/2<i<t n; i ut

since n; > 1 and 8 < 1. Combining all these findings gives

BLipz0} 4 (1-¢)(145) 91+(145) 52
0t <exp (—MC'YCP ! ) Too + o°Cy (2.7.20)

2(1-¢)(14p) ucf()l—ﬁ)ﬂ{pZo}t¢(1+ﬁ)’

where 7%, = exp(4(a — Bp)C2C;7(2CE + C&)/2(a — Bp) — 1) with jp = pl,n0, and ¢ = ((1 -
B)p + a)/(1 + p). To write this in terms of N;, we use that N, = S'_ n; = C, >0 if =
C,o(tP + U1 iP) < Cp(tP + [LaP dx) < C,(tP + 17 [ dz) = C,(tP + t14P) < 20,17, for p > 0,
thus, ¢t > (N;/2C,)Y/1F). For p < 0, we have Ny < C,t, i.e, t > N;/C,. O

2.7.2 Proofs for Section 2.4

Lemma 2.7.1 (ASSG/PASSG). Denote Ay = E[||0; — 0*||*] for some Ag > 0, where (6;) follows
(2.2.1) or (2.2.2). Under Assumption 2.3.1, Assumptions 2.3.2-p and 2.3.3-p with p = 4 and

Assumption 2.4.1, we have for any learning rate () that

d 3
320" 2 480" 3 11404 3,
VPR (S U0 O . S LA L1
i—t/2 p=t2<ist g B t/2<i<t m pootj2<i<t  n
(2.7.21)
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with TI given in (2.7.29).

Proof of Lemma 2.7.1. We will now derive the recursive step sequence for the fourth-order moment

using the same arguments as in proof for Theorem 2.3.1. Thus, one can show that

4

E[|0; — 0°|[*Fi-1] <[|0:- 1—9*\\4+%E i (0-1)|| |Fe1

472 nt ?

t *

—E E Volii (0i—1),60,—1 — 0 _
+n% < oli (0i—1),0i—1 >-7:t1

i—1
2

2

”'f 601 = 07| °E i) | Fen

4 *

%H@t— - 6|7 Z (Volti(0r-1)Ft-1],0¢—1 — 0%)

4%

2
Zvelm br—1) <Z Voli (61-1) , 0r—1 —9*> Fio1|,

i=1

using 6;_1 is F;—_1—measurable. Note, by Assumption 2.3.1, we have
(E[Volyi(01—1)|Fi-1], 01—1 — 0%) = (VoL(0p—1),01—1 — 0%) > pf|61—1 — 6*||?,

as L is p-quasi-strong convex. Combining this with the Cauchy-Schwarz inequality (x,y) < ||z||||ly]|,

we obtain the simplified expression:

4

4
E[|6c — 0*[|*|Fe-1] <[|0e—1 — 07|I* + %E i (O-1)|| |Fe

t

62 .
+ 20116,y — 0%|°E Fiy
ng

nt 2
Z Vol (01—1)
i—1

* 4— *
— A0y — 07|+ L ” 601 = 072 Fir

ne 3
Z Volti (6r—1)
i—1

Next, recall Young’s Inequality, i.e., for any ay, by, ¢; > 0 we have a;by < a?c?/2 + b? /2c2,

ne 3

> Volii (6:-1)

i=1

ne 4
2ny [|0s—1 —
gl ZWH (01) M

S o +
Q’Rt HOt 1 — Q*H

i (0r—1)

)
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giving us

3
E[[|0; — 67| Fi-1] <(1 — dpye)|[6s—1 — 0°[|* + % Wi E (0,1 ft_l
8’Yt2 * 12 .
+— |01 — 0% *E nglm(et_l) Fio1] . (2.7.22)
=1

To bound the second and fourth-order terms in (2.7.22), we would need to study the recursive
sequences: firstly, utilizing the Lipschitz continuity of Vyl;;, together with Assumptions 2.3.2-p

and 2.3.3-p, and that 6;_; is F;_j-measurable (Assumption 2.3.1), we obtain

E[[|Volt,i(0e—1)[IP|Fe1] <2V [E[[[Volt,i(0r—1) — Volei(0%)||P|Fer] + E[l[Volei(6°) ||| Fe—1]]
<2P~HCOP|0;—1 — 0% + o7, (2.7.23)

for any p € [1,4] using the bound ||z + y||? < 2P71(||z||” + ||y||P). Thus, we can bound the second-
order term in (2.7.22) by

(O | Fi—1

<[2C*n; + C%(ny — 1)ng)||6s—1 — 0%]]> + 2020y

<[207n; + C&nil 0|01 — 07| + 207, (2.7.24)

following the same steps in the proof of Theorem 2.3.1, but with use of (2.7.23). Bounding the
fourth-order term is a bit heavier computationally, but let us recall that |3 ;]| = >, |2

>oizi{Ti Tj) = Soillzill® + 23 i<;(wi, ;). Then, we have that

2
Zvezm (6:-1) Zuvelm (6:-1) H2+Z Volei(6:-1), Vol (0;-1))
i=1 i#£j
ne 2 ne 2
<2 (Z||Velt,i(9t1)||2> +4 [ > (Volti(01), Volej(0:-1) | (2.7.25)
i=1

1<j

as (z +y)? < 222 + 2y%. For the first term of (2.7.25), we have

ni 2 nt ng
E <Z|’V0lt,i(9tl)|2> Fir| =D ElIVoles(Or-) |1 Fe-1] + D Bl Volei(0r—1) 1 Volej (Or—1)|I*| Fe1]
=1 =1 iF£]

<8ne[C10r—1 — [|* + 0] + 40 Loy [CF 1001 = 072 + 07,

using the bound from (2.7.23), ny(n; — 1) < n?ﬂ{nt>1}, and that 71 C Fi_1; C Fy—1; for all
0 < i < j. To bound the second term of (2.7.25), we ease notation by denoting Vgl ;(6:—1) by v,
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giving us
2
ne nt nt
S i) | =D (o) Y (v ok, o)
i<j i<j i<j k<l
(i.9)7#(k.1)
ne ng Tt
:Z<Uz',7.}j>2+ Z (vs, V) (U, vp) + Z (vs, V) (U, V)
i<j i<j k<l i<jk<l

B C

By Cauchy-Schwarz inequality, we can bound the first term A, by

nt
E[A]F;-1] SZE[IIW\FIMHQIE—H
1<j
<2n4(ngy — 1)[C?|0:—1 — 07| + 22

<ULy [CF 011 — 67| + 072,

using that F;_1 C Fi_1; C Fi—1,; for all 0 <4 < j. Next, since | = j implies 7 # k, we have

Tt

EB|Fial= Y, E[(vi,v;)(vk,v)|Fi]
i< k<lithk,j=l

ne
= Z EE[(E[vi| Fi—1,i—1], vj) (Elvg| Fi—1 x—1], vi) [ Fe—1,1-1]|Ft-1]
i< k<l ik, j=l

ne
= Z EE[(VoL(0i—1), v1)*|Fr—1,-1]|Fi—1]
i<jk<l,ifk,j=l
ne
< > E(IVeLO) IPEl|vill*[ Fo-1,-1)| Fea]
i<jk<lifk,j=l
nt

< ) 206y — O|P[CR6r1 — 677 + 07
i<jk<litk,j=l

—ne(ne — 1)(ng — 20261 — 07 |2[C6-1 — 67 + 0]
<N o C2[0p1 — 0 |PICPI01-1 — 7] + 02

using the Cauchy-Schwarz inequality and the bound in (2.7.23). In the same way, as j # [ includes
(i,7) # (k,1), we can rewrite C' as

ne nt nt
C= Y (wodluwu)= D (wuplumo)+ Y (i) (o),
i<jk<lj#l i<jk<li=k,j#l i<jk<litk,jl
Cl C2
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where E[C}|F;—1] = E[B|F;—1]. Finally, we can rewrite C5 as

nt nt n
Cy = Z (Uﬂ)j) (vgvy) + Z <UZ"Uj> (vgvy) + Z <’Uivj> (vgvr),
i< k<litk,jALi=lj#k i< k<litkjALiAlj=k i< k<litjEk#l
Ca1 Ca2 Ca3

where E[Cy 1|Fi—1] = E[Co 2

]:t—l] = E[B’]:t_l], and

ne

E[Cos|Fial= Y, E[VeL(6i1)l|"|Fi1]
i<, k<l ij#k#l

<ny(ny — 1)(ne — 2)(ng = 3)Cg 16,1 — 0*|*

<Ly O |01 — 07|

Thus, the fourth-order term of (2.7.22), is bounded by

4

E Fi1| <160[C 1001 — 0*[[* + 0] + 1607 10,0y [CF 1611 — 0% + 077

> Volii (6i-1)
=1

+ 12051 oy CE |01 — 07 IP[CP 011 — 0% + 0%) + 40 L (o) O |1 — 67|
<[16C}n; 4+ 16CH N L, o1y + 12CECENG 1L (), ony + 400 L1, o0y] (1001 — 07|
+[32CE0* i1 o1y + 12080700 L, oy 101—1 — 07]|* + 160% 0 + 160* 17 1,15 - (2.7.26)

Combining the bound from (2.7.24) and (2.7.26) into (2.7.22), we obtain the recursive relation for
the fourth-order moment:

E[[10; — 6*||*|Fi—1] <[1 = dpys + 8CG L1 ony3f + 16CTn; 147 + 48C i, %) + 48C 0y 1 o
+36C5CPn; oy Yy + 1205 110,077 1651 — 67
+ [160°n; 197 + 96CFon, 1,20y + 36C 0?0y i,y 11061 — 077
+ 4804n;3’yf + 48a4n;21l{nt>1}’yf.

Using the Young's inequalities, 2C2C? < n,C& +n; 'CF, 16020, 72(|0r—1 — 0%(|> < 2uy |0 — 0*||* +
82001~ 0y 2Ad, 2000 oy 161 — 07117 < Cfng 2 Loy V100 — 07|+ 0ty P 1,50y 7/, and
2080°n; Loy 0e-1 — 0|7 < O Loy 2 16 — 071" + 0*ng 2L, o0y, ields,
E[|6: — 0" *|F-1] <[1 — 2uye + 80T L(n,51)77 + 1600y 147 + 48C  ng i + 1140 n; 1m0y
+48CT Loy Vi 10r—1 — 0% + 327 o' ny 2o + 480 n Pyt + 11do*n * 14,0007
(2.7.27)

Taking, the expectation on both sides of the inequality in (2.7.27) yields the recursive relation for
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the fourth-order moment:

Ar <[1—2py; + 8C8 1,177 + 16CHR; "2 + 48C T n v + 114CHn; 21,01y
+48CE T 1oy i A1 + 320 Lot n, 2y 4+ 480t Byt 4+ 11datn 21, oy (2.7.28)

with A; = E[||6; — 6*[|4] for some Ag > 0. By Proposition B.1.5, we achieve the (upper) bound of
Ay in (2.7.28), given as

t
3204 2 480% 3 1140* 31y,
Ay <exp —MZ% A + Z max ’y—ng—U max ngr 7 max %{72?1}
_ t/2<i<t M o t/2<i<t n; o t)2<i<t  n
1=t/2 p v v v
where HtA is given by
¢ ,Y'Q ¢ 74 t ]l{ .>1}’y4
exp 320?277? exp 960{12”—% exp 2280[‘21”721
i=1 " i=1 "% i=1 i
t t
204 4oy,
exp [ 16C% Y Loy | exp | 960 D 1m0y <A0+ o +027> (2.7.29)
i=1 i=1 o M
with use of
32u~Lotn; 2y + 480 n; P2 + 1140t n; 21, 072 ot 20ty

max < —= .
1<i<t 8C2 1y, -1y + 16C2n; ' + 48C n; 342 + 114C)n; 1y, 272 +48CE 1y, -nv? — CF  pCima

At last, bounding the projected estimate (2.2.2) follows from that E[||Pe(6) — %] < E[||6 — 6*|?],
Vo € ©. O

Proofs for Section 2.4.1
Proof of Theorem 2.4.1. Following Polyak and Juditsky [118], we rewrite (2.2.1) to

El

(01 = 00) = Vol(0r-1). (2.7.30)
t

e
Or =0,y — Z—i > Volii(bi1) =
=1

where Vglt(et_l) denotes nt_l ZZZI V@lm(@t_l). Note V@lt(et_l) ~ V@lt(e*) + Vglt(a*)(et_l — (9*),
and that Vgl (6%) and Vyli(0) — VoL(0) behaves almost like an i.i.d. sequences with zero mean.
Thus, 6; —60* behaves like —VoL(0*) " N, ' 3", n; Vgl (0*) leading to a bound in O(y/N;). Observe
that

VEL(0)(0;—1 — 0°) =Vgls(6;-1) — Vol (6%)
— [Vols(8:-1) — Vols(6%) = Vo L(6:-1)] — [VoL(611) — VEL(6*) (611 — 67)],

~
martingale term rest term
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where VZL(0*) is invertible with lowest eigenvalue greater than p, i.e., V2L(6*) > p. Thus, summing

the parts and using the Minkowski’s inequality, we obtain the inequality:

(& []16: - Q*HQDé <|E

t
1
E |||ViL(0*) " — Vol; (0
+ VL (67) Nt;”VG (

1
2 2

ViL anvgz

1
2 2

t
1 .
+ | E ||| V2L (p*)7! FE 1 [Voli (0;-1) — Voli (6°) — VoL (6;-1)]
ti=1

NI

t 2

+ | E |||V2L (%) ! ]\17t gn (VoL (0;-1) — VZL(0%) (B;—1 — 6")]

As (Valii(6%)) is a square-integrable martingale increment sequences on R? (Assumption 2.3.1), we

have
L& 2 AL 2]
E VZL(Q*)_IFZTLZ'VQZZ' 0| | =E |||V2L (6*)! ZZVHZU
ti—1 i=1 j=1
NZZZ]E[HVQ L(6%) " Vol (07|
=1 j=1
Tr [VZL(6*) " 1SV2L(6%)~
< Tr [V L( )N g L(07) ]7 (2.731)
t

using Assumption 2.4.1. To ease notation, we denote Tr[VZL(6*)"1XV2L(0*)~!] by A. Next, note
that for all ¢ > 1, we have the relation in (2.7.30), giving us

t
1 n;
N E nZVQZ 91 1) Nt E % (9 1—9)

1t1 n; n; 1 n 1 n
0; — 0" Z“—Z>—9—e*t+9—9* -1
N 1( )<%+1 Vi (6 ) N (6o )

=

leading to

s L)

anvel i— 1

<7Z 19 =671 2

ny
+— 10— 0| — + — |60 — 6%|| —
s e H% Ntu”o H

Vi
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Hence, with the notion of &; = E[|6; — 6*||?] this expression can be simplified to

1
B 41 i 1\? R Tlnigr ny ne A ny A
N ;niveli (fi-1) = Nip ;61 Yiel % Nt’Yt,udt " Nt'YlN(SO '
(2.7.32)
For the martingale term, we have
. 2
E ||[v2L (%) ]it > (ol (02) = Vols () VoL (B
B 2

t e

1 K3
< 2 (0, *) o (0; _ . (OF
< N }:ij[wezz(ez_l) Voli (6°)]°] = NtQMQ})E 3 Volig (01) = Vel ()

= N2 2 ZZ( [HV@ZU —1) = Vli; (67)] Dé = N2 B) an i—15 (2.7.33)

i=1 j=1

by the Cauchy-Schwarz inequality and Assumption 2.3.2-p. For all ¢ > 1, the rest term is directly
bounded by (2.2.6):

t 2

E||[v3L (6%) ]ét ; n; [VoL (6:-1) — VAL (6%) (61 — 0°)]

t
5 1
Ny AL

i

(2.7.34)

with the notion A; = E[||6; — 6*||*]. Finally, combining the terms from (2.7.31) to (2.7.34), gives us

1
512 < A1/2 1 tzz 1/2 [Nyl Ny ng 51/2 mg1/2
! 1/2 Nip Vi1 Vil Newp ! Ny ©
c . 1/2
1 1/2
S s A2 (2.7.35)
New \ i . ) t“; i

where §; = E[||0; — 6*||?], which can be simplified into (2.4.11) by shifting the indices and collecting
the dp terms. O

Proof of Corollary 2.4.1. As ny = C, for all t > 1, we simplify the bound for & in (2.4.11) to

- 1 1 c c 1
52 < 51/2 1 p 512, Co < +C> 51/
! 1/2 Nt# Z Vi1 Ny Nip :
1/2 t—1
CZC’ CsCp 1/2
51 + SN2 2.7.36
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The second-order moment ¢; is bounded by Corollary 2.3.1 but with use of (2.7.19) as we work in

terms of ¢. The fourth-order moment A; from Lemma 2.7.1 can be simplified to:

320 4804 1140% (¢, 0
Ay < — 11, 2 4 34 7 \Terd 3
e zt;z% (MC2 /2< <t% 03 t/glgq% 2 t/g?fét !
7
_ 2B 38 38
. OGN 1 2203204 C2C; . 2394804 C3C) . 23011404 C3C3 10,1
p ol-a M pC2i2e C33a C2pa ’

using that v = CVCgt_O‘ is decreasing as o € (1/2,1). Regarding 11 defined in (2.7.29), we can
bound it by

4
1. — exp 640C7C3C)" oxp |12 F 456C,1{c,>1y)CLCAC," - 32002 C2CP ¢,

204 40407 )
o7l 18
Cr uCic,

exp (19205 CICH 1,0y ) (Ao +

using S°4_, 72 < 20/(2a—1) and Yi_ i < 2 Note that IIS is a finite constant, independent
of t. To bound the first term of (2.7.36), namely m Sl 5172 Z_+11 ;7 1, we remark that h/t—&—l —

i=1"1

7 < C’;lC;ﬁata_l, one has (since va + b < v/a + Vb),

t—1 1— t 1 1ta
Cp Z(S% 1 _ l <Cp /BO[ Ziail ox _/,LC»ngZl o \/777+ 272 U‘/C'Y
e N yHVE T VG, 2 io/?

(2.7.37)

For simplicity, let us denote
B:1—a > B:1—a
GG pnCLChi

as a < 1. Thus, the first part of (2.7.37) is bounded as follows:

1 1 1—
Ba\/wc Z 1 oxp 7;&070521 @ < Cp Ba\/ﬂgoAgo
fy,uNt — 22—« - C’YMNt '

Furthermore, with the help of an integral test for convergence, one has 2221 /271 <14 i f s2/2-1 ds =
14 (2/a)t*? — (2/a) < (2/a)t*/?, such that the second part of (2.7.37) can be bounded by

« o a l—a— B
1-52- O‘C t et < 3+ C = ta/z 3-*2- O'C p}
_ 7 < = .
C$/2M3/2Nt — C%I/Q 3/2 N, C$/2M3/2Nt1 /2
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By combining this, we get

« 1—a—p8
c, 2‘: : 1| _ G PaymgAs, | 27500, 2739
Nip i—1 Yi+1 %’ CW/MNt \/7M3/2N1 a/2’ o
Similarly, second term of (2.7.36), can be bounded by
c, 1 _cio” C.,Coi- 25%0,/C
p 55 < P exp N 2l
Ny ! ~CuN - 2%a \fcpl;ﬁtam

1+« 1- B

C2 b sre A L2 c,
TGN \/CTM?)NNQ‘O‘/Q

using exp(—uCWCftl*a/?*O‘) = Af <7130 AS < t71AS as AY is decreasing. In a same way,

one has

1o, i 1/2 1 o
ccp <§5‘>2 _ac; (A . +21+aa20¢1—a) " _acvreVAL . 2% ao/T

Nip Ny e (1—0[),110;7’8 Nip =5~

i=1 c, 3/2N 5

Bound the last term of (2.7.36), is done as follows,

CsCp N £ _ puC,Clit-e 2‘“66’5020 296C502C,C <X
< _ c
S A Sy (O i >

Nip i—0
(6 + 7]1{0 >1})23a/2060203/2036/2 t—1 oy
+ N 32 ZZ
i=1

o 3/2 ~38/2
LGOI AS, | 2%6C502C, (04 Thic,o))2” [2C502C32 8, (Ni/C,)
STON T Ta B ana T 32N, '
th Cp = Nf M t

Thus, by collecting the terms above, we obtain:

1—a—p o
sz A2 60C, 2 L 26C50°C, C2 B mTAc, 2 oy /T,
t = Nt1/2 \/>M3/2N1 /2 C;*Q*BMQNta C’YMNE_Q Cpl t;c* 3/2N1+a
N Cch (6 + 71{CP>1})23(}/2060203/2025/2
PN 12050 1o (Ne/ Cp) TN, ’
where T = (1/C,CY + C))63/* + C\/mL AS, /O + T AS, JCLC8 + Cy/TIS AS,. 0

Proof of Corollary 2.4.2. The steps of the proof follows the ones of Corollary 2.4.1 with the smart
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notation of ¢ and p: The bound for d; in (2.4.11) is given by

51/2 < AL/2 N 1551/2 Nit1 Ny Nt 61/2 + RO <1 + C) 51/2
' N2 Nt v wl Neww ¢ Neyp \yp ~ )70
t—1 1/2 -1
Cl Cs 1/2
Nop 10 N +18; 2.7.39
+ Ntu (; i1 z) + Nt,u ;nlﬂ i ( )

where the learning rate is on the form ~; = Cynf t~* with n; = C,t”. The second-order moment d;
is upper bounded by (2.7.20) from Corollary 2.3.2. The fourth-order moment A; from Lemma 2.7.1

can be simplified as follows,

t
320* V2 1620 7
A, <e — | I1Y ax —5 ax —g,
t <exp | —p ‘Zt/:z vi | U + 12 t)rsist n? + u t/glgi};t n?
iz

asng > 1forany t > 1 and 8 <1, and

32(a — Bp)C2CE (202 4 C2) 20t 40'C
1%, =ex T £ exp (192C2C*P(4CH+ CE)) | Ag+ = + ——— 2
( 2o~ 7)1 (mcictact o) {80+ Tr +cacrs

using that Zle 17% < 2 for a > 2. Next, for p > 0, we have

)

22a72ﬁp+2p320403035 23a73,6’p+2p16204030313

B11+Bp—a
nCLCyt
Ay <exp <_ ol+Bp—a IS, + 2 C2 420250420 + pC243a=350+2

using that o — Bp € (1/2,1). If p < 0, one directly have
2 3
) L 2232002050 2316200 C3C)°

pCL et

Ay Zexp < ol—a oo+ L2420 T Lt3a

With the notion of ¢ and p, we can combine the two p-cases as follows:
230(1+0)-16204C3C}°
pCTHoZ0 36(14)—p

Blip=0} 4(1-¢)(1+5)
nCyCp t
Ar Sexp (‘ A1 +5)

220(14+7) 325402 %P
HU 4 Y=P
o0 M2C§1{p2°}t2¢(1+5)

We will in the following bound the terms for ¢ but afterwards we will translate it to terms in V.
If p > 0, the first relation is ¢ > (Nt/QCp)l/(Hp) since Ny = C,(t° + Zf;i i?) < Cp(tP + flt xP dr) <
C,o(tP + t° flt dz) = C,(tP + t'°) < 20,t'° by use the integral test for convergence. Similarly,
Ny =0C, 22:1 ir > C, fg zP dx = C,tP™, thus, t < (Nt/C’p)l/(Hp). If p <0, one has t < N; and

Nt < Cpt, i.e., t> Nt/Cp.

Bounding ﬁ Zf;% 52-1/2\71@-“/7”1 — n;/7i|, we first note ny/y = Cv_lc';fﬂt(l_ﬁ)p‘m for p > 0.

52



Section 2.7

Thus, by the mean value theorem, we obtain:
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asa+ (1—p)p<1-—psince a — fp € (1/2,1). For p < 0, the mean value theorem gives us
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as (n¢)s>1 is a decreasing sequence and § < 1. Thus, for any p € (—1,1), we have
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By using this, we obtain:
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Next, let us denote
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since ¢(14+p) —1=a+ (1 —3)p—1 < p. Thus,
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Furthermore, with the help of an integral test for convergence, we have
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Summarising, with use of ¢(1 + p) < 2, we obtain

_ 5 1=s=8
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Similarly, for N:f; Mé 1/2 , one have
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For %(vf Ly C’l)(;é/ 2, we insert the definition of our learning functions, giving us
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Bounding %(Zt ! Ni+10;) 172 follows the ideas from above, using that nsy1 < 2°n, to obtain
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1/2
Likewise, for N‘L Z Z-HA/ , we get
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This can be simplified to the desired using I', given by (1/0705 + 05)53/2 + 2°C) /71'(1;0143;0/0;/2 +
2\/7rgoAgo/Cng + 2°Cs/TIY, AY,, consisting of the finite constants 7%, IS, and AZ. O

Proofs for Section 2.4.2

Theorem 2.7.1 (PASSG). Denote 6; = E[||0; — 0*||?] with (6;) given by (2.2.3) using (6;) from
(2.2.2). Under Assumption 2.3.1, Assumptions 2.53.2-p and 2.3.3-p with p = 4, Assumptions 2.4.1
and 2.4.2, we have for any learning rate () that

- A1/2 1 g 1 NG| /2 ng /2 0 M 1/2
512 < + il Rty T gy L < +C>5/
! TN} Ntﬂ; Yitr vl " Neyep ! Nip :
t—1 1/2
Ci 1/2
5 :
+ Ntﬂ (;nﬁ-l z> i

where A = Tr(VZL(0*)1ESVEL(0*)™!) and Cf = Cs + 2°Ge/d>

min *

Proof of Theorem 2.7.1. Denote E[||0; —0*||?] by §; with (6;) given by (2.2.3) using (6;) from (2.2.2).
As in the proof Theorem 2.4.1, we follow the steps of Polyak and Juditsky [118], in which, we can
rewrite (2.2.2) to

1 1
= (Oi1 —0) = Voly (1) — —Q,
’}/t(tl t) Ht(tl) 'Ytt

where Voly(0;—1) = ny ' S0 Volpi(0i—1) and Q¢ = P (-1 — % Vole(01-1)) — (0r—1 — 7 Vole(0:—1)).
Thus, summing the parts, using the Minkowski’s inequality, and bounding each term gives us the

same bound as in Theorem 2.4.1, but with an additional term regarding §2;, namely

t
1 n;
Z : E HQ H 1{92 17 Voli(6;_1)¢0} | s (2.7.41)
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using Godichon-Baggioni [55, Lemma 4.3]. Next, we note that E[HQtH2]l{et_rwvglt(et_l)eze}] =
AV GyP[0; 1 — 7V oli(0:—1) ¢ O], since

HQtH2 =||Pe (01—1 — Vol (01—1)) — Or—1 + Vol ('9::—1)”2
<2|[Po (-1 — 7 Vols (0:-1)) — Or-1]|* + 297 [ Vols (6:-1)|1?
=2Pe (6:-1 — % Vols (6:-1)) — Po (0-1)II” + 247 | Vols (6:—1) ||
<201 = % Vole (61-1) = Op—1* + 297 | Vale (B—1)|I?
=477 | Vols (6:1)|* < 447G,
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as Pe is Lipschitz and ||Vl ;(0)]|> < G for any 6 € ©. Moreover, as in Godichon-Baggioni and
Portier [56, Theorem 4.2|, we know that P[f; 1 — v Vly(0;—1) ¢ O] < Ay/dE. | where dpin =

min’

infgepo |0 — 6*|| with 0O denoting the frontier of ©. Thus, (2.7.41) can then be bounded by

1 < 9 2Go 12 _ 2*Ge : 1/2
i
,U/Nt ; %\/E |:HQZ” ]l{(’i—rwvoli(%—ﬂ%@} S IU/dZ Nt anAl S/,Ldz Nt Zni-i-lAi ’

min i=1 min =1

using that the sequence (n;) is either constant or varying, meaning n;y1/n; < 2. O

Proof of Corollary 2.4.3. The proof follows directly from Corollary 2.4.1 but with use of Theo-
rem 2.7.1. O

Proof of Corollary 2.4.4. The proof follows directly from Corollary 2.4.2 but with use of Theo-
rem 2.7.1. 0
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Chapter 3: Learning from Time-dependent Streaming Data with Online
Stochastic Algorithms

Abstract

We study stochastic algorithms in a streaming framework, trained
on samples coming from a dependent data source. In this streaming
framework, we analyze the convergence of Stochastic Gradient (SG)
methods in a non-asymptotic manner; this includes various SG meth-
ods such as the well-known stochastic gradient descent (i.e., Robbins-
Monro algorithm), mini-batch SG methods, together with their aver-
aged estimates (i.e., Polyak-Ruppert averaged). Our results form a
heuristic by linking the level of dependency and convexity to the rest
of the model parameters. This heuristic provides new insights into
choosing the optimal learning rate, which can help increase the stabil-
ity of SG-based methods; these investigations suggest large streaming
batches with slow decaying learning rates for highly dependent data
sources.

keywords: stochastic optimization, machine learning, stochastic algo-
rithms, online learning, streaming, time-dependent data
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3.1 Introduction

Over the past decade, machine learning and artificial intelligence have become mainstream in
many parts of society; substantial improvements in the performance and cost of mass storage devices
and network systems have contributed to this. Traditional machine learning methods often work
in a batch or offline learning setting, where the model is re-trained from scratch when new data
arrive. Such learning methods suffer some critical drawbacks, such as expensive re-training costs
when dealing with new data and thus poor scalability for large-scale and real-world applications.
At the same time, these intelligent systems generate a practically infinite amount of large-scale data
sets, many of which come as a continuous data stream, so-called streaming data.

Streaming data arrives as an endless sequence of samples (data points), which means that at any
given time, the model must be able to adapt to the samples observed (so far) to predict/label new
samples accurately. Such (streaming) models can never be seen as complete but must be updated
continuously as newer samples arrive. Methods that recalculate the model from scratch on the
arrival of new samples are impractical due to their high computational cost. Therefore we need
procedures that effectively update the model as more samples arrive. This computational efficiency
should not be at the expense of accuracy; the model’s accuracy should be close to that achieved if
we built a model from scratch using all the samples [20].

Stochastic algorithms have proven effective in overcoming the drawbacks of traditional (batch/of-
fline) machine learning methods as they only use samples one by one without knowing their number
in advance, especially the Stochastic Gradient (SG) method [124]. These SG methods have proven

scalable and robust in many areas ranging from smooth and strongly convex problems to complex
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non-convex ones, which makes them applicable in many large-scale machine learning tasks for real-
world applications where data are large in size (and dimension) and arrive at a high velocity. Such

first-order methods have been intensively studied in theory and practice in recent years [21].

The classical analyses for SG methods typically require unbiased gradients drawn independently
and identically distributed (i.i.d.) from some underlying (and unknown) data generation process
[34]. However, in practice, learning often happens with non-i.i.d. (and biased) data, e.g., network
traffic, meteorological, financial time series, or other sensor data. We go beyond these standard
assumptions by allowing dependent and biased gradients. SG methods can converge even when
they only have access to biased gradients, but most analysis has been developed with specific
applications in mind [4, 15, 37, 40, 130]. Stochastic learning algorithms for non-i.i.d. data are not
as well understood as for i.i.d. data; however, some researchers have examined the convergence of

statistical learning algorithm in non-i.i.d. settings |3, 94, 154].

Solving the problem of stochastic approximations using streaming SGs methods means we must
approach the objective using the gradually arriving samples drawn according to some unknown
dependent process. This leads to some new challenges, e.g., this endless stream of samples (may)
changes at each step (and arrives sequentially), meaning that streaming SGs must be able to adapt to
varying arrival speeds without compromising accuracy. We present and analyze streaming SGs that
overcome these challenges and achieve convergence in various settings with long- and short-range

dependence, biased gradient estimates, and changing data streams.

Contributions. In this paper, we investigate SG methods in a streaming framework [57],
where the data comes from a dependent stochastic process. We provide non-asymptotic analysis
and quantify the magnitude of achievable convergence rates under various dependency structures
(sometimes leading to divergence). Our framework covers many applications with dependence and
biased gradients under weak gradient assumptions. Our results builds a connection between de-
pendency, the level of convexity, and the achievable learning rate to obtain optimal convergence.
Roughly speaking, SG methods can achieve convergence using increasing batch sizes, which coun-
teract the long-range (and short-range) dependence. We show that biased SG methods converge,
and that they can converge with the same accuracy as unbiased SG methods if the bias is not too
large. More surprisingly, our results show a precise heuristic that can be used in practice to help

increase the stability of SG methods.

Organization. Section 3.2 presents the streaming framework on which the non-asymptotic
analysis relies; we introduce some key concepts, definitions, and assumptions. In particular, Sec-
tion 3.2.2 contains the assumptions about dependency structures and gradients, with some examples
of how these could be verified using mixing conditions. Our convergence results are presented in
Section 3.3, with and without averaging (Sections 3.3.1 and 3.3.2). Each result is followed by a
thorough discussion that relates to other work. All our convergence analysis depends on the as-
sumptions in Section 3.2, and some additional conditions for the averaged case (Section 3.3.2). At
last, experimentations of our findings are illustrated in Section 3.4, with some final remarks in
Section 3.5.
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3.2 Problem Formulation

We consider the Stochastic Optimization (SO) problem mingeg L(0) = E:[l:(0)], where © is a
closed convex set in R? and l; : © — R is some differentiable random functions (possibly non-
convex), e.g, see Nesterov et al. [104]. We solve the SO problem in a streaming framework, where
a block Iy = (l41,...,ltn,) of ny € N random functions arrives at any given time ¢ € N. In solving
the SO problem, we use the Stochastic Streaming Gradient (SSG) estimate proposed by Godichon-
Baggioni et al. [57], given as

0, =0, — %i > Volei (6-1), 6o €O, (3.2.1)

where 7 is the learning rate satisfying the conditions Y 20 v = 0o and Y 50, v2 < oo [124]. Note
that if V¢, ny = 1, SSG becomes the well-known SG method, which has attracted a lot of attention
[24, 68, 133, 153, 156]. Almost sure convergence of SO algorithms were shown in Pelletier [115]. In
many models, there may be constraints on the parameter space, which would require a projection of
the parameters; therefore, we also introduce the Projected Stochastic Streaming Gradient (PSSG)

estimate, defined by

<9t 1 7zv9ltz 0i—1) ) , o€, (3.2.2)

where Pg denotes the Euclidean projection onto 0, i.e., Pg(f) = argming gl|0 — '||2. To shorten
notation, we let Vol;(0) = n; ' 327 Vgl ;(6). An essential extension is the Polyak-Ruppert averag-
ing [118, 129], which guarantees optimal statistical efficiency without jeopardizing the computational

cost; the Averaged Stochastic Streaming Gradient (ASSG) is given by

1 t—1

915 = Ft Zz:;nﬂ_lgi, (90 = 0, (3.2.3)

where N; = Zle n; is the accumulated sum of observations. Likewise, let PASSG denote the
(Polyak-Ruppert) averaged estimate of PSSG (3.2.2).

3.2.1 Quasi-strong Convex Objectives

Following Gower et al. [60], Moulines and Bach [96], we assume that L has a unique global
minimizer * € © such that VyL(6*) = 0, and it is p-quasi-strongly convex [80, 99|, i.e, there exists
@ > 0 such that V0 € ©,

L(6%) > L(0) + (VoL (6), 0" — 0) + gne* — 9|2 (3.2.4)
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The p-quasi-strongly convexity assumption is a non-strongly convex relaxation of the SO problem,
which is more conservative than p-strongly convexity. Relaxations of convexity is crucial in practice
to ensure robustness and adaptiveness of the algorithms, e.g., for non-strongly convex SO, see Bach
and Moulines [9], Necoara et al. [99], Nemirovski et al. [101].

3.2.2 Stochastic Streaming Gradient Assumptions: Dependence, Biased Gradients, Expected Smooth-

ness, and Gradient Noise

We go beyond the classical assumptions that require unbiased (uniformly bounded) gradients
by allowing the gradients to be dependent and biased estimates. Our aim is to non-asymptotically
bound the SSG estimates (3.2.1) to (3.2.3) explicitly using the SO problem parameters. In order to
do this, we let the natural filtration of the SO problem F; = o(l; : ¢ < t), and assume the following
about the gradients (Vyly):

Assumption 3.2.1-p (D,v-dependence and B, v-bias). Let 6y be Fo-measurable. For each t > 1,
the random function Vgli(0) is square-integrable, Fi-measurable, and there exists a positive integer

p such that for all Fi_1-measurable 8 € O,
E[E[Vole(0)|Fe—1] — VoL(O)|I] < v{ (DLE[|0 — 07 |[P] + BY), (3.2.5)
for some positive sequence (v¢)¢>1 with Dy, B, > 0.

In the classical convergence analysis of SG methods, one assumes that the SGs are uniformly
bounded. However, this assumption is too restrictive as it only may hold for some losses [21, 107].
Instead, we follow the same ideas as in Gower et al. [60], Moulines and Bach [96], to make the

following assumption about the expected smoothness of the stochastic gradients (Vyl).

Assumption 3.2.2-p (k¢-expected smoothness). There exists a positive integer p such that V6,6 €
0, E[||Voli(0) — Vol (0)]|P] < KVE[||0 — 0'||P] for some positive sequence (Kt)i>1-

Assumption 3.2.2-p can be seen as an assumption about the smoothness properties of (I;). The
last fundamental assumption (Assumption 3.2.3-p) is a very weak assumption, and should be seen

as an assumption on © rather than on (l¢):

Assumption 3.2.3-p (o;-gradient noise). There exists a positive integer p such that E[|| Vol (6%)||P] <

p oy .
o, for some positive sequence (o¢)¢>1-

These assumptions (Assumptions 3.2.1-p to 3.2.3-p) are milder than the standard assumptions
for stochastic approximations, e.g., see [13, 57, 87, 96]. They include classic examples such as
stochastic approximation and learning from dependent data, which we will demonstrate later in Sec-
tion 3.4. Assumption 3.2.1-p is on the form of mixing conditions for weakly dependence sequences,
implying that dependence dilutes with the rate of 4. It is possible to verify Assumption 3.2.1-p by

using moment inequalities for partial sums of strongly mixing sequences [123]; we will refer to this
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as short-range dependence. Note that for any positive integer p, Assumption 3.2.1-p can be upper
bounded by

E[[E[Vole(0)|Fi-1] — VoL(O)|I”] < E[[[Vole(0) — Vo L(0)|17] = n, "E[||S¢["], (3.2.6)

using Jensen’s inequality, where S; = >, (Vyly;(6) — VgL(0)) is a d-dimensional vector. Let
(Volti) be a strictly stationary sequence and assume that there exists some r > p such that
SUP,~o(2"Q(x))/" < oo, where Q(z) denotes the quantile function of ||Vl;;||. Suppose that
(Voly,;) is strongly a-mixing in the sense of Rosenblatt [125], with strong mixing coefficients (o )¢>1
satisfying oy = O(tP"/(27=2P)). Then by Rio [123, Corollary 6.1], we have that E[||S;||’] = O(nf/z),
meaning, (3.2.6) is at most O(n; ” / %); this includes several linear, non-linear, and Markovian time
series, e.g., see Bradley [29], Doukhan [41] for more examples, other mixing coefficients of weak
dependence and the relations between them. In relation to the form of Assumption 3.2.1-p, this
means that B, # 0 in this case. However, having B, = 0 is possible in well-specified examples,
which we will see later in Section 3.4. Note that Assumptions 3.2.2-p and 3.2.3-p can be verified

using a-mixing conditions by analogues arguments as for Assumption 3.2.1-p such that ! and o?
. —p/2
is O(n, 7).

3.3 Convergence Analysis

In this section, we consider the stochastic streaming estimates in (3.2.1) to (3.2.3) with streaming-
batches (n;) arriving in non-decreasing streams. We aim to non-asymptotically bound §; = E[||6; —
6*(1?] and 0; = E[||0; — 6*||?], such that they only depend on the parameters of the problem.

Learning rate and function forms. Throughout this paper, we consider learning rates on the
form v = Cwnf t~* with C, > 0, g € [0,1], and a chosen accordingly to the expected streaming-
batches n;. Obviously, (v¢), (kt), and (0¢) may be considered as uncertain terms depending on
the streaming-batch ny. Thus, let vy = n; ", ky = Cyn; ", and o = C,yn; 7 with v € (0,00),
k,o € [0,1/2], and Ck,C, > 0. Having, o,k € [0,1/2] follows directly from Godichon-Baggioni
et al. [57], since 0 = kK = 1/2 corresponds to the ii.d. case!, whereas o,x < 1/2 allows noisier
outputs. Similarly, v; = 0 corresponds to the classical i.i.d. setting. Having v = n;"” means
Assumption 3.2.1-p, allow so-called long-range dependence (also known as long memory or long-
range persistence) when v € (0,1/2) and short-range dependence when v € [1/2,00). Thus, the
i.i.d. case is when v — oo.

For the sake of simplicity, we consider streaming-batches (n;) on the form C,t” with C, € N
and p € [0,1) such that n; € N. This form of streaming-batches means that we are considering
everything from vanilla SG and mini-batch SG methods, to more exotic learning designs, e.g., C, > 1
and p = 0 correspond to mini-batch SG of size C,. We will refer to C, as the streaming constant

size and p as the streaming rate.

You can’t beat the system.
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3.3.1 Stochastic Streaming Gradients

Theorem 3.3.1. Denote §; = E|[||§; — 0*||?] for some &y > 0, where (0;) follows the recursion

in (3.2.1) or (3.2.2). Assume that Assumptions 3.2.1-p to 3.2.3-p hold true for p = 2. Suppose
ng = Cut? with p € [0,1) and C, € N, such that p, = p—1,_32D,C;" > 0. Fora—pB € (1/2,1),
we have

24-6pv 9 74+6pc 2
2 40 B; 2 1% C20,
2v 2pv 20—B—« p(2o—B)+a ?

M,UJVCplTp Ntm Mucp 1+p Nt 1+p

8 <+ (3.3.7)

with m given in (3.6.22) such that m = O(exp(—Nt(HpB_a)/(Hp))),

Sketch of proof. Under Assumptions 3.2.1-p to 3.2.3-p with p = 2, it can be shown that (d;)
satisfies the recursive relation (3.6.20),

B2
0 <[1—(u—2Dyv)v + 2/%%2]&_1 + 7”1/152% + 20?7?,

for any =, 14, k¢, 0¢, and ns. This recursive relation can be explicitly upper bounded in a non-
asymptotic way (by Proposition 3.6.1) using classical techniques from stochastic approximations
[13, 87]. As mentioned in Zinkevich [157], bounding the projected estimate in (3.2.2) follows directly
from that E[||Pe(0) — 0*|%] < E[||0 — 6%]]%], V6 € R, ¥6* € O, as O is a closed convex set.

Related work. Theorem 3.3.1 replicate the results of the unbiased i.i.d. case (with B, = 0
and kK = 0 = 1/2) considered in Godichon-Baggioni et al. [57]. Our findings also reproduce the
results of Moulines and Bach [96], where they considered the unbiased i.i.d. case (under slightly
different assumptions) using the vanilla SG method, namely, when C, = 1 and p = 0. Moreover,
if the function L has Cy-Lipschitz continuous gradients?, then (3.3.7) implies the bound on the
objective function values of L, E[L(6;) — L(6*)] < Cyd;/2 by Cauchy—Schwarz’s inequality.

Decay of the initial conditions. The initial conditions that m; contains will be forgotten sub-
exponentially fast, since m, = O(exp(—Nt(HpB_a)/(Hp))) as long as p, = p — 1y,-0y2D,C," > 0.
Note that the positivity of the dependence penalised convexity constant u, is essential in all terms
of (3.3.7). Having p, > 0 depends solely on the level of dependence D, but it is scaled by c,”,
meaning if D, is so large that y, is no longer positive, then we should take C, large enough such that
1y becomes positive again; this is illustrated in Sections 3.4.2 and 3.4.3. The streaming constant
C,, contributes positively to all terms in (3.3.7), either directly or though f,.

(N (PR (40)y g

The last term of (3.3.7) can be seen as the noise term decaying with O
a—pBe(1/2,1), eg., for any p € [0,1), &, = O(Nt_z/?’) when a =2/3, 3 =1/3,and 0 =1/2. In
addition, the noise term is positively affected by large streaming constants C,, when o + 8 < 20,
which will be expressed as a variance reduction, e.g., see Section 3.4. In unbiased cases (B, = 0)

the noise term would also be the asymptotic term.

*Later, in Section 3.3.2 for the averaged estimate (3.2.3), we assume in (3.3.8) that the function L has C'v-Lipschitz
continuous gradients.
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Behavior for B,. The second term of (3.3.7) can be seen as an dependency term as it is
determined solely by the level of dependence v, the bias error B,, and the convexity constant
1y It is remarkable that the dependence term is unconnected from the choice of the learning
rate () but instead by the streaming rate through C, and p. The dependence term decay with
O(Nt_QpV/(Hp)) which requires p positive to decay since v € (0,00), e.g., to obtain (’)(Nt_l/z)
we would need p = 1 and v = 1/2. It is surprising that Theorem 3.3.1 allows both long-range
and short-range dependence. Indeed, long-range dependence leads to slow convergence (slower
than O(Nt_l/Q)) but it will still converge. Obviously, this only matters if B, # 0. Overall, §; =
(’)(max{]l{By;,go}Nt_QpV/(Hp), Nt—(ﬂ(20—ﬁ)+a)/(1+0)})_

3.3.2 Averaged Stochastic Streaming Gradients

In what follows, we consider the averaging estimate 0, given in (3.2.3) with (6;) following the
SSG estimate in (3.2.1) or the PSSG estimate in (3.2.2). Some additional assumptions is needed for
bounding the rest terms of the averaging estimate: let the function L have Cy-Lipschitz continuous
gradients, i.e., there exists a constant Cy > 0, V6,6 € © C R,

IVoL(6) = Vo L(#')]| < Cyll6 — 6| (3.3.8)

As discussed in Bottou et al. [21], this assumption ensures that VgL does not vary arbitrarily,
making the gradient VgL a useful indicator on how to decrease L. Next, assume that the Hessian
of L is C%-Lipschitz-continuous, that is, there exists Cy, > 0 such that V6,6’ € © C R¢,

IVEL(O) — VL) < Cg )10 — 0. (3.3.9)

Note that (3.3.8) and (3.3.9) only needs to hold true for 8 = #*. Moreover, in continuation of

Assumption 3.2.3-p with oy = Cyn, 7 for o € [0,1/2], we make the following assumption:

Assumption 3.3.1. There exists a non-negative self-adjoint operator ¥ such that ¥t > 1, we have
N2 B[Vl (0%)Vols(0°) ] < £+ 5y, where ¥y is a positive symmetric matriz with Tr(X) = C’C’,n;%/,
Cl >0, and o’ € (0,1/2].

Remark that in the unbiased case, such as in Section 3.4.1, Assumption 3.3.1 is verified with
o =1/2 and C/ = 0 [57]. The short-range dependence cases is when o = 1/2, as in Section 3.4.1,
whereas, the long-range dependence case is for o < 1/2. Moreover, Assumption 3.3.1 allows us
to obtain leading term A/N; with A = Tr(VZL(0*)"'SVZL(6*)~1), which attains the Cramer-Rao
bound; we will see this in Theorem 3.3.2.

To consider the averaging estimate 6, given in (3.2.3), an additional assumption is needed in
order to avoid calculating the six-order moment: we make the unnecessary assumption that (Vyl;)
is uniformly bounded; the derivation of the six-order moment can be found in Godichon-Baggioni

[55.
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Assumption 3.3.2. Let Dg = infycpe||0 — 0%| > 0 with 0O denoting the frontier of ©. Moreover,
there exists Go > 0 such that Vt > 1, supgeo||Volt(0)||> < G3 a.s.

Theorem 3.3.2. Denote §; = E[||0; —0*||] with 0, given by (3.2.3), where (6;) follows the recursion
in (3.2.1) or (3.2.2). Assume that Assumptions 3.2.1-p to 3.2.3-p for p = 4 and Assumption 3.3.1
hold true. In addition, Assumption 3.3.2 must hold true if (6;) follows the recursion in (3.2.2).
Suppose ny = Cpt? with p € [0,1) and C, € N, such that p, = p — 1y,—32D,C,;” > 0. For
a—pp e (1/2,1), we have

1-20 172(a+crl)
s A2 91/2 A1/222(0+0) 21/20(/71/20 2(1+p)
515/ Sﬁl{ozl/Q} + 1+2pi ]l{a<1/2} + 1+2p<po+(,/) (3310)
N, Nt2<1+p> " Ntw
_ 2+p(20+8)—«a _ po—B)+ta B _ S+pv
+0 (max {Nt kN, }) + O (Nt 2“*”) + 1,20y Yt (3.3.11)

with § = 1yp,—0y(p(20 — B) + ) + g, 20y min{p(20 — ) + o, 2pv} and V; given in (3.6.36), such
that

U, = (7) (max {Nt 2(1+p) 7Nt 1+p 7Nt 2(1+p) ’ Nt 2(1+p) 7Nt 1+p

p(o+v) _ 14+p(B+v)—a _ 1+42pv _ §/2+pv 2pv })

An explicit version of the bound is given in (3.6.37).

Sketch of proof. In Lemma 3.6.3, we conduct a general study of the Polyak-Ruppert averaging
estimate (f;) defined in (3.2.3) for (v;), (v4), (%¢), (0¢) and (n4) on any form. Thus, Theorem 3.3.2
follows by Lemma 3.6.3 using the (specific) bounds of §; = E[||6; — 6*||?] and A; = E[||6; — 6*||] in
Theorem 3.3.1 (eq. (3.6.21)) and Lemma 3.6.2.

Related work. Theorem 3.3.2 replicate the results of Godichon-Baggioni et al. [57] with A/N;
as leading term in the unbiased i.i.d. case. Thus, by averaging it is possible to achieve the incorrigible
rate of O(N; 1), e.g., this is always achieved in the unbiased case with o = 1/2, even under short-
range dependence (i.e., when v > 1/2).

Accelerated decay. Remark that each term in (3.3.10) is a direct consequence of Assump-
tion 3.3.1. Furthermore, all terms of (3.3.10) are independent of the learning rate () but the two
last terms are dependent on streaming batches through C, and p. As in Theorem 3.3.1, the posi-
tivity of u, is essential for all terms in (3.3.11) even if it does not appear directly. For objectives
that lack convexity p or have high levels of dependence D,, we can only ensure convergence by
increasing C,, i.e., ensuring positivity of y,; this is illustrated in Sections 3.4.2 and 3.4.3 for ARCH
models.

The first term of (3.3.11) decay at the rate (’)(maX{Nt_(2+p(6+2g)_a)/(Hp), Nt_2(p(2o_ﬁ)+a)/(1+p)}),
which suggests choosing «, 8 such that o+ p(20/3 — ) =2/3,eg., a=2/3, f=1/3 and 0 = 1/2
yields a decay of O(Nt_4/3) for any p. Thus, we can robustly achieve O(Nt_4/3) for any streaming
rate p by setting & = 2/3 and § = 1/3 if 0 = 1/2. In general, the convergence is resilient to any
streaming rate p by having « = 2/3 and 8 = 20/3. But taking 5 > 0 would damage the variance
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reduction effect from having C, large (e.g., see discussion after Theorem 3.3.1). Thus, there is a
trade-off between accelerating the convergence by taking 8 = 20/3 > 0 or taking 8 = 0 to favor
from variance reduction. In practice, an immediate choice would be to take 5 = 0, but if the data

or model contains a low amount of noise, it can be advantageous to raise 5 to improve convergence

I57].

Next, the decay of the second term in (3.3.11) is tricky to interpret in a simple manner as it is a
mixture of the learning rate, streaming rate, dependence, and bias. Nevertheless, some observations
can be made: first, having 8 = 0 is beneficial for the decay rate § in all cases. Second, increasing

streaming rate p would also increase the decay.

Behavior for B,. The influence of B, is exclusively contained in ¥;, with the exception of
the second term of (3.3.11). Also, increasing p will always diminish the bad influence of this bias
term. Surprisingly, ¥; — 0 as t — oo for any v, but long-range dependence is excluded if we wish
to obtain the desired rate of 6; = O(N~'). However, it does not seem to have any major influence
in our experiments, e.g., see Section 3.4. To conclude, by taking p positive and C, large enough
to ensure that u, stays positive, then we will converge under long- or short-range dependence with

biased gradient estimates.

3.4 Experiments

A way to illustrate our findings is by use of classical time-series methods that aims to construct
models for time-series analysis, modeling, and prediction of the underlying sequences of real-valued
signals (X;). These methods have been successfully used in a wide range of applications such
as statistics, econometrics, and signal processing because of their ability to describe or predict
time-varying (dependent) processes, e.g., the AutoRegressive (AR), Moving-Average (MA), and
AutoRegressive Moving-Average (ARMA) models are the most well-known models for time-series
[25, 30, 66]. The standard time-series analysis often relies on independence and constant noise, but
it can be relaxed by, e.g., the AutoRegressive Conditional Heteroskedasticity (ARCH) model [45].
Online learning algorithms of (both stationary and non-stationary) dependent time-series have been
studied in Agarwal and Duchi [3], Anava et al. [7], Wintenberger [152].

Our experiment measures the performance by the quadratic mean error E[||y, — 6*||?] over
one thousand replications with 6y and 6* drawn randomly according to the models’ specifications.
It should be noted that averaging over several replications gives a reduction in variability, that
mainly benefits the SSG. The experiments will demonstrate how the choice of C, and p affects
the dependence D,,, bias B,, and the (dependence) penalised convexity constant p,. To compare
different data streams n; = C,t” through the selection of C, and p, we fix the following parameters:
Cy=1,a=2/3 and f=0.
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3.4.1 AutoRegressive (AR) Model

A process (X;) is called a (zero-mean) AR(1) process, if there exists real-valued parameter ¢
such that X; = 0X;_1 + ¢, where (&) is some noise process with zero mean and noise o.. To
illustrate the versatility of our results, we construct some noisy (heavy-tailed) data with long-range
dependence: the noisiness is integrated using a Student’s t-distribution with degrees of freedom
above four, denoted by (z¢). The long-range dependence is incorporated by multiplying (z;) with
the fractional Gaussian noise G¢(H) = Byy1(H) — Bi(H), where (B;(H)) is a fractional Brownian
motion with Hurst index H € (0,1). (By(H)) can also be seen as a (zero-mean) Gaussian process
with stationary and self-similar increments. Thus, let the AR(1) process X; be constructed using

the noise process €, = /G¢(3/4)z;, where a Hurst index of H = 3/4 corresponds to v2, k7,07 is

O(n;lﬂ) and v, ki, of is O(n;3/4) in Assumptions 3.2.1-p to 3.2.3-p and 3.3.1.

AutoRegressive (AR) Model

Consider the example, in which, we estimate an AR(1) model X; = 6X;_1 +¢; from the underly-
ing stationary AR(1) process X; = 6*X;_1+¢; with |#*| < 1. We omit to project our estimates as this
will hide the dependence coming from D,,, which is what we wish to explore. For constant streaming-
batch sizes of one, the squared loss is [;(0) = (X; — 0X;_1)? with Vyl;(0) = —2X; 1(X; — 0X;_1).

This gives a mean squared loss

L(0) =E[l4(0)] = E[(X: — 0X:-1)?] = E[(0* X¢_1 + & — 0X;_1)%] = (6* — 0)°E[X? ] + o2

€

with VeL(0) = —2(0* — 0)E[X? ;]. Thus, Assumption 3.2.1-p (for p = 2 with o(X;_1) C F_1)
yields

E[|E[Vole(0)|Fi—1] — VoL (0)|*] =E[(E[2X;—1(0X¢—1 — X¢)|Fi—1] — 2(0 — 6)E[X7 1))
=4(0 — 0)’E[(X7, — E[X7 1)),

meaning that Assumption 3.2.1-p is fulfilled if X; has bounded moments of order p. Moreover, from
this we can directly deduce that B, = 0. Likewise, the remaining assumptions can be verified, in

particular Assumption 3.3.1 is satisfied with ¥; = 0.

AutoRegressive (AR) Model: misspecified case

Next, assume that the underlying data generating process follows the MA(1)-process, X; =
¢per—1 + €, with ¢ € R. The misspecification error of fitting an AR(1) model to a MA(1) process
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can be found by minimizing L(#),
0* =argmin E[(X; — 0X;_1)?] = argminE[(e; + der—1 — O(es_1 + der_2))?]
0 )
=argminE[(e; + (¢ — 0)es—1 — 0¢et,2)2] = arg min 062 + (¢ — 0)203 + 92¢202
0 6

= arg min(¢ — 0)* + 0%¢* = argmin L(6),
Z 0

where L(0) = (¢—0)2+62¢? is a strictly convex function in 6. Thus, VyL(6) = 0 < 2(0—¢)+20¢* =
0 < 20(1 + ¢?) = 2¢ & 0 = ¢/(1 + ¢?), meaning for ¢ € R we have § € (—1/2,1/2). With this
in mind, we can conduct our study of fitting an AR(1) model to the MA(1) process with ¢ drawn

randomly from R.

3.4.2  AutoRegressive Conditional Heteroskedasticity (ARCH) Model

A key element of time series analysis is modeling heteroscedasticity of the conditional variance,
e.g., volatility clustering in financial time series. AutoRegressive Conditional Heteroscedasticity
(ARCH) models are some of the most well-known models that incorporate this feature. A process

(&) is called an ARCH(1) process with parameters «g and oy if it satisfies

€t = OtZt,
(3.4.12)
atQ =g+ ozleffl,

where ap > 0 and a; > 0 ensures the non-negativity of the conditional variance process (¢7), and
the innovations (z;) is white noise. The ARCH process parameters are known to be challenging
to estimate in empirical applications as the optimization algorithms can quickly fail or converge
to irregular solutions. Therefore, projecting the estimates is vital for the optimization procedure.
A well-discussed problem for the ARCH models is that small values of g are tricky to estimate.
Stabilizing the estimation of ag would not only improve the ag estimate but also have a positive
impact on the other model parameters. One way to deal with small values of «g is by the using
the models homogeneity, i.e., scaling an ARCH process (X;) with parameters (ap, 1) gives us an
ARCH process (VAX;) with parameters (Ao, a1) with same innovations. To simplify our analysis
we consider a stationary ARCH(1) model, where we fix ag at 1 and initialize it at 1/2. We em-
ploy the quasi-maximum likelihood procedure for the statistical inference as outlined in Werge and
Wintenberger [150]; the quasi likelihood losses is given by I;(8) = 271 (X2 /o2(6) + log(c?(#)) with

first-order derivative

Vali(0) = Vao?(0) (T AL

207(0)

where Vo2 (0) = (1, X2 ;)T. Observe that the loss function (I;) itself is not strongly convex but only

the objective function L may be strongly convex; convexity conditions of ARCH was investigated
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in Wintenberger [152]. There are different ways to overcome lack of convexity: first, projecting the
estimates such that the (conditional) variance process (07) stays away from zero (and close to the
unconditional variance). Second, in the specific example of ARCH model, one could also recover
convexity by implementing variance targeting techniques; an example using Generalized ARCH
(GARCH) models can be found in Werge and Wintenberger [150].

3.4.3 AutoRegressive (AR)-AutoRegressive Conditional Heteroskedasticity (ARCH) Model

We complete our experiments by considering an AR models with ARCH noise: the process (X;)
is called an AR(1)-ARCH(1) process with parameters 6, o and o if it satisfies

Xt =0X 1+ €,

€t = Otzt, (3413)
Ut2 = oo+ 0516571.

where the innovations (z;) is white noise. The statistical inference of this model is done using the
squared loss for the AR-part and the QMLE for the ARCH part, e.g., see Sections 3.4.1 and 3.4.2.

3.4.4 Discussion of Experiments

The experiments described earlier in Sections 3.4.1 to 3.4.3 can be found in Figure 3.1; here
{C, =1,p =0} corresponds to the classical SG method and its (Polyak-Ruppert) average estimate,
{C, = 64, p = 0} is a mini-batch SSG/ASSG, and {C, = 64, p = 1/2} is an increasing SSG/ASSG
with initial batch size of C), = 64.

First consider the AR illustration in Figures 3.1a and 3.1b: each pair of data streams con-
verges, but it is clear that the traditional SG method experiences a large amount of noise initially,
particularly affecting the average estimate period but not its decay rate.?> Both methods show a
noticeable reduction in variance when C), increases, which is particularly beneficial in the beginning.
Nevertheless, too large streaming batch sizes C, may hinder the convergence as this leads to too
few iterations. Moreover, Figures 3.1a and 3.1b indicates improving decay for SSG when increasing
the streaming rate p. Conversely, ASSG does not see improvements in the same way, as we do not
exploit the potential of using multiple observations through the § parameter, which could accelerate
convergence, e.g., see Godichon-Baggioni et al. [57| for a discussion in the (unbiased) i.i.d. case. It
is surprising that we do not see any effect from ¥; in Assumption 3.3.1, but this seems to be an
artifact effect in the proof as we need fourth-order moments.

In Figures 3.1c and 3.1d, we have the experiments for the stationary ARCH(1) models, with and
without the AR-part, respectively, as outlined in Sections 3.4.2 and 3.4.3. These figures illustrate
the lack of convexity when using small streaming batch sizes, e.g., the traditional SG method and its

average estimate, {C, = 1, p = 0} diverges. Remark that the lack of convexity is expressed through

3 A modification of our average estimate to a weighted average version could improve convergence as it could limit
the effect of poor initializations [27, 95]. But despite this, we still achieve better convergence for the ASSG method.
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Figure 3.1: Simulation of various data streams n; = C,t”. See Section 3.4 for details.

(a) AR(1): well-specified case. See Section 3.4.1 (b) AR(1): misspecified case. See Section 3.4.1
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the lack positively of p,, which only larger streaming batch sizes C), can counteract. Moreover,
the traditional SG method, {C, = 1,p = 0} is omitted in Figure 3.1d due to lack of convexity.
Figure 3.1d shows that large (C, = 64) and non-decreasing (p > 0) streaming batches can converge
under difficult settings. To conclude, by taking p positive and C), large enough to ensure that u,
stays positive, then we will converge under long- or short-range dependence with biased gradient

estimates.

3.5 Conclusion

We studied the SO problem in a streaming framework using dependent and biased (gradient)
estimates. In particular, we explored convergence rates of the SSG and ASSG algorithms in a non-
asymptotic manner. The theoretical results formed heuristics that links the level of dependency
and convexity to the rest of the model parameters. These heuristics provided new insights into
determining optimal learning rates, which can help increase the stability of SG-based methods.
In short, by taking positive increasing streaming batches, we will converge under long- or short-
range dependence with biased gradient estimates. Our experimentation verified these investigations
suggesting large streaming batches for highly dependent data sources. Moreover, in large-scale
learning problems with dependence, noisy variables, and lack of convexity, we know how to accelerate
convergence and reduce noise through the learning rate and the treatment pattern of the data.

There are several ways to expand our work: first, we can extend our analysis to include streaming
batches of any size (not in terms of streaming batch size and streaming rates). Second, an extension
to non-strongly convex goals could be beneficial as it will provide more insight into how we can choose
robust learning rates [9, 99, 101]. At the same time, this learning rate could be made adaptive such
that it is robust to poor initialization and requires less fine-tuning. This last objective is the most

important for practitioners as it builds a universality across applications.

3.6 Proofs

Let us start by giving a short sketch of how our proofs section is structured: we start by
deriving recursive relations to the desired quantities. Next, we derive a general bounds to the
recursive relationship for any (v;), (1), (kt), (0¢), and (n). Finally, we insert the specific functions
forms of (v), (v), (ke), (0+), and (n;), which yield the results seen in Theorems 3.3.1 and 3.3.2.
Before doing the proofs, we recall a repeating argument used to non-asymptotically bound recursive
relations of form (3.6.14):

Proposition 3.6.1 (Godichon-Baggioni et al. [57]). Suppose (wt), (an), (n:), and (Bt) to be some

non-negative sequences satisfying the recursive relation,
wr < [1 — 2oy + ntat]wt,1 + By, (3.6.14)
with wy > 0 and A > 0. Let C,, > 1 be such that Aoy < 1 for allt > t,, witht, =inf{t > 1 : Cym <
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A}. Then, for (aq) and (n) decreasing, we have the upper bound on (w¢) given by

1
<74~ 6.1
wt_Tt—i—At/I%lg};tﬁ (3.6.15)
with
t t t/2-1
T, =exp | —A Z a; | |exp (Cw Zma,) (wo + 5 max 51) Z Bic;
i=t/2 i=1

Proposition 3.6.1 shows a simple way to bound (w:) in (3.6.14); the bound in (3.6.15) consists
of a sub-exponential term 7; and a noise term A\~! max; 2<i<t Bi- Thus, our attention is on reducing
the noise term without damaging the natural decay of the sub-exponential term where 7, — 0

exponentially fast as t — oc.

Later in the proofs, we will insert some specific types of the sequences above, resulting in
different generalized harmonic numbers, which can be bounded with the integral test for convergence.
Moreover, to present our results in terms of Ny = Y>¢_ n;, we will use that (N;/2C,)/(+°) < ¢ <
(2N;/C,)Y/(1FP) . To ease notation, we will make use of the functions v, (¢), ¥¥(t) : Ry \ {0} — R,

given as

/(1 —2) ifz<l, t1=2)/0+y) /(1 —2) ifx <1,
VYe(t) = 1+ log(t) if t =1, and oY(t) =< 1+ log(t/(1+) ifx =1, (3.6.16)
z/(x—1) if x>1, z/(x—1) ifx>1,

with y € Ry such that ¢¥(t) = ¢, (t"/0+¥)). Thus, 3¢, 7% < ¢p,(t) for any = > 0. Furthermore,
with this notation, we have that ¥(t)/t = Ot~ @TW/At0)) if 2 < 1, ¥(t)/t = O(log(t)t™1) if
=1, and ¥¥(t)/t = Ot~ ') if z > 1. Hence, for any zo, 1,29,y > 0, ¥, (t)/t = O(t~(Fo+y)/(1+y))
and Y, ()Y, (t)/t = Ot~ @rte2+y=1)/(0+9)) where the O(-) notation suppress logarithmic factors.

3.6.1 Proofs for Section 3.3.1

In the following lemma, we derive an explicit recursive relation of d; = E[||6; — 6*||?] to non-
asymptotically bound the ¢-th estimate of (3.2.1) for any (), (1), (k¢), (0¢), and (n;) using classical
techniques from stochastic approximations [13, 87]. As mentioned in Zinkevich [157], bounding the
projected estimate in (3.2.2) follows directly from that E[|[Pg(0) — 6%||?] < E[||0 — 6*||%], V0 € R,

VO* € O, as O is a closed convex set.

Lemma 3.6.1 (Second-order moment). Assume that Assumptions 3.2.1-p to 3.2.3-p hold true for
p = 2. Suppose that p, = p — Lyg,—y2Dyvy > 0. Let 1y,,—cy and 1y, ¢y indicate whether ()

is constant or not. Denote & = E[||0; — 0%||?] for some dg > 0, where (6;) follows the recursion in
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(3.2.1) or (3.2.2). For any learning rate (v¢), we have

233 9 4 2
O < mp + max v; + — max o;7;,
Wiy t/2<i<t Ly t/2<i<t

with

t
m =exp —% o

t t
exp (II{VFC}2C'5DV Z Vi%‘) exp (206 Z “12%‘2>

i=t/2 i=1 im1
t/2—-1 t/2—1
2B2 4 B2
(5” vt m’Y) FIEY T k2 Y o
My 1< My 1< 0 — P

Proof of Lemma 3.6.1. By taking the quadratic norm on (3.2.1), expanding the norm, and taking

the expectation, we can derive the equation,
8¢ = 811 + B[Vl (0:-1)I”] = 2vE[(Vols(6s-1), 0r—1 — 67)], (3.6.17)

where §; = E[||0; — 6*||?] with 6o > 0. To bound the second term in (3.6.17), we use Assump-
tions 3.2.2-p and 3.2.3-p for p = 2, to obtain that

E[[[Voli(0:-1)1*) =E[l[Vole(0:—1) — Vol (6") + Volo(67)]1%]
<2E[[[Voly(6i-1) — Vols(6%)|1%] + 2E[| Vale(6) )
<2k261_1 + 207, (3.6.18)

as ||z +y|[P < 2P71(||z]|P + ||y||?). As noted in Bottou et al. [21], Nesterov et al. [104], (3.2.4) implies
that (VoL(6),0 — 6*) > u|0 — 6*|]? for all § € © C R%. Next, since L is u—strongly convex (3.2.4)
and 0;_; is F;_i-measurable (Assumption 3.2.1-p), we can bound the third term on the right-hand
side of (3.6.17) by

E[(Voli(0i—1),0i—1 — 0°)] =E[(VoL(0;—1),0i—1 — 0%)]

+ E[E[Vali(0:-1)|Fi—1] — VoL(01-1),0:—1 — 67)]

Z,u(?t,l — D,jl/t(stfl - BVVt(Stlii, (3619)

since

E[E[Voli(0:—1)|Fi-1] — VoL(0t—1), 6:—1 — 0%)] = —E[[|E[Vel(6:—1)|Ft—1] — VoL (61—1)||[|6s—1 — 07 |]
> —V/E[|E[Voli(0:-1)Fi—1] — VoL(0:—1)[IPIVE[|0:—1 — 6%[1?]

> —\/VE(Dﬁdtfl + B2)\/0t—1 > —Dy161—1 — Buvgn/ 01,

by Jensen’s inequality, Cauchy—Schwarz inequality, Holder’s inequality, and Assumption 3.2.1-p
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with p = 2. Hence, applying the inequalities (3.6.18) and (3.6.19) to (3.6.17), yields

6t <[1 — 2pye + 2Dy vy + 263971001 + 2Bth’Yt5t1121 + 20777
B2
<[1 = (1 — 2Dyv) e + 26777 ) 001 + 7”%2% + 20797,

using Young’s inequality?; QBth%(Stlﬁ < pyedi—1 + B2y /p. Next, we introduce the indicator
function for whether (14) is constant (= C) or not (—C), such that

B
o < [1— (o — Lyp—cy2Dypve) e + 26272161 + 71/152% + 20242, (3.6.20)

with p, = p—1g,—¢y2Dy11 > 0. Let Cs be the constant fulfilling the conditions of Proposition 3.6.1
such that Cj is chosen larger than 1 verifying Cs(1y,,~¢y2Dyv: + 2k2v;) < /2 such that it’s imply
tyvt/2 < 1, which is possible as the sequence (v4) is non-increasing, and (k) and (7;) is decreasing.
At last, bounding (3.6.20) by Proposition 3.6.1 concludes the proof. O

Proof of Theorem 8.3.1. Inserting the functions v; = Cynft*a, vp=mn; ",k =Cxny ", 00 = Cony 7,
and n; = C,tP into the bound of Lemma 3.6.1 yields

o420 B2 9Zp0-PltaC20, O

0y <my + 3.6.21
pup, C2V 120V 1, C2otp20=B)Fa ( )
9(2+6pv)/(14p) B2 o(T+6p0)/(1+p) 2
=T+ 2v/(14p) A2 V/IE1+ ) + (20—B—0a)/(1+p) pr( (2Z—Bv)+a)/(1+ )’
Yer P N2P 0l PN P

*If a,b,¢ > 0, p,q > 1 such that 1/p+ 1/q = 1, then ab < a?c?/p + b?/qcl.
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with p, = p — 1=y 2D, C,;" > 0, and m can be bounded by

Bt 1 2C’ D,C, ol
exp _NVC;CP Z PP [exp( {p#0} 46 p Z —v)—a

i—t/2
205C2C20° L, 2B 4C2C,C)
p(B8 v ocY=P
exp ( O+ Z do + pupi, C2 + 11,C20
9 8 t/2—1 2 2 ~28 t/2—1
B C CP Z p(B—2v)—a 2C C C Z 2p(B—0)—2c
IuCQV 020 —

B11+pB—a 1 205D, C 05 a—p(B—1) (T
<exp (— MVCWC’; ) [eXp ( Lo gupw sl
P

<4(a —p(B— n))cacgcgc§ﬁ> (5 L2 403@05)
K 0 v g
(200 = 2p(B — k) = 1)C? ey 11, C?
, BECYC o2 (8/2) | Ala— p(5 = 0)CGGCICY
HC2 (2a —2p(8 — 0) — 1)CZ

o[- uC, NP0/ (1+0) ) 11{,)#0}2051)”0705%7“&”)(2Nt/cp)
- 2(3+p(2+8)=a)/(1+p) /{1 ==/ (F0) Cy

4o — p(B — K))CsC2C2C° 5 22 . 4C2C,Ch
a—2p(6—r) - 103" )\ CF T wCE

C%a o5y (Ne/Cp) A — p(B — 0))C2C2C°
uC2 (2a —2p(f —0) — 1)C2 |

(3.6.22)

with help of an integral test for convergence’®, v, (t) and %(t) from (3.6.16), and by use of
(Nt/QCp)l/(l—i-p) <t< (2Nt/0p)1/(1+p). !

3.6.2 Proofs for Section 3.3.2

As in Section 3.6.1, we begin the following sections by conducting a general study for any (),
(), (kt), (0¢), and (n¢), when applying the Polyak-Ruppert averaging estimate (6;) from (3.2.3).
Moreover, we need to study fourth-order rate A; = E[||6; — 0*||*] of the recursive estimates (3.2.1)
and (3.2.2).

Lemma 3.6.2 (Fourth-order moment). Assume that Assumptions 3.2.1-p to 3.2.3-p hold true for
p = 4. Suppose that ul, = p — ]l{l,t:c}2D,‘fyt4/u3 > 0. Let 1y,—cy and 1yy,—cy indicate whether (1)

is constant or not. Denote Ay = E[||0; — 0*||4] for some Ag > 0, where (0;) follows the recursion in

Note that >'_ i?(P="=2¢ < (2a — 2p(8 — K))/(2ac — 2p(B — k) — 1) and S¢_, i?PP=9)=2% < (20 — 2p(B —
0))/(2a—2p(B—0)—1)asv >0,0,k€[0,1/2], p€[0,1), € [0,1],and o — pf € (1/2 1).
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(3.2.1) or (3.2.2). For any learning rate (v¢), we have

4B4 4 1024 4 96
3 max v; + max nyz—i—— max 0%,
WO, t/2<i<t W, t/2<i<t W t/2<i<t

A <II; +

with

Liy,-c;CaDE < 2560 <
i =1

i=t/2

t
4B, 1024 96
exp (24CA Z /{?7?) <A0 + 3 "/ max 1/14 + —— max 0?7? + — max 0?72‘3)

P ph, 1<i<t pp, 1<i<t ph, 1<i<t
4 /21 956 t/2—1 t/2—1
+—Zl/% m J%+24ZU;1%4
i=1 i=1

Proof of Lemma 3.6.2. The derivation of the recursive step sequence for the fourth-order moment
Ay of (3.2.1) follows the same methodology as for the second-order moment in Lemma 3.6.1. In the
same way we deduced (3.6.17), we can take the quadratic norm on (3.2.1), expand the norm, and

take the square on both sides, to derive the equation

16 — 0*|1* =([|6s—1 — 0*[|* + 71| Vole(0:—1)[1> — 2%¢(Vle(6:—1), -1 — 6%))?
=101 — 0*||* + V| Vole(Or—1)|* + 497 (Vole(0:-1), 011 — %) + 247|011 — 0% ||| Vols (01|
— Ay ||0s—1 — 0|2 (Vole(B—1), 011 — 0%) — 432[ Vale (0:—1) | (Volt(0;—1), 0r—1 — 67).

Taking the expectation on both sides of the equality above gives us

Ap =Dt +AE[Vole (- )|I*'] + 477 E[(Vole(Bs-1), 011 — 0%)%] + 27E[[|0:—1 — (||| Vole(:-1) 1]
— AyB[[|0s-1 — 0> (Vols(01-1), 0r—1 — 0%)] — 49 E[||Vole(0r-1)|1*(Vole(0r-1), -1 — 67)]
<A1+ Y E[[Vole(0-1)[|'] + 637E[[|0:—1 — ([ Vole(6:-1) %]
— 43 E[[10—1 = 01 (Vole(:-1), -1 — 7)) + 4B [|6s—1 — 0*[[[[Vole(6:-1) %),

by use of Cauchy-Schwarz inequality. Next, Young’s inequality yields 473(|6;—1 —0*||[| Vol (6;—1)||> <
29} Vol (Or—1) ' +292 11611 — 0| Vol (6r—1)||* and 8471611 —0%[|*[|Vole (Br-1) 1> < (7e/2) 11011 —
0 ||* + 321193 Vols (64—1)||*, which helps us to obtain the simplified expression,

Ay <[1+ pye/2)Ai—1 + 39/E[|[Vole (0:—1)11*] + 320 % E[| Vole(6:—1)]*]
— AyE[|0i—1 — 0*|*(Vole(6:—1), 0,1 — 6%)].

To bound the fourth-order term E[||Val:(6:—1)||*], we make use of the Lipschitz continuity of Vgl
(Assumption 3.2.2-p), Assumption 3.2.3-p, and that 6;_1 is F;_1-measurable (Assumption 3.2.1-p),
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to have that
E[||Vole(6:—1)||"] < 8k{As—1 + 807, (3.6.23)
using that ||z + y||P < 227(||=||P + ||y||P) for any p € N. Thus,

Ay <[L+ prye/2 + 2567wy y] + 24K07 1 A1 + 2560 oy + 240
— 4y B[[|0r—1 — 0> (Vole(0i—1), 01 — 67)]. (3.6.24)

Next, using the same arguments as in the proof of Lemma 3.6.1, Young’s inequality, and Assump-

tion 3.2.1-p with p = 4, we have

AE[[|00-1 — 0% 2(E[V ol (6r-1)|Fi-1] = VoL (61-1),0i—1 — 67)]
> —4yE[[|6s-1 — 0% | E[Vole(6s—1)|Fi1] — VoL(Bs—1)]]

> —3up A1 — u O RE[E[Vale (0-1) | Fim1] — VoL(0:—1)||*]
> =3pyildi1 — Doy Ay — p v By,

such that the last term of (3.6.24) can be bounded as follows,

Ay E[[|0,—1 — 0%[]*(Vole(0;-1), 00—1 — 0%)] =47E[[|0p—1 — 0| (E[Vol(0p—1)| Fi—1], 011 — 67)]
=4y B[]0, — 6%||*(VoL(0;-1), 01 — 07)]
+ AuE[|0r—1 — 0 (I*(E[Vole(0—1)|Fi1] = VoL(0r-1),0—1 — 67)]
> A1 — p Dy Ap1 — p By

Indeed, inserting this into (3.6.24) gives us

DAt 256kK1~3 B4 25602~3
A, < [1 - <’2‘ - ;?j ) v+ Tﬂt + 24%2‘7?] A1+ Vu§ 2L ut W1 240t

which can be modified with use the indicator function that determines whether (1) is constant
(=C) or not (—C), such that

B4 25604~3
A < + 24k | Ay + ”M;j%+ M”t + 240},

13

1y, -y Div 256k 177
1_03_{w@1w>%+fwn

(3.6.25)

with p, = p— Ly, —cy2Dpvt /i > 0. Note that p,, from Lemma 3.6.1 is lower bounded by 4}, and
strictly lower bounded for (14) constant, i.e., g, > u, > 0. Let Ca > 1 fulfill the conditions of
Proposition 3.6.1; the Ca constant is chosen such that Ca (L, -y Dyvt /i +256ki47 /pu+24kt7) <
uh,/2 implying pl~:/2 < 1, which is possible as the sequence (14) is non-increasing, and (k;) and

(7¢) decrease. Hence, by applying Proposition 3.6.1 on (3.6.25), we obtain the desired bound for
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Ay U

Corollary 3.6.1 (Fourth-order moment). Assume that Assumptions 3.2.1-p to 3.2.3-p hold true
forp=4. Let v+ = Cwntﬁt_a, v =mn; ", kt = Ceny ™, and op = Cony ° with v € (0,00), B € [0,1],
k,o € [0,1/2], and C,,Cy,Cy > 0. Suppose ny = Cyt? with p € [0,1) and C, € N, such that
py, = 1 — Lyy—y2Dy /P CyY > 0. Denote Ay = E[||0; — 0*[|*] for some Ag > 0, where (6;) follows
the recursion in (3.2.1) or (3.2.2). For a— pf € (1/2,1), we have

92+4pv B4 22p(20’*,3)+204(2101u71 + 270705)0(%03035

Ay <II; + — + )
HSMLC3Vt4pV M;jo;iat2p(20—ﬁ)+2a

(3.6.26)

with I1; given in (3.6.27) such that II; = O(exp(—Nt(Hpﬁ*a)/(Hp))).

Proof of Corollary 3.6.1. Inserting the functions v = C’Vntﬁt_o‘, v =mn; ", ke = Ceng ™, op =
Cony 7, and ngy = C,t? into the bound of Lemma 3.6.2 and using 7} < CZ,C’,?’yf asa—pp e (1/2,1),
yields (3.6.26) with pf, = p — 1y,—12D;/p*C5” > 0, where II; can be bounded as follows,

1C,CE N s 1,20, CaDAC,CY )
exp _ At Z P Z PP [exp( {p#0} SO P Z p(B—4v)
i=t/2 P

2BONCLCECH 24CAC4C4C45 t
exp( 045 P Z p(38—4K)—3a exp 045 p Z Ap(B—k)—da

A 4B 10240402025 . 96CLC3CH”
0
S, O WVC“" 1, Cp?

4 Bt/2 1 4 3 305 t/271 4 4 ~AB t/2 1
| Bloo Z i), 20CICIC; S - 24cicicy Z Ap(f-a)—o
3C4l/ Iucgo‘ — 040'
o 4 B.,1,0 38
o (_ 1, C,Co i +08 ) [eXp (1{#0}%1? CyCotn_p(s- 4,,)(t)> oxo <2100Acgc§>c,, >
— 4v 4Kk
23 p3C; nC;
6 44 AP 104 220 7433
exp 2°CACLC5C, Ay 22 B4 N 2°0C;C3C, 210,050,
Cpr S, O G0 iy, C°
BECL, OO0 51 (t/2) . 20cic3cy’  28cioicy’ (5627
302111 Mcléolo Cga
with help of the integral test for convergence; Z p(F—Ar)=da < 3 < 92 and ZZ L itPBm)—da < 9

for any x > 0 as a — pf € (1/2,1).

Lemma 3.6.3. Assume that Assumptions 3.2.1-p to 3.2.3-p for p = 4 and Assumption 3.3.1 hold
true. Denote &; = E[||0; — 6*||?] with 6,, given by (3.2.3), where (8;) follows the recursion in (3.2.1)
r (3.2.2). In addition, Assumption 3.3.2 must hold true if (0;) follows the recursion in (3.2.2),
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which is indicated by 1{py<ocy. For any learning rate (vi), we have

2 t 1/2 1/2 t j—1 1/2
_ AL/2 t . C(/,l/2 o 21/23
W<y ( G S DO 3 W]Zm
b \iz1 uNe \ = 2
1 t—1 /2 MNi+1 n n 1/2 n /2
H— i t 1 1/2 1
’ a 0"+ ( +27/7°(Cv + K1 > )
; Yier Vil o N Ny ( ) ) %
— 1/ t—1
21/2 t—1 C” s
+ — Tn; C —+ K’Z (5 + n; AZ
1Ny (H 1 (C3 + K1) N 2 )
93/4 i—1 s j—1 o 1/2
+ N, Z ((DV(SJ./ + 21/2By>nj+17/j+1 Z(Cv + /‘iz‘+1)ni+15i/ ) ’
t \ 4 :
j=1 =0

with A = Te(VL(0*) ' SVEL(0*) ™) and Cf = C4 /2 4 1{py <} 2Go /D3 .

Proof of Lemma 3.6.3. The proof is divided into two parts; in the first part, (6;) follows (3.2.1),
and the second part considers (3.2.2). Assume that (6;) is derived from the recursion in (3.2.1):
following Polyak and Juditsky [118], we rewrite (3.2.1) to

1
%(et—l — 0¢) = Voli(0:-1), (3.6.28)
where Vgl (0;_1) = n; it Vglyi(04—1). Observe that

VEL(0") (01 — 0°) = — Vgl (0%) + Voly(0,—1) — [Vole(0r_1) — Vols(6%) — VoL (0;_1)]
— [V L(61-1) = VEL(0*) (611 — 67))],

where V2L(0*) is invertible with lowest eigenvalue greater than u, i.e., VZL(6*) > pl;. Thus,

summing the parts, taking the quadratic norm and expectation, and using Minkowski’s inequality,
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gives us the inequality,

- . 97\ 1/2
(E [Hét—Q*HQ:Dl/Q <|E VgL (9*)1]\17tznzv9lz (9*)
=1

- . o7\ 1/2
+|E||ViL (") N > niVali (6:1) )
ti=1

[ t 27\ 1/2
1 1 .
| E||[VEL ) 5 Dm0l (6i-1) = Voli (67) = VoL (6i-1)] D
=1

_ . 27\ 1/2
+|E|||V3L(6")" ]\17t ;m [VoL (0i-1) — V3L (6*) (6i-1 — 67)] ] ) :

(3.6.29)

As (Vgls(6%)) is a square-integrable sequences on R? (Assumption 3.2.1-p), we have

2
E

= % Et:n?E [vaL (6%)"1 Vl; (6%) 1
toi=1
+% > ningE [(VAL(07) " Vol (6), VAL (0°) 7 Val, (67))]

to1<i<j<t

t
1
2 x\—1 *

where the first term can be bounded by Assumption 3.3.1,

t
2 1 2(1—0) 2 *)—1 2 #)—1 Co
] N (“ VoL IV L)) e

— 5
AL 201-0) O d 2(1—0—0o’)
= — mn. —|— g n. s
N2 e 2

t
% S wlE {HVZL (0") " Vol (67)
ti=1
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where A denotes Tr[VZL(0*)"'SV2ZL(6*)~1]. For the next term,

= > B [(VELO7)T ol (07), V3L (60) 7 Wl 0))]

t 1<i<y<t
2
= N7 > ninE[(Vol; (6%), Vol, (6%))]
to1<i<j<t
s S g E[(Vol; (6%)  E[Velj(67)|Fj_1] — VeL(6"))]
t 1<i<y<t
2

S o2 > B ([Voli (09| IE[Vol; (0)|Fj—1] = VoL(6)]]]

PNy 1<i<j<t

2 Y gy B (19t 0017 B [N 017541 — VoL@ P

t 1<i<j<t

= 22?\[2 Z NinjoiVy = 2N2 Z (n]y] Zn’U’> ’

t 1<i<j<t

by Cauchy-Schwarz inequality, Hélder’s inequality, and Assumptions 3.2.1-p and 3.2.3-p. Thus,

27\ 1/2 1/2 1/2
A1/2 t s :71/2 t o—o!
E [ ||V5L(6%)~ < (anu )) +L1/2 S 2o
t \i=1 PNy i=1

21/231/2 t i1 V2
Z n;vj Z n;o; . (3630)
Next, by the relation in (3.6.28), we have

i=2 i=1
t
vael i-1) ]\1[ Z B0y — 0)

t
;1
— Vol (0
N, &Y @)

ti Vi
G o [(Mir1 My 1 ane 1 o N1
:E“@‘“@m‘%-)‘Nt(@t‘“%*m” e
leading to
“ 1 &d e |Miv1 My 1 .
ViL(6%)" Ntznzvel (0i-1) Smi:l 10; — 07| i +m\|9t 0|
T e Eod
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Hence, with the notation of §; = E[||§; — 6*||?], the second term can be bounded by

1/2
E |||V2L (6*)7* ! Zt: Voli (6;—1) 2 < 1 tziéé Ni+1 Ny ng 5% ny 1
— N " ol (0 L N .
' NeiH AR THNe= T i il Ve b N
(3.6.31)

For the third term, we can derive it as

t
1
VAL(O") " g D i [Voli(Bi-1) = Voli(6") = VoL(6;-)
i=1

|

Z nznj Vgl ) - Vglz(e*) - V@L(Qi_l), V@lj(@j_l) - Vgl](e*) - VgL(Qj_l)” s

1<j

t
1 *
—Aﬁﬁ§ nZE [[Voli(8i-1) = Voli(0°) = VoL(0i-1)]]

where

S i [||v912- (6;_1) — Vgl; (8%) — VoL (eH)HQ] <2 n’E [llvel@- (0i—1) — Vel (9*)||2}

=1 =1

+2 Zt: niE [HWL (ﬂ'—l)\ﬂ

=1
t
<2 Z ’I’L2I€25@ 1+ 2C% Z n?éi,l,

=1

by the Cauchy-Schwarz inequality, Assumption 3.2.2-p and (3.3.8). For the other term, we note
that

E[(Vols(8;_1) — Vols(0°) — VoL(8;_1), Vol;(8;_1) — Vol (6*) — VoL(6;_1))]
—E[(Voli(6;_1) — Voli(0%) — [VoL(0i—1) — VoL(6%)),
E[Volj(0;-1)|Fj-1] — VoL(8j-1) — [E[Vel;(67)|Fj-1] — Vo L(6)])]
<VE[Voli(6i-1) — Voli(8) — [VoL(Bi-1) — VoL (6]
VEUE 61, (0;-)|Fj 1] = VoL(01) — [E[Vol;(6%)|Fj 1] — VoL (6]
<\/2E[[Voli(6i-1) — Voli 0] + 2E[VoL(6; 1) — VoL(0)|]

\/2E E[Vol; (0;-1)|Fj 1] — VoL (6;-1)1%] + 2E[[E[Vol;(0%)|Fj 1] — Vo L(6%)]1?]

<\/2n25z |+ 2026, 1\/21)2 2655 1 +AB22 < 22 (k6,5 + Cv6,3)(Dyvo}% + 22 B,uy),

using F;—1 C JFj_1 since ¢ < j, Cauchy-Schwarz inequality, Holder’s inequality, ||a + b[|P <
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2°=L(||al[P + ||b||P) with p € N, Assumptions 3.2.1-p and 3.2.2-p, and (3.3.8). Thus,
97\ 1/2

1/2 ; 1/2
21/2 t 21/2CV
nIk2o;_ n2s;_
MNt <; 1) ,U,Nt Z 1
93/4 [ j—1 1/2
A > <(D 55 +22B,)njv; Y (Cy + m)mc&”?) . (3.6.32)
t

=1
j=2 =1

t
1
71ﬁ Z n; [V@li(gi_l) - V@ll(e*) - V@L(Qi_l)]
ti=1

The last term is directly bounded by (3.3.9), using that (3.3.9) implies V0, || VoL(6) — VZL(6*)(0 —
0)|| < Cgll6 — 6*[|>/2 [105], giving us

(E

with the notion A; = E[||f; — 6*||*]. Combining the terms (3.6.30) to (3.6.33) into (3.6.29), gives us

e AV2 (S V2o N\ gieple = v
5/ < (Z n?(l_a)> + /ZV (Z n; 70 )> + 7/”\7” > (njl/j me)
t t : :
7j=2 =1

M o
< =V A1/2
]) _2ﬂNtiZ:n 1—1

(3.6.33)

- ]\17t > ni [VoL (6;-1) — VZL(6%) (61 — 67)]
=1

Lo \i=1 i—1

21/ 1/2
ny 6t1/2+ ni 1/2 (Zn )

s L)

t—

z; Yi+l Vi
1/2

21/2 t 2 L /2

TTuN, (Z i 2uNtZ i

)

3/4 t j—1 12
2 / Z 1/2 1/2 Z 1/2
DVéj—l +2 / Bl,)njl/j (CV + mi)niéi_l y

]:2 =1

pye Ny 71Nt
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which gives the desired by shifting the indices and collecting the dy terms,

1/2 1/2 /7 ¢ 1/2 1/2 ; i1 1/2
~ A2 (L o1 '/ o(1—oo? 9l/2
5P <E () T (SR niv; Y nioi
¢ Ny ; ! Ny ; ! Ny ]2 7 ;
t—1
1 1/2 | Nkl Ny ng /2 M ( 1/2 > 1/2
=2 % | = 5P+ L (= 42Y2(Cy+k1) )0
PN Yier il N ! pNy (Cv + 1) | 9
_ 1/2 .
ol/2 (11 ) on L L
+— n2, 1 (C + k2, 1)0; + — n; AY
U, (; (0% 1) 2N, ; +148;
23/4 t—1 j—1 1/2
+m Z ((DV(S;/Q + 21/231/)nj+11/j+1 Z(CV + H¢+1)ni+153/2> . (3.6.34)
J=1 i=0

Now, assume that (6;) is derived from the recursion in (3.2.2): as above, we follow the steps of

Polyak and Juditsky [118], in which, we can rewrite (3.2.2) to
1 1
— (01— 0) = Voly(0r—1) — — U,
M M
where Q; = Po(0i—1 — %4 Voli(01—1)) — (01—1 — 7 Voli(0;—1)). Thus, summing the parts, taking the

norm and expectation, and using the Minkowski’s inequality, yields the same terms as in (3.6.29),

but with an additional term regarding €2;, namely

n;
Z \/E ||Q ||
i=1 Vi

1

ni 2
:m - %\/E [HQiH ]l{ei_l—%-veli(ei_l)gze}]a (3.6.35)

1/2

t 2
1 n;
V2iL (0* —17§ —Q;
oL (%) N, & v

E
5 i

using Godichon-Baggioni [55, Lemma 4.3]. Next, we note that E[[|Q¢][*Lig, |, —~,v,n0,_1)¢0}] =
AV GyP[0; 1 — 1V oli(0:—1) ¢ O], since

1201 = 1P (Bi—1 = % Vols (0-1)) = Oe—1 + 7 Vole (6:-1)|>
<2[Po (-1 — 7 Voli (0:-1)) — Or-1]* + 297 | Vols (6:-1) |1
=2|[Pe (6i-1 — % Vols (6:-1)) — Po (0—1)|I” + 237 | Vols (6:-1)I?
<2101 = e Vole (0-1) = Or—1]1* + 297 [ Vol (Br-1) 1> = 477 [|Vole (0:-1)|* < 427G,

as Pe is Lipschitz and ||Vl (0)|* < G for any 6 € ©. Moreover, as in Godichon-Baggioni and
Portier [56, Theorem 4.2 with use of Lemma 3.6.2, we know that P[0;—1 — vVl (6;—1) ¢ O] <
A/ D}, where Do = infpepo || — 0% with 9O denoting the frontier of ©. Thus, (3.6.35) can then
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be bounded by

1 n\/ [ < %Zt:n&/% 25 Xt:" A"
MN {0;_1—7iVol;(0;_1)¢0} ,UD%Nt v 1= _/‘LD%Nt =1 i+12y

since the sequence (n) is either constant or increasing, meaning V¢, n;/ns1 < 1. At last, this term
can be combined into (3.6.34) with use of C¢ = C%/2+ ]l{D@<OO}2G@/D(29, which indicates whether
(0;) follows (3.2.2) or not. O

Proof of Theorem 3.3.2. The result follows by simplifying and bounding each term of Lemma 3.6.3,
with use of Theorem 3.3.1 and Lemma 3.6.2. Thus, by inserting v = Cynft_a, v =mn; ", Kkt =

Cung ", op = Ceny 7, and ny = C,t” into the bound of Lemma 3.6.3, we obtain

) 1/2 A1/201 o [t 1/2 i 1/2
1/2 A 2p(1—0) 2p(1—o—0o")
o SiNtl/Q]l{Uzl/Q}—’— Z " Horjzy + —— N ZZ 4

1/2

1/2 ~1/2 t i1
21/2B1/201/2 ¢ Z ( 1=y Zzp (- J)) N (p(1=5)+a)C, Zip(1_5)+a_151/2
e (o+v /2Nt = — MCng}Nt po i

1/2
C,tri=f)+a 12, G 1 Cy 12 2Y2H=RC O,
B P 4212 ( +C ) 5% + 201=r) g,
pC,CEN, T 070/3 cy Y uCsN, Z

3 1/2
21/2+pCVCp A .2 p 1/2
+ 1N, ZZ 7o ALNt Z P4,
=0

i=1
1/2

93/4+p(2-v) /2 [ 14 ( 1/2 =1 Il OM 1/2
+ : P (D67 +21/2B,)P1=¥) (C’v + K) is) ,
,U«Cp/2Nt ggl ! ; C w

using n;11/n; < 2° and that |ni1/vi+1 — ni/vil < (p(1 — 8) + «)C 1_ﬂ/C t=P=B)= a5 p(1 —
B)+a <1—pwith p € [0,1). Next, as o € [0,1/2] and ¢’ € (0,1/2], we have 3 ¢_, i?/(1=0=") <
t1+20(1=0=0") /(1 4+ 2p(1 — 0 — 0")), where t < (2N;/C,)"/(1+P). Similarly, as v € (0,00), we have
that

t—1 (jp(ly)jilpl o‘> <Z]p(1 V)ZZP1 o)

i=1

<.
[|
N

Swp(ufl)( )wp(afl)( )
Swzo,,l)(QNt/Cp) Z(gfl)(th/Cp)a

using the y-function defined in (3.6.16), such that

\/wZ(Ufl)(QNt/CP)QLZ(V 1) (2N:/Cp) /Ny < (’)( (cr+y)/2(1+p)).
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Let DY denote Cy + 2°°C,,/Cyy with x € [0,1/2], such that

12 1 1/2 -1 1/2

1/24p(1— 1/2 DS

2l/2r(1=7) 0, O, 222/)1 ®) +m 3 i, < 240 DyC, > s
CZ”Nt wN¢ pdVe

i=1 =1

and, likewise, we have that
¢

—1
1/2 1/2 1-v 2P"C 1/2
Z(Da 1212, >Z<CV+CW) i3] )

J:l =1

t—1 j—1
<DEY <(DV5;/2 +21/2B,)p0) 3 z"’éil/Q) .
j=1

i=1

From (3.6.21) we know that d; < Dj/t® with

91+2pv B2 92+p(20—B)+a 2y 05
Dj = supmt® + =" ¢ S
teN i C3Y i C57

and 0 = Lyp,—0y(p(20 — B) + a) + Lyp, 20y min{p(20 — B) + «, 2pr}, yielding

t—1

3 < (D, 51/2+21/2B p(l=v 27&51”)

j=1
t—1 j—1

< D1/2 Z ((DVD§/23—5/2 + 21/2By)jp(1—l/) Z ip—5/2>
j=1 i=1
t—1

<D;*y <(D D252 1+ 21 2B, )P0 g (8 )>
j=1

< Dy Dsths jo—p (005 /24 pw—1) (1) + 21/QBVD§/2¢5/2—p(t)¢p(y—1)(t)
< DyDstf sy 2N/ Co)0h s i1y (2Ne/Co) + 22B, DY >0 ) (2N /Co)e0, ) (2N Cy),

if /2 —p > 0. Hence, \/qu/2 JCNCOE 1y (2N /Cy) [Ny = O(N CHPIZIH g
\/%/2 JCNCul (2N, [Cp) Ny = O(N; 22D Next, we define 7, = Y01y i%m; >

Zf 17 such that m < ¢~ lzl 1T <t 17, < t7 174 since m; is decreasing. Similarly, let

II; = ZZ L iPT1;. Both 7; and II; convergences to some finite constant depending on the model’s
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parameters. With use of these notions, one can show that

52 < L/Qﬂ . 91+20(1-0)/2(1+9) A 1/2 (1~ 29)/2(1+) :
t = Nt1/2 {o=1/2} 1+2p(1_O_)Nt(1+2pa')/2(]_+p) {o#1/2}

/ 2 ~1/2
21+2p(1_a_a/)/2(1+p)0;1/2021720720 y2(14p)  21/2BY20M Cp\/1/15(0_1)(2Nt/0p)¢z(,,_1)(2Nt/Cp)

+ ; +
\/1 n 20(1 o — U/)MNt(l‘FQP(U‘FU )/2(1+p) MC£U+V)/2N1§
+ (p(1 = B) + a)CpTioo + (1~ 5) + a)21/2+pVB”CP f—i—p(ﬁ—i—u—l)—a(QNt/Cp)
,uC'VC'pﬁNt NB/QMIEMCWCE—W]\Q
o— a 2—20—pF—a)/2(1
(p(1 — B) + a)2(4+p(2+20-38)+3 )/2(1+p)CUC£ B—a)/2(1+p)

(p(1 = 0) + (o = pB)/2)pyu/ 20y AN T2 =)
2(1+p(1—ﬁ)+a)/(1+p)C/()QJFﬁ*a)/(lJFP)ﬁ.OO 2(1+p(1+3u—ﬂ)+a))/(1+p)Bycglfﬁfufa)/(lw)

* O NP 7) T e Pe, N )
2(2+p(1—2ﬁ+0)+2a)/(1+p)CO_CI()Q_QU_ﬁ_OC)/z(:H‘P) 21/2+pD%Cp,ﬁ.¥2
* PO N AR 20) ) () * N,
N 23/2+P(1+”)BVD%CP\/wg’p(l,_l)@Nt/ Cp) . 9(3+0(5=20-+5)=0) 20149) pip 01, CL/2 {1520 +0) 2(140)
132N, i NP =B ) [CH0)
— = 1/2 41/2
. 98/4+0(2-1)/2, /PE DY D/ op\/qu/H(2Nt/cp)¢§/2+p(%1)(2Nt/0p)
,UCpU/QNt
_y 1/2 =1/4
+21+p(2 2B/, /DEDY cp\/wg/zfp(gzvt/cp)wg(yfl)(2Nt/0p)
MCZ/QNt
= 1+p(1+2v) 2 P
Gy 1 L ol/2pe | g1/2 4 200G 0, n 27 ByC3 Oy 0,1y (2N2/Cy)
N, B v ]To N, 5/2 /i C2v N,
KAVt C’pr HAVE w Ky p t

. 2(1+p(1+207,3)+a)/(1+p)(25[u71/2 + 24C$/QC§/2)C%C§CV

)

M\//TLCS—QW—&)/(H;J)Nt(p(20—6)+a)/(1+p)

where p), = 1 —1y,—0y2D; /*C¥, D& = Oy +2°C./CF and Cf = C4 + 1{pg <o} 2Ge /D, which
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can be simplified into

A/ AL/2 21/2A1/20é1_20)/2(1+p) 21/20(’71/20/()1—2(0+U’))/2(1+p)
O §N1/2 Lo=1/2} + N (1+200)/2(1+p) Lo1yoy +
t t

1+2p(c+0c’))/2(1
MNt(+p( +0'))/2(1+p)

+22+(7+2p(1+0))/2(1+P)(jg(jf(f_%_ﬁ_a)ﬂ(lﬂ) . 2(1+p(1+20—B)+a)/(1+p) (95 ,=1/2 | 24@1/205/2)0%0307

MM}/MC;/2Nt(2+p(ﬁ+20)fa)/2(1+p) M\/ljyclglﬁpafa)/(lﬂ) Nt(p(2afﬁ)+a)/(1+p)
2(5/2+p(5720))/2(1+p)Dn c, CI/QC(1+B—20+a)/2(1+p) . rC, . 2(2+p)/(1+p)C,gz+/3*0‘)/(1+:0)
m 1/2N(1+p(2o B)+a)/(2(1+p)) 1Ny MCth(Qerﬂ_a)/(Hp)
23/4+0(2-v)/2 /DE DY DIC, \/¢5 1N COUS 1y 2N/ C)
MCZ/QNt

_l’_

OO

_l’_

+ 1¢p, 201 Vi,

as a—pB € (1/2,1) with use of T' = 27, /C,,Cl +(1/C,,CE 42112 D )50/ 421/ 24p D all? 420 CL T,

DG =Cv+2°C,/CF, 6 = 11p,—01(p(20 — B) + ) + Ly, 20y min{p(20 — B) + «, 2pv}, and ¥y given
as

21/231/2 1/20 \/1/}/7(0 1) 2Nt/C )wp (2Nt/c ) 23/2+pVBVCp¢1P+p(B+V—1)—a(2Nt/CP)
+
MC[(;G+V)/2 t

1322 CLCF T Ny
93/2+p(1+v) BVD%Cp \/d}gp(y—l) (2Nt/Cp) N 23(1+pu)Byclgl—ﬁ—'/_a)/(l'f‘ﬂ)
NB/ZMII//QCpVNt Ms/Qﬂi/QC’YNt(l‘FP(W‘V)—a)/(1+ﬁ)

_|_

21-&-/)(2—11)/23;/2 D%D§/4C \/¢§/2 p(ZNt/CP)wZ(V—l) (2Nt/Cp) 22(1+pu)B30%0pwP o1 (2N, /C,)

+
uCy* N, 1512/l C2¥ Ny
(3.6.36)

+

@( (U+V)/2(1+P)) + @(Nt—(1+P(ﬂ+V)—a)/(1+P )+ @(N (14+2pv) /2(1+P))
+ O(N; —(1+p(B+v)—a)/(1+p ) @( (5/2+PV)/2(1+P)) + (Nt—ZPV/(1+P))

I

Furthermore, with O-notation one can yield,

sz AV 2V/2p1 2O 2 91/2011 /21 =2+ /2040)
TN {e=1/2) NP2/ tor1/2) F N2

260 0(2—20—5—0)/2(1+P)

uu1/201/2 (2+p(B+20)—a)/2(1+p) {BL#0} >t

Mmclgl—?m—a)/(lﬂ))Nt(P(2U—B)+Ol)/(1+P)
22D%CUC$/2C£l+ﬁ_2U+a)/2(1+p) . FCp 22052+ﬂ—a)/(1+p)ﬁ_oo .
Mui/QNt(1+P(20*5)+a)/(2(1+p)) 1INy MCWNt(QJrPﬁ*a)/(lJrP)

@(Nt*(‘;JFPV)/?(lJFP))’

(3.6.37)

where U, = O(N;” (U+V)/2(1+p))+0( —(1+p(B+v)— a)/(1+P))+O( (1+2PV)/2(1+/J))+O(N (5/2+9V)/2(1+ﬂ))+
@(Nt_QpV/(Hp)), implying that v > 1/2 to obtain the desired rate §; = O(N~1) if B, = 0. O
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Chapter 4: AdaVol: An Adaptive Recursive Volatility Prediction Method

Abstract

Quasi-Maximum Likelihood (QML) procedures are theoretically ap-
pealing and widely used for statistical inference. While there are
extensive references on QML estimation in batch settings, it has at-
tracted little attention in streaming settings until recently. An in-
vestigation of the convergence properties of the QML procedure in a
general conditionally heteroscedastic time series model is conducted,
and the classical batch optimization routines extended to the frame-
work of streaming and large-scale problems. An adaptive recursive
estimation routine for GARCH models named AdaVol is presented.
The AdaVol procedure relies on stochastic approximations combined
with the technique of Variance Targeting Estimation (VTE). This re-
cursive method has computationally efficient properties, while VTE
alleviates some convergence difficulties encountered by the usual QML
estimation due to a lack of convexity. Empirical results demonstrate a
favorable trade-off between AdaVol’s stability and the ability to adapt
to time-varying estimates for real-life data.

keywords : wolatility models, quasi-likelihood, recursive algorithm,
GARCH, prediction method, stock index
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4.1 Introduction

Time series analysis has attracted much attention in the last three decades. A central aspect
of time series analysis is modeling heteroscedasticity of the conditional variance, e.g., volatility
clustering in financial time series. Some well-known models incorporating this feature are the Au-
toRegressive Conditional Heteroscedasticity (ARCH) model and the Generalized ARCH (GARCH)
model introduced by [45] and [18], respectively. Many reasons can explain these models’ success;
they constitute a stationary time series model with a time-varying conditional variance, and sec-
ondly, they may model time series with heavier tails than the Gaussian ones, which often occurs in
financial time series.

Quasi-Maximum Likelihood (QML) estimation is widely used for statistical inference in GARCH
models due to their appealing theoretical nature and tolerance to overdispersion, which is often
observed in empirical data. This paper studies the Quasi-Maximum Likelihood Estimator (QMLE)
for the broader class of conditionally heteroscedastic time series models of multiplicative form given
by

X, = hi(00)Z, teZ, (4.1.1)

where 6 is the true underlying parameter vector, (Z;) is a sequence of i.i.d. random variables with

E[Zo] = 0 and E[Z] = 1, and the (non-negative) volatility process (h¢)iez is defined as
ht(e) = g (Xt—b ey Xt—pa ht_l(é?), ey ht_q(e)), P, q Z 0. (412)

Suppose that the parameter set © C R? and {gy|f € ©} denotes the (finite) parametric family of
non-negative functions on R? x [0, 00)? satisfying certain regularity conditions. We also require that
hy is F;—1-measurable for all ¢t € Z, where F; = o(Z, : k < t) denotes the o-field generated by the
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random variables {7}, : k < t}.

The stability of model (4.1.1)-(4.1.2) is accomplished under the assumption that gy is a contrac-
tion. This condition is a random Lipschitz coefficient condition, where the Lipschitz coefficient has
a negative logarithmic moment. The notion of contractivity is clarified in [138] where they study
QML inference of general conditionally heteroscedastic models with emphasis on the approximation
(ﬁt) of the stochastic volatility (hy).

QML estimation of the parameters in the class of conditionally heteroscedastic time series models
has been studied frequently in recent years, see e.g., [14], [48], [138], and [151]. However, all these
references consider iterative estimation, where one assembles a batch of data and afterward performs
the statistical inference. Thus, one evaluates an objective function consisting of a sum of n loss terms.
Each iteration would then have a cost of O(nd), making the recursion cost O(mnd), where m is the
number of iterations. As the amount of data grows, these optimizers become prohibitively expensive
and increasingly computationally inefficient. Moreover, iterative optimizers become unsuitable for

streaming settings where we are modeling and predicting data as they arrive.

Many financial practices, such as banks, asset managers, and financial services institutes, find
themselves estimating thousands of volatility models every day for risk and pricing purposes. In
addition, the sampling of financial time series is increasingly at high frequency. Therefore, recursive
procedures must undoubtedly be advantageous since one only processes observations once. In re-
cursive QML estimation, we update the previous QML estimate with the new observations at time

t in order to produce the QML estimate of the parameters at time ¢.

Thus, in modern statistical analysis, it is becoming increasingly common to work with stream-
ing data where one observes only a group of observations at a time. Naturally, this has led to an
expanded interest in time-scalable recursive estimation procedures with a cost of only O(d) compu-
tations per recursion, e.g., see [19]. However, there has only been given a little amount of attention

to recursive estimation in conditionally heteroscedastic time series models.

[36] presented a recursive method for estimating the parameters of an ARCH process. Under
sufficient assumptions on the underlying process, [6] showed consistency of their recursive least
squares method for GARCH processes, and [82] also developed a recursive estimation method for
GARCH processes supported by empirical evidence. Convergence analysis of the recursive QML
estimator for GARCH processes based on stochastic approximations with Markovian dynamics using
a resetting mechanism has been previously presented ([52]). A self-weighted recursive estimation
algorithm for GARCH models was proposed in [35] with a robustification in [73]. However, none
of the above references mention problems with convexity or address the obstacles that may occur
when the true parameter 6 is close to the boundary of the parameter space.

The difficulty of estimating time-varying parameters of statistical models increases in the setting
of streaming data. To sustain computational efficiency and be adaptive to changes in the estimates,
one may decrease the number of observations in each iteration in the optimization procedure, which
may decrease the stability of the statistical inference. We propose a natural adaptation of the QML

method, relying on stochastic approximations combined with the Variance Targeting Estimation
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(VTE) technique, which we call AdaVol. This recursive method is time-scalable and memory-
efficient, as it only requires the previous estimate to process new observations, and it only needs
to treat the observations once. We present empirical evidence that AdaVol achieves a favorable
trade-off between adaptability and stability.

The rest of the paper is organized as follows: Section 4.2 introduces the QML procedure for
the general class of conditionally heteroscedastic time series models of multiplicative form and
investigates the asymptotic properties of the Quasi-Likelihood (QL) function (Section 4.2.1). Next,
in Section 4.2.2, we present the QML estimation of the GARCH parameters. In Section 4.3, we
present our adaptive approach for recursively estimating GARCH parameters named AdaVol. We
examine the AdaVol procedure on simulated and real-life observations in Section 4.4, and some

concluding remarks are made in Section 4.5.

4.2 QML Estimation in Conditionally Heteroscedastic Time Series Models
The approximate QMLE é\;'; is defined as

0% € argmin Ly, (), (4.2.3)
oK
where the parameter set K is a suitable compact subset of the parameter space ©. The QL function
L, (0) and approximate QL function En(e) are given by

n
~

Ln(6) = zn:zt(e) and L, (0) = 11(0), (4.2.4)
t=1

t=1
with QL losses, denoted [;(#) and lAt(H), given as

2 - 2 ~
1,(0) = % < hite) + log ht(0)> and 1,(0) = % (ﬁ;) + log ht(9)> : (4.2.5)

where (ﬁt) is an approximation of (h;) defined recursively for ¢ > 1 as in (4.1.2) with initialization
/};_q+1 = ... = Eo = 0 or any deterministic constant. From [137, Proposition 5.2.12|, we know
the initialization error between (Et) and the true (h;) will vanish exponentially fast almost surely.
Assuming Z; is standard normal distributed, we may note X; is also Gaussian with variance h;
conditioned on F;_j. The QL function L,(-) in (4.2.4) is derived under this Gaussian assumption.

The consistency and asymptotic properties of the QMLE é\;'fb combined with the robustness of the
QL function for overdispersion make the method highly used in practice (e.g., see [113]). Under the
assumptions in {138, N.1, N.2, N.3 and N.4|, the QMLE 5;’; is strongly consistent and asymptotically

normal, that is

0% 23 6y and v/n (é\;‘l — 0()) — N (0,V)) as n — oo, (4.2.6)
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with 6y as the true parameter vector and V| the asymptotic covariance matrix.

Unfortunately, these asymptotic properties in (4.2.6) come with a drawback on the QL loss; the
consistency is achieved through careful domination of logarithmic moments. The concavity of loga-
rithms makes the criterion insensitive to extreme values, but it also implies that the criterion itself
behaves as a concave function. As most optimization algorithms are based on convex assumptions,
this is striking.

In the next section, we show that the approximate Hessian H,,(6) = n_lvgfn (0) admits strictly
positive eigenvalues for n sufficiently large dependent on the model specifications and the underlying
data process. This means that for sufficiently large batch sizes of observations, the QMLE 5,’; can
be seen as the unique solution of a locally strongly convex optimization problem; the existence and
uniqueness of 5;; ensure that usual iterative optimization routines can efficiently approximate it for

n large enough.

4.2.1 Asymptotic Properties of the QL Function

To establish the asymptotic local convexity of the QL function of the model described by (4.1.1)-
(4.1.2), we need the following assumptions: Assumption 4.2.1, 4.2.2, and 4.2.3, which naturally
emerges from the arguments and properties [138] made to ensure stability of the QL function
and QMLE procedure. We will use two different matrix norms, namely, let ||Al|,p denote the

matrix operator norm of the matrix A € Rxd

with respect to the Euclidean norm, i.e., ||A|op =
sup,q |Av|/|v], and denote [|A[x the norm of the continuous matrix-valued function A on K, i.e.,

| Al = supgexc||A(z) | op, where K is a compact set of R%.

Assumption 4.2.1. The model (4.1.1)-(4.1.2) with 0 = 6y admits a unique stationary ergodic

solution.

Assumption 4.2.2. Let K C © be a compact set with true parameter vector 6y € K in the inte-
rior. The random functions fulfill certain conditions, such that E[||lo|lx] < oo, E[||Valo|lx] < oo,
and furthermore have the following uniform convergences |n~ Ly, — Lp|lx =3 0 and n_1||Van —

ViLo|lk =50 as n — ooc.

Assumption 4.2.3. The components of the vector Vggg(Xo, ho) from (4.1.2) with 8 = 6y are

linearly independent random variables.

The following Theorem 4.2.1 is an extension of [75], which established similar results for the
likelihood function of GARCH models under the assumption that (X;) is strictly stationary and
strongly mixing with geometric rate, and (Z;) is Gaussian. Solving the QML estimation problem in
(4.2.3) for 5,*; is known to be computationally heavy as one has to find the solution of a non-linear
equation, namely (4.2.4). Nonetheless, Theorem 4.2.1 ensures the existence of an N such that we
have a unique global QMLE 5;‘; for all n > N.
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Theorem 4.2.1. Under Assumption 4.2.1, /.2.2, and 4.2.3, there exist positive constants C,§ > 0,

and a random positive integer N € N such that
ngIn(H)g >Cglg, Yn >N, a.s., (4.2.7)
for all 0 € B(fy,6) and g € R4\ {0}.

The result above shows local strong convexity of the QL function En The following corollary

arises from the proof of Theorem 4.2.1:

Corollary 4.2.1. Under Assumption 4.2.1, }.2.2, and 4.2.3, the QMLE 5;'; exists and is unique,
that is

5;'; — argmin L, ().
oeK

Local strong convexity is crucial for guaranteeing the convergence of an optimization algorithm,
although some methods go beyond this point ([147]). Thus, Theorem 4.2.1 is an essential result for
computing the QMLE 5;'; parameters of the model in (4.1.1)-(4.1.2). Nevertheless, to guarantee the
property in (4.2.7), we need a sufficiently large (and maybe unbounded) random N, which depends
on the true parameter vector 6y, the parameter estimates (5;‘), and the observations (X;). One often
has a fixed size of observations in practice, so the iterative algorithm may not converge. To our
experience, this phenomenon may occur when the true parameter vector g is close to the boundary

of IC, or if the initial values 58 are far away from the true parameters 6.

4.2.2 QML Estimation of GARCH(p,q) Parameters

The general class of conditionally heteroscedastic time series models includes the very popular
ARCH and GARCH models. For more than three decades, these models have attracted consid-
erable amounts of attention in the literature since their introduction. A process (X;) is called a

GARCH(p, ) process with parameter vector = (w, a1, ..., ap, B1,...,B,)7, if it satisfies

Xt = 012,

! , , (4.2.8)
oy =w+ Zle a Xy + Z?:l 5j‘7t—j7

where w, a;, and 3; for 1 < i < p and 1 < j < ¢ are non-negative parameters ensuring the
non-negativity of the conditional variance process (¢7). The innovations (Z;) is a sequence of i.i.d.
random variables with E[Zp] = 0 and E[Z3] = 1. Likewise, one can define an ARCH(p) process by
setting 8; = 0 for 1 < j < ¢ in (4.2.8). The GARCH(p, q) process (X;) given in (4.2.8) has QL
losses given by 1;(0) = 271(X2/52(0) + log 52(0)) with first-order derivative

o7 (0) — Xf)

210 (4.2.9)

Vil ) = Vus?(0)
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and second-order derivative

~ 2 _ 32 32 _v2
V2l (0) = Ve52(0)T V52 () (W) + V252(0) <W> : (4.2.10)

where Vo (60) = 94(0)+ 227, B Voo ;(6) with 9,(8) = (1, X2 y,..., X2 .52 1(0),...,57,(0))" €

2 .
RPTa+1 and Hessian H,(0) = n~! Z?;Vglj(@).

The equations (4.2.8) creates a complicated probabilistic structure that is not easily understood,
although it looks relatively simple. The conditions ensuring the existence and uniqueness of a
stationary solution to the equations (4.2.8) for GARCH(1,1) was provided by [100]. [23| later
showed it for the GARCH(p, q) model using that GARCH(p,q) can be embedded in a Iterated
Random Lipschitz Map (IRLM). See [22] for a formal definition of IRLMs.

We can illustrate the IRLM method on the GARCH(1,1) model with parameter vector 6 =
(w,a1,81)T. The IRLM for o7 is then given by 0 = A0? |+ By with t € Z, where Ay = a1 Z2 1+
and By = w. Note ((A¢, By)) constitutes an i.i.d. sequence. From the literature on IRLMs it is
well known that the conditions E[log|4o|] < 0 and E[log™ |By|] < oo guarantee the existence and
uniqueness of a strictly stationary solution of the IRLM Y; = A;Y; 1 + B; for t € Z provided
((Ay, By)) is a stationary ergodic sequence. Applying this to the GARCH(1, 1) model, we get the
known sufficient condition for the existence of a stationary solution, namely E[log(a1 Z3 + 31)] < 0.
This also implies 81 < 1 since log(81) < E[log(a1Z2 + 81)] < 0. Likewise, the ARCH(1) process
(81 = 0) then requires E[log(a1Z3)] < 0, which is the same as o < 2e ~ 3.56 with Z; being
Gaussian. Thus, the stationary condition is much weaker than the second-order stationary condition

in which we require oy + 51 < 1.

The statistical inference leads to further nontrivial problems since the exact distribution of (Z;)
remains unspecified, and so one usually determines the likelihoods under the hypothesis of standard
Gaussian innovations. Moreover, the volatility (o¢) is an unobserved quantity approximated by
mimicking the recursion (4.2.8) with an initialization, for instance X_,;; = --- = Xp = 0 and
O’%q 41 = -+ = 0§ = 0. [14] showed under minimal assumptions that the QMLE is strongly

consistent and asymptotically normal.

Furthermore, under Assumption 4.2.1-4.2.3, we have asymptotic local strong convexity of the QL
function in GARCH(p, ¢) models by Theorem 4.2.1. However, the number of observations needed to
guarantee local strong convexity vary. This can easily be seen by looking at the simplest case, namely
when (X;) follows an ARCH(1) process with parameter vector § = (w,a1)T. The volatility process
o2(0) is given as w + alXtQ_l. The eigenvalues of Vglt(ﬁ) are given by A\¢ = (Ar1, Ae2) = (0, A 2)
with Mo = (1 + X1 )(2X7? — 07(0))2 0, 5(f). Thus, the non-negativity of Ao would ensure
convexity at time ¢ in our QML procedure. However, the probability of having convexity at each ¢
is unlikely as P(N}_, V2l (0) > 0) = P(NP_, Z# > 1/2) = P(Z§ > 1/2)" is approximately 0.52" with
i.i.d. Gaussian innovations (Z;), i.e., (Z7) is x?-distributed with 1 degree of freedom. On the other
hand, increasing the number of observations used at each iteration would increase the probability

of having local strong convexity.
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4.3 Adaptive Recursive QML Estimation

Our recursive QML method relies on stochastic approximations introduced by [124], which
only requires the previous parameter estimate to update the parameter estimate using the new

observation. We perform the first-order stochastic gradient method defined as
Or = 01 = m—1 Vol (6:1), (4.3.11)

where 7,1 > 0 is the step-size at the ¢ — 1 step, and Vgl:(gt_l) is the gradient using the X,
observation and the QMLE estimate [9;_1. This method is computationally efficient as it only
requires a cost of O(d) per recursion. Depending on the number of observations, we have a trade-off
between the accuracy of the recursive QML estimates and the time it takes to perform a parameter
update ([19]).

According to [124], we must schedule the step-size such that > 52 7 = oo and > 52, n? < oo, but
these bounds do not make the choice of an appropriate step-size 7; easier in practice. A more suitable
approach is an adaptive learning rate, which updates the step-size in (4.3.11) on the fly pursuant
to the gradient Vgi;(-). Thus, our choice of step-size 17, have less impact on performance, making
convergence more robust and lower the demand for manually fine-tuning. Such an approach is often
used in settings of streaming data as generic methods are preferred. Adaptive and separate learning
rates for each parameter was proposed by [42] in their AdaGrad procedure. A different learning rate
speeds up convergence in situations where the appropriate learning rates vary across parameters.
Other well-known examples of adaptive learning rates could be AdaDelta by [155], RMSProp by
[143] and ADAM by [83]. As we may expect a lack of convexity, we select the AdaGrad algorithm
since it has shown promising results in non-convex optimization ([147]). The AdaGrad procedure

is given by the updates

Ui

— Voli(0:-1), (4.3.12)
\/2521 Voli(0i-1)* + €

6r =01 —

where n > 0 is a constant learning rate and € > 0 a small number ensuring positivity. Good default
values are n = 0.1 and € = 1078, e.g., see AdaVol in Algorithm 4.1. Note Vg@(@_l)Q denotes the
element-wise square ng\i(@-_l) ® Vgl:(é\i_l).

As the QL loss is defined only for én € K, we will require that the recursive algorithm always
takes values in KC. [157] suggests we project our approximation §n onto /C, preventing large jumps
and enforcing the convergence of our stochastic gradient method. By implementing this projection

on (4.3.12), we have our method for updating estimates, namely

n

- Voli(0:-1) | - (4.3.13)
\/ S Vali(Bi1)? + €

0, =Px 6,1 —
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4.3.1 Adaptive Recursive QML Estimation for GARCH Models

The GARCH process (X;) parameters can be numerically challenging to estimate in empirical
applications. The numerical optimization algorithms can quickly fail or converge to irregular so-
lutions ([159]). Therefore, examining the approximative QMLE 8 must be made with a healthy
amount of skepticism. A well-discussed problem for the GARCH(p, ¢) models is that the QMLE
performs poorly for numerically small (but still positive) values of w. The parameter w is vital and
often tricky to estimate. Stabilizing the estimation of w would not only improve the w estimate but

also have a positive impact on the other model parameters.

On way to overcome small values of w for the GARCH(p, ¢) model is by scaling (X;) with some
factor A > 0 as we have homogeneity; let (X;) follow a GARCH(p, q) process with parameter vector
0 = (w,o1,...,0p,B1,...,58,)T and innovations (Z;). Then for any A > 0, the process (VAXy)
is a GARCH(p, ¢) process with parameter vector § = (Aw,a1,...,0p, B1,...,58,)" and identical
innovations (Z;).

However, we wish to avoid this form of inference in our recursive algorithm as one then needs
to come up with a scaling parameter that has to be estimated beforehand. Instead, we circumvent
this issue by introducing a concept called Variance Targeting Estimation (VTE) (|49]). We apply
VTE for estimating w by use of 72, which is the unconditional variance estimated by the sample
variance (as seen in (4.3.14)). Thus we have a two-step estimator where we estimate the sample
variance 72 recursively, and the remaining parameters 6 = (aq, ..., ap, Bi,. .., Bq)T are estimated
by the QML method. Pseudo-code of the AdaVol algorithm is presented in Algorithm 4.1. The

reparametrization is obtained by defining

p q
w =2 1—20@—2@- . (4.3.14)
i=1 j=1

The volatility process in the GARCH(p, q) process can then be rewritten as

P q
(07 =) =D a(X2, =)+ Bilor; — 7). (4.3.15)
i=1 j=1
Similarly, one can define an ARCH(p) process by setting 5; = 0 for 1 < j < ¢. The GARCH(p, q)
process (X;) in (4.3.15) has similar QL losses as before except Vyo2(6) in (4.2.9) and (4.2.10),
where 94(6) is given as (X7 | —~2,..., X7, —~2,07 1(0) —~%,...,07_,(0) — v?)T € RP*4 and the
parameter space is defined by K = {(al, s, B, By) € Rzﬁq b o+ Z?:l B < 1}.

The VTE is not a requirement for the recursive method, but it provides additional speed and
numerical stability. Namely, the VTE ensures a consistent estimate of the long-run variance, even
if the model is misspecified. Additionally, presuming ~ is well estimated, we reduce the parame-
ter space dimension and increase the speed of convergence of the recursive optimization routines.

Moreover, the geometry of the new set of optimization K allows the projection step in (4.3.13) to
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Algorithm 4.1: AdaVol: Adaptive recursive QML estimation for GARCH(p, ¢) models
using the technique of VTE.

Data: (Xt)t>1 (observations)
Inputs 90 (initial parameter vector) n=01e=10"8
Outputs: §; (resulting estimates), o2 41 (predlcted volatility)

initialize: 52 = X2, Jip = 0,32 =0, Gy = e and t = 0
while (/9; not converged do

t=t+1

fie = t(t+ 1) o1 + (1)K

= (t— DT+ (X — )

Gt = Vol (6:-1)
at = ét 1 +§152
0, = Prc |0,—1 — Gy
Gl =+ >0 At(XtQ’L_ )+E (th 37)

1/2A

be efficiently implemented following [43].

One should be aware that the VTE requires stronger assumptions for the existence of the vari-
ance and is likely to suffer from efficiency loss. [49] also showed that the VTE would never be
asymptotically more accurate than the QMLE. Another drawback of using the VTE is the need for
a finite fourth moment of the process (X;). Meaning, one would need a; < 0.57 for an ARCH(1)
model using standard Gaussian noise as EX;} < oo if and only if o + (EZ§ — 1)a? < 1. For a
GARCH(1,1) model, we should have (a; + 81)? + (EZi — 1)a? < 1. These parameter bounds re-
strict the usefulness and range of applications for the VTE techniques. Fortunately, these constraints

solely concern the batch setting.

4.4 Applications

In this section, we examine the AdaVol algorithm on simulated and real-life observations. Our
implementation of AdaVol is provided in a repository at [149], and a relative speed comparison can
be found in 4.7. We compare our approach to the Iterative QMLE (IQMLE) approximation gn,
which is estimated at every two thousand increments using all observations up to this point, i.e.,
(@)(k,gooo)ﬂgtgk is estimated using (X¢)1<¢<y for &k = 2000, 4000, ...,n. In this way, we illuminate
the large-scale learning trade-off of applying our recursive method instead of the iterative method,
which is forward-looking with up to two thousand observations ([19]). As suggested by [75], we use
the (bounded) L-BFGS algorithm to solve the nonlinear optimization problem in (4.2.3) for 6,, with
initial guess 50 € K. Our recursive QMLE approximation gn is produced by the AdaVol algorithm
(described in Algorithm 4.1). It takes our initial value 50 € K, learning rate = 0.1 and € = 1078
as input. At last, for a fair comparison, we always use the same initial guess for both methods,
namely é\o = 50 e k.

It is possible to customize AdaVol by tuning the learning parameter 7, e.g., by choosing the best
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performing learning rate evaluated on the first part of the observations. We use a fixed learning
rate n = 0.1 across all applications (simulated and real-life observations) to avoid the learning rate’s
potential influence in our experiments. However, one should be aware of the versatility achieved
with different learning rate choices. The choice of learning rates is cumbersome, as an excessive
learning rate can cause the algorithm to deviate from the true parameter estimate. In contrast, a
learning rate that is too small can lead to slow convergence. Nevertheless, a small learning rate may

be preferred if one only wants to keep track of minor parameter estimation changes.

4.4.1 Simulations

All simulations are performed by the use of twenty thousand observations (n = 20000), and
the simulated data (X;) is always generated using Gaussian innovations with zero mean and unit
variance. To avoid possible bias due to the choice of the true parameter vector 6y and initial values
50,50, we conduct our experiments using random parameter vectors #y € K and random initial
guesses 670, 50 € K. These parameter vectors are drawn randomly from our parameter space K. The
w parameter is generated by taking a positive number from a uniform distribution, and then we
multiply it with 1077, where 7 is some random positive integer up to eight. In this way, we cover
a broad parameter domain while having parameter values close to the boundary. Similarly, the
(ai)1<i<p and (Bj)1<j<q parameters is generated from a uniform distribution with the condition of
having Y7 | a; + 23:1 Bj < 1. Note that the initial guesses §0 and 50 are generated the same way.
Thus, when we mention random parameters for the rest of the paper, we refer to this generation

procedure.

ARCH Models

As discussed earlier, the iterative QMLE approximation 57@ performs poorly for numerically small
w > 0 values, which are often encountered in financial time series. Before moving on to the case of
small w parameter values, we have in Figure 4.1a the trajectories of both QMLE approximations

using an ARCH(1) process with true parameter vector and initial values given by

w 2.0 (15
o — _ 40 — 3 — , 1.4.16
0 <a1> (0.6) and o =>4 (0.4) ( )

Figure 4.1a shows a very reasonable convergence of both estimators, 0, = (E\u(”),&gn))T

and
gn = (C)("),&gn))T, when the true parameter w = 2.0. Not surprisingly, our method experiences
some fluctuations initially, but as the learning rate decreases, the fluctuation likewise evaporates,

and within the first few thousand observations, we hit the true parameter values.

Likewise, in Figure 4.1b, we have the QMLE approximations’ trajectories for an ARCH(1)
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Figure 4.1: Trajectory of 6, (solid line) and 6, (semi-dotted line) for an ARCH(1) process with true
parameter vector (dotted line) and initial guess given in sub-caption.
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process, but now with true parameter vector and initial guess given as

1-10°8 ~ . 5-1078
6y = and Oy = 6y = . 4417
0 ( 0.6 ) 0= ( 0.4 ) ( )

Figure 4.1b indicates a modest convergence of (/9\,1 but shows slow convergence of &, towards the true
a1 parameter. In addition, &, seems biased concerning the initial value cp = 0.4 as it processes

almost half of the observations before moving closer to the true a; = 0.6.

A way of demonstrating the variation of 5,1 and 6, performance for small w values is presented
in Figure 4.2a and Figure 4.2b, where we have the average trajectory of one hundred trajectories

with their corresponding boxplots showing the distribution of these one hundred trajectories.

Here, in Figure 4.2a, we can see that AdaVol converges to the true parameter values with low
sensitivity to the choice of initial values. Moreover, this convergence occurs within the first few
thousand observations. However, in Figure 4.2b, we see the opposite in which gn has convergence
issues; it is consistently underestimating the w parameter. Furthermore, the o parameter range

does not appear to be decreasing over time, and the range seems larger than AdaVol’s.

As we observe the true volatility process (o:) in this section, we can evaluate the predicted

volatility processes’ accuracy. We do this using the Mean Percentage Errors (MPE) given as

—~ 1 " ot — 8} ~ 1 & ot — 5t
OMPE = — E and ompE = — g , (4.4.18)
" t=1 gt n t=1 gt
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Figure 4.2: Average trajectory (solid line) of one hundred HAm 0,,’s for an ARCH(1) process with true
parameter vector (dotted line) and initial guess from (4.4.17). The boxplots shows the distribution
of the one hundred trajectories.
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and the Mean Absolute Percentage Errors (MAPE) given by
n ~ n ~
—~ 1 |O't—0't| ~ 1 |Ut_0t
OMAPE = — E —— and opMAPE = — E —_— (4.4.19)
M= % M= %

where (0¢) is coming from AdaVol and (d;) from the IQMLE approximation. Note that o;’s esti-
mation is the same as for the IQMLE approximation 5]5, i.e., (0¢)(k—2000)4+1<t<k is estimated using
(Xt)1<t< for k= 2000,4000,...,n.

In the rest of this section, we will use random parameters to generalize our studies, limiting
the potential bias from having fixed parameters (See Section 4.4.1). Our routine is as follows: We
draw a random true parameter vector 0y € K from which we generate our observations (X;). Based
on these observations (X;), we calculate our estimates using (a random) 6o = 6y € K. Then, we
evaluate our estimates using an accuracy score, e.g., MPE and MAPE. Finally, we repeat all these
steps the desired number of times. Boxplots of one hundred accuracy scores, MPE in (4.4.18) and
MAPE in (4.4.19), can be found in Figure 4.3. In the top graph of Figure 4.3, one can observe
the MPE (for both methods) is symmetric around zero, but oypg has a negative tail, meaning the
iterative method may overestimate the volatility in some cases. Also, the spread of oypg is higher
than the oypg, which is clearly seen by looking at opapg in the bottom graph of Figure 4.3.

Another way of measuring the accuracy can be made by studying the conditional quantiles using
the recursive (d;) and iterative (gy) predicted volatility processes ([16]). Under the assumption of

standard Gaussian innovations, X; is Gaussian with zero mean and variance o?. Thus, for any
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Figure 4.3: Boxplots of one hundred accuracy scores MPE (4.4.18) and MAPE (4.4.19) using an
ARCH(1) process with random true parameter vector and initial guess in K.

a € (0,1), the a-quantile of a Gaussian distribution N(0,0?) is 0;® (), where ®~1(a) is the
a-quantile of the standard Gaussian distribution. We use the so-called a-quantile loss function

proposed by [84]: The a-quantile loss function p, using the volatility process o is defined as

a(Xe— 2 Ha)oy), for X; > &~ 1(a)oy,

(4.4.20)
(1-a) (@ a)or — X¢), for Xy < @ Yooy,

Pa(Xt,Ut) =

with tilting parameter o € (0,1). The idea behind the a-quantile loss function is to penalize
quantiles of low probability more for overestimation than for underestimation (and reversely for
high probability quantiles). We evaluate across the a-quantile scores p,, of (o) by the (normalized)

cumulative a-quantile scoring function Q) S,:

n M

QSa(Xns00) = 3D pan (Xir00), (4.4.21)

t=1 m=1

with M as the number of quantiles & = {a1,...,an}. The lowest S, score indicates the best
ability of volatility forecast. The findings of one hundred QS,(Xy,,) and QS4(X,,0,) scores is
presented in Figure 4.4, where we have used a = {0.01,0.02,...,0.99}, a random true parameter
vector and random initialization in . The @S, scores in Figure 4.4 are indistinguishable. This
indicates no loss of generality in using our recursive method even though our estimates are calculated
only once, making them more adaptable over time. Surprisingly, the iterative method is not superior,

even when forward-looking (with up to two thousand observations).

104



Section 4.4

Boxplot of 05,

o ©
08 -
5
8 8
5 g
. i i
‘S (]
i i

Recursive Iterative

Figure 4.4: Boxplots of one hundred @S, scores with a = {0.01,0.02,...,0.99} using an ARCH(1)

model with random true parameter vector and initial value in .

GARCH Models

Figure 4.5a and 4.5b shows the trajectories of the parameter estimates 0, = @™, &gn), E&n))T
and 6, = (@™, azﬁ”), Bgn))T for a GARCH(1,1) model with the true parameter vector and initial

guess given by

w 1-10°8 5.1078
90 = | o = 0.2 and 90 = 90 = 0.1 . (4.4.22)
b1 0.7 0.8

As for the ARCH(1) model, we observe a lower spread in the parameter trajectories coming from
AdaVol §n than from the IQMLE approximation gn. Moreover, the iterative gn is consistently
overestimating the (31 parameter (and underestimating the ; parameter), indicating a bias relative
to the initial value. It is worth mentioning that even if all initial values are in the stationary region,
ie., 50 = 50 = 0y € K, we still have a proper amount of fluctuation in the parameter trajectories.
As discussed before, this may partially be due to the volatility introduced by the gradient method
and the flatness of the QL loss ([159]). Nevertheless, our recursive method possesses a remarkable

convergence already after the first few thousand observations.

The accuracy scores, namely MPE from (4.4.18) and MAPE from (4.4.19), can be found in Figure
4.6 for the GARCH(1, 1) model using random true parameter vector and random initial values in
K. By comparing our methods using random initializations, we circumvent the possible bias from
the initial guess, which we observed in Figure 4.5b for the iterative method. As in the ARCH(1)
case, we obtain a lower spread for oypg than oyvpg. Nevertheless, one should still expect some

probability of ending up with an irregular solution where the AdaVol algorithm fails to converge.

Figure 4.7 presents the results of one hundred @S, scores with random true parameter vector
and initial value in K. Again, the @S, scores are indistinguishable (even when the iterative method

is forward-looking).
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Figure 4.5: Average trajectory (solid line) of one hundred §n, 0,’s for a GARCH(1, 1) process with
true parameter vector (dotted line) and initial guess given in (4.4.22). The boxplots shows the
distribution of the one hundred trajectories.
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4.4.2 Real-life Observations

We will now demonstrate AdaVol’s abilities on real-life observations showing how our technique
works in practice. Table 4.1 shows an overview of the used stock market indices. All empirical
studies use the GARCH(1,1) model, but higher-order parameters may yield a better fit for some
stock market indices. As the observation period spans over a long time, it is unlikely that the log-
return series is stationary. To exhibit AdaVol’s ability to adapt to time-varying estimates, we begin
by considering the S&P500 Index in Section 4.4.2. Afterward, in Section 4.4.2, we investigate the
remaining six stock market indices presented in Table 4.1, namely the CAC, DAX, DJIA, NDAQ),
NKY, and RUT index.

Application to the SEP500 Index

We apply our method on the S&P500 Index from January 1950 to September 2020, consisting
of n = 17672 observations to test real-life data performance. We employ the GARCH(1, 1) model
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Figure 4.6: Boxplots of one hundred accuracy scores MPE (4.4.18) and MAPE (4.4.19) using a
GARCH(1, 1) process with true parameter vector and random initial guess in K.

Boxplot of 05,

Figure 4.7: Boxplots of one hundred @S, scores with a = {0.01,0.02,...,0.99} using the
GARCH(1, 1) model with random true parameter vector and initial value in .

Stock Market Index Period

CAC 40 AC) March 1990 - Sep. 2020
DAX 30 AX) Jan. 1988 - Sep. 2020
Dow Jones JIA) Feb. 1985 - Sep. 2020

Nikkei 225 KY) Jan. 1965 - Sep. 2020
Russell 2000 UT) Nov. 1987 - Sep. 2020

(C
(D
(D
NASDAQ Composite ~ (NDAQ)  Feb. 1971 - Sep. 2020
(N
(R
Standard & Poor’s 500 (S&P500) Jan. 1950 - Sep. 2020

Table 4.1: Overview of considered stock market indices including their observation periods. The
observations consist of daily log-returns which are defined as log differences of the closing prices of
the index between two consecutive days.

with initial values:

5-107°
bp=06=1| 005 |. (4.4.23)
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The QML trajectories can be seen in Figure 4.8. The produced AdaVol estimates 0, = &™), &gn), Bln) )7
experience some fluctuations initially, but as it vaporizes, it is clear that our estimates change over
time. Most remarkable are the shifts our estimates make around some historical market crashes,
e.g., Black Monday, the financial crisis, and COVID-19. The instant shift in our estimates is an ap-
pealing property for detecting structural breaks. It is noteworthy that the estimates of the IQMLE
approximation 511 = (cNu(”), &(ln), E;n))T are predominantly constant over time with minor changes
except for some years between 1990 and 2000, where we detect a shift to lower 5%") values and

higher &™) values.

Trajectories of w

Parameter Value

JBISE JB‘ED lB‘FD lB‘BC l‘)‘!E- 2-3:33 ZDI,C ZDIZC
Year
Trajectories of a1
aln

aln

Parameter Value

1950 1960 1970 1980 1990 2000 2010 2020
Year
Trajectories of 3,

Parameter Value

Year

Figure 4.8: Trajectory of the recursive 6, (solid line) and iterative 6, (semi-dotted line) QML
estimate using a GARCH(1, 1) model on S&P500 Index log-returns from year 1950 to 2020. Both
methods use initial value given in (4.4.23).

In Figure 4.9, we have the log-returns r; of the S&P500 Index, and the confidence intervals
7 4+ 1.960; and 7 & 1.960; using the recursive o; and iterative o; predicted volatilities, where 7 is
the mean of the log-returns r;. It seems that the recursive method ; adapts more rapidly than the
iterative one g; to changes in the S&P500 Index observations 7;. Especially in Figure 4.9, under the
COVID-19 crisis, we encountered a period with a substantial volatility increase. Here, we observe
o¢’s ability to track changing volatilities better than oy.

In the absence of the true (unobserved) variance process (07), the efficiency of our recursive (7;)
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S&P 500 Index

Log-return

195001 1950-04 1950-07 1950-10 195101 195104 1951.07 195110 1952.01
Year

S&P 500 Index

R 1B B G vy R, " i,

Log-return
.

Log-return

01901 200903 201905 201907 201909 201811 202001 2020-03 202005 202007 202009
Year

Figure 4.9: Log-returns r; of S&P500 Index (solid lines) and confidence intervals 7 + 1.965, and
7+ 1.960, (dotted lines) using the recursive oy (blue) and iterative oy (red) predicted volatilities,

where 7 is the mean of the log-returns r;. From top to bottom, we have Jan. 1950 to Jan. 1952,
Jan. 1985 to Jan. 1987, and Jan. 2019 to Sep. 2020.

and the iterative (5;) volatility can be appraised with the use of the squared log-returns (r?). We
use the Mean Absolute Errors (MAE) defined by

1< 1 &
~2 2 ~2 ~2 2 ~2
IMAE ~ Z r{ —o¢| and oyjap = n Z r{ —oil. (4.4.24)
t=1 t=1

In Table 4.2, we consider the MAEs for the same periods used in Figure 4.9, including for the full
dataset. The results in Table 4.2 confirm our conclusions about Figure 4.9; the AdaVol method
tracks the volatility better than the iterative method.

Figure 4.10 contains the results of one hundred @S, scores using the recursive (d;) and iterative
(0¢) volatility process, respectively, with random initial values in K. Remarkably, AdaVol out-

performs the iterative method, although the latter uses future information, i.e., (0¢)(x—2000)+1<t<k
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Period OYAR OYAR

Jan. 1950 - Jan. 1952 8.2388 8.9049
Jan. 1985 - Jan. 1987 7.1214 7.4723
Jan. 2018 - Sep. 2020 26.9205 30.4775

Jan. 1950 - Sep. 2020 10.1861 10.6731

Table 4.2: MAEs (4.4.24) using log-returns r; of S&P500 Index with the recursive o, and iterative
ot predicted volatilities. Both methods has initial value given in (4.4.23). The Gi,p and Tiyag
numbers are scaled by 107°.

is estimated using (r¢)1<¢<k for k = 2000,4000,...,16000,17505. This indicates that one could
achieve better performance using the recursive method, even if it only predicts volatility using

previous information.

Boxplot of 05,

Q5S4

— T

Recursive Iterative

Figure 4.10: Boxplots of one hundred (.S, scores with use of the recursive o; and iterative oy
volatility process, respectively, for o = {0.01,0.02,...,0.99}, using the GARCH(1, 1) model on the
log-returns r; of S&P500 Index with random initial value in .

Other Stock Market Indices

We now extend our analysis to the remaining stock market indices from Table 4.1, namely the
CAC, DAX, DJIA, NDAQ, NKY, and RUT index. In Figure 4.11, we can observe AdaVol’s ability
to adapt to time-varying parameters seems to hold for several stock market indices. These figures
show a clear benefit in recursive estimation as it increases adaptivity that may be advantageous
under a financial crisis such as the COVID-19.

These conclusions are confirmed in Figure 4.12, where we have one hundred Q).S, scores using
the recursive (6;) and iterative (o) volatility process with random initial values in K. As for the
S&P500 Index (in Figure 4.10), our findings indicate that the recursive approach estimates the @S,
quantiles better than the iterative method, both on average and with a lower spread.

The assumption of having an underlying data generation process with constant "true" param-
eters may not hold in real-life examples. Thus, AdaVol seems to have an advantage compared to
the iterative method, as it estimates the parameters step-by-step. In contrast, the iterative method

always has to estimate the parameters using all observations over an extensive period of time.
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CAC Index DAX Index

Log-return
Log-return

Log-return
Log-return

Log-return
Log-return

Figure 4.11: Log-returns r; of the CAC (top-left), DAX (top-right), DJIA (mid-left), NDAQ (mid-
right), NKY (bottom-left) and RUT (bottom-right) index (solid lines) and confidence intervals
7+1.960; and 7+ 1.960; (dotted lines) using the recursive o (blue) and iterative o, (red) predicted
volatilities, where 7 is the mean of the log-returns r;. The period is Jan. 2019 to Sep. 2020.

4.5 Conclusion

We proposed an adaptive approach to recursively estimate GARCH model parameters in a
streaming setting using the VTE technique (AdaVol). AdaVol’s design showed to produce resilient
and adaptive estimates in our empirical investigations. The adaptation to time-varying parameters
was a surprising advantage that appeared when we applied our method to real-life observations.
As the assumption of having constant estimates seems not to be the case for the stock indices we
analyze, then it is beneficial to have the ability to adapt. One could facilitate this ability more by
incorporating a rolling volatility estimation of 7 instead of using the sample volatility. Combining
this with a different learning rate than AdaGrad, which enables continuous learning (e.g., ADAM
by [83]), could encourage adaptability.
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Figure 4.12: Boxplots of one hundred @S, scores with the use of the recursive ; and iterative oy
volatility process, respectively, for o = {0.01,0.02,...,0.99}, using the GARCH(1, 1) model on the
log-returns r; of the CAC (top-left), DAX (top-right), DJIA (mid-left), NDAQ (mid-right), NKY
(bottom-left) and RUT (bottom-right) index with random initial values in /.

4.5.1 Future Perspectives

We proved asymptotic local convexity of the QL function in general conditionally heteroscedastic
time series models of multiplicative form. An interesting question arises: can one prove Theorem
4.2.1 for a bounded set of IV observations? Expressed differently, can one find a N bounded, such
that we have convergence/convexity of recursive algorithms, e.g., for the GARCH, EGARCH, and
AGARCH models. To our knowledge, this has not been proved yet.

The stability of using our recursive approach to solve the QML problem could be improved by
using a mini-batch approach. A mini-batch approach will lower each incremental volatility as one
uses more observations per recursion to update the QML estimate. Applying a mini-batch method
does not require much more computational power than the stochastic gradient descent, only O(bd),

where b is the number of observations used in each (mini-batch) recursion. Using more observations,
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we could achieve more consistency and smoothness in the estimation procedure’s convergence while

keeping favorable computational costs.

Furthermore, an accelerated convergence of our estimates could be obtained by recursion av-
eraging, also called Polyak-Ruppert averaging, which is guaranteed under fairly relaxed conditions
([118, 129]). This Polyak-Ruppert average estimate could be utilized solely or employed as a bench-

mark to detect structural breaks.

Finally, it could be interesting to extend all of these concepts around our work with Adavol to

the multivariate case [91, 114].

4.6 Proofs

Proof of Theorem 4.2.1. To prove local strong convexity for the approximate QL function En us-
/\*

ing the approximate QMLE 6%, we first list some bounds for the Hessians: under the regularity

ns

conditions on the derivatives of hy, then using (4.2.5), we can write

2

and

1 2X7

Vi) =513 (vehxe)Tveht(e)) ( o 1) + V3ha(0) (he(0) — X7) ) ,

where the Hessian H, () is defined as n= V3L, (§) = n='> "1, V2l,(#). Similarly, for VglAt(O),
Vgﬁ(@), and H,(6), we replace hy(6), Vghe(6) and V2h(6) by he(8), Vohy(6) and Vgﬁt(ﬁ), respec-
tively. From Assumption 4.2.2, we know n_legfn — V2L, |lx =2 0 for n — oo. Hence, for some
random N7 large enough, there exists € > 0 such that n*1||V3Zn — VgLnHK < eforalln > Ny as.

As a consequence, we get
|H, — Hyllx <€, as., (4.6.25)

for alln > Nj. Similarly, applying the ergodic theorem on the integrable sequence (uniformly over )
(V21;) of continuous functions over the compact set K, we obtain [|[n~! 31 | V2, —E[V3lp]||x == 0
for n — o0o. Then there exists N9 such that

|H, — Hollx <€, as., (4.6.26)

for all n > Ny. Thus, by equation (4.6.25) and (4.6.26), we know there exists N = max(Ny, Na)
such that for all n > N, we have

|H, — Hollx < ||Hy — Hall + || Hn — Hollxc < 26, a.s.
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Especially, as ||H,, — Hol|x is defined as supgec||Hn(0) — Ho(6)]|op, then
1E(8) — Ho(6)l|op < 26, (4.6.27)

for all 6 € K.

From [138, Lemma 7.2|, the asymptotic Hessian Hy(fy) = E[V2lo(p)] is a symmetric positive
definite matrix a.s. under Assumption 4.2.3. As Hy(#) is the limit of the continuous matrix-valued
function H, (), it is itself a continuous matrix-valued function. Thus, the eigenvalue function A (6)
for 1 <i < d of Hy(6) is also continuous. The eigenvalues \j(6) are positive real numbers with the
smallest one AP () denoted by

Ao (0o) = lrélilgd Ao(6o) >0,

satisfying g7 Ho(6)g > A (6p)gT g for all g € R\ {0}.

To shorten the notation, we write with no ambiguity Ho(6p) = A(6p)I; where I; denotes the
d-dimensional identity matrix. By continuity, AT"(6) is positive on a neighborhood B(p,d) such
there exist € > 0 satisfying AJ™"(p) — € > 0, meaning

Ho(6) = (X" (60) — €)1,

for 6 € B(fy,6). Hence, for 6 € B(fy,d) and g € R\ {0}, we have

S0 _ g"Ho()g 8" (Fn0) ~ Ho(®)) g

gy gy glyg
g7 | Hn(0) — Ho(9)lopg
> )\min — € — T
gy
> Amin — €
>C, a.s.,

using (4.6.27) for all n > N by taking 0 < e < 61 A\ and letting C' = 271\ in. Then we have the
desired inequality (4.2.7). O

Proof of Corollary 4.2.1. The uniqueness of the QMLE % follows from a Pfanzagl argument ([116]).
By Theorem 4.2.1, we know there exists N such that

inf ¢TH,(0)g>Cqlg, as.,
perd ;)9 (0)g>Cg'g, as
for all n > N where B(fy,d9) denotes the open ball around 6y with radius ég > 0. For each element
0; € K, we make an open ball B(6;,d;) for ; > 0 such that the union of B(6;, ;) for all i only
contains 6y once, i.e., 0y ¢ B(0;,6;) for i # 0. As K is compact and contained in the union of all
B(0;,6;), then there is a finite covering of I, i.e., K C Uf:o B(6;,9;). Let K' = K\ B(fo,d0). As K’
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is compact, the minimum of the continuous QL function E[ly] exists. Moreover, as E[ly] is a unique

minimum at fp under Assumption 4.2.1, we get

9ié1;£/E[10(9)] > E[lp(6)], a.s.

From Assumption 4.2.2, we know that |[n 'L, — Lo|[xs == 0 as n — co. Hence, we have

inf n 'L, (0) =% inf Lo(f
dexr ( )—>91é1/</ (),
where infgexr Lo(6) > E[lo(6p)]. Thus, the B(f,dp) gives us a unique global minimum of the QL

function En, ie.,
inf n='L,(0) > E[lo(6o)], as.,
where equality only is attained when 6 = 0. O

4.7 Relative Speed Comparison

It is argued that the recursive procedure AdaVol is computationally advantageous as it only
processes observations once. In order to illustrate this advantage, a relative computational speed
comparison as in [139] is presented. The code is not optimized; it is solely for illustration purposes.
In the streaming data framework, the parameters are estimated recursively as described in Section
4.4. Meaning, for each ¢, the iterative estimate gt is estimated using the observations (X;)1<i<¢ and
the previous iterative estimate @_1 as initialization.

An ARCH(1), GARCH(1,1), and GARCH(2, 2) model is considered for the computational speed
analysis. Table 4.3 shows the relative speed comparison for these models with sample sizes n = 1000
and n = 2000. The overall conclusion is that the AdaVol procedure is faster than the iterative one,
e.g., the iterative estimation of a GARCH(1, 1) model is about 205 times slower. Another important
observation is the relative speed for different sample sizes n, namely, the larger the sample size n,

the greater the relative speed gain is for the AdaVol procedure.

Model n AdaVol arch
ARCH(1) 1000 1.00 163.64
2000 1.00 190.12
GARCH(1,1) 1000 1.00 204.89
2000 1.00 233.86
GARCH(2,2) 1000 1.00 322.33
2000 1.00 328.50

Table 4.3: Relative speed comparison between AdaVol ([149]) and arch version 4.15 ([134]). A
value of 1.00 means the method is the fastest. A value of 163.64 means the estimation time of the
method is 163.64 times larger than the fastest.
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Conclusion and Future Perspectives

The central theme of this thesis was to learn from time-dependent streaming data. We examined
the robustness and convergence guarantees of SG-based methods under different settings, covering
many applications with dependence and biased gradients. Our analysis explored convergence rates
of the stochastic streaming algorithms in a non-asymptotic manner. The theoretical results formed
heuristics that links the level of dependency and convexity to the rest of the model parameters.
These heuristics provided new insights into determining optimal learning rates, which can help
increase the stability of SG-based methods. Roughly speaking, SG-based methods brooked short-
term and even long-term dependence by using non-decreasing batch sizes, which counteracted the
dependency structures. In particular, we showed that mini-batch is essential to break dependence
and ensure convexity. In addition, we can accelerate convergence by simultaneously averaging. Our
experimentation verified these investigations suggesting large streaming batches with slow decay-
ing learning rates for highly dependent data sources. Moreover, in large-scale learning problems
with dependence, noisy variables, and lack of convexity, we know how to achieve (and accelerate)
convergence and reduce noise through the learning rate and the treatment pattern of the data.

Future perspectives. There are several ways to expand our work about stochastic algorithms:
(a) we can extend our analysis to include streaming batches of any size (and not as a function of
streaming batch size C), and streaming rates p). (b) an extension to non-strongly convex objectives
could be advantageous as it will provide more insight into how we should choose our learning rates
[9, 50, 99, 101]. (c) learning rates should be made adaptive so they are robust to poor initialization
and require less tuning; an adaptive learning rate is essential for practitioners as it builds a form
of universality across applications, e.g., see [42, 83]. (d) non-parametric analysis could improve our
theoretical results for large values of d. (e) we have focused on results in quadratic mean but another
way to strengthen our non-asymptotic guarantees could be high probability bounds [44]; for any
5 € (0,1), we could obtain bounds on the sequence {||0; — 6*|| : t € N} that holds with probability
at least 1 — 0. (f) concerning AdaVol, we need to prove that Adavol works in theory, both under
stationarity and non-stationarity, which should also include the proof of Polyak-Ruppert averaging
(under stationarity). (g) at last, it could be interesting to generalize our work to other time series

models but especially to the multivariate case [91, 114].
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Appendix A: Predicting Risk-adjusted Returns using an Asset Independent
Regime-switching Model

Abstract

Financial markets tend to switch between various market regimes over
time, making stationarity-based models unsustainable. We construct
a regime-switching model independent of asset classes for risk-adjusted
return predictions based on hidden Markov models. This framework
can distinguish between market regimes in a wide range of financial
markets such as the commodity, currency, stock, and fixed income
market. The proposed method employs sticky features that directly
affect the regime stickiness and thereby changing turnover levels. An
investigation of our metric for risk-adjusted return predictions is con-
ducted by analyzing daily financial market changes for almost twenty
years. Empirical demonstrations of out-of-sample observations obtain
an accurate detection of bull, bear, and high volatility periods, improv-
ing risk-adjusted returns while keeping a preferable turnover level.

keywords:  hidden Markov model, financial time series, non-
stationary, regime-switching, prediction markets, trading strategies
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A.1 Introduction

Financial markets are known to shift between economic cycles; some of the most well-known
regimes are the bull, bear, and high-volatility markets. Each of these market regimes may have
financial characteristics unique to this particular regime. One of the most common methods of
financial market analysis is time series analysis. Time series models are used to predict future prices,
price changes, and volatilities in a wide range of financial markets. Some of the most famous models
are the AutoRegressive Integrated Moving Average (ARIMA) models. However, analyzing financial
time series through these traditional time series methods may result in misleading resolutions as
they cannot embrace the nonlinear characteristics of financial time series, e.g., the stationarity
assumption often seems dubious in practice. Therefore, non-stationary-based time series models
are more suitable for financial time series. One could comprehend this by modifying these time
series models by incorporating a time-dependent variable to adjust for the non-stationarity, e.g.,
the threshold autoregressive time series model.

Another way to capture financial markets’ tendency to switch between regimes is the Hidden
Markov Model (HMM), as it "only" assumes local or state-conditioned stationarity. Modeling times
series data using HMMs became mainstream after [11] and [120] applied it across many areas (e.g.,
speech recognition, medical applications, and text classification). The idea of making a Markov-
switching approach to analyze financial time series became popular after [65] applied this approach
to identify economic cycles of GNP levels. More recently, the HMM has been used to predict market
regimes in the financial markets due to their ability to capture multiple characteristics from financial
return series such as time-varying correlations, fat tails, volatility clustering, skewness, and kurtosis,
while also providing reasonable approximations even for processes in which the underlying model is
unknown ([8, 111, 112]). Besides, HMMSs are advantageous as they allow ample interpretability of the
results; thinking in market regimes is a natural approach for financial practitioners. Nevertheless,
the lack of data availability makes the linking between investment purposes and business cycles a
complex and challenging task. As the market regimes are not observable, one has to extract them
from the time series. However, this extraction is not unambiguous, as some specific regimes may
be up for discussion in the financial practitioner’s community, e.g., high and low volatility regimes
depend on the given risk-aversion. Consequently, we demand a model to apprehend the various
economic sentiments of the financial markets.

Many researchers have applied HMMs to analyze and predict economic (non-linear) trends and
future financial asset prices. [85] studied an HMM with two states to predict regimes in market
turbulence, inflation, and economic growth index. [69] and [109] used the HMM to forecast prices in
the stock market. A combination of open, close, low, and high prices was used in [63] for stock price
prediction. All of the above references use four hidden states in their study on the stock market.
[61] and [46] used a four-state and two-state HMM, respectively, in their studies of asset allocation
decisions using various time series. As suggested by [62], a range between two and four hidden
states in the HMM is often encountered in financial studies. However, studies of applying HMMs

to predict trends across a broad range of assets are sparse.



In this study, we focus on predicting risk-adjusted returns using a single regime-switching model.
Using only one HMM to analyze a wide range of assets, we enforce generalizations in the model.
This framework is made with so-called "sticky" features that naturally enhance regime stickiness
by an adjustable hyperparameter. Finally, we demonstrate our methodology on a broad range of
asset classes by analyzing daily financial market changes for almost twenty years. The investigation
illustrates our metric ability to predict risk-adjusted returns for different regime stickiness choices.
Our experiments are conducted using out-of-sample observations, showing an accurate detection of
bull, bear, and high volatility periods, improving risk-adjusted returns while keeping a preferable

turnover level.

A.2 Hidden Markov Models (HMMs)

There is much literature about HMMs, but to have the necessary notions, we briefly sketch the
elements of the HMM, how to estimate the parameters, and select the number of hidden states in
the HMMs. For a comprehensive introduction of the inference of HMMs, we refer to [158] and [98].

A.2.1 Elements of HMM

The HMM is a probabilistic model in which a sequence of observations z = (z1,...,x,) with
z; € R fort = 1,...,nis generated by a latent finite-state Markov chain z = (21,...,2n). Denote by
d the dimension of the observations. We call z the sequence of hidden states where z; € {1,...,5}
for t = 1,...,n with S the number of hidden states. The HMM can be specified by the initial
probability vector m = {m; }i=1.s € R®, a transition probability matrix A = {Aij}ij=1,.5 € RS*S
and the emission probabilities B which can be any distribution conditioned on the current hidden
state. The parameters of the HMM are given by A = {m, A, B} and have to be estimated from the
observed sequence x. Note that m; = P(z; = 1) is the probability for being in hidden state i at time
t = 1 where Z;g:l m =1, Ajj = P(z = jlzi—1 = 1) is the transition probability of moving from
hidden state ¢ at time t — 1 to hidden state j at time ¢ with Zle A;; = 1, and B is the parameters

of the conditional densities p(z¢|z: = 7).

When working with financial time series, a typical choice of emission probabilities is the Gaus-
sian Mixture Model (GMM). However, other density functions could likewise be considered. A
gentle introduction of HMMs with GMM emissions is made in [17]. The authors of [8] and [111]
show evidence on the HMMs ability to comprehend several stylized facts, such as leptokurtosis,
heteroskedasticity, skewness, and time-varying correlations, by use of the GMM as emission prob-
ability. For simplicity, we assume the distribution of emission probabilities B to be Gaussian;
B = p(z4]ze = j, A) = N(z¢|pj, E;) where p = {1} j=1,..., 5 is the mean vectors and 3 = {¥;},=1 g
the co-variance matrices with u; € R? and Y, € R4 for j =1,...,S. Thus, the model parameters
of our HMM is given as A = {m, A, u, X}.



A.2.2 Parameter Estimation

There are three fundamental problems in estimating the HMM:

e Given the observations sequence = = (x1,...,z,) and HMM parameters A = {m, A, pu, X},

how can we estimate P(z|A) the likelihood of the given observation sequence.

e Given the observations sequence z = (z1,...,%,) and model parameters A = {m, A, pu, X},

how can we choose a sequence of hidden states z = (21, ..., 2,), which is optimal.

e How do we adjust the HMM parameters A = {7, A, p, X} to maximize P(z|A).

There are several approaches to solve these problems since there are several possible optimal criteria.
We choose to solve the first and the second problem by the dynamic programming algorithms known
as the forward-backward algorithm proposed by [10] and [12], and the Viterbi algorithm ([146]). The
third problem is solved by the iterative Baum-Welch (BW) algorithm, a type of the Expectation-
Maximization (EM) algorithm ([120]).

The BW algorithm alternates between an expectation step and a maximization step until con-
vergence is reached, often abbreviated as the E-step and M-step. In the E-step, we calculate the
expected log-likelihood of the hidden state given the observation sequence x and model parame-
ters A. Next, in the M-step we maximize the expected log-likelihood from the E-step to update
our model parameters A. We denote by Q(A,A) the function of the expectation of the complete
log-likelihood given as

Q(A, A) = Ellog P(z, z|A)|x, A], (A.2.1)

where the current model is A and the previous model as A.

It can be proven that P(z|A) > P(z|A), but it is essential to remember that the BW algorithm
does not guarantee a global solution. As suggested in [2] and [46], we modify the Q(A, A) function
with the priors of the model parameters G(A), namely

Q(A, A) +1og(G(A)), (A.2.2)

which is called Maximum a Posteriori (MAP) estimation ([51]). Thus, in the E-step, we calculate
the Q(A, A) function from (A.2.1), and for the M-step, we maximize (A.2.2).

A.2.3 Prediction

The prediction of the hidden states sequence (z1, ..., z,) is estimated using the observation se-
quence (1, ..., x,) as described in Section A.2.2. We denote by Q| the vector of state probabilities
at time n (given the sequence of observations = = (1, ...,,)) with the jth entry (ay,); = P(z, =

jlx) for 5 =1,...,S. Thus, one can forecast the state probability h > 0 steps ahead by

an+h|n = an|nAh, (A.2.3)



as the model parameters A are assumed to be constant over time.

A.2.4 Model Selection

A drawback of using the HMM is the necessity of knowing the number of hidden states in advance
(such as the hyper-parameter k in the k-nearest neighbor algorithm and k-means clustering). There
are several criteria used for this model selection: the lazy approach is to use statistical criteria such
as the Akaike’s Information Criterion (AIC) by [5], Bayesian Information Criterion (BIC) by [131],
Hannan-Quinn Information Criterion (HQIC) by [67], and Bozdogan Consistent Akaike Information
Criterion (BCAIC) by [28]. These criteria are defined as follows:

AIC = —2log(L) + 2p,
BIC = —2log(L) + plog(n),
HQIC = —2log(L) + plog(log(n)),

(
(
(
BCAIC = —2log(L) + p(log(n) + 1),

)
)
)
)

where log(L) is the log-likelihood of the model, n indicates the number of observations in the time
series, and p denotes the number of independent parameters of the model. In the case of an HMM
with GMM emissions, we have p = S(S+cm), where S is the number of hidden states in the Markov
chain of the model, m is the number of Gaussian mixtures, and c is the number of parameters of the
underlying distribution of the observation process. Note that a d-dimensional multivariate Gaussian
with full covariance matrix process has ¢ = d + d(d + 1)/2 parameters to estimate. Thus, an HMM
with three hidden states (S = 3), a single 2-dimensional Gaussian process in each hidden state, has

a total of 24 parameters.

Suppose one were to see the number of hidden states as the number of strategies we have to
make to produce proper predictions. Then the number should be neither too small nor too large. If
the number of hidden states is too small, then the risk of misclassification will increase. Too many
hidden states will make the distinction between each hidden state vague and, therefore, increase
the risk for overfitting and increase the computational cost. A similar observation can be made

regarding the number of Gaussian mixture components.

However, if one wishes to maintain a high degree of interpretability of the hidden states in the
model, we should keep the number of hidden states low. Another approach is the greedy approach,
where we decide the number of hidden states in the HMM by constructing different portfolios based
on HMMs with different numbers of hidden states and then select the number of hidden states
associated with the portfolios of the best performance, e.g., evaluated by the Sharpe Ratio (SR).
One should be aware that we may find different optimal numbers of states for each asset using these

criteria.



A.3 Data

Our objective is to identify market regimes on various asset classes, namely commodity (CO),
currency (FX), equity (EQ), and fixed income (FI). We consider d = 15 instruments defined as [ =
(I1,...,I15)T, consisting of four different instruments per asset type, except for commodities where
we have only three instruments. All instruments I are future contracts generated automatically
by selecting the nearest contract. The data analyzed are closing returns of daily frequency from

January 2000 to October 2019, consisting of n = 4972 observations (per instrument).

Table A.1 presents an overview of the performance of each asset. This confirms a high degree
of variation of the considered asset; commodities and equities are the most volatile asset classes,
whereas fixed income volatility is several times lower. Currencies appear to be in the middle of
the levels we observe for equities and fixed income. Fixed income seems to be the most coherent
asset class, whereas we find some large variations in returns, volatility, and maximum drawdown in

commodities.

# Instr. Ret. Vol. SR DD
1 CO1 6.36% 17.23%  0.45 16.81%
2 CO2 —2019% 504% —0.2 37.71%
3  CO3 5.46% 36.12%  0.33 24.13%
4 FX1  —0.83% 9.17% —0.04 10.83%
5 FX2 —0.02%  9.58%  0.05 5.83%
6 FX3 -1.82%  9.79% —0.14  8.29%
7  FX4 —0.98% 7.96% —0.08 4.98%
8 EQ1 1.1% 23.34%  0.16 18.39%
9 EQ2 2.64% 18.1%  0.24 15.79%
10 EQ3 1.08% 24.61%  0.17 27.98%
11 EQ4 4.14% 18.67%  0.31 21.02%
12 FII  3.73% 591% 066 5.02%
13 FI2 4.22%  524%  0.82  3.49%
14 FI3 3.66% 588%  0.65 4.19%
15 Fl4 2.35% 3.05%  0.79 2.8T%

Table A.1: Performance overview (annualized return, annualized volatility, Sharpe ratio, and maxi-
mum drawdown) of our instruments I evaluated from January 2000 to October 2019. Note I € R"*¢
with n = 4972 and d = 15.

To further emphasize our instruments’ diversity, we show the range (minimum; maximum) of
the one-year rolling mean, standard deviation, skewness, and (excess) kurtosis in Table A.2. The
instruments I show a considerable amount of variability, both within and across instrument types,
with commodities showing the most variation and fixed income showing the least fluctuation. In
particular, it is not abnormal that skewness exceeds one (in absolute terms), nor kurtosis is negative

(platykurtic) or very positive (leptokurtic), e.g., CO2 have a kurtosis above thirty-five.



7 Instr. Mean Std. Skew. Kurt.

1 COI (-3.26:3.93) (5.09;:23.69) (-3.63;2.20) (-0.42;19.33)
2 CO2 (-8.94;12.6) (14.01;58.96) (-1.01;4.15) (-0.64;35.64)
3 CO3 (-13.48;5.33) (8.61:56.73) (-2.54:1.79) (-0.69:11.50)
4 FX1 (-3.12;1.6) (2.7;13.02)  (-4.18;0.97) (-0.66;25.85)
5 FX2 (-2.37;1.57) (2.35;12.07) (-1.36;1.10) (-0.61:6.59)
6 FX3 (-1.89;2.12) (2.67;11.58) (-2.29;2.65) (-0.36;13.96)
7 FX4  (-1.35;1.92) (2.07;9.87)  (-0.88;1.30) (-0.70;4.62)
8 EQL (5.56:2.61) (5.84:35.71) (C2.01:1.90) (:0.42:13.20)
9 EQ2 (-5.03;2.41) (4.66;32.84) (-1.41;1.21) (-0.56:5.26)
10 EQ3  (-8.62:4.55) (6.47:49.24) (-2.61:1.25) (-0.80;13.03)
11 EQ4  (-5.77;2.16) (3.64;39.59) (-4.05;1.49) (-0.43;22.06)
T2FI(0.8618)  (LG6R11)  (-1.405130) (:0.75:6.52)
13 FI2  (-0.62;1.34) (1.97:6.25) (-1.32;0.70) (-0.77;3.83)
14 FI3  (-0.81;1.4) (1.94;7.3)  (-0.90:1.60) (-0.70;6.92)
15 FI4  (-0.74:0.58) (0.48:4.49)  (-4.34:2.24) (-0.49;26.33)

Table A.2: Range (min; max) of one-year rolling mean, standard deviation, skewness and (excess)
kurtosis of instruments I. Rolling mean and standard deviation are scaled by 103.

A.4 Feature Engineering

A.4.1 Exponential Weighted Moving Moments

When the underlying parameters are believed to follow a random walk, it is natural to use
exponential forgetting. One of the most popular methods for calculating moments is the Exponential
Weighted Moving Moment (EWMM) method, which is applied extensively in many different fields
due to its computational efficiency. This EWMM method is often used to reduce noisy time-series
data, also called "smoothing" the data. We can define the EWMM? of order i € N at time t by

EWMM: = AM! + (1 — M)EWMM!_,,

where \ = S% with s € N defined as the span. For daily data, letting our span s = 5 would
correspond to a half-life of 5 days. The choice of s can be seen as a smoothing factor where high
(low) values of s would mean a high (low) degree of smoothing our time series. Using this method to
calculate the well-known exponential weighted moving average of observations (x1,...,x,) is done
by letting Mt1 =z fort =1,...,n. Furthermore, setting s = 2t — 1 would give us the usual average
estimate. Hence, there is a trade-off between the sensitivity to noise and its ability to adapt to

parameter changes.

A.4.2 TFeature Extraction

Our interest is to predict risk-adjusted returns, where we incorporate an adjustable hyperpa-

rameter that changes the stickiness of the regimes. We extract the features of our instruments [



according to the description of EWMMs in Section A.4.1. Denote our features for the first and sec-
ond moment by (fi);—19 = (EWMMi)i:Lg, where s denotes the feature span. All features (f%);—1 2
are normalized to zero mean and unit variance using a z-score normalization fitted on the training
data. After normalization, we concatenate our features depending on the moment’s order into one

feature before passing it onto our HMM. Thus, our complete features space is fs = (f1, f2).

The span s in our features f; will work as a smoothing factor and determine the frequency of
regime shifts, namely the regime stickiness. The larger we make our smoothing factor s, the slower
our features fs; would change, making our hidden states more sticky, i.e., large diagonal values in

the transition matrix A (See Section A.2.1). Thus, portfolio turnover will decrease.

There are different approaches in the literature on how to deal with this increased noise of
hidden state prediction; the authors of [63] use the notion of latency days, in which they forecast
the hidden states at time n + 1 using only the ten previous days of observations. Others detect a
regime change by considering the number of consecutive days in the same new hidden state, given
a rolling window of days (which one has to estimate/select). Intuitively, smaller window sizes will
lead to a larger number of regime changes, whereas large window sizes will increase regimes’ length.
Putting into an economic scenario, one would like to find a window size according to the preferences

for turnover adjusted for transaction costs.

A.4.3 Prediction of Expected SR

The unsupervised classification computed by the HMM using our features fs = (f1, f2) results
in some mean and variance estimates of every feature in each hidden state S. We aim to combine
these resulting mean and variance estimates into a self-explanatory financial metric that reflects the
underlying risk-adjusted returns.

Before defining the risk-adjusted return metric we need to introduce the following notions: let
= {pj}j=1,. 5 denote the mean vectors and ¥ = {¥;};—1 g the co-variance matrices with
wi = (i (fH, 1 (f2)7 € R? and ; = S;(fL, f2) € R¥*2 for j = 1,...,S. Thus, by dividing our
mean estimate of our first moment by the mean estimate of the second moment at each hidden state,
we have an Expected SR (ESR) in each hidden state called ESR. Meaning, for each hidden state j €
{1,...,8}, then ESR! = 11;(f1)/1;(#2) € R. We denote by ESRS the vector (ESRL, ..., ESRS)T ¢
R®, where S is the number of hidden states in the HMM and s the span used to calculate our
features.

We can use our ESRf metric to predict an expected SR h > 0 steps ahead by combining this
with the estimated vector of state probabilities & and the transition matrix A. Recall from (A.2.3)
that ag, ypn = an|nAh, where a;,,, is the vector of state probabilities at time n and A the transition
matrix (given the sequence of observations (z1,...,7,)) with the jth entry (ay,); = Pz, = j|z)
for j =1,...,S. Hence, we can define the predicted ESR (PESR) metric by the product of

PESRS (h) = (ESRS) i jn, (A.4.4)



where h > 0 and PESR? (k) € R. This PESRZ (h) number tells us what SR to expect h > 0 times
ahead.

Summarizing, ESRf is a vector containing an expected SR of each hidden state of our HMM.
Thus, by incorporation the transition estimates, we obtain PESR;? (h) as a metric for predicting
expected risk-adjusted returns h > 0 steps ahead given the HMM with S hidden states. Both
metrics are fitted on the features using span s, extracted from the past observations (z1,...,zy).
One may note that more elaborating functions could be made by including higher order of moments,
incorporating the downside risk of returns. Extracting features using closing and opening prices,
high and low prices, and volume may also be of interest, as long as the features are not linearly

correlated.

A.5 Experiments

In our experiments, we divide the data set into three parts: training (up to the year 2012 =
twelve years), validation (the year 2012 to 2016 ~ four years), and test set (from the year 2016 ~
four years).

We train our HMM using the features fs = (f1, f?) extracted from our training data. Then we
validate the (out-of-sample) performance by evaluating our model on the validation data. Selecting
training data with suitable variability will help us improve the models’ ability to generalize. Thus,
we identify the desired pattern(s) in our training data, which explains our validation data’s behavior
the best. To avoid getting stuck in a local maximum, we select the HMM with the highest score
over many trained models, where each model is randomly initialized.

Our goal is to enhance the risk-adjusted returns with the use of our proposed PESR metric
PESR? () from (A.4.4). We choose the number of hidden states relatively low to have high in-
terpretability of each hidden state in our HMM. Thus, our choice is an HMM with three hidden
states (S = 3), where the hidden states can be labeled as a bull, bear, and high volatility regime.
Our labeling comes from the fact that our estimated ESR metric outputs a positive, negative, and
(close to) zero value, which can be labeled into a bull, bear, and high volatility regime. Our high
volatility regimes have an estimated ESR metric close to zero as the estimated volatility dominates,
ie., p;(f?) is sufficiently larger than g;(f1) and p;(f1) is close to zero.

We model the outcomes/predictions of the PESR metric PESR (h) into the two different holding
strategies; a long-only strategy and long/short strategy. We will not restrict the turnover level, but
we incorporate a transaction cost of 5bps for buying and selling. Lastly, as we are disallowing
gearing, we cap our holdings onto the range [0, 1] for the long-only strategy and [—1,1] for the
long/short strategy. If we were to increase the number of hidden states (and/or adding other
features) in our HMM, then the PESR metric’s outcomes may be transformed into a more advanced
holding strategy.

From our training and validation data, we observe that spans s € {15,30,60} seems preferable
to have some different levels of transitions within the four years of testing. Thus, we will in the next

section consider span s € {15,30,60}. This range of spans s would also illustrate how the choice of



span affects our method’s regime stickiness. Recall that the choice of span s will directly affect the
turnover, meaning a lower span s may increase (absolute) performance and lower regime stickiness,
i.e., increase the level of turnover.

All results in the following section are made using the (out-of-sample) test period from January
2016 to October 2019. Before we move to the results of our experiments, then we may need an
overview of the instrument’s performance metrics to compare with the outcome of our strategies.
In Table A.3, we have the annualized returns, annualized volatilities, Sharpe ratios, and maximum
drawdowns of each instrument in I = (Iy,...,I15)". As we earlier discussed in Section A.3, each
instrument’s performance metrics vary a lot, but also within each asset class, we have large vari-
ations. However, most annualized returns are positive (with only a few exceptions) but achieved

under different volatility levels.

# Instr. Ret. Vol. SR DD
1 CO1 7.54% 12.02% 0.67 7.66%
2 CO2 —12.94% 39.25% —0.16 20.0%
3 (€03 10.22%  33.09% 0.46 17.44%
4 FX1  —6.01% 952% —0.6 9.93%
5 FX2 —1.68% 6.84% —0.21 3.78%
6 FX3 1.65% 8.57% 0.23  5.56%
7 FX4 0.29% 5.9% 0.08 3.39%
8 EQ1  6.44% 1535% 049 11.8%
9 EQ2 7.51% 12.85% 0.64 6.15%
10 EQ3 5.43% 20.56% 0.36 14.16%
11 EQ4 11.23% 11.35% 1.0 7.82%
12 Fn 0.92% 3.78% 027 231%
13 FI2 4.23% 4.19% 1.02 2.1%
14 FI3 4.91% 5.35% 0.94 3.23%
15 FI4 1.59% 1.71% 0.96 1.39%

Table A.3: Realized performance metrics; annualized returns, annualized volatility, Sharpe ratios,
and maximum drawdowns of instruments I in the test period from January 2016 to October 2019.

A.5.1 Results

The results of our long-only strategy based on the outcomes of PESR‘Z’(l) s€{15,30,60} are pre-
sented in Table A.4. Table A.4 confirms our claim that lower (higher) levels of span s delivers a
higher (lower) level of turnover. However, different choices of span s affect the performance metrics
individually due to both the "true" length of market regimes and the transaction costs. If we con-
sider span s = 30, then what first comes to mind is that all (annualized) returns are positive with
slightly lower (annualized) volatility leading to an improved SR, now above one for all assets (except
from FX1, which have a SR of 0.86). Furthermore, CO1, EQ4, and FI1, now have a SR above two.
The daily turnover range from 1.64% to 4.08%, giving an investment horizon of approximately 25

to over 60 days. Thus, one would have a monthly re-balancing scheme for this long-only strategy.



The overall results presented in Table A.4 show a convincing improvement of SR with a feasible
turnover rate (which can be changed after preferences through the selection of span s). Neverthe-
less, we cannot guarantee that the cumulative return will be improved using our PESR metric, as
the aim is to improve risk-adjusted returns. FI4 is an example of this as we see an improved SR
but not a cumulative return. In such cases, additional span sizes should be included to embrace
these assets. Several factors affect the investment strategy, but the choice of span s has a significant
influence since it operates as a smoothing factor and determines the regime shifts’ frequency (i.e.,
the regime stickiness). Thus, assets with low volatility may not require much smoothing, suggesting
that we should use higher levels of span s. In addition, transaction costs play a significant role as

the absolute returns are small.

Long-only PESR3(1) PESR3(1) PESR,(1)

# Instr. Ret. Vol. SR DD Turn.| Ret. Vol. SR DD Turn.| Ret. Vol. SR DD Turn.
1 CO1  [11.65% 7.8% 24 6.29% 4.87%|13.21% 8.27% 2.44 6.48% 2.67%| 9.61% 8.39% 1.74 6.67% 1.96%
2 CO2  |29.74% 24.13% 2.08 17.7% 3.87%|15.56% 25.29% 1.2 17.7% 2.49%|10.57% 26.39% 0.73 17.7% 2.46%
3 CO3  [31.57% 20.62% 1.95 10.94% 4.62% |22.08% 18.35% 1.59 12.81% 3.19%|15.55% 17.88% 1.25 12.81% 2.54%

4 FX1 3.48% 5.71% 0.84 4.09% 4.56%| 2.98% 4.89% 0.86 3.67% 2.52%| 1.65% 4.51% 0.55 3.29% 2.01%
5 FX2 4.63% 4.26% 1.93 3.78% 3.69%| 3.75% 3.89% 1.77 2.57% 2.36%| 2.95% 3.89% 1.41 2.57% 1.47%
6 FX3 4.33% 5.31% 1.19 3.59% 4.02%| 4.66% 5.19% 1.27 4.72% 2.7%| 6.73% 5.75% 1.54 4.72% 2.05%
7

8 EQ1 15.64% 8.56% 2.48 11.32% 4.49%(11.51% 8.92% 1.73 11.32% 3.74%| 8.04% 9.84% 1.04 11.32% 2.66%
9 EQ2 13.44% 6.97% 2.55 4.63% 4.91%| 8.02% 7.68% 1.36 4.91% 3.77%| 9.81% 8.18% 1.54 5.67% 2.24%
10 EQ3 23.22% 11.22% 2.46 7.58% 5.4%16.85% 11.47% 1.8 7.58% 3.71%|15.42% 12.05% 1.58 9.58% 2.06%
11 EQ4 14.4% 6.35% 3.0 5.17% 4.79%(12.59% 7.17% 2.01 7.72% 3.43%|10.93% 8.28% 1.44 7.72% 2.07%

12 FI1 | 2.01% 1.91% 2.49 1.65% 2.44%| 2.26% 1.97% 2.58 1.69% 1.64%]| 1.83% 1.99% 1.92 1.82% 1.44%
13 FI2 5.21% 2.74% 2.62 1.53% 4.91%| 4.09% 2.85% 1.93 2.07% 4.08%| 3.72% 3.01% 1.6 2.07% 2.97%
14 FI3 6.0% 3.97% 1.8 2.18% 4.64%| 4.17% 3.71% 1.35 2.22% 3.87%| 3.86% 3.73% 1.31 3.1% 3.09%
15 FI4 0.5% 1.04% 1.25 1.39% 1.63%| 0.74% 1.01% 1.62 1.12% 1.68%| 1.36% 1.21% 1.97 1.39% 1.27%

Table A.4: Realized performance metrics; annualized returns, annualized volatilities, Sharpe ratios,
maximum drawdowns, and daily turnovers of long-only strategies PESR?(I) se{15,30,60} 1 the test
period from January 2016 to October 2019.

Next, in Table A.5, we have the results of our long/short strategy; this strategy seems to provide
larger (absolute) returns but with increased volatility, leading to a lower SR than for the long-only
strategy. This means the short leg of our strategies adds some more volatility to the strategy.
Naturally, as we can be short now, this leads to increasing daily turnover, e.g., for span s = 30, the
turnover now ranges from 3.37% to 7.34% giving an investment horizon of approximately 15 to 30
days. As the turnover increase, the same do transaction costs, which for some strategies/assets may
represent a significant part of the overall performance. Particularly, FI4 has a negative SR (and
cumulative return), however, with lower volatility than the asset itself.

Time-series plots of cumulative returns of each instrument I for both HMM strategies (long-only
and long/short) can be found in A.7, including their corresponding holdings. These figures show
that we mostly shift between the bull and bear regime, and only in the high volatility state for some
short periods. Overall, as we seek to increase our risk-adjusted returns, then the long-only strategy
would be preferred. However, if we relaxed our risk-aversion, we could maximize total return using

the long/short strategy.



Long/short PESR3;(1) PESR3;(1) PESR{,(1)

7## Instr. Ret. Vol. SR DD Turn.| Ret. Vol. SR DD Turn.| Ret. Vol. SR DD Turn.
1 CO1 15.69% 11.53% 1.31 7.76% 9.68%|18.45% 11.62% 1.52 6.66% 5.22%| 9.94% 9.27% 1.07 6.67% 3.13%
2 CO2 51.61% 33.75% 14 17.7% 7.61%(33.52% 34.48% 1.01 17.7% 4.72%| 26.5% 36.1% 0.83 17.7% 4.81%
3 CO3 53.3% 27.25% 1.7 11.4% 9.03%|26.26% 26.62% 1.01 13.88% 6.63% [16.58% 26.12% 0.72 13.11% 5.27%
4 FX1 ] 10.74% 7.25% 143 4.09% 8.22%]| 9.38% 6.96% 1.32 3.67% 5.11%]| 6.77% 7.13% 0.95 3.93% 3.9%
5 FX2 10.64% 6.64% 1.55 3.78% 7.56%| 9.62% 6.52% 1.44 3.31% 4.74%| 8.03% 6.54% 1.22 3.31% 2.98%
6 FX3 7.42% 6.89% 1.06 3.98% 7.38%| 7.68% 6.64% 1.15 5.02% 4.92%| 9.51% 6.9% 1.35 5.02% 4.1%
7 FX4 6.056% 5.68% 1.06 3.74% 7.72%| 5.34% 5.7% 094 3.32% 5.0%| 5.91% 5.71% 1.04 3.32% 4.16%
8 EQl | 27.3% 13.5% 1.87 11.68% 8.66%13.81% 13.16% 1.06 11.32% 7.18%|10.74% 13.88% 0.81 12.07% 5.02%
9 EQ2 23.33% 11.27% 1.93 6.72% 9.85%|13.14% 11.36% 1.15 6.6% 7.34%|11.61% 11.99% 0.98 6.72% 4.58%
10 EQ3 43.07% 16.19% 2.3 8.15% 10.64%29.11% 16.81% 1.62 12.54% 6.98% |22.73% 16.86% 1.31 12.15% 4.43%
11 EQ4 18.51% 10.55% 1.66 6.65% 9.16%|15.01% 10.66% 1.36 9.17% 6.51%(10.67% 11.06% 0.97 7.86% 3.96%
12Fn | 3.28% 3.68% 0.9 1.81% 4.74%| 3.58% 3.67% 0.99 1.87% 3.37%]| 2.32% 2.66% 0.87 1.82% 2.46%
13 FI2 6.28% 4.0% 1.52 1.98% 9.92%| 4.93% 4.0% 1.21 2.07% 7.48%| 3.35% 3.59% 0.93 2.07% 5.07%
14 FI3 6.98% 4.66% 1.47 2.33% 9.13%| 4.24% 4.41% 0.97 2.36% 6.92%| 3.49% 4.45% 0.8 3.15% 5.31%
15 FI4 -0.57% 1.66% —0.34 1.39% 3.29%| —0.2% 1.57% —0.12 1.12% 3.45%| 1.22% 1.35% 0.91 1.39% 2.03%

Table A.5: Realized performance metrics; annualized returns, annualized volatilities, Sharpe ratios,
maximum drawdowns, and daily turnovers of long/short strategies PESR3(1) se{15,30,60} in the test
period from January 2016 to October 2019.

A.6 Discussion

HMDMs have previously been applied to finance time series with great success but never on a
broad class of assets, at least not to our knowledge. We proposed an asset independent three-state
HMM for predicting risk-adjusted returns trained using only the first two moments as features.
The model outcome was combined into a metric for predicting expected SRs. Our investigation
showed a proper ability to predict bull, bear, and high-volatility regimes, which lead to enhanced
risk-adjusted returns (compared to buying the underlying asset) while keeping a preferable turnover
level. However, this could be improved by fine-tuning the choice of span s as transaction costs could
otherwise dominate.

As our findings were made using the entire test dataset to predict the hidden state sequence,
our next focus will then be an extension to a setting in which we make incremental predictions of
tomorrow’s expected SR using only past information. As this may increase noise, we could increase
our model’s predictability by introducing time-varying parameters, i.e., an adaptive model where the
model parameters are updated as new observations arrive (e.g., see [47] and [112]). Expanding this
analysis with a larger group of features, e.g., volume, higher-order moments, short-term oscillators,
and associated gradients, could be appealing. All this could be combined with the feature saliency

HMM proposed by [2], which comprises the treatment of "irrelevant" features.

A.7 Cumulative Returns of HMM Strategies

Figure A.la-A.3c and Figure A.3d-A.5f shows the HMM strategies long-only and long/short,

respectively, based on the outcomes of PESR3(1) se{15,30,60} for the instruments I.



Figure A.1: Cumulative returns HMM strategies in the test period from January 2016 to October
2019.
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Figure A.2: Cumulative returns HMM strategies in the test period from January 2016 to October
2019.
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Figure A.3: Cumulative returns HMM strategies in the test period from January 2016 to October
2019.
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Figure A.4: Cumulative returns HMM strategies in the test period from January 2016 to October
2019.
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Figure A.5: Cumulative returns HMM strategies in the test period from January 2016 to October
2019.
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Appendix B: Technical Results and Their Proofs

B.1 Outline

This chapter contains purely technical results used in the proofs presented in Chapters 2 and 3
[57, 58]. In what follows, we use the conventions inf () = 0, Z?Zl =0 and H?Zl =1.

Proposition B.1.1. Let (v):>1 be a positive sequence. For any k <t, and w > 0, we have

tt t t
1
E H 1+ wy] ;H 14+ wy;] < —exp w E v |- (B.1.1)
1=k ]:Z-‘rl : j:k

Proof of Proposition B.1.1. We begin with considering the first inequality in (B.1.1), which follows
by expanding the sum of product:

1
Z H 1+ wy;]y EZ H 1+ wyjlwy == Z H 1+ wy][1+wy—1]
i=k j=i+1 i=k j=i+1 i=k j=i+1
L [t t
=— I it +wylt+wyl— T [1+wy)
i=k |j=i+1 j=itl
L [+ t
== H 1+ wyj] — H 1+ wyy]
i=k |j=i j=i+1

As the (positive) terms cancel out, we end up with the first inequality in (B.1.1):

t

LS T +wyl = IT 1+l %

i=k | j=i j=i+1

€

I
gl
||’:] ||’:]ﬂ
n "
& &
$ S
IZI :1
= =
+ +
_l’_
|
—
_
_l_
&
=2

Il
gl
—
gy
_|_
€
8
E\»—
I:I
+
€
S

as H§+1 =1 for all ¢ € N. Using the (simple) bound of 1 + ¢ < exp(t) for all ¢ € R, we obtain the

149



second inequality of (B.1.1):

t t t

1 1 1

” H [1+wy,] < - Hexp(w’yj) = —exp wZ'yj
=k

j=k j=k

O

Proposition B.1.2. Let (y:)i>1 be a positive sequence. Let w > 0 and k < t such that for all i > k,
wy; < 1, then

t t

oI —wylv <

i=k j=i+1

(B.1.2)

£

Proof of Proposition B.1.2. We start with expanding the sums of products term in (B.1.2), given

us
t t 1 t t 1 t t
DL b—wwlv==> [T B—wnlon===> [[ 1 —wyll-wl
ik j=it1 i—k j=it1 i—k j=it1
t t
1
S S | R T
i=k j=i+1
L [ ¢ t
— IS I el o - IT 0-wny)
i=k |j=i+1 j=it1
L [ t
== (I —wyl = ] 1 -wy]
i=k | j=i j=it1
1 t t t
=52 | II eyl =10 —wl
i=k | j=i+1 Jj=t

As we only have positive terms, we can upper bound the term:

€|
g~

t t t t
%Z I [ —wyl - H1—wj < Hl—w% <

i=k | j=i+1

using H;Zk[l — w7;] > 0, showing the inequality in (B.1.2). O

Proposition B.1.3. Let (v)i>1 and (n:)i>1 be positive sequences. For any k < t, we can obtain

the (upper) bounds:

t t

1
ST 1 +wylnm < ) ax n; exp wZ% : (B.1.3)
i=k j=i+1



with w > 0. Furthermore, suppose that for all i > k, wy; <1, then
t ot

oI —wylmi < L max Ni- (B.1.4)

w k<i<t
i=k j=i+1 ==

Proof of Proposition B.1.3. We obtain the inequality in (B.1.3) directly by Proposition B.1.1:

t ot t ot
Z H [1+ wyjlnivi < Jmax i Z H (1 4wy ] i
i=k j=i+1 i=k j=i+1
1 t
< .
w kngl??t 1 H [+ @)

t
1
<— max 7n; €x w 1
_wkgigtm p Z;:g%
j=

Similarly, for the inequality in (B.1.4), we have

t ot t ot
1
> I n-wslnne < s 37 TT 0wl < s
i=k j=i+1 i=k j=i+1
by Proposition B.1.2. O

Proposition B.1.4. Let (0)t>0, (7¢)t>1, (Mt)e>1, and (v¢)¢>1 be some positive sequences satisfying

the recursive relation:
0t < (1= 2wy +neve) 01 + veme, (B.1.5)

with 6 > 0 and w > 0. Denote to = inf {t > 1 : n; < w}, and suppose that for all t > tg + 1, one
has wyy < 1. Then, for v, and n; decreasing, we have the upper bound on (;):

t to t/2—1
V; 1
< _ ) s _t A - ) 1.
0 <exp | —w | Et/z vi | |exp (; 1 m%) (50 + max m) +i tg . vivi| + - Jpax Vi (B.1.6)
i - Zt

for all t € N with the convention that Z;f =0 ift/2 <to.

Proof of Proposition B.1.4. Applying the recursive relation from (B.1.5) ¢ times, we derive:

t t t
S <TI0 —2wvi+mvldo+> [ [t — 2wy +njvsl vivi,
i—1 i=1 j=it1
Bt At

where B; can be seen as a transient term only depending on the initialisation dp, and a stationary



term A;. The transient term B; can be divided into two products, before and after ¢,

By = ][ —2wni+mivi] = <1_0[ [1—2wy; + m%l) ( IT —2wm+ m%]) :

=1 i=1 i=to+1

Using that tg = inf {¢ > 1 : y < w}, and since for all t > 5+ 1, we have 2wy, —m7y: > wy, it comes

to t to t
B < (H [1— 2wy +77¢%‘]> ( IIn —w%-]) < <H exp (—2w; +77i’7i)> ( 11 eXP(—w%)>
=1 )

=1 i=tg+1 i=to+1
to to t t to
e (—MZ%') - (z mw) - (—w 3 %) < exp (—wz%) - (z m%)
=1 =1 i=tg+1 =1 =1

by applying the (simple) bound 1 + ¢ < exp(t) for all ¢ € R. We derive that

t to

B <exp | —w Z ;i | exp <Z m%> . (B.1.7)
i=t/2 i=1

Next, the stationary term A; can (similarly) be divided into two sums (after and before ¢y):

t t to t
ST B=2wy +mvlvvi+Y . T [ = 2wy + njvlvivi -

i=to+1 j=i+1 i=1 j=i+1

A A2

The first stationary term A;; (with ¢ > ¢9) can be bounded as follows: if ¢/2 < ¢y + 1, we have

1 1
A1 < max vy Z H 1 —wyjlvi=— max 1; < — max v,

to+1<i<t A W to+1<i<t T W t/2<i<t
0 i=to+1 j=i+1 0 /2%

by Proposition B.1.3. Furthermore, if /2 > ¢ty + 1, we get

t/2—1 t
A1 < Z H I_W’Y] Vi = Z H I_W’Y] V171+Z H l_w’Y] Vi%i
i=tg+1 j=i+1 i=to+1 j=i+1 i=t/2 j=i+1
t/2-1 ¢ t t
< Z H [1 —wyj]vivi + hax Vi Z H [1 —wyjlvi
i=to+1 j=t/2 SISt =it

t/2—1

t
= H 1 — wy;] g nyz—l— — max v,
. W t/2<i<t
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where H;:t/Q[l —wy;] < exp(—w Z;’:t/2 v;) as 1+t < exp(t) for all t € R. Thus, for all ¢t € R,

t t/2—1
Ay < - : = B.1.8
t1 <exp | —w Z vl D vivi . e Vi (B.1.8)
j=t/2 ) i=to+1

where 2%2 = 0if /2 < ty. The second stationary term Ao can be bounded, thanks to Proposi-

tion B.1.1, as follows:

to t t to
A=Y ] B=2wy+mlvivi=| [ 0 —2wy+mm] | D H [1 = 2wy; + 1] vivi
i=1 j=it1 j=to+1 i=1 j=i+1
t to to
< I n-wl ] H [+ n;7;] vivi < exp | —w Z v | max Z H 1+ njv;] mirvi
Jj=to+1 =1 j=1+1 Jj=to+1 =1 j=1+1

t
<exp | —w > max 777 exp (Z nm) <exp | —w Z’yg max 77 exp (2 > nm) :
Jj=to+1
by the definition of tg, thus
t
Ay <exp | —w ) 7 max ,,7* exp (2 > m%) <exp | —w Z Joax 77 exp <2 > 77m> :

j=1 j=t/2
(B.1.9)

Then, using the bound for A;; in (B.1.8) and A; 9 in (B.1.9), we can bound A; by

t to t/2—1

V; 1

A < — i 2 i — iYi — 2 B.1.10

o0 30 oo (250 ) g e 3 vl L 000
]:t/Z =1 i=tg+1

Finally, combining the bound for B; in (B.1.7) and A; in (B.1.10), we achieve the bound for ¢; <
By + Ay, namely the upper bound in (B.1.6). O

The following proposition is a more simplistic but rougher version of the bound in Proposi-
tion B.1.4.

Proposition B.1.5. Let (0t)t>0, (7¢)e>1, (Me)e>1, and (v)i>1 be some positive sequences satisfying
the recursive relation in (B.1.5). Denote tg = inf {t > 1 : my < w}, and suppose that for allt > to+1,
one has wyy < 1. Then, for v+ and n; decreasing, we have for all t € N,

t t

1

0y <exp | —w .2;2 v | exp <2;m%> <(50 + 2 H<l?é(t 7h> + - t/glg)it v;. (B.1.11)
= =

Proof of Proposition B.1.5. The resulting (upper) bound in (B.1.11) follows directly from (B.1.6)



by noting that tg < ¢, giving us

t/2—1 t t t
| ;rlum < Z; viryi < flgl%(m/m) Z;m% < frélggt(w/m) exp(2z;nm),
i=tg i= i= i=

as (1) and (7;) are positive sequences.
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