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Abstract

Learning properties of data is a fundamental problem in statistics that has applications
in almost every aspect of our lives. There are two natural classes of strategies for learning
properties of data. Non-adaptive strategies collect all the required data and then processes
all this data in one batch, while adaptive strategies can use the accumulated information to
decide whether more samples should be collected. Furthermore, with adaptive methods
the way that new information is gathered can also be adapted according to what was
observed in previous steps. Since our goal is to minimize the required amount of data,
in this thesis, we study the optimal number of resources for both approaches in various
classical and quantum learning problems.

For testing classical distributions, we show that adaptive strategies outperform their
non-adaptive counterparts by a factor of four when the alphabet size is small. In addition,
adaptive strategies can stop earlier when the tested distributions are far apart from each
other. This advantage holds even with larger alphabets.

Concerning testing quantum states, we exhibit situations where adaptive strategies
have provable advantage against the non-adaptive ones. These include the (binary) hy-
pothesis testing, testing identity and closeness of quantum states.

In certain situations however, we have multiple ways of querying the data. These
situations can be modeled by quantum channels that output data after receiving an in-
put chosen by the learning strategy. These inputs can also be adapted to the previous
observations by adaptive strategies while non-adaptive ones should determine all inputs
in advance. We determine the optimal complexity of testing whether a channel is perfect
or not. Moreover, we characterize the optimal number of resources for learning a general
channel or a Pauli noise in the non-adaptive setting. Furthermore, we reduce the gap
between adaptive and non-adaptive strategies for learning Pauli noise.

v



Résumé

Apprendre a partir de données est un probleme fondamental en statistique qui a des
applications dans presque tous les aspects de notre vie. Il existe deux classes naturelles
de stratégies pour apprendre a partir de données. Les stratégies non adaptatives collectent
toutes les données nécessaires, puis traitent toutes ces données en une seule fois, tandis
que les stratégies adaptatives peuvent utiliser les informations accumulées pour décider si
davantage d’échantillons doivent étre collectés. De plus, avec les méthodes adaptatives,
la facon dont les nouvelles informations sont obtenues peut également étre adaptée en
fonction de ce qui a été observé lors des étapes précédentes. Etant donné que notre objectif
est de minimiser la quantité de données requises, dans cette these, nous étudions le nombre
optimal de ressources pour les deux approches pour différents problemes d’apprentissage
classiques et quantiques.

Pour tester les distributions classiques, nous montrons que les stratégies adapta-
tives surpassent leurs analogues non adaptatives d’un facteur de quatre lorsque la taille
de I'alphabet est petite. De plus, les stratégies adaptatives peuvent s’arréter plus tot
lorsque les distributions testées sont tres différentes les unes des autres. Cet avantage est
également présent méme pour les grands alphabets.

En ce qui concerne le test des états quantiques, nous présentons des situations ou les
stratégies adaptatives ont un avantage significatif par rapport aux stratégies non adap-
tatives. Celles-ci comprennent le test d’hypotheses (binaires), le test d’identité et de
proximité des états quantiques.

Cependant, dans certaines situations, nous avons plusieurs fagons de générer les données.
Ces situations peuvent étre modélisées par des canaux quantiques qui produisent des
données apres avoir regu une entrée choisie par la stratégie d’apprentissage. Ces entrées
peuvent également étre adaptées aux observations précédentes par les stratégies adapta-
tives, tandis que les stratégies non adaptatives doivent déterminer toutes les entrées a
I’avance. Nous déterminons la complexité optimale pour tester si un canal est parfait ou
non. De plus, nous caractérisons le nombre optimal de ressources pour apprendre un canal
général ou un bruit de type Pauli dans le cadre non adaptatif. En outre, nous réduisons
I’écart entre les stratégies adaptatives et non adaptatives pour 'apprentissage du bruit
de type Pauli.



Notation

Common
[n] The set of integers between 1 and n: [n| ={1,...,n}
log Natural logarithm (base e)
aNb min{a, b}
aVb max{a, b}
S, The group of permutations of [n]
The Gaussian distribution of mean y and variance o of prob-
N(u, 02) - . . 1 (x—p)2
ability density function f(x) = ~75= XD <— o )
N(0,1) The standard Gaussian distribution
[ The p-norm of the vector z: ||z, = (Z?Zl xf)l/p
Cxe The set of complex d x d’ matrices
Iy The identity matrix of C%*¢
diag(X) OTfh;e( diagonal matrix whose diagonal entries are the elements
U(d) The group of unitary matrices {4 € C™¢: AAT =1}
S4 The set of unit vectors of C¢
AT The transpose of the matrix A
AT The conjugate transpose (adjoint) of the matrix A
|A| The absolute value of A: |A] = VATA
A, The Schatten p-norm of the matrix A: [|A|, = [Tr (JA]?)]"/”
| Al The trace norm of the matrix A: [|Allr, = $Tr(]A])
A=0 The matrix A is positive semi-definite
A=B The matrix A — B is positive semi-definite
Bra-ket
|p) A column vector
(9| The row vector adjoint to |¢)
Oy The canonical basis {]i)}icjq = {|€:) }iciq) Where e; has the
ield i-th entry equal to 1 and the other entries are equal to 0
i) The tensor product of |i) and |7): |ij) = i) & |7)
(p|v) The scalar product of the vectors |¢) and |¢)
|o) (@] The projector on the space spanned by the unit vector |¢)
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Chapter 1

Introduction

1.1 Adaptivity in classical and quantum Learning

Learning properties of data is an essential part of statistics. It involves understand-
ing the underlying patterns which can then be used to make predictions about future
outcomes. This task is essential and ubiquitous in every aspect of human life [WW70;
RRSRR73] including clinical trials [FFDRG15], economics [ASWCC16], finance [Rup04],
machine learning [JDMO0O], fraud detection [BH02], etc. In this thesis, we will explore
two different strategies for learning properties of data : non-adaptive/non-sequential and
adaptive/sequential strategies. Our goal is to minimize the required amount of data
required to perform the learning task for both types of strategies.

Non-adaptive or non-sequential strategies are those where all parameters of the learn-
ing process are chosen before it begins; these choices remain fixed throughout the whole
procedure. This type of strategy relies heavily on prior knowledge and assumptions about
how best to approach the learning task, as well as having access to the total batch of
observations before starting the learning procedure.

In contrast, adaptive or sequential strategies [Wal45; BV94; Unl04; LHSS06; GK19] are
capable of adapting the choices of the learning procedure during its execution. This means
that these models learn actively rather than passively like their non-adaptive counterparts
do. Importantly, the choices determining how the newly acquired data will be generated
can depend on the previously observed data.

By “learning properties of data” we mean every task of extracting classical information
from random observations. In this thesis, we focus on two types of problems that fit in
this category. The first type concerns learning fully the object we are dealing with.
Of course, because of the inherent randomness, we cannot exactly recover this object
without allowing any error. Still, we can require to construct a classical description that
approximates this object in most cases. We refer to this type of problem as tomography
or simply learning. The second type of problem we consider in this thesis is about testing.
In this case, we do not ask to approximate completely the object we are dealing with,
but only to test whether it satisfies some property or is far from satisfying it. This kind
of problems is interesting because it requires less resources than its learning counterpart
and in many cases knowing whether a data satisfies some property is all that is needed.
Furthermore, from a theoretical point of view, the techniques we need for testing problems
are in general different than those used for learning problems.

The main question of the thesis can be formulated as follows: Can adaptive/sequential
strategies outperform non-adaptive/non-sequential strategies for some testing

1



2 CHAPTER 1. INTRODUCTION

or learning problem? We investigate the difference between adaptive/sequential and
non-adaptive/non-sequential strategies for testing discrete classical distributions, quan-
tum states and quantum channels.

1.2 Testing classical distributions

We start with classical discrete distributions, the simplest model for unknown data. Learn-
ing classical distributions is at the heart of classical machine learning [AB09; JM15]. We
here focus on learning properties of unstructured discrete distributions, that is situations
where we have no prior knowledge or information other than the number of different
outcomes.

Definition 1.2.1. Let n € N* be a positive integer. A discrete probability distribution D
on [n] is a set of n non negative reals {D(i)}icyn) that sum to 1:

e Vicn|:D(i) >0,
° Z?:l D(i) = 1.

An important example of discrete distributions is the uniform distribution whose parts
are all equal: Vi € [n] : D(i) = +. We denote this distribution by Uniform([n]) or simply
U,, whenever there is no confusion. A Bernoulli distribution is any probability distribution
on a set of size 2. It is denoted by Bern(p) := {1 — p, p}.

An event in the discrete case is any subset S C [n]. Under the distribution D, the
probability that the event S occurs is D(S) = >, ¢ D(i).

A sample z ~ D from the distribution D is a random variable that takes the value ¢ with
probability D;. For independent and identically distributed samples, we use the shorthand
“i.i.d.”. In the modeling phase, we may have a candidate of a probability distribution D,
which represent our guess about this unknown distribution the data is sampled from. It
is then natural to ask whether this source of randomness is exactly what we think, or not
at all. This problem known as testing identity is formally defined as follows.

Definition 1.2.2. Let € > 0 be a threshold parameter, d be a confidence parameter and let
Dy be a fized known probability distribution on the set [n|. Given T i.i.d. samples from an
unknown distribution D, testing identity problem is about distinguishing between D = Dy
and dist(D, Dy) > ¢ with at least a probability 1 — 9.

Note that in this kind of tests, we have two requirements. If we define the null
hypothesis as Ho = {D = Dy} and the alternate hypothesis as H, = {D : dist(D, Dy) >
e}, two types of error are to be distinguished. The type I error occurs if the algorithm
rejects the null hypothesis while it is the true one. On the other hand, the type II error
happens when the algorithm rejects the alternate hypothesis while it is the true one. The
type I and II errors represent the bad situations a tester would like to avoid. Then, the
two requirements in the above definition can be reformulated as follows: both the type I
and IT errors should happen with a probability at most 0.

Thus far, we have not specified the distance “dist” we choose for this problem. To do so,
let us suppose, only for now, that both distributions Dy and D are known. We are given
a sample x from one of these distributions and would like to decide which distribution
generates this sample. Since we have only one sample, any deterministic algorithm would
choose a subset Ay of [n] so that it answer Dy if the sample x € Ay and D otherwise.
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Suppose furthermore that Dy and D are equally likely to be the true distribution. In this
case the success probability can be computed exactly:

1

5 (Do(Ao) +D(A7) . (1)
Note that this probability only depends on the set Ay and the two distributions Dy and D.
So, in order to minimize the error probability, we can take the set Ay that maximizes the
latter expression. It turns out that one such set is given by Ay = {i € [n] : Dy(z) > D(i)}
which is natural: it is unlikely that the distribution generating = is D while we observe
x = i such that Dy(i) > D(i). In this case the success probability can be written as
follows

IP (Do) ]PxNDO(LU € Ao) + IP (D) x~D( ¢ A())

5 (DolA) + D(45) =

l\DI»—t

_|_

N | —

S (Do) D) =5+ Zmo Di)| (12)

Do (1)>D1 (i)

where we use the fact that Dy and D are probability distributions in the last equality. This
expression of the best success probability to discriminate between two distributions Dy
and D motivates the total variation distance which we denote by TV and define formally:

Definition 1.2.3. Let Dy and D be two probability distributions on [n]. The total varia-
tion distance between Dy and D is defined as

TV(D, Do) = Z ID(i) (4)). (1.3)

The total variation distance characterizes the minimal error probability to distinguish
between the distributions Dy and D when considering only one sample. Moreover, it
satisfies the Data-Processing inequality which can be seen in the following equivalent
formulation.

Proposition 1.2.1. Let Dy and D be two probability distributions on [n]. The total
variation distance between Dy and D satisfies

TV(D, Do) = max (D(S) — Do(S5)) - (1.4)

In particular, this can be used to prove lower bounds for testing two hypotheses prob-
lems (see Section 4.4). In the literature, this argument is called LeCam’s method [LeC73].
Now, it is clear that the natural distance for testing identity problem is the total variation
(TV). It remains to clarify what would be the difference between a sequential and non-
sequential strategy for this task. Since a testing strategy has no role in the distribution
that generates the i.i.d. samples, it can only choose whether it needs a new sample or
not. As such, we can distinguish two settings of testing identity: non-sequential or batch
setting in which the number of samples is fixed beforehand and sequential setting where
the strategy has the ability to choose at each step whether a) to stop and answer the null
or alternate hypothesis or b) to continue and ask for a new sample if it does not have a
sufficient level of confidence to answer the correct hypothesis. In the latter setting, the
stopping time can be random so we need to choose how to compare it with the determin-
istic number of samples in the batch setting. For this, it is natural to choose the expected
stopping time.
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If we want to see the exact difference between the optimal sample complexity for
the testing identity problem in the batch and sequential settings, we could focus on the
case of small alphabet where n is small, § and ¢ goes to 0. For the simplicity of the
presentation, we choose n = 2 and test Bernoulli distributions. In this case, we can
characterize the exact sample complexity. Before stating this result, we need to introduce
an important divergence that appears naturally in the complexity of both batch and
sequential strategies. It is known as the Kullback Leibler (KL) divergence and will play
a central role in this thesis.

Definition 1.2.4. Let Dy and Dy be two probability distributions on [n]. The Kullback
Leibler divergence between Dy and Ds is defined as

L(D,||Dy) = Zpl lg( 8) (1.5)

For two real numbers p,q € [0,1], we denote by KL(p|lq) = KL(Bern(p)||Bern(q)) =

plog <§> + (1 —p)log (%).

This is only defined when D; is absolutely continuous with respect to D, where we
use the convention “Olog (§) = 07. Otherwise, we can take KL(D;||D;) = +o0. The KL
divergence can be related to the TV distance by Pinsker’s inequality.

Proposition 1.2.2 ([FHTO03]). Let Dy and Ds be two distributions on [n]. We have
KL(D,||Dy) > 2TV(Dy, Dy)>. (1.6)

One can wonder why the KL divergence appears in the sample complexity of testing
identity problem. This is simply because of the Chernoff Hoeffding’s inequality and its
reverse. Let X1,...,X, beii.d. Bernoulli random variables of parameter p. The law of
large numbers says that the empirical mean % > i X, converges to the theoretical mean
I (X;) = p almost surely when n — oco. To have a precise estimation of the number of
samples sufficient to achieve a good precision we need to use a concentration inequality.
In this case, we can apply the Chernoff-Hoeffding inequality.

Theorem 1.2.1 ([Hoe63]). Let n € N* and X, ... X, ~ Bern(p). We have for anyt > 0:
P (Z?l(Xi - E (X))

- > t) < exp(—nKL(p + t||p)). (1.7)

Now we can state a simplified version of the main result of this part of the thesis. We
start with the batch setting.

Theorem 1.2.2 (Batch setting). o There is a non-sequential algorithm for testing
identity to Dy = Bern(p) that uses a number of samples T satisfying
log(2/6 log(2/0 8p(1 —
T = max 08(2/9) , 08(2/9) ~ M10g(2/5). (1.8)
KL(px€¢/2|lp)" KL(p £ €/2|[p £ €) ) es-0 €2

o Any non-sequential algorithm for testing identity to Dy = Bern(p) needs to use a

number of samples T satisfying
| | 8p(1 - p)

li f— ~ 1.9

P g7 > M R el Ko g e ()

where o € (0,1) and B € (0, 1) are defined such that KL(p+«e||p) = KL(p+«e||p+e)

and KL(p — fellp) = KL(p — fellp — €).
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The detailed proof of this theorem can be found in Section 2.3.1. The upper bound
is given by an application of the Chernoff-Hoeffding inequality. For the lower bound, we
use instead Stirling’s approximation. This result can be related to the fact that Chernoft-
Hoeffding inequality is almost optimal, indeed we have the reverse Chernoff-Hoeffding
inequality which also can be proved using Stirling’s approximation.

Theorem 1.2.3. Let n € N*, X;,... X,, ~ Bern(p). We have for any t > 0:
n _FE(X.

p(ThLSEC) ), ]

n eV/2mn

The idea of the proof is simple, let [ = n(t + p) which we suppose is an integer for
simplicity, we can express and lower bound the previous probability as follows:

P (Z?1<Xi —EX) t) = > (Z)pk(l —p)" > (7)1?[(1 —p)"t (1.11)

n
n>k>n(t+p)

exp(—n KL(p + t||p)). (1.10)

Then Stirling’s approximation [Leu85] implies

(7)#(1 —p)"' > 6\/;—” exp(—nKL(p + t[|p)). (1.12)

After finding the optimal sample complexity of testing identity in the batch setting, we
move to the sequential setting. Here, the number of samples 7 is a (random) stopping
time that can behave differently under the null and alternate hypotheses. Let ¢ be the
unknown parameter of the Bernoulli distribution D. We state the main result in the
sequential setting whose proof can be found in Section 2.3.2.

Theorem 1.2.4 (Sequential setting). There is a sequential algorithm for testing identity
to Dy = Bern(p) whose stopping time T satisfies

. E(T) 1 2p(1 —p)

S Toa(1/6) = mn{KLplp £} o & 41~ P (113)
E 1 2p(1 —

lim sup (7) ~ p(l—p) if lg—p| >e€. (1.14)

< — _
50 log(1/6) — min{KL(p + |¢ — pllIp)} la-pl=0 |q — p?
Moreover, any sequential algorithm for testing identity to Dy = Bern(p) has a stopping
time T satisfying

E(r) > log(1/30) _ 2p(1—p)

min{KL(p|[p £ e)} ev0 €

log(1/36) N 2p(1 ;‘]2)) log(1/38) if |g — p| > €. (1.16)

log(1/36) if ¢ = p, and (1.15)

pr) = KL(qllp) lo-pl»0 g —

The sequential upper bound uses time uniform concentration inequalities. In our case,
it is not difficult to deduce this type of inequalities using the Chernoff Hoeffding inequality
and the union bound. Indeed, if X, -- ~ Bern(p) are i.i.d. random variables then we
have by applying the union bound then the Chernoff Hoeffding inequality and Pinsker’s
inequality:

P (Eln en: ZimXi —B(X)) \/log(Qn(n + 1>/5)) (1.17)

n 2n

S e [ 2n ( \/log(Qn(;”bn—F 1>/5>) _ Z ﬁ _ g (1.18)

n>1
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This is only to illustrate the method but not used in the actual proof of this theorem. To
obtain an expression involving the KL divergence as in the previous Theorem, we need
to choose the time dependent thresholds carefully. On the other hand, this way of using
the union bound is in general not optimal and leads to sub-optimal second terms in the
complexity. A better technique is based on Ville’s maximal inequality for non-negative
super-martingales [HRMS20] which we use for general alphabets (see Lemma 2.6.2).

For the lower bound, we use again the Kullback Leibler divergence which is not a distance,
but it is non negative and satisfies the tensorization property.

Proposition 1.2.3. Let Dy, D}, Dy and D), distributions on [n], we have
e Non negativity KL(D,|| D) > 0.
e Tensorization KL(D; x D}||Dy x D) = KL(D1||Ds) + KL(D}||D}).

Furthermore, the Kullback Leibler divergence satisfies the Data-Processing property.
For a distribution D on [n]| and a random variable X : [n] — X, we define the distribution
of X under D as DX = {D(X = )} ex-

Proposition 1.2.4. Let Dy and Dy be two distributions on [n]. Let X be a random
variable and g a function. Define the random variable Y = g(X), we have

KL (D¥||Ds5) > KL (D} ||Dy). (1.19)
The last ingredient of the sequential lower bound is Wald’s lemma:

Lemma 1.2.1 ([Wal44]). Let X;,... be i.i.d random variables and T € N be a stopping
time for the sequence (X,,),. Suppose that T and X, have finite expectations. We have

Combining the tensorization property (Proposition 1.2.3), the data processing prop-
erty (Proposition 1.2.4) of the KL divergence along with Wald’s lemma in various scenarios
permit to prove the sequential lower bound of Theorem 1.2.4. Let us illustrate this method
for a stopping time under the null hypothesis. Let ¢ = p£¢, Xi,... be random variables
i.i.d. as Bern(p) and Yj,... be random variables i.i.d. as Bern(gq). Let 7 be the stopping
time of a testing strategy that answers with an error probability at most 6. On the one
hand the tensorization property of the KL and Wald’s Lemma imply:

KL(Px,,.x.[[Py...v.) = E(7) KL(pllq) (1.21)

where Px is the probability distribution of the random variable X. On the other hand,
if £ denotes the event that the testing algorithm A answers the null hypothesis, we have
under the null hypothesis, P (£) > 1 — ¢ while under the alternate hypothesis we have
P (€£) < 4. Hence, we can apply the data processing inequality on the KL divergence to
obtain:

KL(Px, v.) > KL(AX) € EJAY) € &) > KL(1 — §||0) > log(1/36). (1.22)

----------

Combining these (in)equalities, we obtain the lower bound on the expected stopping time
under the null hypothesis:
log(1/30) log(1/30)

B2 Rl ~ KiGlre) (1.23)
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So far, we have characterized the optimal sample complexity for testing identity to

the Bernoulli distribution Bern(p) in both batch (Theorem 1.2.2) and sequential (Theo-
rem 1.2.4) settings. In particular, when €,d — 0, the batch complexity is equivalent to
8p(1 — p)e~? whereas the expected sequential complexity is equivalent to 2p(1 — p)e2
under the null hypothesis and 2p(1 — p)|g — p|™ under the alternate hypothesis (re-
call D = Bern(q)). We remark that sequential strategies outperform batch ones by
at least a factor 4. Furthermore, under the alternate hypothesis, sequential strategies
adapt to the actual difficulty of the problem: the complexity depends on the distance
l¢ — p| = TV(D, Do) rather than the threshold parameter . This is the main message
of Chapter 2 where we exhibit the same advantage for testing identity and closeness of
distributions on small alphabets. For general alphabets, it is hard to find the optimal
constant either in the batch or the sequential settings. Still, we show that sequential
strategies can adapt to the actual distance between the tested distributions. Moreover,
we prove a sequential lower bound that shows that (up to a constant) we cannot hope for
more than this advantage in the worst case.
Since the advantage of sequential strategies over batch ones is understood for discrete
distributions, one can wonder whether there is a learning problem for which this advan-
tage is more significant. For instance, can we obtain a separation between sequential and
non-sequential strategies at least polynomial in the parameters of some learning task?
In the sequel, we will explore the advantage of sequentiality /adaptivity for more general
models of learning properties of data.

1.3 Testing quantum states

One of the generalizations of discrete distributions is given by quantum states. We need
to introduce some basics about quantum information theory before formulating learning
or testing problems of quantum states. For this, we follow the excellent textbook [NC02].

1.3.1 Postulates of quantum mechanics

Quantum mechanics has four main postulates which connect the mathematical formalism
with the real physical world.

1. State space The first postulate says that every quantum system is associated to
a Hilbert space H. A (pure) state |¢) is any unit element of the Hilbert space H.
The quantum system is completely described by its state vector [¢)) € H. In finite
dimension, we can take the Hilbert space H = C?. In particular, when d = 2, the
quantum mechanical system is the qubit.

2. Evolution The second postulate states that the evolution of a closed quantum
system is described by a unitary transformation. Concretely, the time evolution of
the state [¢(t)) € H is given by:

(@) = U(#) [$(0)) (1.24)

where U(t) is a unitary operator. This is equivalent to saying that the state [¢(t))
satisfies the Schrodinger equation:

d ?
S 10() = = H 9(0) (1.25)
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where H represents the Hamiltonian, which is a Hermitian operator. The solu-
tion to the Schrodinger equation takes the form [i)(t)) = U(t) [(0)) with U(t) =
exp (—%) being a unitary operator.

3. Quantum measurement The third postulate is about describing the effects of
measurements on quantum systems. A quantum measurement is a collection of
{A;}sex of measurement operators satisfying >, AT A, = I. The measurement
outcome is one of the indices € X. If the state |¢)) € H is measured with this
quantum measurement then we observe x with probability (¢| Al A, |[¢)) and the
state of the system becomes

V) = A [¥) (1.26)

JwlALA, o)

4. Composite systems The fourth postulate says that state space of a composite
physical system is the tensor product of the state spaces of the component physi-
cal systems. Concretely, if for x € X', ‘H, is the Hilbert space of the x-th quantum
system then the Hilbert space of the combined quantum systems is ®,cyH.. For in-
stance a pure bipartite state |¢) € H;®@Hs, can be written as @) = > /A, [12)®]s,)
(Schmidt decomposition). It is called separable or product if it can be decomposed
as |¢) = |r) ®|s), otherwise it is called entangled. An example of an entangled state
is given by |¥) = \/ii(|0> ®10) + |1) ® |1)) where {|0),|1)} is the canonical basis of
C2.

The first and third postulate are necessary to formulate every quantum testing or learning
problem (Section 1.3.4, Section 1.4). The second postulate is only necessary when the
object of the testing or learning procedure is the evolution of the system and not its
state (Section 1.4). The fourth postulate permits to differentiate between two types of
strategies of learning: coherent (or entangled) and incoherent strategies. Besides, it also
allows us to consider situations when an algorithm can use auxiliary systems. We refer
to Section 1.3.4 (resp. Section 1.4.3) for different models of learning properties of states
(resp. evolutions).

1.3.2 Quantum states

Let H = C? be the Hilbert space associated to a quantum system. So far, we have
mentioned only pure states, that is unit vectors |1)) € H. Now, we could be in a situation
where we only have a probabilistic description of the state: with probability p,, the state
is |¢,) € H. In this case the state is given by a pure state ensemble {py,|¥y)}yey-
By the linearity of the measurement, this pure state ensemble would produce the same
observations as p = >y, py |¥y)(¢,[. Indeed, for a POVM measurement {M, },ex, the
probability of observing x € X can be written as

Zpy (hy| My [tpy) = Tr (M:v Zpy |¢y><¢y|> = Tr (Map). (1.27)

yey yey

Note that Tr(p) = >_ <y, py Tr(|¢0y) (¥y]) = >_,cy py = 1 since p is a probability and for all
|¢) we have (¢]p|¢) = 3 cypyl(@ly)|* > 0 s0 p is positive semi-definite. Any matrix
satisfying these conditions is called a density matrix or simply a quantum state.
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Definition 1.3.1. A quantum state (density matriz) is a positive semi-definite matriz of
trace 1.

Conversely, by the spectral theorem, a quantum state can be written as p =
> ey Py [Uy) (| such that p = {p,},cy is a probability. Now, with this definition, a
pure state is any quantum state of rank 1 since for two unit vectors |¢) and [¢) we have
0)(0] = [¥) (W] <= |(B[¥)? = 1 <= 30 € [0,27) : |¢) = € |¢)). Three particularly

important examples of quantum states are:

1. A classical state is given by a diagonal density matrix p = diag(p) where p =
{pz}zex is a probability distribution. We will see in Section 1.3.4 how testing
classical states reduces to testing classical distributions.

I

2. The maximally mixed state is given by p = .

3. The maximally entangled state is given by p = |U)(¥| where |¥) =
\/LE S i) @) 5 and {[3) YL, (vesp. {]i)z}E,) is the canonical basis of H 4 = C¢
(resp. Hp = C?). For example when d = 2, the maximally entangled state is

1 00 2

110 0 00O
P—|\I'><\I’|—§ 0 (1001)_ 000 0
1 100 3

We can generalize the definition of an entangled state for non-pure states.

Definition 1.3.2. Let p be a bipartite quantum state on Hi @ Ho. It is called separable
if it can be written as

for a probability distribution p = {p.}. and quantum states {o,}, and {(;}s.
A quantum state is called entangled if it is not separable.

For instance, the maximally mixed state on C% ® C? is separable. On the other hand,
the maximally entangled state p = [U)(¥] = 1(|i) @ |¢))((j| ® (j]) on C*® C* is, as the
name suggests, entangled (not separable).

1.3.3 POVM measurements

POVM (positive operator-valued measure) measurements provide an elegant mathemati-
cal tool to analyze quantum measurement in situations the post measurement states are
not important and we are only interested in the measurement statistics.

Definition 1.3.3. A POVM measurement is a set of positive semi-definite matrices M =
{M,},ex acting on the Hilbert space C* and satisfying Y wex My = 1. Each element M,
i the POVM M is associated with the outcome x € X.

Starting from a quantum measurement {A,},cy, we can construct a POVM mea-
surement M = {M, = AlA,},cx since for all z € X, M, = AlA, = 0 and
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Swex My = > AlA, = 1. As such, we can see how to perform a POVM mea-
surement on a state |¢)): the probability that the measurement on a quantum state |¢)
using the POVM measurement M will output z is exactly (| AL A, [1) = (| M, |1). An
important POVM is given by a random basis. The rule is simple, when we do not have
enough information about the eigenbasis of an unknown given state, we measure with a
random basis. But, how to generate such a basis? A simple way to generate a random
basis would be to choose a Haar(d)-distributed unitary matrix U (Haar(d) is the Haar
probability measure over the compact group U(d) of unitary d x d matrices [Haa33]). To
sample such a matrix U ~ Haar(d), one could start with a random matrix M whose en-
tries are i.i.d. standard complex Gaussian random variables and apply the Gram-Schmidt
orthonormalization process to its columns [Mec19]. Then it is not difficult to check that
for any unitary matrix U € U(d), the set My = {U |i){i| U'}ieq is a POVM measure-
ment. In this case, after measuring the state |1), the post measurement states have the
form

= M i or 1=
|¢>i_(|(i|UT|¢>|)U|> f 1,....d (1.29)

thus they are in general useless.

1.3.4 Testing quantum states

After this brief introduction, we can now move to test quantum states. Since a state
generalizes a probability distribution, our first question would be to find the right way
to measure the distance between two quantum states. We have seen previously that the
TV distance determines the minimal error probability to discriminate two distributions.
It turns out that the trace norm plays a similar role.

Theorem 1.3.1 (Holevo-Helstrom, [Hol73; Hel69]). The minimal error probability to
discriminate between two known states oy and oo is given by

1 1 1 1
5+ 3lor = oalln = 5 + 5 max Tr((01 — 02)0). (1.30)

A maximizing observable 0 < O < I in the last equality provides an optimal strategy
to discriminate two states. Indeed, the condition 0 < O < I permits to construct the
measurement device Mo = {I — O,0}. Measuring p € {01,092} with the POVM Mg
produces a sample X ~ Bern(Tr(Op)). Thus, in the setting where p = o7 and p = o9
occur with probability 1/2 each, the error probability is:

1 1 1 1

iTr(Oal) + ETI"((]I —0)og) = 5T §Tr((01 — 09)0). (1.31)
Such observable can be constructed easily once the spectral decomposition of o; — o9 is
known. Indeed, since the matrix o; — 09 is Hermitian, by the spectral theorem, it can be
written as:

01 — 09 :1_[+ —II" (132)
where IT" and II™ are two orthogonal projectors onto the positive and negative eigenspace

respectively. In this case we can choose O = II*T and the minimal error probability of
Theorem 1.3.1 is exactly:

1 1 1 1
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Figure 1.1: Illustration of an entangled strategy for testing quantum states. Here, x is
the classical outcome of a measurement of the state p®V with the POVM M.

where {);}; is the set of positive eigenvalues of 01 — g5. Note that ) .\, = %Hal —o9|l1 =
|low — o2l as Tr(oy — 03) = 0. Observe that the previous minimal error probability
is in general strictly less than 1 unless the states o; and o, have disjoint supports. In
particular, there are examples of states (o1, 09) for which the best error probability to
discriminate them is very close to 1/2. In other words, they are almost indistinguishable
with only one measurement. In this case, repeating the test proves to be essential. With
that we can give the formal definition of the binary hypothesis selection problem.

Definition 1.3.4. Let§ € (0,1/2) be a confidence parameter and let o1 and o be two fized
and known d dimensional quantum states. Given N i.i.d. copies of an unknown quantum
state p € {01,032}, the binary hypothesis selection problem is to distinguish between p = o4
and p = oo with at least a probability 1 — §.

This problem cannot be solved without specifying how we can use the N i.i.d. copies
of p. For instance, one can think of a strategy where we put these copies all together
in parallel and measure them at once. This type of strategies is called entangled and
illustrated in Figure 1.1. Here M is a large d dimensional POVM. The entangled
strategies are powerful and subsumes every possible strategy for testing states. However,
in order to be able to use these strategies, we need to be able to keep the entanglement
between the copies of p. This requires to have a quantum memory of large size: observe
that the dimension of N systems grows exponentially with N. To circumvent these
restrictions, we can think of simpler strategies without entanglement. In this case, one
could think of a scenario where each copy of the state p is measured at each step. This
enables, for instance, testing in situations we have not all the copies at once and we
receive the copies at different times. In other words, we do not need to have a quantum
memory to store all the copies before performing a global measurement. Here also we
can distinguish between different strategies depending on the adaptiveness of the choice
of the measurement devices on the previous observations. Concretely, an incoherent
strategy is given by a sequence of POVMs {M};cn], each of them acts on the Hilbert
space H = C?. In this case, we measure at step ¢ the quantum state p using the POVM
M,. Depending on whether the measurement devices and the number of copies can adapt
on the previous observations or not, we distinguish four types of incoherent strategies:

e Non-adaptive non-sequential is the setting where the number of copies N and
the POVMs {M,}, are fixed in advance (i.e., do not depend on the outcomes of the
previous measurements) (see Figure 1.2 for an illustration).
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Figure 1.2: Illustration of a non-adaptive non-sequential incoherent strategy for testing
quantum states. The classical computer processes the observations (x1,...,zy) to distin-
guish between two hypotheses Hy/H;.

e Non-adaptive sequential is the setting where the POVMs M, are fixed before
hand but the the number of copies N can be chosen depending on the results of the
previous measurements with the POVMs { M} (see Figure 1.3 for an illustra-
tion).

e Adaptive non-sequential is the setting where the number of copies N is fixed be-
forehand but the POVMs M, can be chosen depending on the results of the previous
measurements with the POVMs { M}, (see Figure 1.4 for an illustration).

e Adaptive sequential is the setting where both the number of copies N and the
POVMs M, can be chosen depending on the results of the previous measurements
with the POVMs { M}« (see Figure 1.5 for an illustration).

For sequential strategies, the complexity is given by the expected copy complexity of
the procedure E (N). Non-sequential strategies have a fixed number of measurements N.

It turns out that for incoherent strategies, the difference between sequential and non-
sequential complexities is essentially a factor 4 as in the classical case (Section 1.2).

Theorem 1.3.2 (Informal). We can characterize the optimal copy complexity of binary
hypothesis problem:
° 2log(1/6)

lov-oalf, 0P ‘ |
p = o9 with incoherent non-sequential strategies.

copies of p are necessary and sufficient to distinguish between p = o1 and

log(1/6)

' Aor—oml3, CODIES of p are necessary and sufficient to distinguish be-

e In expectation
tween p = o1 and p = o9 with incoherent sequential strategies.

Actually, this result only holds asymptotically when § — 0 and ||oy — 03|/ — 0. Non-
asymptotic complexities can be found with the same methods. Since the upper bounds
use similar techniques of classical testing identity in Section 1.2, we prefer to focus on the
lower bounds. Now, the testing algorithm can choose the measurement device at each
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Figure 1.3: Illustration of a non-adaptive sequential incoherent strategy for testing quan-
tum states. The classical computer processes the observations (1,

..., xy) to distinguish
between two hypotheses Hy/H.
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Figure 1.4: Illustration of an adaptive non-sequential incoherent strategy for testing quan-
tum states. The classical computer processes the observations (7,

..., xy) to distinguish
between two hypotheses Hy/H;.
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M,

p— A @i ,ﬂ —> output Hy/H; and stop
H continue
T

T
p — A @: /j —> output Hy/H; and stop
J continue

TN

p — A @i (ﬂ —> output Hy/H; and stop

Figure 1.5: Illustration of an adaptive sequential incoherent strategy for testing quan-
tum states. The classical computer processes the observations (x1,...,zy) to distinguish
between two hypotheses Hy/H;.

step so proving a lower bound against it is harder than the classical setting where the
testing algorithm does not interact with the source of randomness. Still, we can choose a
type of states for which the quantum testing algorithm cannot extract more information
than a classical testing algorithm. The states we choose to prove the lower bounds are:

190 i_¢ 0
— (2 )
01—<0 % and o0y = 0 % -

where ¢ = ||y — o2|ln. With this choice of states, we show that every measurement
the testing algorithm performs on oy, 05 can be seen as a post processing of a sample
from Bern(1/2), Bern(1/2 + ¢) respectively. We can generalize this idea to any diagonal
quantum state(s).

Lemma 1.3.1. Let Dy and Dy be two discrete distributions and o, and oo their corre-
sponding diagonal quantum states. Let M be a POVM. Measuring the quantum state oy
(resp. o) with the POVM M can be seen as post-processing (independent of the quantum
states) of samples from the distribution Dy (resp. D).

This lemma permits to translate every lower bound for a classical testing problem to
a lower bound for its quantum analogue. However, in some situations, this lower bound
is not optimal. We refer to Section 3.3.1 for the proofs of these results.
So for the problem of discrimination two quantum states, the difference between sequen-
tial and non-sequential algorithms is the same as in the classical case. Moreover, adaptive
algorithms cannot outperform non-adaptive ones since one of the optimal POVM is al-
ready known to the testing algorithm. It turns out that adaptive algorithms have the
same performance as the non-adaptive ones for other problems as well, for instance test-
ing identity [CHLIL22] and state tomography [CHLLS22]. One can conjecture that this is
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always the case. To show the contrary, we construct a (contrived) learning problem for
which there is a polynomial separation between adaptive and non-adaptive strategies. We
refer the reader to Section 3.4 for more details. We would like to finish with one of the
main open problems about testing quantum states known as the composite hypothesis
testing.

Definition 1.3.5 (Composite hypothesis testing). Given a known family {o1,...,09m}
of 2m quantum states e-separated in the trace norm. The goal is to distinguish between
the hypotheses

Hy:pe{o,...,om}t wvs. Hi:p€{omit, - ,0m} (1.34)
with high probability.

In this problem we can have up to 2m? — m optimal POVMs to choose. So a non-
adaptive algorithm can be designed with a sample complexity O(m?/e?). Moreover a lower
bound of Q(m/e?) can be proved for adaptive algorithms when m < d. We conjecture a
separation between adaptive and non-adaptive algorithms for this problem.

1.4 Learning properties of quantum channels

After discussing how to learn properties of quantum states, we move to analyse how to
learn properties of quantum channels. Let us first consider the classical analogue problem:
learning properties of the classical channels.

1.4.1 Learning properties of classical channels

A classical channel is a stochastic matrix W(y|®)zcim)yeiq- For an input x € [m], the
output follows the probability distribution y ~ {W (y|z)},ecjg. In other words, if we send
an input = through the channel W, we receive the output y with a probability W (y|x).
For instance we have these examples of classical channels.

e The identity channel for which m = d and W (-|z) = 4, for all = € [d].
e The noisy channel satisfying for all = € [m], W(-|z) ~ Uniform(d).

The identity channel is a perfect channel without any loss of information while the noisy
channel is completely useless since the output is independent of the input. We can distin-
guish between these two types of channels using a few number of inputs (for d > 2). Still,
we can imagine more interesting testing and learning tasks for classical channels. For
instance, we can consider learning completely the channel or testing whether it is equal to
a fixed channel or far from it. The problem of learning a channel can be formally defined
as follows.

Definition 1.4.1 (Learning a classical channel). Given an unknown classical channel W
as a black box. The goal is to construct a classical channel W (y|x)zepm)yeia satisfying for
all x € [m]:

TV(W (|2), W(-|z)) < e. (1.35)

with an error probability at most 1/3 while minimizing the total number of channel uses
N.
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It is not difficult to see that a number (:)(md/s2) of channel uses is necessary and
sufficient for this task.
Moreover, testing whether an unknown channel W is exactly the identity channel or far
from it can be formally defined as follows.

Definition 1.4.2 (Testing identity to the identity channel). Given an unknown channel
W as a black box. The goal is to distinguish between the hypotheses

Hy:Vre[d,W(|x)=0, wvs. Hy:3zxeld, TVIW(|z),d,) >¢ (1.36)

with an error probability at most 1/3 while minimizing the total number of channel uses
N.

The condition of the alternate hypothesis is equivalent to the existence of = € [d]
such that W(z|z) <1 —e. In this case, a simple strategy would be to choose each input
x € |d] a sufficient number of times then answer Hy if always receiving the same output
as input, otherwise answer H;. If the channel is identity, this test makes no error. On the
other hand, if the channel is not identity, then there is at least one input = such that the
output is not always x. Since TV(W(:|z),d,) > ¢, the probability of seeing a different
output than z is at least € so the error probability after n repetitions is at most (1 — ¢)"
thus we can choose n = log(1/3)/log(1l —¢) = O(1/¢) to reduce the error probability to
1/3. Hence, the total number of uses of the channel is N = dn = O(d/e) because we do
not know z and we need to test all the inputs to be sure we pass on x. Moreover, it is
not difficult to see that a number of copies of the channel satisfying N = (d/¢) is also
necessary for any correct test. As we shall see in the sequel, generalizing this learning and
testing results is not straightforward in the quantum setting.

Before we consider the quantum analogue of these learning/testing tasks, we introduce
the definition of quantum channels and illustrate them with some examples. Then we
compare different access models for learning properties of quantum channels.

1.4.2 Quantum channels

We have seen in the second postulate (Section 1.3.1) that the time evolution of a closed
quantum system is described by a unitary transformation. However, the operator is
no longer unitary when the quantum system is open, that is when it interacts with an
environment. The overall evolution of the system and the environment is driven by
Schrodinger’s equation. If we want to focus only on the open quantum system (without the
environment), we may ignore (trace out) the environment and analyse the new evolution.
It can be proved that any such transformation can be described by a quantum channel
(see e.g., [Lid19]).

Definition 1.4.3 (Kraus decomposition of quantum channels). A (din, dout)-dimensional
quantum channel (process) is a map N : Clin*din —y Clowxdout of the form

N(p) =3 AwpA]
k

where the Kraus operators { A}y satisfy 3, ALAy = 1.

There are many important examples of quantum channels, including:
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1. The identity channel id,(p) = p admits the Kraus operator {I;}.

2. Unitary channels: given a unitary matrix U, the corresponding unitary channel
Ny (p) = UpU' admits the Kraus operator {U}.

I
dout

3. The completely depolarizing channel D(p) = Tr(p)-— admits the Kraus op-

erators { L |i) (j } :
\/m ‘ > <j’ je[din],ie[dout]

4. Measurement channels (instruments): given a quantum measurement M
{A;}zex, after measuring a quantum state p with M, we see the outcome z
X with a probability p, = Tr(A4,pAl) and the post-measurement state is py,

AgpAl

Tr(AqpAL)
Num(p) =D en PePlz = 2per AcpAlL, which gives the state of the system after the
measurement has been performed. Therefore, the Kraus operators for the channel
N are simply given by the measurement operators { A, },cx-

m 1

. The corresponding quantum channel, denoted by A4, can be defined as

Since a convex combination of two quantum channels remains a quantum channel, we can
construct more examples using the previous ones.

Note that the condition that the map A can be written as N (p) = >, Ay pAL is equivalent
to be completely positive (CP): for all d and p = 0, idg ® N(p) = 0. The second
condition ), ALAk = I is equivalent for the map N to be trace preserving (TP): for all p,
Tr(N(p)) = Tr(p). Hence a map N is a quantum channel if, and only if, it is completely
positive and trace preserving (CPTP).

It turns out that we can see a quantum channel as a quantum state with an additional
property. Before stating this connection, we define the partial trace.

Definition 1.4.4 (Partial trace). Let M =Y, Ay ® By, € C>*? @ C¥*?. We define the

partial trace of the matriz M with respect to the first system as

Try(M) = > Tr(Ap) By, € C*.
k

Similarly, we define the partial trace of the matrix M with respect to the second system as

Try(M) = > Tr(By) Ay, € C*
k

The Choi state of a quantum channel AV is a useful tool in quantum information theory
that captures all the information about the channel. By linearity, once we know the set of
images {N(]7) (j |)}§{‘j¥1:1, we can compute exactly the output state N'(p) for any given state
p. Therefore, we can define the Choi state as the bipartite state Jy, which is obtained
by applying the channel N to one part of a maximally entangled state, and leaving the

other part untouched.

Definition 1.4.5 (Choi state). Let N be a (diy, dows) dimensional quantum channel. We
define the Choi state Jn of the channel N as

T = d @ N = = 3 1) (& N3 ()

i,j=1

where |V) = —= S

i) @ |i) is the mazimally entangled state.
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The map J : N +— id @ N(|]¥)(¥]) is an isomorphism called the Choi-Jamiotkowski
isomorphism [Cho75; Jam72]. Note that for any quantum channel AN, Jy is positive
semi-definite and satisfies Tro(Jpn) = =—. Moreover, any K satisfying these conditions is
a Choi state: we can construct a quantum channel N such that I = Jy.

We can compute the Choi states of the previous examples:

1. The identity channel id,;(p) = p has a Choi state Jiq = |[W)(¥|.
2. A unitary channel Ay (p) = UpUT has a Choi state Jy = (I U) |¥)(¥] (I UT).

Ig,, ®lg

3. The depolarizing channel D(p) = Tr(p)% has a Choi state Jp = ——=eut,
We have not specified so far how a learning algorithm would interact with an unknown
channel. In the following, we describe various settings we can consider for learning prop-

erties of quantum channels.

1.4.3 Different models of learning properties of channels

In any natural scenario we could imagine, the learning algorithm would have the abil-
ity to choose the input state, send it through the channel and finally measure it. The
classical observations the algorithm obtains after the measurement(s) are then processed
by a classical computer to either a) distinguish between two hypotheses Hy/H; (testing
problem) or b) return a classical approximation A" of A’ (learning problem). The com-
plexity is always measured by the total number of the channel uses and the number of
measurements.

Coherent strategies.

The most general model of learning properties of a channel is given by quantum circuits.
In this setting, we allow using auxiliary systems of arbitrary dimensions, the unknown
channel can be applied sequentially before performing a measurement and finally multiple
copies of the channel can be used in parallel so that the input state and the output state
can be entangled.

Definition 1.4.6 (Coherent strategy). Let n, N € N* be positive integers, n (resp. N)
represents the width (resp. depth) of the circuit. The input state is 2"-dimensional and
equal to |0)(0|*™. The general coherent strategy would choose

1. a d? x 2"-dimensional isometry matriz Vp,

2. (N -1) dn

n e X di -dimensional isometry matrices Vi, ..., Vn_1 and

3. a2 xd}

v i -dimensional isometry matriz V.

For each layer 1 <1 < N — 1, the learner chooses a vector x; € {0,1}" whose i—th entry
determines whether the channel N is applied on the i—th system or not. The state before
measurement is given by:

Poutput = NV ON@xl O ONV1 ON@ml ONV0<|0><0‘®R) (137)

where Ny (p) = VpVTI. The output state is then measured with the canonical basis
{le)(il}icjzn). The learner thus sees the outcome i € [2"] with a probability (i| poutput |7)-
See Figure 1.6 for an illustration of this model. Shallow circuits where the depth is N =1
are called coherent batch and are illustrated in Figure 1.7.
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Figure 1.6: Hlustration of a general strategy for learning properties of an unknown chan-
nel . The classical computer processes the observation z to distinguish between two
hypotheses Hy/H; or produce an approximate channel A

Observe that a coherent strategy can also be represented in a sequential circuit where
at each layer only one channel is applied (see Figure 1.8 for an illustration). This model
permits to apply and combine several powerful quantum subroutines such as Grover’s
search algorithm [Gro96], quantum phase estimation [DDDSLWBWO09] and quantum
singular value transformation [GSLW19], among others. However, it presents practi-
cal challenges because, in this case, the learning algorithm must maintain entanglement
throughout the circuit. Additionally, the number of required copies of quantum channels
is generally exponential in the number of qubits. In this thesis, we will not consider
such strategies and we focus only on incoherent strategies. We can imagine a variety of
settings depending on whether an auxiliary system is allowed or not and whether the
input/measurements can be chosen adaptively or not.

Incoherent strategies.

In the case we do not have a quantum memory, we have to measure the output of the
unknown quantum channel immediately. So an incoherent strategy cannot use entangled
input states or entangled measurement devices. Moreover, incoherent strategies are not
allowed to apply the channel successively before performing a measurement. Depending
on whether the ancilla is allowed or not and whether the input and measurement devices
can depend on the previous observations or not, we distinguish four types of incoherent
strategies. When auxiliary systems are not allowed, the strategy is called ancilla-free.

Definition 1.4.7 (Ancilla-free independent/incoherent strategy). At each step 1 < t <
N, the strateqy would choose an input di,-dimensional state p; and a dyy-dimensional
measurement device My = {M'’},ex,. It thus sees the outcome x; € X, with a probability
Tr(N (pe)ML,). If the choice of the state p, and measurement device M, can depend on the
previous observations (xy,...,x, 1) the strateqy is called adaptive (see Figure 1.10 for
an illustration), otherwise it is called non-adaptive (see Figure 1.9 for an illustration).
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Figure 1.7: Illustration of a batch strategy for learning properties of an unknown chan-
nel N/. The classical computer processes the observation z to distinguish between two
hypotheses Hy/H; or produce an approximate channel A
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Figure 1.8: Illustration of a general coherent strategy for learning properties of an un-
known channel AV'. The classical computer processes the observation « and distinguish
between two hypotheses Hy/H; or produce an approximate channel A.
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Figure 1.9: Illustration of an ancilla-free incoherent non-adaptive strategy for learn-
ing properties of quantum channels. The classical computer processes the observations
(x1,...,zy) to distinguish between two hypotheses Hy/H; or produce an approximate
channel .

Note that adaptive strategies are at least as powerful as their non-adaptive counter-
parts. On the other hand, if an auxiliary system is allowed to be used, these strategies
are called ancilla-assisted.

Definition 1.4.8 (Ancilla-assisted independent /incoherent strategy). At each step t, the
learner would choose an input dan.din-dimensional state p; and a dancdou-dimensional
measurement device My = {M'‘},ex,. It thus sees the outcome x; € X, with a probability
Tr(idg,,. ® N(p)ML,). If the choice of the state p, and measurement device M, can
depend on the previous observations (x1,...,x4_1) the strategy is called adaptive (see
Figure 1.12 for an illustration), otherwise it is called non-adaptive (see Figure 1.11 for
an illustration).

Relation between different models of learning properties of channels

Here, we give the obvious reductions between the models we have seen previously and
discuss about the interesting separations we would like to know in general.
First of all, every strategy can be cast in the general coherent model (see Definition 1.4.6).
Moreover, each model where the use of auxiliary systems is allowed contains its ancilla-free
counterpart as a special case. Also, non-adaptive incoherent strategies can be turned to co-
herent batch ones. But it is not clear how adaptive incoherent strategies perform compared
to coherent batch ones. We known that there are examples of problems for which batch
algorithms outperform adaptive ones. This includes the state tomography [HHJWY16;
CHLLS22] and shadow tomography [Aar19; CCHL22] among others. However, finding an
example for which adaptive strategies have a provable advantage over coherent batch ones
remains an open question. We refer to Figure 1.13 for an illustration of these relations.
Now we see that different settings can be chosen for learning properties of quantum
channels. We shall focus on incoherent strategies. We start with the problem of learning
quantum channels then we analyse the same task for a restricted class of channels and
finally we move to study the problem of testing whether a channel is equal to a fixed
channel or far from it.
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Figure 1.10: Illustration of an ancilla-free incoherent adaptive strategy for learning proper-
ties of quantum channels. The classical computer processes the observations (zy,...,7y)
to distinguish between two hypotheses Hy/H; or produce an approximate channel N.
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Figure 1.11: Illustration of an ancilla-assisted incoherent non-adaptive strategy for learn-
ing properties of quantum channels. The classical computer processes the observations

(z1,...,2y) to distinguish between two hypotheses Hy/H; or produce an approximate
channel N.
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Figure 1.12: Illustration of an ancilla-assisted incoherent adaptive strategy for learn-
ing properties of quantum channels. The classical computer processes the observation
(x1,...,2y) and distinguish between two hypotheses Hy/H; or produce an approximate
channel .
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Figure 1.13: Different models of learning for quantum channels. A red arrow from strategy
A to strategy B means that the former is more general than the latter.
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1.4.4 Learning quantum channels

Learning completely a quantum channel is the most important question we can ask when
we want to extract classical information from a quantum evolution. The reason is simple,
once we have a classical approximation of the unknown process, we can compute (clas-
sically) an approximation of the output state of any input state of our choice. Thus we
can answer any statistical test about the channel using its approximation. This problem
is known in the literature as “quantum process tomography” which we define formally in
the following.

Definition 1.4.9 (Quantum Process Tomography). Let € > 0 be a precision parameter
and N : Clinxdin _y Clowxdowt pe gn ynknown quantum channel. Given a collection of
N copies of N and the ability to choose the input states and measure the corresponding
output states, the task of quantum process tomography is to produce a quantum channel
N such that with high probability:

do(N,N) < e. (1.38)

The natural figure of merit for this learning task is the diamond distance d,, because
it characterizes the optimal error of discriminating two channels when auxiliary systems
are allowed [Wat18]. The diamond distance d,, between two channels A" and M is defined
as:

doN. M) = sup [lid® (N = M)(|¢)(o)]:- (1.39)

‘(;5) ESdin Xdip

For the problem of quantum process tomography, we can characterize the optimal number
of channel uses for non-adaptive incoherent strategies.

~ 3 43
Theorem 1.4.1. A number N = © (%) of copies is sufficient and necessary to solve

the quantum process tomography problem with non-adaptive strategies.

The upper bound is achieved by an ancilla-free algorithm while the lower bound is
proven for any ancilla-assisted strategy. We refer to Chapter 5 for the proof of this
theorem. The algorithm and its analysis are similar to the ones proposed by [SSKKG22].
Then we use a standard method to prove lower bounds for learning problems known as
Fano’s inequality. To state this result, we need first to define the mutual information.

Mutual information In order to quantify the correlations between two discrete random
variables X and Y, we use the mutual information which is given by the Kullback Leibler
divergence between the joint distribution IP(x y) and the product distribution Py x Py:

Definition 1.4.10. Given two random variables X and Y taking values in the sets [n]
and [m] respectively, the mutual information between X and Y is defined as

S , , P(X =4Y =j)
I(X:Y)= P(X=4Y=j)l . 1.40
The mutual information is non negative, symmetric and satisfies the Data-Processing
inequality.
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Proposition 1.4.1. Let X and Y be two discrete random variables and f be a function.
We have

(X : f(Y)) SI(X :Y). (1.41)

When X ~ Uniform([n]), we have a useful lower bound on the mutual information
known as Fano’s inequality.

Proposition 1.4.2 (Fano, [Fan61]). Let X ~ Uniform([n]) and Y be a random variable
taking values in [n]. Let § = P (X #Y'), the mutual information between X and Y is at
least

Z(X:Y)>(1—-9)log(n) —log(2). (1.42)

This means that if X and Y are equal with a positive probability, then they are
correlated and should share at least 2(log(n)) nats of information. To use this inequality,
we proceed by constructing an e-separated family of quantum channels {N,},ep,). Then
we use this family to encode the uniform random variable X ~ Uniform([n]) by the map
X +— Nx. The next step is to use the learning algorithm to construct an approximation
M of Ny to within /2. Since the family {N;}.cy) is e-separated, the channel M is /2
close to at most one channel in the family, we denote it by Ny. This defines a random
variable Y verifying 6 = P (Y # X) < 1/3 since the learning algorithm approximates a
channel with success probability at least 2/3. By Fano’s inequality, the random variables
X and Y satisfy:

Z(X :Y)>2/3log(n) —log(2). (1.43)

Next, we need to pack a large number n of channels while keeping the mutual information
Z(X :Y) small. We construct the family of channels randomly by choosing the Choi
states having the following expression:

I
b w+Uh - Ty (U + UM @

dindout din dout inWout out

€

Ju

(1.44)

where U ~ Haar(d;,dout). This construction is different than the usual constructions for
states because the Choi state J has the additional property Tro(J) = 7—. The existence

of the family of cardinal exp(Q(d?d?,)) is proven using the concentration inequality of

Lipschitz functions of Haar distributed unitary matrices. Before stating this theorem, we
recall the definition of a Lipschitz function.

Definition 1.4.11. Let f : U(d)" — R. we say that f is an L-Lipschitz function if for
alU = (Uy,...,U,) €eU@)" and V = (V1,...,V,) € U(d)" we have
[fU) = f(V)I < LU = V2,5 (1.45)
where the 2-norm of Hilbert-Schmidt metric is defined as ||U — Vl|ons =
(o 10 = Vil .
Then we have the following concentration inequality.

Theorem 1.4.2 ([MM13]). Let M = U(d)" endowed by the 2-norm of Hilbert-Schmidt
metric. If f: M — R is L-Lipschitz, then for any t > 0

P(f(Th,....U) —E(f(h,...,U))| > 1) < exp (-é}) , (1.46)

where Uy, ..., U, are independent Haar(d)-distributed unitary matrices.
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The last ingredient of the lower bound’s proof is to upper bound the mutual informa-
tion with an expression of N, d;,, doy and €. For this we use Weingarten calculus.

Lemma 1.4.1 ([Gul3]). Let U be a Haar(d)-distributed unitary matriz and {A;, B;}; be
a sequence of d x d complex matrices. We have the following formula

E (Tr(UBU'A,U...UB,U'A,)) (1.47)
= > Wg(Ba ', d)Trs-1(By,..., By)Tray, (A1, ..., An), (1.48)
a,feEC,

where 7, = (12---n) and Tr,(My, ..., M,) = II;Tr(Iliec, M;) for o = I1;C; and C; are
cycles.

The following values of Weingarten function suffice to compute the expectation of any
polynomial in the entries of U ~ Haar(d) of degree at most 6.

Lemma 1.4.2. The Weingarten function Wg(m, d) depends only on the cycle type of the
permutation © € &,,. We have:

L Wg([1]7d> = cll’
o Wg(([2],d) = gz

o Wg([1,1],d) = 51,

o We([3],d) = qz5s
o Wg([27 ]-]7d) = m and

2_
i Wg([L 17 1]7d) = d(@i%

The complexity of quantum process tomography is thus © (%). Since this com-

plexity is optimal, we should add more restrictions on the channel in order to reduce the
query complexity of approximating it. One particularly important class of processes is
given by Pauli channels. We will investigate the query complexity of learning a Pauli
channel in the next section.

1.4.5 Learning pauli channels

In this section, we consider the problem of learning Pauli channels. This task is motivated
by the fact that quantum computation are in reality imperfect. So we need to consider
a model of computation where the noise is taken into account. Then, in order to correct
the noise affecting this computation, we need to be able to learn its type. An important
and simple model of n-qubit noise (di, = dow = 2") is given by Pauli channels since every
noisy channel can be transformed to this form while keeping the same fidelity [WE16].
Formally, Pauli channels are quantum channels whose Kraus operators are weighted Pauli
operators. For an n-qubit system, Pauli operators have the form:

P=PP® ---®P, (1.49)
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where for each i € [n], P; is a 1-qubit Pauli operator:

D RN ) R | S

These Pauli operators generalize the notion of an error that occurs on a qubit. For instance
X can be seen as a bit flip error because it satisfies:

X |0) = |1) and  X|1) =0). (1.51)
On the other hand, Z can be seen as a phase (sign) flip error since it verifies:
Z10y=10) and Z|1)=(-1)'1). (1.52)

Finally, Y represents both flip and phase errors since Y = (—i)ZX.
We denote the set of n-qubit Pauli operators by P, = {I,X,Y,Z}*". Then a Pauli
channel is any quantum channel of the form:

Plp)= >, p(P)PpP (1.53)

Pe{l,X,Y,Z}®n

where {p(P)}pcp, is a probability distribution. Note that the Kraus operators of this
channel can be taken as {\/p(P)P} which satisfy:
PeP

n

> (Vi) (VAPIP) = - upirie = S ene1 s

PcPk, PeP, PeP,

because Pauli operators are unitary. Given such channel as a black box, our goal is to
learn it in the diamond norm.

Definition 1.4.12 (Learning Pauli Channels). Let € > 0 be a precision parameter and
P (CHE — (CH®" be an unknown n-qubit Pauli channel. Given a collection of N
copies of P and the ability to choose the input states and measure the corresponding
output states, the task of learning a Pauli channel is to produce a Pauli channel P such
that with high probability:

do(P,P) < e. (1.55)

Since Pauli channels are quantum channels, we can apply directly a quantum process
tomography algorithm as in Theorem 1.4.1 which requires in this case a total number
of channels uses O(n25"/e?) (because di, = douy = 2"). However, Pauli channels are
structured and their Kraus operators are not arbitrary: they should be among the Pauli
operators. So we expect that learning a Pauli channel requires fewer resources than the
general process tomography problem. Indeed, [FW20] propose an algorithm for learning p
in the 2-norm using only O(2"/¢?) copies of the channel. In order to translate this result
to a learning algorithm in the diamond norm it is sufficient to apply a Cauchy Schwarz
inequality. Indeed, the diamond norm between two Pauli channels is equivalent to the
I-norm between their corresponding probability distributions [MGE12] hence:

1P =Pl = llp = Bl < 2"{lp — Bll2 (1.56)

as p — p is a vector of 4" entries. Therefore we deduce the following upper bound for
learning Pauli channels.
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Theorem 1.4.3 ([FW20]). There is a non-adaptive ancilla-free incoherent algorithm us-
ing O (n2"/?) copies to learn a Pauli channel to within € in diamond norm with at least
a probability 2/3.

Note that this complexity is smaller than the one we obtain by applying quantum pro-
cess tomography. We reproduce this algorithm and its analysis in Section 6.7. Moreover,
we show a matching lower bound in the non-adaptive case.

Theorem 1.4.4. Non-adaptive ancilla-free incoherent strategies for the problem of Pauli
channel tomography require a number of channel uses satisfying:

voo(Z) asn

Furthermore, we prove a lower bound in the adaptive setting and high precision regime
that matches the optimal non-adaptive complexity if the memory of the algorithm is
limited.

Theorem 1.4.5. Let ¢ < 27", Adaptive ancilla-free incoherent strategies for the prob-
lem of Pauli channel tomography require a number of channel uses satisfying:

N=0 (25n/2) . (1.58)

e2

Furthermore, any adaptive strateqy that uses O(22"/e?) memory requires a number of

channel uses verifying:
23n

In both non-adaptive and adaptive cases, the proof of these lower bounds relies on
Fano’s inequality (Proposition 1.4.2). In the non-adaptive case we construct our family
of Pauli channels hard to learn by choosing the probability p randomly. Concretely, the
elements of this family have the form:

Pp)= S pppop= Y (LOW> PpP (160)

4n
Pe{l,X,Y,Z}®n Pe{l,X,Y,Z}®n

where a(P) = £1 to be chosen randomly so that a(P) = —a(o(P)) for some matching
o of {I, X,Y, Z}®™. However, it is challenging to obtain a non trivial adaptive lower
bound with such construction. For this reason, we change the construction and choose
the coefficients normally distributed. Precisely, the new construction have elements of the
form:

I 2e a(P
P(p) = Z p(P)PpP = Tr(p)Q—n + o Z H‘iH)PPP (1.61)
Pe{l,X,Y,Z}®n PE{IX,Y,Z}@n 2

where &(P) = a(P) = 3z Y gep, @(Q), {a(P)}p are 4" random variables i.i.d. as N(0,1)
e a(P
and p(P) = 4Ln+§_n'ﬁ'
condition 2"*%¢ < 1 in order to be sure that P is a valid Pauli quantum channel. On
the other hand, we can pack the same order of channels as in the previous construction

One inconvenience of this construction is that we add the
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using a remarkable concentration inequality of Lipschitz functions of Gaussian random
variables. Precisely, we say that f : R¥ — R is an L-Lipschitz function if for all z,y € R*
we have

[f(z) = f(y)] < Lllz = ylla. (1.62)

Any such function concentrates around its mean if its entries are standard Gaussians.

Theorem 1.4.6 ([MS86]). Let (X1,...,Xk) be a vector of i.i.d. standard Gaussian vari-
ables and f : R¥ — R be an L-Lipschitz function. We have for any t > 0:

—$2
P (i X0) - B (X X) > 0 < 20 (35) - (163)
Finally, with Gaussian variables instead of Bernoulli variables, we can control large
products in a better way. To this end, we use Gaussian integration by parts (see e.g.,
[VH14]) which is a generalization of Isserlis’ formula [Iss18].

Theorem 1.4.7 (Gaussian integration by parts). Let (X1,..., X)) be a Gaussian vector
and f : R¥ = R be a smooth function. We have:

E(X1f(X1,..., X)) =Y Cov(X1, X)E (0,f(X1, ..., X)) (1.64)

We refer to Chapter 6 for the proofs of these lower bounds.
Another approach to reduce the copy complexity of quantum process tomography is to
only consider testing properties of the quantum channel instead of completely approxi-
mating it. This will be the subject of the next section.

1.4.6 Testing quantum channels

Here our goal would be to check whether an unknown process behaves as intended. We
consider a setting where we have two quantum channels Ny and N. The first process
Ny is completely known to the tester. For instance, the tester has a complete classical
description of the Kraus operators or possibly the unitary operator that defines exactly the
process. In particular, the tester knows what would be the output state after applying the
process Ny on any chosen input state. We can think of the process NV as an ideal channel.
In reality, the tester interacts with an unknown process A that could be very different
from the ideal process Ny. The goal of this test is to certify whether the unknown process
N is exactly what we think it should be (i.e., Ny) or far from it. This testing question
is important for various reasons. For instance, quantum computation can be modelled
by quantum circuits. These are the analogue of classical circuits in the quantum world
where bits become qubits and gates become quantum gates. These gates are nothing
but unitary quantum channels. So, in order to succeed in a quantum computation, the
quantum gates should act as designed. It is thus important to have a way to check these
gates and characterize the exact amount of resources needed for this task. Let us give the
formal definition of this testing problem.

Definition 1.4.13 (Quantum channel certification). Let € > 0 be a threshold parameter
and let Ny be a fized known quantum channel. Given a collection of N copies of an
unknown quantum channel N and the ability to choose the input states and measure the

corresponding output states, the task of quantum channel certification is to distinguish
between N = Ny and dist(N, Ny) > e with high probability.
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The distance in this type of tests is crucial and the optimal number of copies neces-
sary varies substantially from a distance to another. Moreover, we would not consider a
distance without an operational interpretation. Two particularly important examples of
distances are related to the trace and diamond norms. Recall that the diamond distance
between two channels N and M is

doN. M) = sup [lid® (N = M)(|¢)(o)]:- (1.65)

‘qﬁ)esdinXdin
When auxiliary systems are not allowed, we obtain instead the trace distance

dr(N, M) = sup  [(N = M)([9)}(¢])]]x- (1.66)

|¢)€Sin

So two channels are close in trace or diamond distance means that for any input state,
the channels output close states in the 1-norm. Understanding the complexity of testing
with these distances is important because we want to avoid situations where two channels
appear close but can yield significantly different outputs for the same input. For instance,
such a scenario could disrupt the overall functionality of a quantum computation.

Then, we need to fix a known process Ny: this problem differs from one channel A to
another. In this thesis, we focus on two extreme cases:

e A fixed unitary channel. Here Ny(p) = Ny(p) = UpUT where U is a unitary
matrix. This corresponds to the example of the evolution of a closed quantum
system or a gate in a quantum circuit. It turns out that we can reduce this problem
to testing to the identity channel where U = I and Ny(p) = id(p) = p. We refer to
this problem as “testing identity to identity”. This problem can be thought of the
generalization of testing the classical identity channel, testing a rank 1 state or a
Dirac distribution. In the setting of ancilla-free incoherent strategies, this problem
has a different complexity than any of the mentioned problems.

e The completely depolarizing channel. Here Ny(p) = D(p) = Tr(,o)% which
corresponds to a noisy channel. Testing to such channel is the natural generalization
to the well studied testing uniform of distribution problem [DGPP17] or testing
mixedness of states [BCL20]. Furthermore, if the channel has no input d;, = 1 then
testing such channels becomes exactly testing the corresponding states. Besides,
testing to D is believed to be more difficult than any testing to another channel
No. We also conjecture that this test can be used as a subroutine for the general
quantum certification problem as in [CLO22].

Testing identity to identity

We consider the quantum analogue of the test on classical channels in Section 1.4.1. Our
proposed algorithm uses a random pure state as input and measure with the corresponding
measurement device (the POVM constituted with this pure state and its complement).
When the ideal channel we would like to test to is the identity channel, we know that
the output state is the same as the input state. In this case we always see “0” under
the null hypothesis and thus we can achieve a zero type I error. Under the alternate
hypothesis, the channel N is far from the identity channel so we can see “1” with a
positive probability. This latter can be boosted to 2/3 if the number of repetition is
sufficiently large. Concretely we can prove:
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Theorem 1.4.8. There is an ancilla-free algorithm for testing identity to identity in the
trace distance using only N = O (E%) incoherent measurements. Moreover, this algorithm
can also solve the testing identity to identity problem in the diamond distance using only

N=0O (;14) incoherent measurements.

The number of copies required by this test is smaller for the trace distance. However,
we remark that the dependency in the threshold parameter ¢ is quadratic compared to the
classical testing identity to identity. A natural question arises, is this complexity necessary
or this algorithm is suboptimal? We answer this question in the following theorem:

Theorem 1.4.9. Let dist € {dr,d,} be the trace or diamond distance. Any adaptive
ancilla-free strategy using incoherent measurements requires a number of steps satisfying:

N=Q (i) (1.67)

-2
to distinguish between N = id and dist(N,id) > ¢ with a probability at least 2/3.

This theorem shows that a number N = © (;iz) of channels is necessary and sufficient
for testing identity to identity in the trace distance which is slightly surprising. Indeed,
we usually obtain the same dependency on the threshold parameter ¢ when we consider
the quantum analogue of a classical problem and a different dependency in the dimension
parameter d. Here the reverse occurs. To prove this lower bound, we use the well known
method of LeCam [LeC73]. Precisely, we consider two situations:

e Null hypothesis H,. Here the unknown channel N is exactly the identity channel
N(p) = p.

e Alternate hypothesis H;. Here we consider a random N channel ¢ far from the
identity channel in the trace distance. Given a random unitary matrix V' € Haar(d),
1

we construct the channel Ny (p) = 5p + %vaU‘T/ where Uy satisfies:

VI=@VI[0)+eV (1) ifl=0
UyVI|) =4V1-e2V 1) —eV|0) ifl=1
V) otherwise.

The intuition behind this choice is the following. We would like to make it difficult for the
tester to find a state p such that the output states p (under Hy) and Ny (p) (under Hy) are
distinguishable. To do so, we “hide” this maximizing state by choosing a random basis
given by the Haar distributed unitary V. The other details of the construction including
adding the off diagonal elements and taking the convex combination with the identity
channel are important to achieve the optimal lower bound. Finally, the construction is
inspired from the skew divergence [Aud14].

After a sufficient number of measurements, the observations under the two hypotheses
should be distinguishable and thus, by the data processing inequality, they should be (1)
nats separated. However, we can show that for this particular choice of tested channels,
any ancilla-free adaptive tester can only extract O(e?/d) nats of information after a mea-
surement no matter the dependence on the previous observations. Our techniques are
based on the Chain rule and Weingarten calculus.

We refer to Section 4.3 for the proof of these theorems.
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Testing identity to the depolarizing channel

The second example we consider in this type of problems is when Ay = D is the completely
depolarizing channel. If the unknown channel NV = N then the outputs are always equal
to the maximally mixed state —t In this case, we observe samples from the uniform dis-
tribution if we measure with any orthonormal basis. On the other hand, if A/ is different
than D then there is at least one state p* such that the output state N (p*) is far from
d . If we know this state, then we can apply the testing mixedness algorithm of [BCL20]
to dlstmgmsh between the two situations. Since we have no information about p* (or
any state playing the same role), we take inspiration from the testing identity to identity
problem we discussed earlier and we choose a random rank 1 input state. It turns out that
with such an input state we can detect whether the channel is completely depolarizing
(noisy) or far from it. The reason behind this is that even though we have no information
about p*, a random rank 1 state |¢){¢| has a non vanishing overlap with p* with high prob-
ability. This overlap helps us to reduce the testing to the depolarizing channel problem
to the testing mixedness problem [BCL20] with a new threshold parameter ' = ; dmf/m.
Precisely we show that:

Theorem 1.4.10. There is an ancilla-free algorithm requiring a number of incoherent
measurements
d2 dl 5
N = (9( - Out) (1.68)
g2

to distinguish between N =D and d,(N, D) > & with a success probability 2/3.

If the channels have no input d;, = 1, the channels are constant states and the cer-
tification to D problem becomes a certification to the state problem. In this case,

dou
our algorithm uses N = O ( °“t> to solve the testing mixedness problem. Note that this
complexity is optimal even for adaptive strategies [CHLL22]. However, we cannot rely

merely on this particular case to deduce that our algorithm is optimal. For this reason,
we prove a general lower bound in the non-adaptive and adaptive settings.

Theorem 1.4.11. Let ¢ < 1/32 and doy > 10. Any ancilla-free non-adaptive algorithm
for testing identity to the depolarizing channel requires, in the worst case, a number of
measurements satisfying:

d2 dl 5t
N =0Q in*ou ] 1.69
(log(dindout/5)2€2> ( )

Moreover, any ancilla-free adaptive algorithm for testing identity to the depolarizing chan-
nel requires, in the worst case,

d?ndout + dfl)u5t
oo (B

incoherent measurements.

The first lower bound shows that our algorithm is almost optimal and thus the optimal
1 5
complexity in the non-adaptive setting is given by N = © <“—°‘“> The second lower

bound shows that if adaptive strategies could outperform non-adaptive ones, then the
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improvement is at most d%;5.

The lower bound is proved using the same LeCam’s method but with a different construc-
tion. In this case, we mix two hardness in the alternate hypothesis. First we hide the best
input state, then we hide the eigenbasis of the best output state. Precisely we consider
the two situations:

e Null hypothesis H,. Here the unknown channel A is exactly the depolarizing
channel N(p) = D(p) = Tr(p) 7.

e Alternate hypothesis H;. Here we construct a random N channel ¢ far from the
depolarizing channel having the expression N'(p) = D(p) + 7= (w| p |w) U where |w)
is a Haar distributed vector and U has Gaussian entries: for all i,j € [dow], U;; =

Uij ~ 1{i # jIN(0,16/doy) conditioned on the event G = {||U||1 > dout, ||U|l0 <
32}.

We carry out the analysis using the Hypercontractivity of Gaussian polynomials (see e.g.,
[Jan97; AS17]).
We refer to Section 4.4 for the proof of these theorems.
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Chapter 2

Sequential Algorithms for Testing
Identity and Closeness

2.1 Introduction

How to test if two discrete sources of randomness are similar or distinct? This basic and
ubiquitous question is surprisingly not closed if frugality matters, that is if one wants to
take the right decision using as few samples as possible.

To state the problem more precisely, one first needs to define what “distinct” means.
In this chapter, we endow the set of probability distributions on {1,...,n} with the
total variation distance TV, and we fix a tolerance parameter ¢ € [0,1]. We consider
two distributions D; and D,, and we assume that either D; = Dy or TV (D, D;) > e.
Whenever 0 < TV(D;,D;) < ¢, we do not expect any determined behaviour from our
test. Two cases occur:

e when the first distribution D is fixed and known to the algorithm (but not D,), we
say that we are testing identity using independent samples of D;

e when both distributions are unknown we are testing closeness, based on an equal
number of independent samples of both distributions.

We also need to specify what kind of “test” is considered. Here we treat the two
hypotheses symmetrically (there is no “null hypothesis”) : given a fixed risk 6 € (0, 1),
we expect our procedure to find the true one with probability 1 — §, whichever it is. We
call such a procedure J-correct.

Finally, we consider and compare two notions of “frugality”: in the batch setting,
the agent specifies in advance the number of samples needed for the test: it makes its
decision just after observing the data all at once, and the sample complexity of the test
is the smallest sample size of a —correct procedure. In the sequential setting, the agent
observes the samples one by one, and decides accordingly whether to make a decision or
request more samples before deciding . Then, the sample complexity of the test is the
smallest expected number of samples needed before a d-correct procedure takes a decision.
Note that this expected number depends on the unknown distributions D; and D5, which
turns out to be an important advantage of sequential procedures.

Contributions When n > 2 is a small constant integer, we show that the optimal
sample complexities can be precisely characterized (up to lower order terms in ¢ and §) in

35
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Model Lower bound Upper bound
?/4] -2 [n 2/4J -2
Batch 8 log(1/0)e i Ln /4ljog(1/5)€
—0O (nloglog(1/8)e2) +8 L (n+1)e2
, 2[4 Jog(1/8)e~2 olrfil é‘” log(1/6)e >
Sequential (77) _0(E?) +0 ((n + log(1/5)2/3)e2)
' 2T 1 0g(1/6)d 2 21/ 10g(1/6)d~?
Sequential (72) —O(d?) +0O ((n +log(1/6)2/%)d~2)

Table 2.1: Lower and upper bounds on sample complexity for uniformity testing in batch
and sequential setting with d = TV(D, U,). 71 (resp. T») represents the stopping time of
the sequential algorithm when D = U, (resp. TV(D,U,) > ¢). The O hides universal
constants.

’ Model \ Lower bound \ Upper bound ‘
Batch 41log(1/6)e™? — O(loglog(1/8)e™2) | 4log(1/d)e2 + O(ne?)
=)
Sequential (77) log(1/8)e™2 — O(e?) log(1/0)e

+O((n + log(1/6)%3)e=2)
log(1/6)d~*
+0O ((n + log(1/5)2/3)d_2)

Sequential (75) log(1/8)d=2 — O(d™?)

Table 2.2: Lower and upper bounds on the sample complexities for testing closeness in the
batch and sequential settings with d = TV (D;,Ds). 7y (resp. 7») represents the stopping
time of the sequential algorithm when D; = Dy (resp. TV(Dy,Dy) > ). The O hides
universal constants.

both the batch and sequential setting as shown in Table 2.1 and Table 2.2. This establishes
a provable advantage for sequential strategies over batch strategies when n < log(1/9):
sequential algorithms reduce the sample complexity by a factor of at least 4, and can stop
rapidly if the tested distributions are far (i.e., TV(D;, Dy) > €). The improvements of the
sequential algorithm are illustrated in Figure 2.1. The sequential algorithms use stopping
rules inspired by time uniform concentration inequalities. The problems of testing identity
and closeness for small n are studied in Section 2.3 and Section 2.4 respectively.

For general n > 2, we improve the dependence on ¢ to £ V TV(D;,Ds) in the best
batch algorithm due to [DGKPP20], which is known to be optimal up to multiplicative
constants. Namely we obtain a sequential closeness testing algorithm using a number of
samples given by

o (max<( n?3log3(1/6)  n'/2log"?(1/6) log(1/6) )) e

eV TV(Dl, DQ))ZL/S’ (5 V TV(Dl, DQ))27 (8 V TV(Dl, DQ))Q

A doubling search technique could also lead to the same order of sample complexity, we
explain this method and compare it with our proposed algorithm in Remark 2.6.1.

As a special case, when ¢ = 0 (the algorithm should not stop when D; = D, in this
case) we show that there is an algorithm that stops after

e loglog(1/d) n?3loglog(1/d)'/? n'/?loglog(1/d)'/?
o( ( )> (22)

2 ’ d4/3 ’ 2
samples where d = TV (D, D) > 0. This is an improvement over the sequential al-
gorithm of [DK17] which uses @("/ 198" Joglog(1/d)) samples. We design the stopping
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Testing closeness for = 10, € = 0.05 and § = 1071
20 ‘ ‘ ‘

T T T T T T T : ~ . ~
I Sequential 71 for TV(Dy,Ds) =0 7TV(PM7 ’EM) |
[ Sequential 7 for TV(Dy, D) = € e ——TV(Dt1,Dry)
151 [ Sequential 7> for TV (Dy, D2) = 2e § —o(t)
Lower bound on batch 7 % —e—¢(t)
-l Lower bound on batch 7 of [Dia+20] E /
=
2
B
5+ 2. -
—‘ UEJ -
0 ‘ ‘ ‘ ‘ ‘ ‘ : . ‘ . ‘ ‘
0.5 1 1.5 2 25 3 o 35 4 45 5 70.30 2000 4000 6000 8000 10000 12000
Sample complexity x10* Iterations

Figure 2.1: Left: histogram of the stopping times for 100 Monte-Carlo experiments.
Black: Dy = Dy = U,, blue (resp. magenta): D; = U, and Dy = {(1 &+ 2¢)/n} (resp.
{(1 £ 4¢e)/n}). Right: D; = Uy and Dy = {(1 £ 2¢)/2}. The sequential tester stops
as soon as the statistic enters the red region (for H;) or blue region (for Hs) whereas
the batch tester waits for the red and blue regions to cover the whole segment [0, 1].
The blue/red and black dashed lines represent respectively the stopping times of the
sequential and batch algorithms. The blue lower bound for batch algorithms is taken
from Proposition 2.4.1. We note that, in both cases, the sequential tester stops long
before the batch algorithm.

rules according to a time uniform concentration inequality deduced from McDiarmid’s
inequality, where we use the ideas of [HRMS18; HRMS20] in order to obtain powers of
loglog(1/d) instead of log(1/d).

We show that the sample complexity for the testing closeness problem given by Equa-
tion (2.1) is optimal up to multiplicative constants in the worst case setting (i.e., when
looking for a bound independent of the distributions D; and D,). To do so, we construct
two families of distributions whose cross TV distance is exactly d > ¢ and hard to dis-
tinguish unless we have a number of samples given by Equation (2.1). This latter lower
bound is based on properties of KL. divergence along with Wald’s Lemma. Using similar
techniques, we also establish upper and lower bounds for testing identity that match up
to multiplicative constants.

In addition, we establish a lower bound on the number of queries that matches Equa-
tion (2.2) up to multiplicative constants. The proof is inspired by [KK07] who proved
lower bounds for testing whether the mean of a sequence of i.i.d. Bernoulli variables
is smaller or larger than 1/2. We construct well-chosen distributions Dy, (for k integer)
that are at distance ¢ (g decreasing to 0) from uniform and then use properties of the
Kullback-Leibler’s divergence to show that no algorithm can distinguish between D, and
uniform using fewer samples than in Equation (2.2). Note that we could have used the
testing closeness lower bound described in the previous paragraph and let € = 0, however
this gives sub-optimal lower bounds.

Discussion of the setting and related work It is clearly impossible to test D; = D,
versus D; # D in finite time: this is why the slack parameter ¢ is introduced in this
setting. Other authors like [DK17] make a different choice: they fix no &, but only require
that the test decides for Dy # Dy as soon as it can, and never stops with high probability
when Dy = Ds.

We focus on the TV distance in testing closeness problems because it characterises the
probability of error for the problem of distributions discrimination ; as noted by [DKW18],
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using other distances such as KL and x? is in general impossible.

For an overview of testing discrete distributions we recommend the survey of [Can20).
Testing identity for the uniform distribution was solved by [Pan08], then for general distri-
bution by [VV17] and finally the high probability version by [DGPP17]. Likewise testing
closeness was solved by [CDVV14], and a distribution dependent complexity was found
by [DK16] and finally the high probability version by [DGKPP20]. Besides, the problem
of testing Dy = Dy vs Dy # Dy was solved by [DK17] for n = 2, however the constants
are not optimal. They also propose algorithms for the general case using black-box re-
duction from non-sequential hypothesis testers. Sequential and adaptive procedures have
also been explored in active hypothesis setting [NJ13], channels’ discrimination [Hay09]
and quantum hypothesis testing [LTT22; LHT22a]. Sequential strategies have been also
considered for testing continuous distributions by [ZZSE16] and [BR15]. In the latter,
the authors design sequential algorithms whose stopping time adapts to the unknown dif-
ficulty of the problem. The techniques used are time uniform concentration inequalities
which are surveyed by [HRMS20]. In contrast to the present work, however, they test
properties of the means of the distributions.

2.2 Preliminaries

We mostly follow [DK17] for the notation.

2.2.1 Testing identity

Given two distributions D (known) and D’ (unknown) on [n] := {1,...,n}, we want
to distinguish between two hypothesis Hy : D' = D and Hy : TV(D', D) > . We call a
stopping rule a function 7" : [n|* — {0, 1,2} such that if T'(z) # 0 then T'(xy) = T'(x) for all
strings z and y. T'(z) = 1 (resp. T'(z) = 2) means that the rule accepts H; (resp. Hz) after
seeing x while T'(xz) = 0 means the rule does not make a choice and continues sampling.
We define two different stopping times, the first 7 (7, D’) = inf{t,T(zy---z;) = 1} and
the second 7o(T,D") = inf{t, T(x1---x;) = 2} where zy,... are i.i.d. samples from D'.
We want to find stopping rules satisfying

1. P(r(T,D) <7 (T,D)) <6 and
2. P(r(T,D') < (T,D')) < § whenever TV(D',D) > e.

We call such a stopping rule d-correct. Our goal is to minimize the expected sample
complexity E(7 (7T, D)) in case of the input is from D and E(m(T,D’)) in case of the
input is from D’ such that TV (D', D) > ¢.

A batch algorithm is one for which 7 = 71 = 75 is a constant random variable which
only depends on 9,¢,n and D.

2.2.2 Testing closeness

Given two distributions D; and Dy on {1,...,n} we want to distinguish between two
hypothesis Hy : D; = Dy and Hy : TV(D;,Dy) > . We call a stopping rule a function
T : Upen[n]® x [n]¥ — {0,1,2} such that if T(z,y) # 0 then T(zz,yt) = T(z,y) for
all strings z,y, z,t with |z| = |y| and |z| = |[¢t|]. T(x,y) = 1 (resp. T(x,y) = 2) means
that the rule accepts H; (resp. Hs) after seeing the sequences = and y while T'(z,y) =0
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means the rule does not make a choice and continue sampling. We define two different
stopping times, the first 71 (7T, Dy, Dy) = inf{t, T(xy - x4, y1---y;) = 1} and the second
7o(T, D1, Dy) = inf{t, T(xy - x4, 91 y) = 2} where xq,... are i.i.d. samples from D,
and v, ... samples from D, . We want to find stopping rules satisfying

1. IP (TQ(T, Dl,Dg) S Tl(T, Dl,D2>) S 5 If Dl = DQ and
2. P (7'1<T, Dl,D2> < TQ(T, Dl,D2>> < 0 whenever TV(Dl,Dg) > €.

We call such stopping rules d-correct. Our goal is to minimize the expected sample
complexity E(m (T, Dy, Ds)) in case of the input is from Dy, Dy such that D; = Dy and
E(7o(T, D1, Dy)) in case of the input is from Dy, Dy such that TV (Dy, Dy) > e.

2.3 Testing identity for small n

In this section, we focus on small, constant values of n where n > 2 and we consider two
distributions, D = U, is the uniform distribution on [n] and D’ is an unknwon distribution
on [n]. In this case, the hypothesis H; becomes D’ = U,, and Hy becomes TV(D', U,,) > «.
We are interested in precisely comparing the sample complexity of testing identity in the
sequential versus the batch setting. In order to find the optimal constant, we first need to
obtain a sharp lower bound in the batch setting, which is done directly by using Stirling’s
approximation. We then turn to the sequential case.

2.3.1 Batch setting

In the batch setting, the number of steps 7 is fixed before the test. The tester samples
Ai,...,A; ~ D' and decides according to the comparison between the empirical TV
distance TV(D., U,) and £/2 where D, = {(2521 A; = z) /T}ie[n]' If TV(D.,U,) < ¢/2
it accepts H; and rejects it otherwise. In order to control the number of steps 7 so that

the error of this algorithm does not exceed §, Chernoff-Hoeffding’s inequality ([Hoe63])

writes for i.i.d. random variables Xi,..., X, ~ Bern(q):
P(M_q - E) < o-TKL@H/20) 4 IP<Z¢1 Xi < _E) < mKLa¢/20) |
T 2 T 2
(C-H)
We use the following property of TV distance:
TV(D,U,) = mas [D/(B) = |Bl/n| = D (Bupe) — [ Botl /1. (23)

BC[[n/2]]

and choose X; = 14,ep,,, ~ Bern(D'(B,p)).
Applying these inequalities for D’ = U,, (to control the type I error) and for D’ # U,
(to control the type IT error) prove that this test is §-correct if

log(2/4) log(2"+1/4)
T = max
beln] | KL(b/n+e/2,b/n+¢e) KL(b/n+¢e/2,b/n) ]’
where KL(p, q) = KL(Bern(p)|| Bern(q)) denotes the Kullback-Leibler divergence.
To see this, we analyze the three cases: D' = U,,, D'(Bopt) —|Bopt| /1 > € and D' (Bopt) —

|Bopt|/n < —e. They are all handled by a simple application of Chernoff-Hoeffding’s
inequality (C-H):

(2.4)
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e If D' = U,, the probability of error is given by

P (‘TV(T)',Un) > g) —P(3BCn: ‘15’(3) - |By/n( > g) (2.5)
< Z e*TKL(|B|/n+S/2,|B|/n) +e*‘rKL(17|B|/n+E/2,1f|B|/n)
B(ln/2)]
2.6)
<5, 2.7)

o If D'(B,pt) — | Bopt|/n > €, the probability of error is given by

P ([T, 0] < 2) <P (D(Bo) ~ Bl < ) (2.8)
< ¢~ 7KL Boptl /n+2/2.' (Bopt)) (2.9)
< o KU(Bopil/nte/2],Bopt] frte) (2.10)
<5 (2.11)

where we use the fact that the function z — KL(p, x) is increasing on (p, 1).

o If D'(B,yt) — |Bopt|/n < —¢, the probability of error is given by

P (‘TV(T)’, U] < %) <P (f)'(Bopt) — | Bol/n > —§> (2.12)
< ¢~ KL(|Boptl/n—2/2 D (Bope) (2.13)
< &~ KL(|Boptl/1—e/2|, Bops| /=) (2.14)
<94 (2.15)

where we use the fact that the function z — KL(p, x) is decreasing on (0, 1).
We show in the following theorem that this number of steps 7 is necessary.

Theorem 2.3.1. In the batch setting, any &-correct algorithm testing identity to D = U,
requires at least T samples, where

, log(1/4) log(1/6) nloglog1/d
T ?é?;ffmm{KL(b/n+e/2,b/n+e)’ KL(b/n+5/2,b/n)} - < 22 > '
(2.16)

This lower bound has the simple equivalent 8% log(1/8)e™2 — O (nloglog(1/§)e~?)
when ¢ — 0 (see Lemma 2.4.1 for the equivalent of KL divergence). To prove this
lower bound, we show that every d-correct tester can be transformed into a test which
depends only on the numbers of 1's,2's,...,n's occurred on {Ay,...,A;} . We then
consider the distribution D’ with roughly half parts are 1/n + ¢/|n/2| and the others
are 1/n —e/[n/2]and derive tight lower bounds on the probability mass function of the
multinomial distribution.

Proof. We consider such a d-correct test A : {1,...,n}” — {1,2}, it sees a word consisting
of 7 samples either from a distribution e-far from U,, or U,, and returns 1 if it thinks the
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the samples come from U,, and 2 otherwise. We construct another test B : {1,...,n}” —
{0,1} by the expression

B(z) =1 { > Alo(r) - 1> T!/z} : (2.17)

ceS,

The test B has the property of invariance under the action of the symmetric group.
Moreover, B is 26-correct. Indeed, if = represents 7 i.i.d. samples from U, then for all
o € &,, o(x) represents also 7 i.i.d. samples from U,, hence by Markov’s inequality:

P(B(z)=1)=P <Z Alo(z)) —1> 7!/2) (2.18)

ceS,

< % E (A(o(z)) — 1) (2.19)
T oe6,

< % P (A(o(z)) = 2) (2.20)
T 0e6,

< % 5 (2.21)
" 0e6,

— 2. (2.22)

Similarly, if x represents 7 i.i.d. samples from a distribution D that is e-far from U,,, then
for all 0 € &,, o(x) represents also 7 i.i.d. samples from D hence by Markov’s inequality:

P(B(z)=0)=P (Z Alo(z)) -1 < T!/2> (2.23)

UGGT

<2 S E@-Al() (2.24)

ceS,
2
< 2 P(A(() = 1) (2.25)
ceS,
2
<5 > o (2.26)
ceS,
= 26. (2.27)
Let d € [n] and suppose that 7 (% + &) and 7 (% - m> are integers. Consider the
word
w=1G*3) G g+ 1yGoma) | Grwss), (2.28)

we have two choices, either B(w) = 0 or B(w) = 1, we suppose the first and take ¢ the
distribution defined by ¢; = --- = ¢4 = % +Sand qgy1 = =@ = % — . It satisfies
TV(q,U,) =€ thus Py(z; - 2, =w) <d h

T 1 e\ /1 e 0
— 4+ = B ) 2.29
(71~~7'n) (n+d) (n n—d) - ( )
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Wherele"':Td:T(%—l-%) andrd+1:--~:Tn:T(%—ﬁ) thus
! 1 dri 1 (n—d)Tq41
(LS R <4, (2.30)
(mD)¥(rasa)4 \n  d n n—d

which implies by Stirling’s approximation

6(7’/@)7' e—dn log% (l . E) dr1 (l B c )(n—d)7d+1 oy

(eri(m1/e)™ ) eTgs1(Tgp/€)Tar1)nd n d n n-—d
(2.31)
after simplifying we obtain
€ —dr log L —(n—d)71441 log TdtL
e e a1 < ¢, 2.32
(e71)4(eTasr) - (2.82)
or
€ —TKL(d/n+e/2d/n+e) < §
e , 2.33
(e71)4(eTgsr)" B (2:33)
Finally
log(1/0) +1—n L
— O (nloglog(1/6 : 2.34
"2 Ki{djn r ez din e O (Mhosles1/0)e) (2:34)
If B(w) =1, we consider ¢ = U,, and we obtain with the same approach
log(1/6) 4+ 1 —
og(1/0) + oo (nloglog(1/8)e7?). (2.35)

"= KL(d/n + £/2,d/n)

These lower bounds work for all d € [n] therefore

T > max min
de(n]

{ log(1/4) log(1/6) } o (nloglog(l/é))
KL(d/n+¢/2,d/n)" KL(d/n+¢/2,d/n + ¢) g2 3 36)

O

This simple analysis relies on well-known arguments for testing Bernoulli variables
D; = Bern(p) and Dy = Bern(q). For example, [AB09] and [KKO07] test whether ¢ =
1/2+ ¢ or ¢ = 1/2 — ¢ with an error probability §. [AB09] show that we need roughly
log(1/8)e~2/4 samples while [KK07] prove that 2log(1/§)e~? samples are sufficient. If ¢
is not known to the tester, sequential algorithms prove to be essential. Indeed, [KKO07]
manage to prove that ©(loglog(1/]q — 1/2|)|q¢ — 1/2]|72) is necessary and sufficient to test
g > 1/2 vs ¢ < 1/2 with an error probability 1/3. In what follows, we use sequential
algorithms to expose the dependency on TV (D', U,,) for the testing identity problem.
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2.3.2 Sequential setting

If one wants to leverage the sequential setting to improve the optimal sample complexity
of testing identity, it is natural to first investigate how it can be improved by removing
the batch assumption of the previous lower-bound in Theorem 2.3.1. We first state a new
lower bound inspired by the work of [GK19].

Lemma 2.3.1. Let D = U, be the uniform distribution. Let T a stopping rule for testing
identity: D' = U, vs TV(D',U,) > e with an error probability 6. Let 71 and 1o the
associated stopping times. We have

log(1/30) . _
o ]E(Tl(T7 Un) Z minbe[n]{éL(b/n,b/nia)} Zf D = Un

o« B(n(T,D) > sommrmme oy o d=TV(D',Un) = D' (Bopt) — | Bopil/n| > €.

An average number of samples equivalent to ZMZ# log(1/38)e™2 (by Lemma 2.4.1) is
thus necessary when the tester can access sequentially to the samples, which is roughly 4
times less than the complexity obtained in Theorem 2.3.1 for the batch setting. The proof,
with a strong information-theoretic flavor, compares two situations: when the samples are
from equal distributions and when they are from e-far distributions. Those samples cannot
be distinguished until their size is large enough, as can be proved by combining properties
of Kullback-Leibler’s divergence and Wald’s lemma.

Proof. We apply the lower bounds of Section 2.7.1. If D = U, we set D, the distribution
whose first b parts are equal to 1/n + ¢/b and the others are equal to 1/n —¢/(n —b).

log(1/30)
E(P) = st TV (D", D) > e KL(D, D) (2.37)
log(1/36)
B minbe[n] KL(D, D;_) (2.38)
log(1/36) (2.39)

— minyep KL(b/n,b/n+¢/n)

Likewise we can prove for D, the distribution whose first b parts are equal to 1/n —¢c/b
and the others are equal to 1/n+¢/(n — b):

log(1/30)
E(n(P) = - v o) KL(D. D) (2.40)
log(1/30)
T Mingepy) KL(D, Db_) (241)
log(1/34)
~ mingep KL(b/n,b/n —e/n)’ (242)
Finally:
E(r (D)) > log(1/30) (2.43)

minyep, KL(b/n,b/n + ¢/n)
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q=p=0.5,e=0.1and § =0.1 p=0.5,¢g=06,¢=0.1,0=0.1
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Figure 2.2: Testing identity for Bernoulli (n = 2). Left: ¢ = p = 0.5 and ¢ = 0.1. Right:
p = 0.5, ¢ =0.6 and € = 0.1. The sequential tester stops as soon as S; enters the red
region (for Hy) or blue region (for Hy) whereas the batch tester waits for the red and blue
regions to cover the whole segment [0, 1]. The green and magenta dashed lines represent
respectively the stopping time of the sequential and batch algorithms. We note that, in
both cases, the sequential tester stops long before the batch algorithm.

Now, in order to prove a lower bound on 7, we focus on distributions that are e-far from
U, and have the same length of B,.

log(1/30)
su E(mn(D)) > su —_— 2.44
D:TV(D,UH):dfsJBopt(D): (D)) DTV(D,Uy )= dfs Bope (D)= KL(D, Uy) (2:44)
log(1/39) . (2.45)
KL(b/n £¢e/n,b/n)
L]

In the sequential testing, the tester chooses when to stop according to the previous
observations (A, ..., A;), making comparisons at each step t. The key explanation of
the sequential speedup is that the tester can stop as soon as it is sure that it can accept
one of the hypothesis H; or Hy. On the contrary, in the batch setting it had to sample
enough observation to be simultaneously sure that either H; or Hy hold. In this aim, at
each time step, after sampling a new observation X;, it compares the updated empirical
TV distance S; = maxgc(jna)) |D'«(B) — |B|/n| to specific thresholds and sees if (a) S;
is sufficiently far from 0 to surely accept Hs, (b) S; is sufficiently close to ¢ to surely
accept Hi, (c) it is unsure and needs further sample to take a sound decision. This test is
formally described in Algorithm 1 and its execution is illustrated in Figure 2.2 for n = 2.

To control the sample complexity of such sequential algorithms, we need here Chernoft-
Hoeffding’s inequality (C-H) and the union bound:

P(HBC[Ln/QJ],HtZl:M>D’( )+¢5D’ ) (2.46)
g (2.47)

Bc[[n/2]];t=1 BC[ln/2]],t>1
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Algorithm 1 Distinguish between D’ = U,, and TV(D’,U,,) > ¢ with high probability

Require: A;,... samples from D’

Ensure: Accept if D' = U,, and Reject if TV(D',U,,) > e with probability of error less
than ¢
t=1,W=1
while W =1 do

D= (e ta) /1)

i€[n]
if VHVB CO[M/?J] D'«(B) — |B|/n| > max{¢(9, |B|/n,t),¢(6,1 — |B|/n,t)} then
return 2

else if VB C [|n/2]] : (D'«(B) — |B|/n)* < ¢ — ¢(6,|B|/n + ¢,t) and (|B|/n —
D'(B))t < e — ¢(6,|B|/n — ¢,t) then
W =20
return 1
else
t=t+1
end if
end while

and

t

P (aB cln/2)],3t>1: w < D'(B) - ¢(5,1— D’(B),t)) (2.48)

/ / 0 0
< } : —tKL(D'(B)-¢,D'(B)) _ } : - _Z 9 49
- ‘ 201t 4+1) 27 (249)
BC([|n/2]],t>1 BC|[n/2]];t=1

where ¢(0,p,t) is the real function' implicitly defined as the solution of the equation
KL(p + ¢(4, p,t),p) = log (M) /t. The function ¢ is a key ingredient in designing

the stopping rules of Algorithm 1 since it enables to directly bound its sample complexity
in terms of the expression of the Kullback-Leibler’s divergence. The stopping time of
Algorithm 1 is 7 = min{7, 72} where 7, and 7» are defined as follows:

m =inf {t > 1:VYB C [|n/2]] (D«(B) — |B|/n)* <~ 6(8,|B|/n+e,t), (2.50)
(IB|/n—Di(B))* <e—¢(5,|B|/n—e,t)} (2.51)
7 = inf {t > 1:3B C [|n/2]] |Di(B) — |B|/n| > max{e(s,|B|/n,t), (5,1 — IB\/n,(tQ)g)-

Note that the stopping time of the algorithm is random. Yet, we can show that this algo-
rithm stops always before the batch one and give an upper bound on the expected stopping
time 7 (or expected sample complexity) using the inequality E(7) < N+ ",.  P(7 > 1),
where N is chosen so that P(7 > t) is (exponentially) small for ¢ > N. In the following
theorem, we state an upper bound on the estimated sample complexity of this algorithm.

Theorem 2.3.2. The Algorithm 1 is d-correct and its stopping times can be bounded in

n—1
!This function is well defined whenever log (2%(”10 < tlog(1/p) and can easily be approximated
as a zero of a one-dimensional convex function
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expectation for n < log2/3(1/5) as follows:

log (2" /§) log (271 /§)2/3
E(r(Uy)) < ity (KL(/n, b/ £ 2} +0 (T) , and (2.53)
, log(2"=1/§) 10g(2”_1/5)2/3
Er(D)) < KL Bogl /n = 4, [Bogl /)]~ © ( 7 ) (254)

if d="TV(D,U,) = [D(Boy) — | Bupil | > = .

These upper bounds are tight in the sense that they match the asymptotic lower
bounds of Lemma 2.3.1 if n < log(1/6). We see here the many advantages of the sequential
setting as shown in Figure 2.2: (a) the sequential algorithm stops always before the
non-sequential algorithm since after the batch complexity the region of decisions of the
sequential algorithm intersect, (b) the estimated sample complexity is 4 times less than
the optimal complexity in the non sequential setting, (c¢) the sample complexity can be
very small if the probability mass is concentrated on a small set i.e. |B,,| < n and (d)
the sample complexity in the sequential setting depends on the unknown distribution D’
through the distance TV (D', U,). Note that this cannot be the case in the batch setting
as the number of sample should be fixed beforehand. This attribute makes a considerable
difference when D’ is very different from U,. Nevertheless, the above lower bounds and
upper bounds do not match exactly, the dependence on n cannot be avoided if n is of the
order (or larger) of log(1/0). For this reason, we try in Section 2.5 to somehow truncate
our algorithm in a way to get the best sample complexity in every regime. In the previous
results the choice of D = U, is not crucial, we can easily generalize them by replacing
|Bopt|/n by D(Bopt)'

Proof. We first prove the correctness of Algorithm 1, i.e., that it has an error probability
less than §. Let us recall the useful concentration inequalities which can be simply proven
using Chernoff-Hoeffding’s inequalities and union bounds.

Lemma 2.3.2. If Ay,..., Ay are i.i.d. random wvariables with the law D', we have the
following inequalities:

o>

P (33 C[|n/2]],3t > 1: M > D'(B) + (5, D’(B),t)> <, (2.55)

t

P (33 c [|n/2)],3t > 1: w < D(B)— (5,1 — D’(B),t)) <2, (2.56)

N >

Using this lemma we can conclude:

e If D' = U,, the probability of error is given by

P(o<m) <P (Elt >1: max ]ﬁ’t(B) — |B|/n| > max{¢(9, |B|/n,t), (6,1 — |B|/n,t)}

Bc[[n/2]]
(2.57)

<P <3t > 1,3B C [[n/2]] : D'«(B) — |B|/n > (5, |B|/n,t)> (2.58)
4P (Ht >1,3B  [|[n/2]] : D'(B) — |B|/n < —6(5,1 — ]B\/n,t))

(2.59)

<4 (2.60)

)
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o If D'(B,p) — | Bopt|/n > €, the probability of error is given by

P(r <m) <P (Elt > 1: Di(Bopt) — | Bope| /11 < € — 68,1 — | Bope| — 5,15)) (2.61)

< Z —tKL(1- ‘Bom|/” e+¢(3,1— |Boz7t‘/n &,t),1 D(Bom)) (262)
t>1

< Z et KL(|Bopt|/nte—¢(8,1~| Bopt|/n—et),| Bopt| /n+e) (2.63)
t>1

<y (2.64)
= 2t(t+ 1)

where we use the fact that z — KL(p,p — ) is increasing on (0, p).

o If D'(B,p) — |Bopt|/n < —¢, the probability of error is given by

P (r <) gIP(th 1: DY(Bop) — |Boel/n > — + 6(5,1 — |Bopt|/n—5,t)>

2.65)
< 37 e KLUBopl /=4 (0 Bl /=20, (Bep) (2.66)
t>1
< 37 et KLBotl/n=et 93| Boel /=) Bopel ) (2.67)
t>1
B PP (2.68)
T2+ 1) T

where we use the fact that 2 — KL(p, x) is decreasing on (0, p).

This conclude the proof of the correctness of Algorithm 1.

Let us prove the upper bounds on the expected stopping times of Algorithm 1. We
first prove the asymptotic bounds, then provide the proof for the non-asymptotic bounds.
The proofs rely on the following well-known lemma:

Lemma 2.3.3. Let T be a random variable taking values in N*, we have for all N € N*

E(T)<N+> P(T>t). (2.69)

t>N

Proof. Since the random variable T' takes values in N*, we have:

E(T)=> P(T>t)= 1]P(T2t)—|—Z]P(T2t) (2.70)
<J\;+Z]P(T>t) 7 (2.71)

Recall that ¢ is defined by the relation KL(p + ¢(6,p,t),p) = 1og( *lg@ﬂ)) /t.

Pinsker’s inequality ([RWO09]) implies 0 < ¢(d,p,t) < \/ 5 log 2n it Hl)), hence
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lim; 0 ¢(0, p, t) = 0 and ¢(d, p,t) exhibits the following asymptotic behavior:

Sopt) ~ \/M g (21410) 212)

t—o00 t

since KL(p+x, p) ~, ﬁim. Fix a parameter 0 < a < 1, and let N the minimum positive
x>
integer such that for all integers ¢t > N, maxye,/9{¢(d,b/n—e,t), $(5,1=b/n—e,t)} < ae.

The existence of N is guaranteed since lim; o, ¢(d, p,t) = 0. We have

brr%a;;] {gb(d, b/n—e,N),¢(5,1 —b/n — ¢, N)} < ae, (2.73)
cn
bn%a/x] {6(6,b/n—e,N —1),6(0,1 —b/n—e,N—1)} > ae. (2.74)
cn/2
Hence,
o (22020
i KL(b/n — b/n—e¢e),KL(1 —-b/n— 1—-b/n— <
bg{lﬁ}l?]{ (b/n—e+ae,b/n—¢e), KL( /n — e+ ag, /n—e)} < N1
(2.75)
Thus lims_g N = +00 and from Lemma 2.4.2 we can deduce
el log(2n1/5)
- log(2"=1/6) + 4 log (minbe[n /2]{KL(b/n—e+a5,b§n—a),KL(l—b/n—a—i—oza,l—b/n—e)}) L
~ mingep o {KL(b/n — e+ ag,b/n —¢),KL(1 —b/n —e + ae,1 —b/n — )} '
(2.76)
Finally,
li < !
im su '
50 P log(1/6) ~ mingepny) { KL(b/n — & + ag,b/n — ), KL(1 —b/n — e+ ae,1 —b/n—¢)}
(2.77)

Likewise, for ¢ = D'(B,p) and p = |B,y| such that |¢ — p| > ¢, we can define N, the
minimum positive integer such that for all ¢ > N,:

max {¢(5apa t)a ¢(57 1 - D t)} < a|q _p‘ : (278)

With the same analysis before, we can prove that

- log(2"1 /5)
- log(2"™1/0) + 4log (min{KL<p+a|q—pO§;>,KL(l—p+a\q—p\,1—p>})
7 min{KL(p+alq—p|,p), KL(1 —p+alg—p[,1 —p)}

+1. (2.79)

Finally,

(2.80)

1
lim sup 4 < — .
50 log(1/6) = min{KL(p + alg — pl,p), KL(1 = p+alg —p|,1 —p)}

Then we use Lemma 2.3.3 and make a case study on D"
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e If D' = U,, the estimated stopping time can be bounded as

E(ri(U,)) < N + ZIP(Tl(Un) > t) (2.81)
<N+ > PEBC[n/2]]: Dy(B) > |Bl/n+e—¢or Dy(B) < |B|/n—c+¢)
s>N-1 (28

<N+ Z P(D}(B) > |B|/n +¢ — ac or D)(B) < |B|/n — ¢ + ac)
BC][|n/2]],s>N-1

(2.83)
<N+ > P(DyB) - |Bl/n| > (1-a)e) (2.84)
BC][|n/2]],s>N-1
<N+ > e (e (2.85)
BcC][|n/2]],s>N-1
2n/2+1e—2(N—1)((1—a)5)2 2n/2+26—2(N—1)((1—a)5)2
s N+ 1 — e—2((1-a)e)? SN+ (1 — «a)2e? ’ (2.86)

where we Chernoff-Hoeffding’s inequality and the inequality 1 — e™® > z/2 for
0 <z <1 in the last line.

o If ¢ :=D'(Byyt) > |Bopt|/n+e€ =: p+e¢, the estimated stopping time can be bounded
as

E(r2) < Ny + Y P(no(D') > 1) (2.87)
>N
< N + Z OPt p| S max{gb(é,p, t)7 ¢(57 - D, t)}) (288>
s>N—1
< N + Z opt < p + max{¢(5 b, )7 ¢<57 - b, t)}) (289)
s>N—1
< N, + Z Bopt) < p+ a(q—p)) (by definition of N,)  (2.90)
s>N—1
<N+ Y P(DU(Bop) <q—(1—0a)(g—p)) (2.91)
s>N—1
< N, + Z ¢~ 2((1=0)a=P)* (Chernoff-Hoeffding’s inequality) (2.92)
s>N—1
o—2(N=1)((1=a)(g—p))*
[ ([ PRr)E (2.93)
1
<N, + (2.94)

(1 —a)*(qg—p)?

o If ¢ :=D'(B,y) < |Bypt|/n—e =: p—e, the estimated stopping time can be bounded
P P
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as
E(ry(D')) < Ny + Y P(n(D') > 1) (2.95)

t>N

SN+ Y P(DU(Bop) — pl < max{e(5,p,t),6(0,1 - p,t)})  (2.96)
s>N—1

<N+ Y P(DU(Bop) > p—max{¢(5,p,t),¢(5,1 —p.t)})  (2.97)
s>N—1

< Ny + Z P(D.(Boy) > p — alp — q)) (by definition of N,) (2.98)
s>N—1

<Ng+ > P(Di(Bop) = g+ (1—a)(p—q)) (2.99)
s>N—-1

<N, + Z ¢ 2((1=0)@=)* (Chernoff-Hoeffding’s inequality) (2.100)
s>N—-1
e~ 2(N-1)((1-a)(a-p))*

< Ny + |~ o 2ol )2 (2.101)

1
<N, + (2.102)

(1 —a)*(q—p)?

Dividing by log(1/4), taking the limits § — 0 then @ — 1 permit to deduce the asymptotic
bounds. By choosing o = (1 + log(2"~/6)~/3)~1, we conclude for n < log??(1/4):

log(2"~ /) log(2'~1 /5
E(r(Uy)) < ity (KL(b/n, b/ £ 2} +0 ( = > , and (2.103)
) log(2"~1/4) log(2n1/6)2/3
) < S O (e ) e
it d=TV(D',U,) = |D(Bop) — |Bopil /11| > ¢ . O

2.4 Testing closeness for small n

In this section, n > 2 is still small and we consider this time two unknown distributions
D, and D, on [n]. We are testing two hypothesis Hy: D; = Dy and Hy: TV(Dy,Ds) >
e. Similar to the previous section, we are interested in precisely comparing the sample
complexity of testing closeness in the sequential versus the batch setting. In order to find
the optimal constant, we first need to obtain a sharp lower bound in the batch setting,
which is done directly by using Stirling’s approximation. We then turn to the sequential
case.

2.4.1 Batch setting

In the batch setting, the number of steps 7 is fixed before the test. The tester samples
Aq,...,A; ~ Dy and By, ..., B; ~ Dy then decides according to the comparison between

the empirical TV distance TV (Ds,, D,,) and £/2 where Dy, = {(23:1 lAj:,-) /T}

i€[n]

and D,, = {(Z;l 1Bj:i> /T} " are the empirical distributions. If TV(D;,, Dy,) <
1€[n
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£/2, it accepts H; and rejects it otherwise. In order to control the number of steps 7 so
that the error of this algorithm does not exceed 0, McDiarmid’s inequality ((HMRAR13])

. 4loe(21n/2]
writes for 7 = Og(e—g/é)

]P(HB C [[n/2]]: |Dy+(B) — Dy(B) — Ds.(B) +DQ(B)‘ > g) < ¥ ey
BC([n/2)]
(M)

Using the concentration inequality (M) for D; = Dy (to control the type I error) and for
D; # D (to control the type II error) we prove that this test is d-correct. We show in
the following theorem that this number of steps 7 is necessary.

Proposition 2.4.1. In the batch setting, the algorithm consisting of accepting H, when
~ ~ n/2
TV(D;.,Ds,) < /2 and rejecting it otherwise is 0-correct for T = w.

Moreover, any d-correct algorithm testing closeness requires at least T samples, where

log(1/26) log(1/26) } 0 <loglog(1/5)>
SKL(1/2 —¢/4,1/2 —2/2) 2KL(1/2 + £/4,1/2) 2 '

TZmin{

(2.105)

For this proof, we show that every d-correct tester can be transformed into a test
which depends only on the numbers of 1's,2's,...,n’s occurred on {A;,..., A} and
{Bi,...,B;}. We then consider the distributions Do = {1/2,1/2,0,...,0} or Dy, =
{1/2+¢/2,1/2F¢/2,0,...,0} depending on the outcome of the algorithm when it sees
two words of samples having respectively 7(1/2 —¢/4) and 7(1/2 4 £/4) ones (the rest of
samples are equal to 2) and derive tight lower bounds on the probability mass function
of the multinomial distribution.

Proof. We consider distributions supported only on {1, 2}, this is possible since we want
that our algorithm would work for all distributions. We consider such a §-correct test
A:{1,2}7 x{1,2}7 — {1,2}, it sees two words consisting of 7 samples either from equal
distributions or e-far ones and returns 1 if it thinks they are equal and 2 otherwise. We
construct another test B : {1,2}7 x {1,2}” — {0, 1} by the expression

B(z,y) =1 { > A(o(2),ply) —1 > (71)2/2} 7 (2.106)

B can be proven to be 20-correct and have the property of invariance under the action
of the symmetric group. This leads to an algorithm C : {0,...,7}? — {0,1} which is 2§
correct and satisfies

C(i,5) = Bz, y;) (2.107)

where zp = 1...12...2 with k ones. We consider i = [7(1/2—¢/4)] and j = [7(1/2+¢/4)].
We denote by N;(z) the number of ¢ in a word z of length 7 for i =1, 2.

o If C(i,j) = 0, let = (resp. y) a word of length 7 constituted of i.i.d samples
from {1/2 —¢/2,1/2 4+ ¢/2,0,...,0} (vesp. {1/2+¢/2,1/2 —¢/2,0,...,0}), then
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Pijo—c/2.1/24e/2(N1(x) = 4, Ni(y) = j) < 20 hence with Stirling’s approximation
([Leu85] )

-2
6_677'KL(i/T,l/Q*E/Q)efTKL(l*j/T,l/Q*E/Q) <95 (2.108)
27T -

Thus

2r KL(1/2+ /4 — 1/7,1/2 +/2) > 7(KL(i/7,1/2 — £/2) + KL(j/7,1/2 — £/2))
(2.109)

> log(1/26) — 2 — log(2m) —log(7) . (2.110)

On the other hand, we have the following properties of the KL divergence:

Lemma 2.4.1 (Lemmas for KL-divergence). Let ¢ > p two numbers in [0,1]. Then

N2
- 2(p—q)* <KL(p,q) < P2,

2

~ KL(p,q) ~ 222

— Y
g—p 20(1—q)

q u 1
— KL(gq,p) = fp du fp dv gy

Sketch of the proof. The LHS of the first inequality is Pinsker’s inequality, the RHS

can be proven using the inequality log(1 + z) < z, the second equivalence can be

found by developing the log function and the third equality is proven by computing
the integral. O

Hence using Lemma 2.4.1, we have for 7 > 2/e:

27 KL(1/2+¢/4,1/2 + £/2) (2.111)
> 9r(KL(1/2+¢/4 — 1/7,1/2 + £/2) — KL(1/2 + £/4,1/2 + £/2))  (2.112)
+1log(1/26) — 2 — log(27) — log(7) (2.113)
> =27 /1/12/42:;::/7 du /ul/2+a/2 dvﬁ + log(1/20) (2.114)
— 2 —log(2m) — log(T) (2.115)
> —2(e/4+1/7) sup + log(1/20) (2.116)
[1/24e/d—1/7,1/24e/2] V(1 — )
— 2 —log(2m) — log(T) (2.117)
> —2¢  sup _ + log(1/29) — 2 — log(27) — log(7) . (2.118)

1/2,1/2+¢ v(1 —v)

When we deal with inequalities involving 7 and log7 (or loglog7) and want to
deduce inequalities only on 7, the following lemma proves to be useful.

Lemma 2.4.2. Lett,a > 1 and b real numbers. We have the following implications:
—Ifb>a+1:

t > b+ 2alog(b) =t > b+ alog(t), (2.119)
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CIfb>1:
t>b—alog(t)=1t>b—alog(b), (2.120)
— Ifb>2a:
t > b+ 2alog(log(b) +1) =t > b+ alog(log(t) +1) . (2.121)

Proof. We prove only the first statement, the others being similar. Let f(t) =
t — b — alog(t), we have f'(t) = 1 — a/t thus f is increasing on (a,+o00). Let
t > b+ 2alog(b) > a,

f(t) > f(b+ 2alog(b)) = b+ 2alog(b) — b — alog(b+ 2alog(h)) (2.122)
= alog(b) — alog(1l + 2alog(b)/b)) (2.123)
> alog(1l + a) — alog(1 + 2ab/eb) because log(b) < b/e
(2.124)
>0. (2.125)
[

Then Lemma 2.4.2 implies:

log(1/28) — 2e supjy /9.1 /244] —v(ll_v) — 2 —log(2)
> (2.126)
2KL(1/24+¢/4,1/2 +¢/2)

1 —2esup[1/2,1/2+4¢] ﬁ+log(1/25)—2—log(2w)
0g 2KL(1/2+c/4,1/21¢/2)

- AKL(1/2 + 2/4,1/2 1 £/2) (2.127)

log(1/2) log log(1/4)
2 QKL(1/2 +¢/4,1/2 +£/2) o (KL(l/Q o412 +€/2)) . (2.128)

Finally we get the asymptotic lower bound:

. 1
. - , 12
lim inf log(1/8) = 2KL(1/2 — £/4,1/2 — £/2) (2129)

o If C(i,7) = 1, let z and y two words of length 7 constituted of i.i.d samples from
{1/2,1/2,0,...,0}, then Py/21/2(Ni(z) = i, N1(y) = j) < 26 hence with Stirling’s
approximation

& TRL(/71/2) ,~TKL(—j/71/2) < 95 (2.130)
2nT B

Using the same lemmas as before, we get the following lower bound

log(1/26) B log log(1/9) (2.131)
"= 9KL(1/2 + £/4,1/2) KL(1/2+¢/4,1/2) ) ‘
Finally we get the asymptotic lower bound:
1
liminf —— > (2.132)

50 log(1/8) = 2KL(1/2 +£/4,1/2) °
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2.4.2 Sequential setting

Inspired by testing identity for small alphabets results in Section 2.3, we would like to
achieve an improvement of factor 4 in sample complexity for sequential strategies over
batch ones for testing closeness problem. For this end, we start by stating a lower bound
on the expected stopping times of a sequential algorithm for testing closeness.

Lemma 2.4.3. Let T be a stopping rule for testing closeness: Dy = Dy vs TV(Dy1,Ds) > &
with an error probability 6. Let 7y and 1o the associated stopping times. We have

sup E(ny (D, D)) > log(1/30) log(1/30)

2 RL(/2.1/2+2/2) + KL(/21/2—2/2) <0 ez

(2.133)
log(1/39) log(1/39) .
TV(EBEQ):(IE(TQ(D“DQ)) Z RLAZ+dj212) + KL 2 —d21)2) a0 @ J37¢
(2.134)

An average number of samples equivalent to log(1/30)(e vV TV(Dy,Dy))™2 (see

Lemma 2.4.1) is thus necessary when the tester can access sequentially to the samples,
which is roughly 4 times less than the complexity obtained in the batch setting.

Proof. The proof of this Lemma follows from Lemma 2.7.2 by choosing for the first point
D, =D, =1{1/2,1/2,0,...,0} and D} , = {1/2+¢/2,1/25F¢/2,0,...,0}. For the second
point, we use D = {1/2,1/2,0,...,0} and Dy = {1/2+d/2,1/2F d/2,0,...,0}. O

In the sequential testing, the tester chooses when to stop according to the previous
observations ((A1, By), ..., (A, By)), making comparisons at each step t. The tester can
stop as soon as it is sure that it can accept one of the hypothesis H; or Hy. On the
contrary, in the batch setting it had to sample enough observation to be simultaneously
sure that either H; or Hs hold. In this aim, at each time step, after sampling a new
observation (A, By), it compares the updated empirical TV distance S; = TV (Dy,, Do)
to specific thresholds and sees if (a) S; is sufficiently far from 0 to surely accept Ha, (b)
S; is sufficiently close to € to surely accept Hy, (c) it is unsure and needs further samples
to take a sound decision. This test is formally described in Algorithm 2 and its execution
is illustrated in Figure 2.1 for n = 2.

To show the correctness of such sequential algorithms, Chernoff-Hoeffding’s inequality
does not work since we have two unknwon distributions. It turns out that McDiarmid’s
inequality (M) is best suited in this situation:

P (375 >1,3B ¢ [n/2] : \15M<B) ~Dy(B) — Day(B) + DQ(B)) > cpt) <5, (2.135)

where ®; denote the constant ®;, = \/ log (%) /t. On the other hand, to control

the sample complexity, we prove upper bounds on the expected stopping times:
71 = inf {t >1:TV (151775,1520 <e-— @t} , and 7 = inf {t >1:TV (751,75,7520 > CIDt} )
(2.136)

It is clear that the stopping time of the algorithm is random. Yet, we can show that this
algorithm stops before the non sequential one and give an upper bound on the expected
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Algorithm 2 Distinguish between D; = Dy and TV (D;, Ds) > € with high probability

Require: Aj,... samples from D; and By, ... samples from Dy

Ensure: Accept if D; = Dy and Reject if TV(Dy,Dy) > e with probability of error less
than ¢
t=1,W=1
while W =1 do

Dri= {(Zéﬂ 1Aﬂ':i> /t}ie[n}’ Dy = {<E§':1 1Bj:i> /t}ie[nl

log (10051
t

if TV (ﬁl,t,f)u) > then

return 2
. - ~ 1og(42”*1§(t+1>)

else if TV (DM,DQO <e—-\/——— then
W =0
return 1

else
t=t+1

end if

end while

stopping time 7 (or expected sample complexity). In the following theorem, we state an
upper bound on the estimated sample complexity of this algorithm.

Theorem 2.4.1. The Algorithm 2 is d-correct and its stopping times verify for n <
O(log(1/8)'/%):

1 on+1 1 on+1 2/3
E(r (D, D)) < M +O (M) ifDy =Dy =D and  (2.137)

E(72(D1, D)) < % +0 (%) if TV(Dy, D) >e.  (2.138)

These upper bounds are tight in the sense that they match the asymptotic lower
bounds of Lemma 2.4.3 if n < log(1/). The advantages of sequential strategies over
batch ones for the testing closeness problem are the same as those for the testing identity
problem.

Proof. We should prove that the Algorithm 2 has an error probability less than 6. We
use the following lemma which can be proven using McDiarmid’s inequality and union
bounds.

Lemma 2.4.4. If {Ay,..., A} (resp {Bx1,..., B} ) i.i.d. with the law Dy (resp Ds), we
have the following inequality

IP(EIt >1,3B C [n/2] : |D14(B) — Di(B) — Dyy(B) +'D2(B)’ > \/log (W) /t) <.

Using this lemma we can conclude:



56 CHAPTER 2. TESTING CLASSICAL DISTRIBUTIONS

e If D; = D,, the probability of error is given by

- - n—1
IP(T2 < 7'1) < P <E|t > 1: TV <D1¢,D2’t> > \/lOg <w> /t) < 0.

o If TV(Dy, D) = |D1(Bopt) — D2(Bopt)| > €, the probability of error is given by

~ ~ n—1
P(r<m) <P <3t >1:TV (DM,DQ,IE) <o \/10g (2 tgt - 1)) /t>

(2.139)
<P <E|t >1: )ﬁl,t(Bopt) - ﬁz,t(Bopt))’ <ée- \/log (W) /t> (2.140)
<P <3t > 1 ‘@l’t(Bopt) — Dy (Byy) — Doy(Bop) + DQ(Bopt))‘ (2.141)

> Dy (Bys) — DaBuy)| — < + \/ g (215 /t) (2.14)

- ) on—1¢(t + 1
S IP (Elt Z ]. . ‘Dl,t(BOpt) — Dl(Bopt) — DQ,t(BOpt) + DQ(BOpt))‘ > \/log (%
(2.143)
<5, (2.144)

These computations prove the correctness of Algorithm 2. It remains to study the com-
plexity of Algorithm 2. To this aim, we make a case study and use Lemma 2.3.3 to upper
bound the stopping rules.

Let us take a € (0, 1),

o If D, = Dy, we take N = [M] +1and @ € (0,1)% so that

(ag)?

2o (loglog(2741/5) ~log((ac))
o o (e ).

2for fixed a we take J small enough to have & < 1.

)/
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The estimated stopping time can be bounded as

E(r1(D1,D2)) < N + Y _P(r1(D1,Dy) > 3) (2.145)
s>N
L 21t (t + 1
<N+ Y P (TV (D1 Das) > - \/log (*) /t>
t>N-—1
(2.146)
<N+ Y P <TV (f)u,ﬁu) Se— da) (2.147)
t>N—-1
<N+ Y P <TV (ﬁl,t,ﬁu) >(1- d)s) (2.148)
t>N—-1
(a) i
SN+ Y anetiae (2.149)
t>N—1
2n/2€—(N—1)((1—d)5)2
<N+ (2.150)

- 1 — e~ ((1=&)e)?

where in (a) we used McDiarmid’s inequality. Using the inequality (1 — e ® >
z/2 for 0 < x < 1) we deduce:

91/2—(N-1)((1-&)e)?

E(ri(Dy,D2)) < N + 1 — o—((1—a)2)2 (2.151)
log<2n+1/5) 2”/26—(]\7—1)((1_5‘)5)2
_ | 2.152
< =G (EGEIER (2.152)
1 2n+1 1 2n+1 2/3 1 2n+1 2/3
Lo 7/8) | log@ /5P, (M) (2.153)
€ € €
n+1 n+1 2/3
. 1og(22 /6) +O<log(2 2/5> > | (2.154)
I 9

for a = (1 + log(2"1/86)7/3)72 so that 1 — & > C'log(2"*'/6)~'/3 and we suppose
here that n < 2C?log(2"'/6)'/3.

o It d = TV(D),Ds) = |Dy(Bop) — Da(Bop)| > €, we take N = [%] 1. We

take & € (0,1) so that a* = o (loglog(i;(;/ni)l_/lgf"((ad)Q) + 1). The estimated stopping
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time can be bounded as

E(72(D1,D2)) < N + Y P(r2(D1,Dy) > s) (2.155)
<N+ t§1]P TV (151,t,152,t> < \/log <w> /t> (2.156)
<N+ t;N:_l]P TV (2517t,152,t> < \/log (%) /t> (2.157)
<N+ t§1]P D1(Bow) = Do Bo))| < \/log <w> /t) (2.158)
<N+ Y P ( D1u(Bopr) = D1 (Bapt) = Do Bos) + DQ(BOpt))] (2.159)

> |D1(Bopt) — Da(Bopt)| — \/105-’5 (W) /t> (2.160)

<N+ Y P ( ‘751,t(30pt) — D1(Bopt) — Das(Bopt) + Dz(Bopt))‘ >(1- a)a)

t>N-1

(2.161)
—(N-)((1-8)a)?
—t((1-&)d)> €

SN+ ) e <N+ e (2.162)

t>N-1

log(27+1/§) 2 log(2m+1/§) log(2"+1/6)%/3

< 1 <=4+ 0(———— 2.163
ST Ta-ape ST e 7 P » (2.163)

where we choose o = (1+log(2"*1/6)~1/3)=2 and we use the inequality 1—e™* > 1/2
for 0 < x < 1 in the last line.

Finally, we can deduce the limit when D; = D:

' ' log(2”+1/5) log(2"+1/5)2/3
1 — =<1 — ==
B TIos1/5) = AT Tos(/2 7\ Toa(170)e2

and when d = TV(D;,Dy) > ¢:

. E(12(D1,Ds)) _ .. log(2"+1/6) log(2+1/5)%/3 1

1 — = <1 — 4+ | —=—— | < = 2.165

Yol log(1/8)  ~ s log(1/0)d? o1 ) =@ 10
This concludes the proof of the complexity of Algorithm 2. O]

After dealing with small alphabets and understanding well the differences between
sequential and batch strategies for testing identity/sequential problems, one could ask
whether sequential strategies have different behaviour for general alphabets when n is
greater than log(1/d). In the following, we try to transform batch algorithms to sequential
ones in order to adapt to the actual TV distance.
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2.5 Uniformity testing-the general case

[DGPP17] propose an algorithm for uniformity testing in the general case. The advantage
of their algorithm is that it has the tight sample complexity (in batch setting) depending
not only on n but also on the error probability §. We capture the main ingredient of this
article as a lemma:

Lemma 2.5.1. Let D a distribution on [n] such that d = TV(D,U,) > . There is a
universal constant C such that for all t > 1:

. d*t? t
E(TV(D1,Uy)) > p(Uy) + C'min (F, dQ\/;, d) , (2.166)

where u(U,) = E(TV((?M, Un)) = %]EX1 7777 XinlUn D iy |% 23:1 1x,—i— %| can be computed
in O(t).
This Lemma (Lemma 4 from [DGPP17]) is used along with the ideas of Section 2.3 to

design a sequential algorithm whose complexity is on the worst case of the order of batch
complexity and improves in many situations. At step ¢, we have samples Ay, ..., A; from

D'. For each subset B C [n] we denote ﬁ’t( B) = Lij=1lasen

- and by u:(U,,) the expected
value of maxpcp U,.(B) — |B|/n|. The algorithm is formally described in Algorithm 3.

Algorithm 3 Distinguish between D’ = U,, and TV(D’, U,,) > ¢ with high probability

Require: Aq,... samples from D’
Ensure: Accept if D' = U, and Reject if TV(D’,U,,) > ¢ with probability of error less
than 0
t = min{n, \/nlog(2/5)}, W =1
while W =1 do
if 3B C [|n/2]] : ‘ﬁ’t(B) - |B|/n’ > max{¢(J, |B|/n,t),¢(5,1 — |B|/n,t)} or

2t(t+1
TV(D',,U,) > pe(Uy,) + 4min (1, 5;—/2,) % then
W =0
return 2
else if TV(D',U,) < u(U,) 4+ C min (i—ZQ, 52\/%, 5) — 4min (1, ;i—ﬁ) %
then
W =0
return 1
else
t=t+1
end if
end while

Let n' = min{n, v/nlog(2/d)} and ¥; = 4min (1, f;—g) \/log <w> /(2t), the stop-

ping times 71 and 7, of Algorithm 3 are then defined by :

- t2e? t
71 = inf {t >n': TV(D,U,) < uy(U,) + C min <n—62,€2\/;, 6) — \Ift}
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and
Ty = inf {t >n':3B C[|n/2]]: ‘ﬁ’t(B) - %‘ > max{¢(0, |B|/n,t),»(5,1 — |B|/n,t)}
or TV(D'y, Uy) > ju(Uy) + \pt} .

In order to compare the sequential Algorithm 3 with the batch one of [DGPP17], we need
to show first that it is indeed a d-correct algorithm and show that its stopping times are
smaller in expectation than the batch sample complexity. In the following theorem, an
upper bound of the expected stopping times is given:

Theorem 2.5.1. Algorithm 3 is §-correct and its stopping times satisfy:

2log(1/6) 8 2log(1/6) [2nlog(1/8) 4 2nlog(1/8)\
E<7—1<Un)) < max { (22 + (22 log 022 (24 + (24 log (2c4 )
(2.167)

and for d =TV(D',U,) > ¢ and By := {i: D, > (1 +d)/n}:

, , 3log(1/8) (3nlog(1/5)\"*
E(r(D')) < mln{max{ Ca ( P ) },

log(2"~"/9) log(2"~"/9)
min{KL(|Bal/n £ d/2, Byl /n)}" min{KL(| Bopt| /. £ d, | Bope| /m)} |

Proof. We prove here that Algorithm 3 has an error probability less than 4. The proof
relies on the following uniform concentration lemma for TV (D;, U,,):

Lemma 2.5.2. Let ¥, = 4min (1, 3/2) \/log <2t Hl)) /(2t), we have:

(Elt > min{n, \/nlog(2/0)} : ‘TV Dy, U,) — E[TV(Dy, Uy,)]

> fot) <5/2. (2.168)

Proof. 1If n < y/nlog(2/§), we apply the union bound along with McDiarmid’s inequality
on TV(Dy, U,) which is (1/t,...,1/t)-bounded to obtain:

> 4\/log (M) /(275)) < Z ﬁ :

t>n
(2.169)

P (Ehf >n: ‘TV(ﬁt, Un) - E[TV(ﬁt, Un)]

If n > y/nlog(2/0), since the last inequality it remains to consider ¢ < n, an application
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of the Bernstein form of McDiarmid’s inequality (as detailed in [DK17]) permits to deduce

3/2
> 4#\/ log (M) /(2t))

P (Elt € [v/nlog(2/6),n] : ‘TV(@, U,) — E[TV(D,, U,)]

(2.170)
_815_2 log <2t(t6+1)> 2t
n 5 +1)
< < | i S
S DR e ey SR eXp( Og( 5 ))
\/nlog(2/8)<t<n 4$ + By, £/ nlog(2/8)<t<n
(2.171)
< 0 (2.172)
- 20(t+1) '
v/ nlog(2/8)<t<n
Combining both inequalities the lemma follows. m

The proof of correctness is detailed below:
o If D' = U,, using Lemma 2.5.2 and letting n’ = min{n, \/nlog(2/0)} and ¥; =
4 min (1, Zi—g) \/log (@) /(2t) , the probability of error can be bounded as :

P(r<m) (2.173)
<P (at >0/, 3B C [[n/2]] : [D(B) - 'ﬁ'( > max{(6, | B|/n, ), (5,1 - \B|/n,t>})
n
(2.174)
P (Elt > TV(D, Uy) > pig(Us) + xpt> (2.175)
- B
< X p([Pum - s max(o 51/, 00,1 - Bl/n0}) +5/2
t>n/,BC[|n/2]] "
(2.176)
< Z e~ tKL(|B|/n+¢(6,|B|/n,t),| Bl /n) + e tKL(|B|/n=¢(6,1=|B|/n,t),| B|/n) + 5/2

t>n/,BC[|n/2]]

(2.177)
<. (2.178)
e If TV(D',U,) > ¢, the probability of error can be bounded as:
P (1, < 1) (2.179)
, . (e, [t
=P 3t 2 n . TV(D/t, Un) < /th(Un) + C'min F7€ ﬁ’ gl — \Ilt (2180)
(4) ~ -
< IP(Ht > ’TV(D’t, U,) — E(TV(D", Un))‘ > \Ilt> (2.181)
(i0)
<5, (2.182)

where (i) follows from the triangle inequality and Lemma 2.5.1 and (i7) follows from
Lemma 2.5.2.
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The sample complexity of Algorithm 3 is given by the stopping time 7 if the input
consists of samples from the uniform distribution and by the stopping time 75 if the
samples are from a distribution e-far from the uniform distribution. Let’s start by upper
bounding 71, the two regions related to the two stopping rules concur when

, t3/2 1 tit+1) c . e, |t
4m1n(1,m) \/Elog< 5 )SEIHIH e\ e (2.183)

and this latter condition is guaranteed by Lemma 2.4.2 if

, 2log(1/6) 8 2log(1/6)
t> N, := max{ o2 o log o2 (2.184)
2nlog(1/9) 4 2nlog(1/8)\ "
( o+ s . (2.185)
Therefore,
E(m(U,)) < NL.. (2.186)

It remains to upper bound E(72(D’)) for every distribution D’ verifying d = TV(D', U,,) >
e. Let B, the smallest subset of [n] such that |B,y:| < n/2 and |D'(Bopt) — Un(Bopt)| = d.
We make a case study on the size of |Bgy|:

o If |B,,| > \/nlog(1/d), we have by letting ¥; = min (1, 3/2> \/log (t(tﬂ)) /(2t):

B(r2) S Nj+ > Py >5) S Nj+ > P(TV(DY, Uy) < pu(Uy) + 4%,

52N t>N'—1
(2.187)
<Nj+ Y P(|TV(D,,U,) — B(TV(D,U,))| = Cmin{ ——, d* /=, d ¢ — 4T,
>N/—1 n? n’
(2.188)
<Nj+ Y (|TVDt,U> E(Tv@'t,Un))rzmt)gzvgﬁ(s. (2.189)
t>N —1

o If |Byy| < y/nlog(l/0), we take o € (0,1) and define N, as the minimum positive
integer such that for all integers ¢t > N, max{¢(0, | Bopt|/n,t), ¢(d, 1 —|Bopt| /1, 1) } <
ad. The existence of N, is guaranteed since lim; ., ¢(B,t) = 0. We have
maX{¢(67 |BOPt|/n7 Na)? 925(57 1 — |Bopt|/n7 Na)} < ad and max{¢<57 |Bopt|/n7 Na -
1),¢(8,1 — | Bopt|/n, No — 1)} > ad hence,

n—1 _
| Bo | Bop | Bo | Bop| log(—2 5 ”N)
n KL(LM%—ad, "Pt)’KL(;pt_ad’ﬂ) < )
n n

n n N -1
(2.190)
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Thus lims_g N = +o00 and from Lemma 2.4.2 we can deduce

n—1 log(2"~'/6)
log(2"71/6) + 41log <min{KL(\Boit|/niad,|Bopt\/n)}) ]

N < . 2.191
S T (KL ([ Bol/n £ ad, [Boel 1)} (2191)
Therefore,
E(r2(D) < Na+ Y P(n(D') > 1) (2.192)
t>Na
S Nat Y PUD(Bop) — |[Bopl /1l < é(Bop, 1)) (2.193)
s>Ng—1
<Nat+ > P Bopt) — D'(Bop)| > d — ad) (by definition of N,)
s>Ng—1
(2.194)
< N, + Z e 2s((1-e)d)? (Chernoff-Hoeffding’s inequality) (2.195)
s>Ngo—1
¢~ 2(Na=1)((1-a)d)?
< Not+ ——aaar (2.196)
< log(2"~1/6) + 4log (min{KL(|;<z§t(‘2/"n*ﬂ/z)’|3m|/n)}> 1 o 2(Na—1)((1-)d)?
= min{KL(|Boy| /1 £ ads | Bo| /1) } L P e e
(2.197)

After dividing by log(1/4), taking the limit § — 0 then v — 1 we deduce finally:

‘Bozat| _ |Boz>t|
lim sup E(n(D)) < 1 ~ T <1 " )
50 1og(1/8) — min{KL(|Bp|/n £ d, |Bop|/n)} d—>0 d?

This is an interesting improvement especially when |B,,| < n but it is not sensi-
tive to small fluctuations of D; around 1/n. For example the distribution {1/n +
e, 1/n,...,1/n,1/n — e} whose B, has size 1 can easily transformed to a distribution
with an optimal set of size n/2 by adding small noise n < € to n/2 — 1 parts among those
of 1/n probability mass. Even though the transformed distribution has an optimal set of
size n/2 (hence a large upper bound of the complexity ), Algorithm 3 seems to stop on
pretty the same time for both distributions. To overcome this inconvenient in this upper
bound, we can use the same method to prove that for By := {i : D; > (1 +d)/n} C Bop
we have:

1Bal (1 _ |Bal
g E2(D) _ ! N Gl
50 log(1/8) — min{KL(|Bq4|/n £ d/2,|B4|/n)} d—0 d? '

This upper bound has the advantage to count only the bigger parts of the distributions
for which the noise is of the order d/n at the cost of multiplying the upper bound by
almost 4. O

We plot in the same Figure 2.3 the batch complexity and the sequential stopping
time 7, if the statistic takes into account the optimal set B,y and if not. It is clear that
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the proposed Algorithm 3 is superior than the batch algorithm of [DGPP17] especially
when |B,,| is smaller than y/nlog(1/d) which is also exhibited in Figure 2.3 for a specific
example.

We've exposed so far the advantages of sequential procedures over batch algorithms,
they share the idea that if the tested distributions are far away we can hope to stop
earlier. However one can wonder if there is a tangible improvement independent of distri-
butions. We focus on the worst case setting where we consider the eventual improvement
of sequential procedures that works for all distributions. We show that we cannot hope
to improve the dependency on n found in the batch setting more than a constant and
replacing ¢ by ¢ V TV (D, U,). For instance we can prove the following lower bounds for
uniformity testing.

Theorem 2.5.2. There is no stopping rule T for the problem of testing D = U, vs
TV(D,U,) > € with an error probability § such that

P <TZ(T, D) < c%@) >1-46 if TV(D,U,) > ¢ and (2.198)
P <71(T, U,) < c—wbi(l/?’é)) >1-4, (2.199)

where ¢ a universal constant. We have similar statement if we replace \/nlog(1/36) by
log(1/36).

This can be proven using pretty the same construction of distributions as for the batch
lower bounds along with Wald’s lemma.

Proof. We prove only the first statement, the others being similar. Suppose that such a
stopping rule exists. Let d > ¢ and m = c—”lbdgg(l/%). Let U,, the uniform distribution
and D a uniformly chosen distribution where D; = %‘{ with probability 1/2 each. With

the work of [DK16] (Section 3), we can show that KL(D* Peilm) < Poitm)y < C’# where
C' is a constant. Therefore

KL(D*™, U™ = mKL(D, U,) (2.200)
= E(Poi(m)) KL(D, U,) (2.201)
— KIL(D* Feilm) g Peilm)) - (Wald’s lemma) (2.202)

2 74
<M (2.203)

n
But

KL(D*™ U ™) > KL(Pp(1, < m), Py, (12 < m)) (2.204)
> KL(1 - 4,0) (2.205)
> log(1/39) , (2.206)

since Pp(ms <m) >1—¢ and Py, (s <m) =Py, (o <m,71 <)+ Py, (o <m,m >
73) < 0. Hence

2
( nlodg2(1/35)) d
C > log(1/34) , (2.207)

n




2.6. TESTING CLOSENESS-THE GENERAL CASE 65

Sample complexity for different | B,| Testing uniform with |Byy| = 1
5 T T T T —TV(@L, Un) 1
—u(U) + /log (2t(t+ 1)/3) /(20) |
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Figure 2.3: Left: We compare different upper bounds on the sample complexity for uni-
formity testing with n = 300, = 0.05,6 = 107! and d = TV(D,U,) = 0.06. We
remark that for | B,y| < n/2 we have better upper bounds. Right: Uniformity testing for
n =10,6 = 107, TV(D',U,) = ¢ = 0.1 and |By| = 1. We compare the empirical TV
distance with different thresholds. The red zone corresponds to accepting H, while the
blue one corresponds to accepting H;. The magenta line identifies the batch threshold,
the yellow line designates the sequential stopping time without looking on B,,; and finally
the cyan line defines the actual stopping time of Algorithm 3.

which gives the contradiction if ¢ < 1/v/C.

2.6 Testing closeness-the general case

In this section we consider testing closeness in the general case n > 3. Let us recall
that we have D; and D, two unknown distributions on [n] and we want to distinguish
Dy = Dy and TV(D;,Dy) > e with high probability 1 — §. Inspired by the case of the
Bernoulli distribution, we describe how to transform a batch algorithm to a sequential one
with better expected sample complexity. In that case, however, identifying the sample
complexity exactly remains out of reach: the dependency on ¢, § and n can be computed
only up to a multiplicative constant.

2.6.1 Batch setting

Recently, [DGKPP20] have shown that the dependence on the error probability in the
sample complexity of the closeness problem could be better than the log1/d found by
repeating log 1/0 times the classical algorithm of [CDVV14] and accepting or rejecting
depending on the majority test. More precisely:

£

Theorem 2.6.1 ([DGKPP20]). © (max ("2/3 10511/{33(1/5)’ ntl? 10g12/2(1/6)’ 1ogg/5)>> samples
are necessary and sufficient to test whether D1 = Dy or TV(Dy,Dy) > & with an er-
ror 6 > 0.

The main ingredient of a closeness tester is an efficient test statistic which can distin-
guish between the two hypothesis. Let us define by X; (resp. Y;) the number of samples
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from D; (resp. D,) whose values are equal to ¢ € [n]. Thinking to the TV distance we
use, we could be tempted to take a decision based on the statistic > | |X; — Y;|. How-
ever this simple statistic suffers from a principal caveat: its expected value is neither zero
nor easily lower bounded when D; = D,. As a remedy, [DGKPP20] propose to use the
following statistic: Z =Y " | |X; = Y;|+|X] —Y/| —|X;, — X/| — |Y; = Y/|, where X/ and Y}
correspond to a second set of independent samples. The expected value of the estimator
Z is obviously 0 when the distributions D; and D, are equal. On the other hand when
TV(D1,D;) > e, they provide a lower bound on the expected value of the estimator Z
which enable to test closeness between D; and Dsy. Since these results turn out to be
similarly useful in our subsequent analysis, we summarized them in the following lemma.

Lemma 2.6.1 ([DGKPP20]). Let d = TV(D1,Dy). Let k > 1 and (ku, ko, K}, K}) ~
Multinom(4k, (1/4,1/4,1/4,1/4)). Let (X;)™, and (X{)f;l two sets of i.i.d. samples
from Dy and (Y;)¥2, and (Y;/)fil two sets of i.i.d. samples from Dy. Then there are

universal constants ¢ and C such that

® [fDl = Dg, E[Z] =0.

o If TV(D),Dy) > ¢, E[Z] > Cmin {kd, B ’f&ﬁd} — eVE.

The lower bound on the expectation of Z is obtained by a technique of Poissonization.
Note that this lower bound is stronger than the one obtained for the chi-square estimator;

Yoy %, used by [CDVV14]. In fact, for far distributions the lower bound on
the expected value of the chi-square estimator does not allow the best dependency on

n, € and 0. This lemma is the key ingredient behind the batch algorithm. Indeed,
for sufficiently large k = Q (max ("2/3 1‘;%1/23(1/5), "1/21°g12/2(1/5), logié/(S)))’ [DGKPP20] show

&
that E[Z] > C"+/klog1/6 for a universal constant C” if TV(D;, Ds) > ¢, then by applying
McDiarmid’s inequality they prove that the algorithm consisting of returning H, if Z >
C"\/klog1/§/2 and returning H; otherwise is d-correct. In the following we draw our
inspiration from them to design a sequential algorithm for testing closeness.

2.6.2 Sequential setting

In this section we present how the sequential setting can improve the sample complexity
found in the batch setting. We base our sequential tester on the same test statistic
Z as [DGKPP20], but we allow the stopping rules of this new algorithm to be time-
dependent. When the distributions to be tested D; and D, are equal, the estimator
Z; cannot be very large, and if they are e-far the estimator cannot be very small: at
each step, the tester compares Z; to some well chosen thresholds. If it cannot decide
with sufficient confidence, it asks for more samples. This can possibly last until the two
regions of decision meet. This time has the order of the complexity of the batch algorithm.
This tester is formally defined in Algorithm 4. For sake of simplicity, let us denote by

Ay = C'min {te, %, tg\//QEEQ} —cy/t and by U, = 2\/215 log (g—;) + 4et log(log(4t) + 1). The

stopping times 71 and 7, of Algorithm 4 are then defined by

T = inf {t 2 1: ‘Zt‘ S At — \Ijt}, and To = inf {t Z 1: ‘Zt‘ > \Ijt} . (2208)

We prove now that Algorithm 4 is d-correct and then study its sample complexity.
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Algorithm 4 Distinguish between D; = Dy and TV (D;, Ds) > € with high probability

Require: Aj,... samples from D; and By, ... samples from Dy
Ensure: Accept if D; = Dy and Reject if TV(Dy,Dy) > e with probability of error less
than ¢
t=1,W=1
while W =1 do
(M6, M 4, Mo, MYy, ) ~ Multinom(4¢, (1/4,1/4,1/4,1/4))

Zy =Y |Xi = Yi|+ |X] = V]| = |X; = X[| - |V; = Y]], (2.209)
=1

where X;(resp. X/, Y;,Y/) are the numbers of i’s in the word formed with my ; (resp.
my 4, Moy, My ) samples from Dy (resp. Dy, Dy, D;) . We need only to sample the
difference of (my;—my—1)" +(my,—mi, )" from Dy and (my;—mag, 1)+ (mh, —
mly, )" from Dy.

if | 2] > 2,/2tlog (%) + et log(log(41) + 1) then
W =0
return 2
else if |Z;] < C'min {ts t2n2 t:”/ﬁ} — oVt — 2\/2tlog “—5 + 4etlog(log(4t) + 1)
then
W =0
return 1
else
t=t+1
end if
end while

Correctness

We prove here that Algorithm 4 has an error probability less than §. The proof relies on
the following uniform concentration lemma for Z;:

Lemma 2.6.2. Forn,s > 1, let J(n,s,t) = \/Qnts log (1125((; + 1) + 2t log <
C(s) = Zn>1 # Then

ZC(ES ) , where

P(3t>1:|Z —E[Z] > J(n.5,4t) <5 . (2.210)

The proof of this lemma is inspired from [HRMS18] and relies on dividing the set
of integers into some well chosen subsets, applying union bound and finally invoking
McDiarmid’s inequality with specific arguments for each interval. Note that Lemma 2.6.2
yields the best second order term in the complexity (up to constant factor), in contrast to
a simple union bound on McDiarmid’s inequality. We do not use this feature in our study
of the sample complexity of the testing closeness problem as we are interested here in
leading terms only (see Theorem 2.6.2). However, the log — log dependency proves useful
when showing that Algorithm 4 used with € = 0 obtains the optimal sample complexity
for testing Dy = Dy vs Dy # Dy (see Theorem 2.6.4).
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Proof. The proof uses similar arguments of [HRMS18]. Actually Z; is a function of 4¢
variables (the samples from the distributions) and has the property (2,...,2)-bounded
differences. McDiarmid’s inequality implies P (3t > 1 : |Z, — E[Z}]| > a + 4bt/a) < 2e~2,

taking the intervals I, = [p¥, n*!) for k integer we deduce for b, = % log <2(k+1)5) and

-2 C(s)~16
ay = Z—’;nk“ that

P(Et>1:|Z - E[Z]| > J(n,s,4t) <> P@Et€ I : |Z, — E[Z)]] > J(, 5,4t))

k>0
(2.211)
<> P(3tel:|Z —E[Z] > ax + dbit/ar)
k>0
(2.212)
<> 23S ) 5. (2.213)
- - (k+1)s —
k>0 k>0
O
For n = e and s = 2, the function J becomes J(e,2,4t) = ¥, and we can use
Lemma 2.6.2 to prove the correctness of Algorithm 4 as sketched below:
o If D; =D,, using Lemma 2.6.2, the probability of error can be bounded as:
Pon<n)<PEt>1:|Z]>W,)<9. (2.214)
e If TV(Dy,Dy) > ¢, the probability of error can be bounded as:
P(rn<mn)=PEt>1:|Z] <A — ) (2.215)
(i)
<P@Et>1:Z—E(Z)| > E(Z) — A+ ¥y) (2.216)
(i) (iid)
<P@Et>1:Z—E(Z)| >V,) < 6. (2.217)

where (i) follows from the triangle inequality |Z; — E(Z;)| > E(Z;) — Z4, (i7) follows
by the fact that E(Z;) > A, from Lemma 2.6.1 and (7i¢) follows from Lemma 2.6.2.

Complexity

In order to show the advantage of our sequential algorithm, we need to upper bound the
expectations of the stopping times 7 and 75. This is done in the following theorem:

Theorem 2.6.2. Let d = TV(Dy,Dy). The sample complexity of Algorithm 4 satisfies
[ [fDl = Dg, E(Tl(T, Dl,Dz)) S 2N6

° ]fTV(Dl,DQ) > g, E(TQ(T, Dl,DQ)) < 2Nd
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where for all n > 0, N, is defined by

128 log(Z3) 512 128 log(%) 16¢2
Nn:max{ﬁ e +C'2772 log | log W +1 +C'27727 (2.218)

1/3
128 n?log(%)  512en? 128 n? log(Z>) 16¢2n?
(W R log | log re el R e . (2.219)

128 nlog(Z) 512 128 nlog(Z:) 16¢2 v
35 en 35 c'n
(W e S (10% (E—n‘i ) 1) —n402> } (2220

and the constants ¢ and C' come from Lemma 2.6.1.

(eVTV(D1,D2))4/37 (eVIV(D1,D2))2’ (eVIV(D1,D2))?
ples are sufficient to distinguish between D; = Dy and TV (Dy, D) > ¢ with high proba-
bility. We remark that after IV, steps, the two stopping conditions of Algorithm 4 cannot
be both unsatisfied. Therefore, the Algorithm 4 stops surely before N. hence it has at
least a comparable complexity, in the leading terms, of the batch algorithm of [DGKPP20)]
when D; = D,. Moreover, Algorithm 4 has the advantage of stopping rapidly when D,
and D, are far away.

This theorem states that O (max ( n?/log!/%(1/8) - nl/2log!/2(1/6) log(1/9) )) sam-

Proof. We start by the case Dy = D, we know that E(r) < EsgNEIP(Tl > s) +
Yoeon. Pl > 8) < No+ >y P(r > s) so it suffices to prove that Y .y P(r1 >
s) < N.. By the definition of 71, 71 > s implies |Z;_1| > As_1 — VU, but we have chosen

N.sothat ift =s—1> N, Ayq — W, 1 > Smin{(s = 1), L= (D21 -y
) 2 ’ n ) N

last claim follows from Lemma 2.6.1 and Lemma 2.4.2. Finally

C t2e2 3/2¢2
> P(ri=s)< )Y P (|Zt] > — min {ts, — }) (2.221)
= e 2 n’ \n
(McDiarmid’s inequality) c2 . {t52 t3et 124

ST <N (2.222)
The last inequality is proven in the following lemma.

2

C mll’l{td2 344 1244
Lemma 2.6.3. We have for alld >0: Y,y e T

27"}§Nd.
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Proof. We have

2 o 3g4 t2d4} o2y d4 o2 244
E e mm{td < E e~ 16 S + E 16 p2 E e 16 n

t>Ny t>nd—2 n>t>Ng—1 nd=2>t>n

(2.223)

_C —pc1/31dl)? —Gud?

S R LRI D D

t>nd—2 n>t>Ng—1 nd=2>t>n
(2.224)
<t L P (2.225)
Tl e S 1 _ 20 j§§§ 1- 6_%\% ‘
32 n?/3 4yn . .

§C2d2+01/3d4/3+0d2 sincel —e *>x/2for0<z <1
(2.226)
< Ny. (2.227)
O

For the case d = TV(D;,Dy) > . By the definition of 75, 79 > s implies |Z,_1| < ¥y 4
hence by triangle inequality |Zs_1 — E(Zs_1)| > E(Zs_1) — W1 > As_1 — VU, therefore

1 Zs—1 — E(Z,—1)| > € min {(s —1)d, (s (S_I)S/QdQ} by Lemma 2.6.1. Hence

n Vn
C t2d% 32d?
> Pin>s)< Y P (|Zt —B(Z,1)| > §m1n{td T }) (2.228)
s>Ne t>N¢
(McDiarmid’s inequality) 7m1 3q4 t 4
< Y e o{t? 5555 < (2.229)
t>Ng—1

The latter inequality is proven in Lemma 2.6.3. Finally E(72) < Na+ >,y P(r2 > 5) <
2Ny.
[

Similar to uniformity testing, we show that we cannot improve the dependency on n
found in the batch setting more than a constant and replacing ¢ by € V TV (Dy, D). We
can prove the following lower bounds for testing closeness in the worst case setting.

Theorem 2.6.3. There is no stopping rule T for the problem of testing D1 = Dsy wvs
TV(D1, D) > e with an error probability § such that

nlog(1/36 :
P (TQ(T, Dl,Dg) S CW{;#) Z 1-96 Zf TV(Dl,DQ> > ¢ and (2230)
log(1/36
P (ﬁ(T, D, D,) < c%) >1-4 ifD =Dy, (2.231)

where ¢ a universal constant. We have similar statement if we replace € _Vnlog(1/30) 5 by

VTV(D;,Dz))
log(1/39) n?/3 1og(1/36)1/3
(eVIV(D1,D2))? (eVTV(D1,D3))4/3 "




2.6. TESTING CLOSENESS-THE GENERAL CASE 71

Proof. We can use the same techniques as the previous proof of Theorem 2.5.2; by taking
the KL between samples from U,, x U, and samples from U, x D. O

On the other hand, we can deduce from Theorem 2.6.2’s proof that with high
probability we have 75 < Nrpy(p,p,) and this upper bound has the equivalent

O ((loslogftl y w2 lomiog /NSy kgl ) for ¢ — TV(Dy,Dy) = 0 . If we take

e = 0 the Algorithm 4 provides stopping rules for which it does not stop if D; = Dy and
rejects if Dy # Dy with probability at least 1 — 9.

Theorem 2.6.4. There is a stopping rule that can decide Dy # Do with probability at
least 9/10 using at most O <1°g1°§2(1/d) v e logﬁ;gs(l/d)m v 2 logl:l)zg(l/d)l/2) samples where

d - TV(Dl, DQ)

This improves the results of [DK17] where the dependency in n is n/logn. Further-
more, we cannot find stopping rules whose sample complexity is tighter than this upper
bound as stated in the following theorem.

Theorem 2.6.5. There is no stopping rule T for the problem of testing D1 = Dy wvs
Dy # Dy with an error probability 1/16 such that

(2.232)

1/2 1/2
P (TQ(T,Dl,pz) <o” log log(1/d) ) 15

a2 =16
where d = TV(Dy,Dy) and C' a universal constant. We have similar statements if we

nl/2loglog(1/d)/? b log log(1/d) n2/3 loglog(1/d)/3
d2 y d or d4/3 .

replace

log log(1/d 2/3 loglog(1/d)/3 1/2 loglog(1/d)'/?
To sum up,anumber@(ogodgz(/)v" Ogdf%(/) v Ogszg(/)

necessary and sufficient to decide whether Dy = Dy or D; # D, with probability 15/16.

) of samples is

Proof. We use ideas similar to [KK07]. We prove only the first statement, the others
being similar. Let’s start by a lemma:

Lemma 2.6.4. Let X and Y two random variables and E some event verifying Px(E) >
1/3 and Py(E) < 1/3, we have

KL(Py, Py) > —é log(3Py (E)) — é (2.233)

Proof. By data processing property of Kullback-Leibler’s divergence:

KL(Px,Py) > KL(Px(E), Py (E)) (2.234)
> Py (E)log (ij Eg + (1= Py(E)) log (%) (2.235)
> 2 1oa(3Py (E)) + (1 - Px(E)) log(1 - Px(E)) (2.236)

> L log(3Py (E)) - (2.237)

]
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Suppose by contradiction that there is a stopping rule such that

n'/?log log(l/d)l/Q) o1

P (TQ(T, thg) > (2238)

Cd> =167

whenever d = TV(Dy,Ds) > 0. Let e = 1/3, we construct recursively T}, =

’an/zloglog(l/sk)l/z-‘ _ C'yn
- 2

Ce2 1
ger j, we ]jcake m; ~ Poki+( j). Let U, the uniform distribution and Dy a uniformly chosen
distribution where Dy; = 2% with probability 1/2 each. With the work of [DK16]
(Section 3), we can show that KL(U,"™ x D™ U, x U,™) < C’”ﬁT‘Ei where C” is
a constant. Since TV(U,,Dy) = ¢ > 0, P (n(T, Uy, Dy) > T)) < 1/16. Let Ej be the
event that the stopping rule decides that the distributions are not equal between Tj_;
and Tj,. We have P (o(T,U,,, Dy) < T}—1) < 1/3 since otherwise Lemma 2.6.4 implies:

where C and C' are constants defined later. For each inte-

1 1 " . . .
—glog(S]P (72(T, U, Up) < Tii1)) — = oS KL(U, "™t x D, " oy e g, )
(2.239)
T2
<ot ¢ oo, (2.240)
n
thus
P (ra(T, Uy, Up) < Tiq) > €278 /3 > 0.1, (2.241)

for good choice of C" and this contradicts the fact the the stopping rule is infinite with a
probability at least 0.9. The stopping rule is 0.1 correct so P (7o(T, Uy, Dy) < +00) > 0.9
then

P (Ty_y < 7(T,Up, Dy) < Ti) > 0.9 —1/3—1/16 > 0.5. (2.242)

The same inequalities for the Kullback-Leibler’s divergence as above permits to deduce:

1 1
1> P Ty < (T, U, Un) <To) > > ge*?’c Tgek/n=3/e (2.243)

k>1 k>1

(2.244)

Z 30”/0210glog(1/ak > Z
= 2¢ 2 /—
k>1 3e k>1 3e 10g 1/ex)
where we choose C' such that 3C”/C? = 1/2. But the latter sum is divergent because if
we denote ay = log(l/gk) we have ajy1 < ay +  loglog ar +O(1) thus aj, = O(kloglog k)
therefore \/ﬁ > ¢ which is divergent. O]
Remark 2.6.1. We note that we can transform the batch algorithms to sequential ones
using the doubling search technique. For instance, we can use the algorithm of [DGKPP20]
as a black box and test sequentially for 1 <t <log(1/e) whether Dy = Dy or TV (D1, Dy) >
27t with a probability of failure no more than 6; = 6 /t>. If at some step the batch-algorithm
rejects we reject and halt, otherwise we accept. Note that one could think, at first sight,
that this reduction even permits to estimate TV (D1, Ds); it is however not the case, since
we cannot ensure for different distributions of TV distance less than € that the proposed
algorithm will respond with the right answer (the black box algorithm can return any
hypothesis Hy or Hs if the TV distance is strictly between 0 and ) hence the doubling



2.7. GENERAL LOWER BOUNDS AND THEIR PROOFS 73

search algorithm (as described) cannot be used for tolerant testing. On the other hand, the
doubling search method can lead to the same order of sample complexity as Theorem 2.6.2
for testing closeness problem. Nevertheless, when it comes to multiplicative constants, the
two algorithms appear to have significantly different behaviours. In all experiments the
actual sample complexity of Algorithm / appears to be better by an important constant
factor. This does not show off in the bounds (since the multiplicative constants are not
known), but this can be understood at least when the TV distance d satisfies ¢ < 27871 <
d = 27%(1 —n) < 27%, when the doubling search obviously requires ~ 4 times more
samples than necessary. Actually, even without this discretization effect, the difference is
significant. This sub-optimality of the doubling search algorithm can be seen clearly for
small alphabets where we can characterize the sample complexity to the constant: We gain
a factor 4 using our approach while using doubling search algorithm requires up to 4 times
more than the batch sample complexity when the TV distance is strictly greater than e.

2.7 General lower bounds and their proofs

In this section we present lower bounds for testing identity and testing closeness in the
general case of n > 2 and provide the proofs of the lower bounds presented in this chapter.

2.7.1 Lower bound for testing identity in the general case n > 2

We first provide and prove a lower bound result for testing identity.

Lemma 2.7.1. Let D be a known distribution on [n]. Let T a stopping rule for testing
identity: D' =D vs TV(D', D) > € with an error probability 6. Let T, and 5 the associated
stopping times. We have

e E(n(T.,D)) > log(1/3) if D'=D.

= infprgy rvipr, py>c KL(D,D”)

o B(no(T, D) > ZE&H2: if TV(D,D) > .

Proof. We consider the two different cases D' = D and TV (D', D) > «.

The case D' = D. We denote by Pp the probability distribution on [n]Y with indepen-
dent marginals X; of distribution D. Let Z = (X3, ..., X, ) and D" be a distribution such
that TV(D”, D) > . The data processing property of the Kullback-Leibler divergence
implies

KL (P%,P3,) > KL (Pp(r1 < 00), Ppr(11 < 0)) . (2.245)
But Pp(1 < o0) > 1—6 and Ppr (1 < 00) < 0. Moreover, x — KL(z,y) is increasing on
(y,1) and y — KL(z,y) is decreasing on (0,z) hence KL (Px(E), Py(E)) > KL(1 -4, ).
Tensorization property and Wald’s lemma (Lemma 1.2.1) lead to

KL (P%,P%,) = E(r: (T, D)) KL(D,D") . (2.246)

The inequality Equation (2.245) becomes

E(r(T,D) KL(D,D") > KL(1 — 4,d) > log(1/36) , (2.247)
which is valid for all distribution D”, consequently

log(1/36)
E(m(T,D) > - .
( 1( ) 1nfD”:TV(D,D”)>a KL(DJD”)

(2.248)
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The case TV(D',D) > e. With similar notations and techniques we find for 7 =
(Xla s 7X7'2)

E(n(T,D')KL(D', D) = KL (P%,,P3) (2.249)
> KL (Pp (7'2 < 0), Pp(me < o0)) (2.250)
> KL(1 —4,9) (2.251)
> 10g(1/35) (2.252)
Finally we can deduce
E(r(T, D)) > % . (2.253)
O

2.7.2 Lower bound for testing closeness in the general case n > 2
We propose the following lower bounds for testing closeness in general case

Lemma 2.7.2. Let T a stopping rule for testing D1 = Dy vs TV (D, Dy) > & with an
error probability §. Let 11 and 1o the associated stopping times. We have

o E(ry(T, Dy, D)) > - log(1/39) if Dy =Ds,.

= infpr s V(D] DY)>e KL(D1,D})+KL(D2,D3)

lo 1 .
o E(n(T, D1, Ds)) > arrmesowcms o TV(D1L D)) >«

Proof. Similarly as in the previous proof, we consider the two different cases D’ = D and
TV(D',D) > e.

The case D; = D;.  We denote by Pp, p, the probability distribution on ([n] x [n])N
with independent marginals (X;, Y;) of distribution Dy xDs. Let Z = (X1,Y1 ..., X, Y5).
Let D}, D} be two distributions such that TV (D), D)) > . Data processing property of
Kullback-Leibler’s divergence implies

KL (Pgl,pz, P% ,p;,) > KL (Pp, p, (11 < 00), Ppy py (71 < 50)) . (2.254)

By definition of 7; we have Pp, p,(71 < 00) > 1—§ and Pp; p; (11 < 00) < 4. Tensorization
property and Wald’s lemma (Lemma 1.2.1) lead to

KL (]Pgl,D27]PZi,D/2) = E(m1(T, D1, D)) KL(D1, Dy) + E(r (T, Dy, D)) KL(D2, D) -
(2.255)

The inequality Equation (2.254) becomes

E(Tl (T, Dl, Dg)) KL(DI, Dll) + E(Tl (T, Dl, DQ)) KL(DQ, Dé) > KL(]. - (5, (5) > 10g(1/35) >
(2.256)

which is valid for all distribution D} and D such that TV (D}, D)) > ¢, consequently

log(1/30)
E(7 (T, D1,D5)) > - .
(11(T, D1, Ds)) infpy v, Tv(D].pyy>e KL(Dy, D) + KL(Ds, D)

(2.257)
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The case TV(D;,D;y) > e. Likewise we prove for 7 = (X1,Y;...,X,,,Y,,) and D a
distribution on [n].

E(2(T, D1, D3)) KL(D1, D) + E(72(T, D1, D2)) KL(D2, D) = KL (P%, p,. P p) (2.258)
> KL (IPDl,Dg(TQ < OO),IPD7D(7'2 < OO)) > KL(l — 5, 5) > 10g(1/35) . (2259)

which is valid for all distribution D, consequently

E(ry(T, Dy, Ds)) > log(1/30)

: 2.2

[]

2.8 Conclusion

We have provided a tight analysis of the complexity of testing identity and closeness for
small n, where the importance of sequential procedures is clearly exhibited.

For the general case, we proposed tight algorithms for testing identity and closeness where
the complexity can depend on the actual TV distance between the two distributions. We
note that for some specific families of distributions the improvement can be much more
than the general one. This is the case of distributions concentrated in small sets which
can be tested rapidly by sequential strategies.



Chapter 3

On adaptivity in quantum testing

3.1 Introduction

We consider the hypothesis selection problem using independent measurements, where the
tester is asked to determine the hypothesis set containing the unknown quantum state p
with high probability. This problem is ubiquitous in the quantum learning theory litera-
ture, and several variants are considered: testing identity [OW15; BCL20; CLO22], testing
closeness [Yu20], binary hypothesis testing [HP91], [ACMTBMAV07; NS09], composite
quantum hypothesis testing [BDKSSSS05]. If the tester is limited to independent mea-
surements, the problem is very related to classical testing problems. Indeed, on the one
hand, every classical testing problem on discrete distributions can be cast into a quantum
testing problem by taking diagonal quantum states corresponding to the discrete distri-
butions. Measuring these quantum states is equivalent to sampling from the classical
distributions. On the other hand, the quantum hypothesis selection problem can be seen
as a bandit problem (see e.g. [GK19; LHT22b; BLT23]). Born’s rule defines exactly the
classical distribution of the reward when pulling a particular arm (performing a measure-
ment). Note that these probability distributions are not arbitrary: they are governed
by the unknown quantum state. This connection leads to an important question: Can
sequential strategies outperform non-sequential ones for some hypothesis selection prob-
lem with independent measurements? In other words, if the tester is allowed to choose
the measurement device at a given step depending on the previous observations, would it
require fewer copies of the unknown quantum state?

Moreover, measurements come with a considerable cost, so we would like to reduce the
number of measurements. Besides using entangled measurements which require a large
quantum memory, one idea is to focus on independent measurements and try to adapt the
new devices according to the accumulated information given by the previous outcomes.

Classically, sequential strategies prove to have an advantage over non-sequential ones
for instance for binary hypothesis testing problems (see [Wal45]), testing continuous dis-
tributions (see [ZZSE16; BR15]), testing identity and closeness problems with small al-
phabet size (see Chapter 2). This speedup comes, mainly, from the fact that a sequential
algorithm can make comparisons at each step and can respond earlier once it has the
enough confidence. However, sequential strategies in the quantum setting have not only
the capacity to choose the stopping time, but also to change the measurement devices
adaptively. We expect then a larger gap between sequential and non-sequential strate-
gies. To avoid confusion, sequential strategies can choose the stopping time according
to the previous observations and thus they have random stopping times, while adaptive
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strategies are allowed to adapt their measurement devices at each step according to past
observations. With these definitions, a strategy can be sequential and adaptive, sequen-
tial and non-adaptive, non-sequential and adaptive, or non-sequential and non-adaptive
(see Section 1.3.4). When we do not specify whether the strategy is non-sequential or
sequential (resp. non-adaptive or adaptive), it can be either and the statement remains
true.

On the other hand, non-adaptive strategies have been shown to be optimal for many in-
teresting quantum testing problems;, including testing identity by [CHLL22], purity testing
and shadow tomography by [CCHL22], tomography by [CHLLS22]. These works suggest
that adaptive/sequential strategies cannot outperform non-adaptive non-sequential ones.
The goal of the chapter is to show the contrary: there are some situations where sequen-
tial or adaptive strategies require fewer measurements than non-adaptive non-sequential
ones.

Let d the dimension of quantum states, ¢ > 0 the precision parameter and § € (0,1/2)
the error probability.

Contributions When the number of hypotheses m is equal to 2 and the hypotheses
are simple (i.e., only one possible state), we can precisely characterize the optimal worst
case complexity for non-sequential and sequential strategies. We show that sequential
strategies outperform non-sequential ones by a factor 4. For the lower bounds, we show
how to reduce this problem to the classical testing identity problem, then apply the lower
bounds of Chapter 2. For the sequential upper bound, we design stopping rules inspired
by time uniform concentration inequalities.

Moreover, we show that sequential algorithms can adapt to the actual difficulty for
the testing mixedness and testing closeness problems. For this, we show a lower bound on
the TV-distance between the probability distributions after measurement depending on
the actual 1-norm between the quantum states (see Lemma 3.3.3). This inequality helps
to reduce quantum testing to classical testing at the cost of a factor 1/ v/d and can be
useful for other applications.

For a number of hypotheses m > 2, we prove a separation between adaptive and
non-adaptive strategies for a specific problem. The learner has the information that the
unknown quantum state can be diagonalised in a basis amongst m known orthonormal
bases and would like to approximate it. We show that this problem can be solved by
adaptive algorithms using O(dlog(m)/e?) copies of p. On the other hand, every non-
adaptive algorithm solving this problem will require Q(min{md/log(m)e?, d*/e?}) copies
of p. The upper bounds follows from the shadow tomography algorithm of [HKP20).
For the lower bounds, we construct an e-separated family of quantum states close to the
maximally mixed state (I/d) and use it to encode a message from [me®@]. A learning
algorithm can be used to decode this message with the same success probability. Hence,
the encoder and decoder should share at least Q(log(m) + d) bits of information (Fano’s
inequality [Fan61]). On the other hand, after each step, we show that the correlation
between the encoder and decoder can only increase by at most O(g?log(m)/m + £2/d)
bits for non-adaptive strategies and it can only increase by at most O(g?) bits for adap-
tive strategies. We obtain an improvement by a factor d or m/log(m) for non-adaptive
strategies by exploiting the randomness in the construction and the independence of the
observations at different steps.

Related work Quantum testing identity using entangled measurements is well under-
stood [OW15] and [BOW19]: it is known that ©(d/e?) copies are necessary and sufficient.
For independent measurements, it starts with the work of [BCL20] where we have two
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different lower bounds for testing mixedness problem using independent adaptive and
non-adaptive measurements. This result is generalized for general testing identity to
some quantum state o by [CLO22]. Recently [CHLL22] show that adaptive algorithms
cannot significantly outperform non-adaptive ones neither for testing mixedness nor test-
ing identity.

If entangled measurements are allowed, the quantum hypothesis selection problem can be
solved using poly(log(m)) copies of p (see [BO21]). This poly-logarithmic complexity in
m can be explained by the fact that p®V can be reused after measurement. In contrast,
this is not possible using independent measurement for which the state collapses after per-
forming the measurement. In general, the quantum hypothesis selection problem, where
each hypothesis contains only one quantum state, is highly related to the shadow tomog-
raphy problem where the learner is asked to uniformly approximate the expected values
{Tr(pO;) }icpm) of m known observables {O;}icim) by measuring the unknown quantum
state p. A popular algorithm for the shadow tomography problem is given by [HKP20]
and uses at most O(log(m)d/e?) non-sequential non-adaptive independent measurements.
On the other hand, independent adaptive strategies are shown to be useless for shadow
tomography (and purity testing) by [CCHL22].

Moreover, sequential adaptive strategies have been used by [LTT22] (see [LHT22a] for
quantum channel discrimination) to achieve the optimal rates given by the quantum rel-
ative entropy for both type I and type II errors at the same time for binary hypothesis
testing problem using entangled measurements.

Adaptive strategies have been considered for testing quantum channels in [HHLW10;
PLLP19; SHW22]. In particular, [HHLW10] and [SHW22] provide examples for which
adaptive strategies outperform non-adaptive ones for testing quantum channels. We note
that for channels, one has the possibility to adapt the input of the channel to the previous
observations, but this is not the case for testing states. As such, it is more challenging
to find a separation between adaptive and non-adaptive strategies for testing quantum
states than it is for channels.

Finally, for the tomography problem, [CHLLS22| shows that adaptive independent strate-
gies cannot beat non-sequential non-adaptive ones and thus need at least Q(d?/e?) copies
to learn the quantum state p. However, it is unclear whether adaptivity can help for
learning restricted families of states such as graph states [OT22]. On the other hand, se-
quential strategies were used for (online) state tomography by [KF15; YET19; SMPE+22;
RYTR22].

3.2 Preliminaries

Throughout the chapter, d is the dimension of the quantum states. An observable is a
Hermitian matrix O satisfying O = 0 and I — O = 0 where I is the identity matrix.

All the problems discussed in this chapter are special cases of the general hypothesis
selection problem. Given an unknown quantum state p € C%¢ and m hypothesis classes
{H;}icim), the learner is asked to find one of the hypothesis classes containing p with high
probability. Formally, we have the promise that at least one of the following assertions is
satisfied:

peEH,peHy....p€ H,p,. (31)



3.3. TWO HYPOTHESES 79

An algorithm A is §-correct for this problem if it verifies the following property:
Viem|l:p¢g H=—=P(A=1) <. (3.2)

The difference between quantum and classical testing is that in the quantum case we
have the possibility to choose a measurement (given by positive operators summing to
the identity). If the quantum states are restricted to be diagonal, we may assume the
measurement is always the same and so the problem becomes a classical testing problem
(see Lemma 3.3.1).

The quantum state p is unknown, but the learner can extract classical information from
it by performing a measurement. The way the unknown quantum state p is measured is
important and can lead to different results about the number of copies needed for this
task. Recall that for testing states, we can distinguish between two types of measurements
depending on the considered Hilbert space:

1. An entangled measurement is given by a POVM on the Hilbert space H =
(CH®N where N is the number of copies available of the quantum state p. We can
measure the whole state p®V at once. An interesting POVM related to the observ-
able O on C*is given by M(O) = { My }o<k<n Where My = 37 (g 1yn |y OT1 @+ -®
O~ . Measuring p®V with the POVM M (O) outputs a sample from the binomial
distribution Bin(n, Tr(pO)).

2. An independent (or incoherent) measurement is given by a sequence of
POVMs { M}y, each of them acts on the Hilbert space H = C?. In this case, we
measure at step t the quantum state p using the POVM M. For instance, for an
observable O, measuring p with the POVM M(O) = (I — O, O) outputs a sample
from the Bernoulli distribution Bern(Tr(pO)). If the POVMs {M;}; are fixed in
advance (i.e., do not depend on the outcomes of the previous measurements), the
procedure is called non-adaptive; when M; can be chosen depending on the results
of the previous measurements with the { M}, we call it an adaptive algorithm.
If the number of measurements is not fixed beforehand and can be chosen as a func-
tion of the previous measurement outcomes, the algorithm is called sequential and
has a random stopping time N. In this case, the expected copy complexity of the
procedure is E (N). Otherwise, the algorithm has a fixed number of measurements
N and is called non-sequential.

In this chapter, we focus on algorithms using independent measurements and our goal is
to assess the potential improvement of sequential/adaptive algorithms over non-adaptive
non-sequential ones.

3.3 Sequential improvement for problems involving
two hypotheses

In this section, we focus on sequential algorithms for problems having only two hypotheses
(m = 2), which can be simple or not.

3.3.1 Provable constant improvement of sequential strategies

The simplest case for hypothesis selection problem with m = 2 corresponds to hypoth-
esis sets containing only one known quantum state. Formally, the learner would like
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to distinguish two hypothesis: H; = {01} and Hy = {o2}. We want to characterize
the exact number of copies the learner needs to solve this problem using sequential and
non-sequential independent measurements.

Non-adaptive strategies

The tester knows the quantum states oy and o5 and can hence calculate the actual 1-norm
between them, denoted by € = ||y — 03|1. The optimal POVM to distinguish between
o1 and oy is thus given by M = (I— 0O, O) (Holevo-Helstrom theorem, see [Wat18]) where
0 < O <1 satisfies

E = ||O'1 — CTQHTr = Tr((al — 02)0). (33)

Let X1,..., Xy be the outcomes of measuring p by the POVM M. By Born’s rule, they
follow the Bernoulli distribution of parameter Tr(pO). Let S be the statistic given by the
difference between the empirical mean and the actual mean under Hy: S = % Zfil X; —
Tr(o20). Its expected value is Tr((p — 02)O) which is € under H; and 0 under H,. The
learner can measure p a sufficient number of times, compare the statistic S with /2 and
decide accordingly: If S > £/2 it accepts Hj, otherwise it accepts Hs. Following the
Chernoff-Hoeffding inequality ([Hoe63]), the sufficient number of measurement for the
learner to be d-correct is

max log(1/9) log(1/9) < 2log(1/8)
KL(Tr((01 + 02)0) /2| Tt(010))” KL(Tr((01 + 02)0) /2| Te(020)) [ = &2

(3.4)

The latter inequality follows from Pinsker’s inequality ([FHTO03]). Note that this previous
upper bound is optimal in the worst case setting where we fix € and take the infimum over
all o1 and o9 satisfying ||o; — 09|y = €. This first result is summarized in the following
proposition:

Proposition 3.3.1. There is a non sequential algorithm for testing Hy : p = o1 vs
Hy @ p = 05 using QIL(;/‘S) measurements. Moreover, there exists two quantum states oy
and oy satisfying |0y — os||w = € so that every non sequential algorithm distinguishing
between Hy : p = o1 and Hy : p = oo with high probability needs an equivalent of 21%(21/5)
measurements.

Proof. The correctness of the batch algorithm presented above can be done using Chernoff-
Hoeftfding inequality, if p = o1 the error probability can be upper bounded as follows:

P (S —Tr(020) <¢e/2) =P (S — Tr(010) < e/2 —¢) 3.5)
<P (S —Tr(610) < —¢/2) (3.6)
< exp(—N KL(Tr(010) — /2| Tr(0,0))). 3.7)

On the other hand, if p = o:
P (S — Tr(020) > ¢/2) < exp(—N KL(Tr(020) + £/2||Tr(020))). (3.8)

Therefore to ensure that the batch algorithm is d-correct we need N to satisfy

max log(1/9) log(1/6)
N > {KL(TI(UlO) — /2| Tr(010))’ KL(Tr(020) + £/2|[Tr(050)) } (3.9)
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Moreover by Pinsker’s inequality ([FHT03]), the right hand side is upper bounded by:

max log(1/4) log(1/6) _ 21log(1/6)
KL(Tr(010) — ¢/2||Tr(01,0))” KL(Tr(020) + £/2|| Tr(020)) | — 2

(3.10)

For the lower bound, we construct two quantum states, oy = I /d and o9 = diag((1 +
2¢)/2,(1 —2¢)/2) = 1/2 4 €O where O = diag(1, —1). The reduction to classical testing
can be proven using the following lemma on measurements of diagonal quantum states.

Lemma 3.3.1. Let D; and Dy be two discrete distributions and p; and ps their corre-
sponding diagonal quantum states. Let M be a POVM. Measuring the quantum state p;
(resp. pa) with the POVM M can be seen as post-processing (independent of the quantum
states) of samples from the distribution Dy (resp. Ds).

Proof. Let M = {M"};cpy. For each i € [k], we can write
=) M, lz)(yl. (3.11)
m7y

By Born’s rule, the probability distribution of the outcomes of the measurement of p by
the POVM M is:

M(p) = {Tr(pM") }ica = {Tr (ZD o) (@] > M | <y|) } (3.12)
ied

z,y
= { > M;@DI} = PD, (3.13)
z ied

where P = (M, )i is a stochastic matrix. Indeed, M" 3= 0 implies M, = (z| M*|z) >0
and Y, M* =T implies

Z = (z| M'|z) = (z]z) = 1. (3.14)

7

]

Now we move to show how the reduction works for entangled strategies. We have
oV = 5 and oF" = S diag ((1+ 2¢)I(1 — 25)N_|i‘)i€{o,1}N where |i| =4 + -+ +iy.
By Lemma 3.3.1, measuring the quantum states oV (resp. o3") can be seen as
post-processing of samples from the distribution D; = {1/2V bieoayy (resp. Dy =
{(1/2 = e)ll(1/2 4 e)N-HI}. e {0, 1}N Observe that a sample i = (iy,...,ix) ~ Dy is given
by N iid. random variables {iy ~ Bern(1/2)}, ;. Similarly, a sample i = (i1, ..., in) ~
D, is given by N iid. random variables {iy ~ Bern(1/2 —¢)}, n;. Therefore, distin-
guishing oy from o, using N entangled copies can be reduced to testing Bern(1/2) vs
Bern(1/2 — ¢) using N samples. Once the reduction to classical testing identity is done,
we can invoke the lower bound of Theorem 2.3.1.

]
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Sequential strategies

If we allow the tester to adapt the measurements and choose its stopping time according to
previous observations, it can outperform (in expectation) every non-sequential algorithms
by a factor 4. Precisely, it can be proven that an expected number of measurements
equivalent to % is sufficient to distinguish between H; : p = 01 and Hs : p = 09 with
probability at least 1—J. We use again the optimal POVM M defined in Equation (3.3) to
distinguish between oy and oy. Let X, ..., X; ~ Bern(Tr(pO)) the outcomes of measuring
p by the POVM M. Let S; = %22:1 X; the empirical mean until the time ¢. Contrary
to the algorithm described in the previous subsection, a sequential algorithm can make
comparisons at each time ¢ until the tester is confident enough to answer the correct
answer Hy or Hy. Under H;, the statistic S; has an expected value Tr(c;0). On the
other hand, under Hj, the statistic S; has an expected value Tr(o20). These expected

values are known to the tester, so it can compare at each time the statistic S; with two
thresholds: Tr(c,0) — ¢(8,t) and Tr(020) + ¢(0,t) where ¢(d,t)* = log (@) /2t If
Sy < Tr(c,0) — ¢(0,t), the tester can answer Hy confidently. Similarly, it would answer
H, if S; > Tr(020) + ¢(d,t). However if none of these inequalities is verified it does
not answer and makes a new measurement, and so forth until the regions defined by the
thresholds coincide. The idea of comparing the statistic with time dependent thresholds
has been previously used for classical testing identity and closeness in Chapter 2, where
it is proven that in expectation this algorithm outperform the non sequential one by a
factor 4. We adapt this result to the quantum setting in the following proposition.

Proposition 3.3.2. There is a sequential algorithm for testing Hy : p = 01 vs Hy : p = 09
using an expected number of measurements:

E(N
lim sup #

s—o  log(1/6)

1
22’

IN

(3.15)

Moreover, for small enough e, there are two quantum states oy and oy satisfying ||o1 —
ool = € so that every sequential algorithm distinguishing between Hy : p = o1 and
Hy . p = oy with high probability needs, in expectation, an equivalent a number log(1/9) of

22
measurements.

Note that we can obtain non asymptotic upper bound depending on oy and oy by
carefully choosing the thresholds of the algorithm. For the sake of simplicity, we prefer
to present the asymptotic worst case complexities that can be easily compared. The
correctness of the algorithm presented here is proved using the following time uniform
concentration inequality which is an application of union bound and Hoeffding’s inequality

([Hoe63)):

P(Et>1:]S —E(S)| > ¢(d,t) <. (3.16)
The lower bound follows from the previous proof’s reduction and the lower bound on the
expected number of samples for testing uniform using sequential algorithms: Bern(1/2) vs

Bern(1/24¢) (see Lemma 2.3.1). We note that [LTT22; LHT22a] have also established an
advantage of sequential strategies over non-adaptive ones in terms of the error exponents.

Proof. We use a similar approach as in Chapter 2:
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Correctness. Let’s start by showing that the algorithm presented above is d-correct.
To this end, we need a time uniform concentration inequality which can be obtained
by Hoeffding inequality along with the union bound, recall that S; = %2221 X; and
X; ~ Bern(Tr(pO)):

P(Et>1:15~E(S)|>00,0) <> P(S —E(S)| > é(8,t)) (3.17)
< iexp(—thb(d, t)?) (3.18)
4
S;t(tﬂ) (3.19)
<5 (3.20)

Complexity. To obtain an upper bound on the complexity, we use the following lemma:

Lemma 3.3.2. N a random variable taking values in N*, we have for all k € N*

E(N)<k+> P(N=>t). (3.21)

t>k

This inequality can be proved by writing E(N) = >",.; P(N > t) then upper bounding
the first kK — 1 terms by 1. -
Let o € (0,1) and k the smallest integer so that for all t > k : ¢(,t) < ae. We focus only
on the case p = oy (the other being similar), the expected stopping time of the algorithm
can be controlled as follows:

E(N)<k+Y P(N>t)<k+ Y P(Sy < Tr(020) + (5, — 1)) (3.22)

t>k t>k

<k+ Y P(S—Tr(010) < —e+as) <k+ Y P(S, - Tr(0:0) < —(1 — a)e)

>k—1 >k—1 523)
5 o 2exp(—2(k — 1)(1 — a)%e?)
< k+t§_12exp(—2t(1 —a)%?) <k+ T e (2(1 a7 (3.24)
2exp(—2(k — 1)(1 — a)%e?)
<k+ 1= o) : (3.25)
On the other hand we have ¢(d, k) < ae and ¢(d,k — 1) > ae so
log (w) > 2(k — 1)a’e”. (3.26)
Therefore:
1< oB0) | loallog(1/0) (o)) .
2% e
Hence:
E(N) < 1 N 210g(10g(1/5)/(0z5)2) n 1 2exp(—2(k — 1)(1 — a)?e?)
log(1/6) — 2a2e? log(1/6)a2e? log(1/9) log(1/6)(1 — ar)2e? ’

(3.28)
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and by taking 6 — 0, then a — 1 we obtain:

E (N 1
limsup¥ < —

50 log(1/6) — 2% (3.29)

]

3.3.2 Sequential strategies adapt on the actual difficulty of the
problem without prior knowledge

In this section, we change the previous setting by letting the second hypothesis be multiple.
Precisely, we consider the problem of testing identity with H; = {I/d} and Hy = {p :
lp —L/d||1c > €} where ¢ is a positive parameter. [CHLL22] has proved that the optimal
adaptive copy complexity is ©(d*/?/e?). We show that while adaptive algorithms cannot
improve the copy complexity, sequential algorithms can be used to adapt to the actual
difficulty of the problem. Mainly we show the following result:

Proposition 3.3.3. There is a sequential algorithm for testing identity problem using a
number of measurements satisfying:

d*?log(1/6) d“/?log(1/d) }) . (3.30)

B () =0 (min {250 R

In particular, the expected copy complexity can be reduced to O(rd*/?1log(1/6)) if the

M) if the trace-less matrix p —I/d
lo=1/dl1%,

has low rank r even if the algorithm does not have any information about these ranks (see
Section 3.3.2). The algorithm uses random measurements and a time-dependent stopping
rule. Since we have already sequential algorithms for the classical testing identity problem,
it is sufficient to show how to reduce the quantum problem to the classical one. For a
POVM M and a quantum state p, let p(M) denotes the classical probability distribution
{Tr(pM;)};. The following lemma captures the main ingredient of the reduction:

quantum state p has low rank » < d/2 or O <

Lemma 3.3.3. For all § > 0, let | = 3072log(2/6) and U, U?,...,U" € C*? be Haar-
random unitary matrices of columns {‘U5>}1<,~<d 1<j<i, M = {% |UZJ><U5|}” is a POVM

S0yl ) >

and for all quantum states p and o we have with a probability at least 1 — §:

where 1 is the rank of (p — o).

A similar statement can be found in [MWWO09] where the authors analyze the uni-
form POVM and a POVM defined by a spherical 4-designs. However, for our reduction,
it is important to minimize the number of outcomes of the POVM. Performing measur-
ment with a random basis is well known in the quantum learning literature (see e.g.,

[EFHKPVZ23)).

Proof. Let £ = p — o, we have Ule;) = |U;) and we use Weingarten calculus [Gul3;
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CMS12] to calculate

E [(Ui| € 1U)*] = E[Ui| € |Us) (Uil €|U3)] = E[Tr(€ [U)(U;] € |U) (Ui])] (3.32)
= E[Tr(SU [es)(ei] UTSU [es)(es| UT)] = E[Tr(U"EU |es){e:| UEU |ei){eil)]
(3.33)

= Y Wg(Ba ' d)Trg (&, ) Tra(les) (e, [e:) (ei]) = Tr(&?).

a,BEGy

Similarly

E [(U;] € |U)*] = B U € Us) (U] € |Us) (UL €Us) (U3 € |U))
[Tr(g |Uz><Uz| 3 |Uz><Uz| § |Uz><Uz| § |Uz><Uz|)]
[

(3.35)
(3.36)

Tr(EU |es)(es| UTEU Jes)(es] UTEU Jes) (es] UTEU les) (es] U)] (3.37)
(3.38)
)

E 8 8 3

[Tr (U*SU ’el><61’ USU |ei)(ei| U™SU |ei)(eil U™EU |ei)(eil)]

a,BEGy

(3.39)

1 2\2 4
= T D)t )T 3) ) OIE), (3.40)
= Tr(€")". (3.41)

S A+ Dd+2)d+3)

We can now conclude by Holder’s inequality:

E [(Uil¢ U]

2B [TV (p(M), o(M))] = S E [T € |07 | ZJ (W)

(d=H(d + 1)~1Tr(€?))°
> 2 \/12d—1(d+ 1)=1(d + 2)~1(d + 3)~'Tr(€2)? (3.43)
> Z T;lrf?) > i Tr(p — 0)2. (3.44)

Let f(U) = TV(p(M),c(M)), we first show that f is Lipschitz by using the triangular
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and Cauchy Schwarz inequality:

AfW) - ) =] S I )] - (V)| €) (3.45)
< X (U] - Ve (3.46)

Sl ) >

< Y VE@YTUHW -V G4

Il it e

NN N S R

1<i<d,1<)<
d . ,
<A@ 3w —vip (3.49)
1<5<i
d
< \/;\/Tr(@)HU Vs, (3.50)
hence fis L = \/% \/Tr(&?)-Lipschitz. Therefore by Theorem 1.4.2:
1 AT —1/3072
P (/1) =B > 1/THE) ) < emiits = 02 = 5/2. (35)

for | = 30721og(2/0). Finally with high probability (at least 1 — §/2) we have

TV(p(M),a(M)) = E(TV(p(M),s(M))) = [TV(p(M),c(M)) = E(TV(p(M),a(M)))]

(3.52)
1 1 1 1 [lp— ol
> VIO - VI 2 V@) 2 o A (e
where r is the rank of (p — 1/d). O

Let n = ||p — I/d||2. Under the alternative hypothesis Hs, the TV distance between
P and U, can be lower bounded by TV(P,U,) > +||p —I/d||z. So Lemma 3.3.3 gives
a POVM for which our problem reduces to testing identity: P = U, vs TV(P,U,) > 1%
with high probability, where n = idlog(Q/ 9) and P = M(p). Therefore we can apply
the classical testing uniform result of [DGPP17] to obtain a non sequential algorithm for
testing identity in the 2-norm with a copy complexity:

o (M) | (354

Moreover we can apply the sequential upper bound for classical testing uniform (see
Algorithm 3 and Theorem 2.5.1) to obtain a sequential testing identity in the 1-norm with

an expected copy complexity:
~ d*/?log(1/6
O( _ og(1/9) ~ ) (3.55)
max{e?, d||p —1/d]|3}
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Algorithm 5 Testing whether p = I/d or ||p — I/d||» > n with an error probability at
most 9.

I = 30721og(2/4).

Sample U, U?,...,U' € C™ from Haar(d) distribution.

Let {’Uf> 7 be the columns of the unitary matrices U, U2, ..., U

Measure the quantum state p using the POVM M = {} ‘Uf><UZ‘}” and observe
@) (\/alog(l/d)/n2> samples from p(M).
Test whether hy : p(M) = Uy or hy @ TV(p(M),Uq) > n/16 using the testing

identity of discrete distributions of [DGPP17], with an error probability ¢, and answer
accordingly.

A matching lower bound can be obtained in the worst case setting where we are interested
only in the parameters d, € and ||p — I/d||1,. This can be done using Markov’s inequality
to transform the algorithm to a deterministic-time one then invoking the lower bound of
[CHLL22]: Any adaptive algorithm for testing identity would require Q(d*2/<?) copies of
p.

Once we have the lower bound on the TV distance between the distributions obtained
after performing the measurements, we can deduce upper bounds on sequential algorithms
for testing identity depending on the rank of p or p —I/d.

Dependence in the rank of p — [/d: From the previous lower bound on the TV-
distance, we can achieve an upper bound using the sequential tester of uniform (Theo-
rem 2.5.1):

s n'/21og(1/8)/2 log(1/4)
O [ min , 3.56
( {(maX{ﬁ/\/Ey lp —1/d|l2})?*" (max{e/Vd, Hp—ﬂ/d\lz})Q}) (350

ol ) o (20 )

where 7 is the rank of (p—1/d) and we use Cauchy Schwarz to obtain the latter inequality.

Dependence in the rank of p The proof of Lemma 3.3.3 permits to deduce that with
high probability:

1 1 | < 1\* d-r
> —|lp— > — - = .
TV(P,Un) 2 £lle = 1/dllz = ¢ }lj(xz d> +— (3.58)
1
— 5
5 (3.59)

where r is the rank of p supposed to be less than d/2 and we use Cauchy Schwarz inequality.
Therefore we can test whether p = o or ||p— || > € with probability at least 1 —§ using

S d1081/8) | i [E080/8) s |
“\ (oo v vy O (sin {E st ) - o
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copies of p.

Observe that, using Lemma 3.3.3 and the sequential tester of closeness for classical
distributions (see Algorithm 4 and Theorem 2.6.2), we obtain the same copy complexity for
testing closeness (i.e., testing p = o vs ||p — o||w > € where we can measure the unknown
quantum states p and o) as for testing identity. This is different from the classical case

where testing identity can be done with much less copies than testing closeness (see
[DGPP17] and [DGKPP20)]).

3.4 Provable separation between adaptive and non-
adaptive strategies

In this section, we focus only on adaptive algorithms meaning that the number of mea-
surements is always deterministic.

We construct a problem for which we have a separation between adaptive and non-
adaptive algorithms. Let {oy,...,0,} be a set of e-separated known quantum states.
The unknown quantum state p is £/3-close to (at most) one of the quantum states
o € {01,...,0,} and has the same diagonalisation basis than ;. We aim to learn
the quantum state p to within /10 with high probability. Formally, the goal is to design
an algorithm that measures a number of copies of p and returns a quantum state p (an
e/10-approximation of p) such that with probability (the randomness comes from the
measurements and possibly the algorithm) at least 1 — 9:

16— pllte < €/10. (3.61)

The problem described above is not a hypothesis selection problem in the strict sense of the
term. However it is equivalent to the following hypothesis selection problem which has the
same order of copy complexity. For i € [m], let o; = > A [¢}) (¢4 | and {0 ;}je(n an €/10-
covering of the set {p = >, u |¢4) (¢L] : 2TV(A, n) < €/3}. Our problem is equivalent to
the hypothesis selection problem for {H; ; = {B(0;,£/10)}0{p : po;; = 05p} }icpm]jeim-
For simplicity, we use the first formulation of the problem and refer to it as (P).

3.4.1 Upper bound

In this section, we present an adaptive algorithm for the problem (P) achieving a copy
complexity strictly less than the lower bound which holds for all non-adaptive algorithms.
The first step is to determine with high probability the closest quantum state o+ to p,
then it remains to approximate p by measuring it in its basis of diagonalization.

Adaptive strategies.

The quantum state o has the property to minimize the 1-norm between p and {o;};,
so it is natural to take the state minimizing the statistics of expected value roughly
max; ; It O, j(p — o) for [ € [m]. To do this, we need to approximate Tr pO; ; for all
i # j. We can use the classical shadow tomography algorithm of [HKP20] to predict all
these events using a few number of copies of p:

Theorem 3.4.1 ([HKP20]). Let (Oy,...,0,,) be a tuple of observables. There is an
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algorithm using non-adaptive independent measurements requiring:
dlog(m/d
N=0 (%) (3.62)
copies of p to predict Tr(pO;) to within e-error for alli =1, ..., m with at most an error

probability of 6.

Once we find the quantum state o;«, we know the basis of diagonalization of p and we
can learn the eigenvalues using O(d/e?) independent copies. The algorithm is summarized
in Algorithm 6. This algorithm is d-correct. We need to show that with probability at

Algorithm 6 Hypothesis selection problem (P).

Require: N = O(dlog(m/d)/e?) independent measurement on p and m quantum states
Olyvns O

Ensure: Two quantum states ;= and p satisfying with a probability at least 1 — ¢:
ot — pllae < =/3 and [|p — pllre < £/10
For all i # j € [m], let O, ; an observable satistying ||o; — 0| = Tr O, j(0; — ;).
For all i # j € [m], let u; ; an £/10 approximation of Tr(pO; ;) given by classical shadow
tomography of [HKP20].
Let k* = arg min, max; ; pt; j — Tr(0,0; ;).
Let M = {|¢:)(¢i|}iclg) the POVM corresponding to the basis of diagonalisation of oy-.

Measure p independently M = 200log(2¢2/§) /&2 times using the POVM M and denote
the outcomes {E;}1<i<nm-

- > ein L, =i
Return p = Zie[d] <%> |0:) {0l

least 1 — /2, Algorithm 6 finds the closest quantum state o;« to p.

Lemma 3.4.1. For all i # j € [m], let u;; an €/10 approzimation of Tr(pO; ;) given by
classical shadow tomography of [HKP20]. Let k* = arg min; max; ; p1; ; — Tr(0;0; ;). We
have with at least a probability 1 — §/2:

||p_0-k;*||Tr S 5/3 (363)

Proof. Classical shadow tomography of [HKP20] permits to have the following approxi-
mations

Vi# 5 € [m]: |pwi; — Tr(pO;, )| < e/10, (3.64)

with a probability at least 1 — §/2 using only N = O(dlog(m)/e?) copies of p.
Let o4+ the closest quantum state to p. We want to prove that with high probability
k* =i*. We have for all [ # i*: ||o;« — oy||w > € hence:

max ji; ; — 1r(0y0; ;) > p g — Tr(0104+ 1) > Tr(pOsx ) — Tr(0y044 1) — €/10 (3.65)
z’]

Z TI'(O'Z‘*OZ'*J) — TI'(O'[OZ'*J) + Tr(pOl-*J) — TI'(O'Z‘*O,L'*J) — 6/10
(3.66)

> |log —o|ln — ||lp— 00|l — /10 > e — /3 — /10 > /2.
(3.67)
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On the other hand

max fij — Tr(o4+0; ) < max fij — Tr(o4+0; ;) (3.68)

| - n%éx Tr(pOs,) — Tr(0:20s ) + £/10 (3.69)

< H/;—ai*nﬁﬂ/m <e/3+¢/10 < e/2. (3.70)

Therefore, with high probability, £* cannot be different from 7*. O

Once we know, with high probability, the closest quantum state to p we can read
its basis and use it to to learn p. The following lemma indicates how to construct this
approximation along with the number of copies/measurements needed for this learning
task.

Lemma 3.4.2. Let p = Zle i |@i)(@s|. Let Ay, ..., Ax the outcomes of the measurement
of p independently by the POVM M = {|¢;){¢i|}i. The quantum state

=3 <2T1> 160) (6 (3.71)

i=1
is €/10-close in 1-norm to p with a probability at least 1 —§/2 if N = 200log(29+2/§)/e?

Proof. pis a quantum state so it is a Hermitian matrix positive semi definite of trace 1.
Hence, we can write p = S°0 | \; [¢:)(¢;| where{\;} is a probability distribution and {¢; };
is an orthonormal basis. Therefore 3¢ | |¢;)(¢;| = T and M is a valid POVM. Measuring
p via the POVM M is equivalent to sampling from the distribution {Tr(|¢;){(¢:| p}i =

{22 A Te([@i)(dil [65)(95]}i = {Ai}i hence

i.4.d.

A A R DG (3.72)

On the other hand p and p have the same basis of diagonalization so the 1 norm between
them is simply

d d
lp = Allme = || D> A lgi) @I—ZA o) (@il|| =D\ — X [63) (¢ (3.73)
=1 i=1 Tr i=1 Tr
d
=> A= X =2TV(A ), (3.74)

=1

~ N -
where {\;}; = {%} . It is well known that the TV distance can be written as:

TV ) = max(A(B) ~ A(B). (3.75)

Chernoff-Hoeffding([Hoe63]) inequality implies for all B C [d] :

P <‘% _A(B)| > %) < 2exp ( ON (20)2) (3.76)
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Therefore by union bound we obtain

P(|lp—pln > e/10) = P (2 TV, D) > 5/10) (3.77)
—Pp (33 cd: # —\B)| > 2%) (3.78)

< 24+ exp ( ON (20)2) (3.79)

Finally for N = 2001log(29+1/4) /2, we have with at least a probability 1 -4 : ||p— p||n <
e/10. O

Grouping the two previous Lemmas, Algorithm 6 finds the closest quantum state o
and returns an €/10-approximation of p with a probability at least 1 —(§/2+6/2) = 1—90.
Algorithm 6 can be split in two parts for which we independently upper bound the copy
complexity. The first part relies on the shadow tomography algorithm of [HKP20] and

needs a number N; = O (W) =0 (M) of copies of p. The second part

requires a number Ny = 200627

Algorithm 6 is N = Ny + Ny = O (M) .

) of copies of p. Finally, the total copy complexity of

€

Non-adaptive strategies.

We can slightly modify Algorithm 6 to have a non-adaptive algorithm for the problem
(P) with independent measurements. It amounts to first measuring p in all the basis
corresponding to the known quantum states (¢;); and preparing m approximated quantum
states (p;);. Then the tester can look for the closest quantum state o;+ and finally returns
the approximated quantum state p;«. This non-adaptive algorithm has a copy complexity

mNy + Ny = O (md+mlog(1/ 0)+dlog(m/ 6)> . This complexity is almost optimal for m < d

(see Theorem 3.4.2). However, it is no longer optimal for m > d since md/e? > d*/<2.
In that case, we can still design an almost optimal non-adaptive algorithm as follows: for
each k € [m], let {|¢F)}; an orthonormal basis of diagonalization for oj. For each k € [m)]
and B C [m], let O% = Y icB ‘¢k><¢k‘ We use the classical shadow tomography of
[HKP20] to predict (Tr(pOZ,]))wE[m] U (Tr(pO%) kepm), Bcim) to within £/40 simultaneously
using O(dlog(m? + m2%)/e?) = O((d* + log(m))/e?) copies of p. We find the closest
quantum state o;« to p the same way as the Algorithm 6 does. Next, we look for a
< /40, where i

sk

probability distribution X satisfying for all B C [m] : ‘X(B) —

is the prediction of shadow tomography algorithm for Tr(pO%). Such X\ exists since the
vector A of eigenvalues of p satisfies the following property:

Tr(pOf) = Tr | D Ni|ol ) (9] U)o (3.80)
i€[d] i€B
= > Al =Y N =A\B), (3.81)

i€ld],j€B i€B
and |A(B) — 2) —

P= i Xi |07 ){(¢!"| as an approximation of p. We can verify that it is indeed an /10

. We can thus return the quantum state
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approximation of p:

d
_ 5 < )| = _ 3 )
lp = pllme < ;IAZ Al = 2max A(B) — A(B) (3.82)
<2 ANB) = i, +2 v _ \B 3.83
< 2max (B) — pp + max g (B) (3.83)
< 2¢/40 4 2 /40 < /10. (3.84)

The copy complexity of this algorithm is O((d? + log(m))/e? which matches (up to loga-
rithmic factors) the lower bound for m > d.

3.4.2 Lower bound

In this section, we derive lower bounds for the problem (P) both with adaptive and
non-adaptive independent measurements.

We start with a lower bound for non-adaptive algorithms that matches the copy com-
plexity of the algorithm presented in Section 3.4.1. For this section, we fix the error
probability to § = 1/3.

Theorem 3.4.2. There is a tuple of quantum states (o1,...,0,) such that any learning
algorithm with non-adaptive independent measurements requires

2
N0 (mnd " &
log(m)e?’ 2

copies of p to approximate p to at most €/10 with at least a probability 2/3.

This result with m = d, together with the analysis of the adaptive Algorithm 6 gives
a nearly quadratic advantage for adaptive algorithms over non-adaptive ones.

Proof. We start by constructing the quantum states (o1, ...,0,,). We choose m unitary
matrices {U,}, chosen randomly from the Haar(d) distribution, then we choose for each
unitary (orthonormal basis) random eigenvalues:

Lemma 3.4.3. Let m < exp(d®/3000). Let {Uy}yeimo be m/2 unitaries distributed
according to the Haar(d) distribution. Fory € [m/2], let o, = 2I/d — 0ppy1—y = U, AU

where A = % + diag (‘Dﬁ}ie[d]) = diag ({W}ie[d])‘ We have with a probability at
least 9/10, for all y # z € [m]:

oy — ozl > €. (3.85)
Proof. Let y # z € [m/2] and 0 < O < [ satisfying Trdiag <{)\i}i€[d]) O = —be. Let

flU) = Tr (U diag <{)\i}i€[d]) Ut — diag ({)‘i}ie[d])> O where U ~ Haar(d), we have
E(f(U)) = —Trdiag <{)\i}i€[d}> O = be (see Weingarten calculus [Gul3]). The function
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fis 2—\95—L1psch1tz Indeed, recall that A = 1/d + diag ({)\ }s E[d]> we have:

) = F(V)] (3.86)
= |Tr (UA -T/d)UT — (A —1/d)) O — Tr (V(A = I/d)VT — (A —1/d)) O] (3.87)
< |Te(U diag ({Ai}ie[d]) Ut — V diag ({)\i}ie[d]> vHo (3.88)
< (U = V) diag ({Aikicrq) Ullle + 1V ding ({A}icrq ) (U = V)lln (3.89)
< U = Vil diag ({Mibicga) UTlle + 1V diag ({Aidiegg ) 100 = V)T (3.90)
< S0 = Vol ding ({(-1)7} ) U+ 1V ding ({(-1)"} i) 1@ = V)'])
(3.91)
< ZEIU =V (392

where we have used Cauchy Schwarz inequality.

Using the fact that the Haar distribution is invariant under the multiplication by
a unitary and the concentration inequality of Lipschitz functions of Haar unitary ma-
trices [MM13], the probability that the states {oy},cmm/2 are not e-separated is upper
bounded by

2

P (3.2 € (/2] : o, — ol <2) < 2P (1o, — ol < 2) (3.93)
< mTQIP (HU diag ({A-}ie[d]) Uf — U. diag <{)\i}i€[d]> Ul < g) (3.94)
< mIIP (11010, diag ({\ibieqy ) USU- — diag ({Aihieq) e < <) (3.95)
< %IP (Il diag ({As}ieq) UF = ding ({Aibieg) e < ) (3.96)
< mTIP (T (U diag ({)\ 1, e[d]) — diag ({)\i}ie[d]» 0< 5) (3.97)
< %IP (FU) ~E(U) <=5 = P (B(/V) - fV) 2 40)  (399)
= mTeXp ( %ﬁo;) = mTZeXp <_1g(2)0> ’ (3.99)

which is smaller than 1/10 if m? < 2exp(d?/1000)/5.
For the case when y € [m/2] and z € [m] \ [m/2], let  =m + 1 — z € [m/2] we have

loy — ol = |loy — 2I/d + 04| (3.100)
> ||lop = 2I/d + oyl — [Joy — 0l (3.101)
= 2|0, —1/d||1e — ||loy — Ozl > €. (3.102)

Finally, for the case when y € [m]\[m/2] and z € [m]\[m/2], let = m+1—y € [m/2]
and 2 =m+1— z € [m/2] we have

loy — oulln = 121/d — 0 — 21/d + 0l > lloy — ol > <. (3.103)

]
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We have shown how to construct the unitaries, we move to prove the existence of the
eigenvalues:

Lemma 3.4.4. There exists family of quantum states {p.y}izjclecd]yeim) (Where ¢ is a
universal constant) such that for eachy € [m|], { ey }jz|ciece) s €/5-separated and commute.

Proof. We start by writing the eigen-decomposition of the known quantum states o, as

o, = U, (Z AV |z'>(i|> Uj. (3.104)

We claim that we can choose af to construct an e/5-separated family of me® quantum
states (c is a constant to be chosen later) of the form

Poy = U, (Z (A;f + @) |i)(i|> U, (3.105)

i=1
for |z| € [e“)] and y € [m]. Note that for convenience of notation, the labels z can be

positive and negative. Moreover the distance between p, , and o, is exactly:

lpey = oylln = 5. (3.106)
Concretely, we look for {af }1<;<41<[z|<ecd/2 such that
1. af = +1,
2. o " = —af,

3. af +aj g, =0 (we suppose d is even) and

4. Ve # 2 N2 ar — o > d(1/2 — 1/200).

The third point ensures that p has trace 1 while the fourth one implies |p., —

poyllTe > €/3 — /100 > ¢/5. Starting by the simple quantum states p;, = o, +
/2 (2¢/3 N/ d 2/3 N\

Ziil %Uy i) (i ij - Zi:d/?Jrl %Uy )i UJ and p_1y = 2I/d — p1y = Omy1-y —

fol @%PU@, |2y (i| U} + Z?:d/ZJrl (2‘2/3) Uy |i)(i] U] and we suppose that we have con-

structed Q an e-separated family of the form described above of cardinality M < e.

Let o4, ..., a4/ i.i.d. random variables taken values in {41} with probability 1/2 each.

We have by Hoeffding’s inequality

/2 /2
P 3o, €Q:> |af —al <d(1/2-1/200) V> Ja; " — ay] < d(1/2 - 1/200)
=1 i=1
(3.107)
/2 /2
=P |3, €Q: ) |af —ay <d(1/2—1/200)V > |of + a] < d(1/2 — 1/200)

=1 =1

(3.108)
M d/2 v d/2
<P D da—ar > d/4+d/400 | + - P D la—ar < d/4 - d/400 (3.109)
=1 =1
< Me=4/2000, (3.110)
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which is strictly less than 1 if M < e%/2%°_ So let’s take ¢ = 1/2000, we deduce that

/2
P Vo, €Q: > |af —ay| >d(1/2—1/200) | >0. (3.111)

i=1

therefore there exists some a € {£1}¢ verifying the desired conditions. We can repeat
this construction until Card(Q) > e“.
O

We have constructed the e-separated family of quantum states {o,}, an the corre-
sponding ¢/5-separated {p,,}, for all y, we can use tools from communication theory
to deduce the lower bound (see e.g., [FGLE12; HHJWY16]). Alice encodes a message
(X,Y)e{l,...,e“} x [m] in p,, and sends it to Bob. To read the message, Bob tries to
approximate the quantum state that he received from Alice. We suppose that Bob can
approximate (up to €/10 in trace norm) a state ¢/3 close to one of {7, } and diagonalized
in the same basis of this quantum state with a probability at least 2/3. Bob uses N copies
to decode Alice’s message and returns (X', Y’) € {1,...,e“} x [m] , therefore by Fano’s
inequality ([Fan61]) we have the following lower bound on the mutual information:

Lemma 3.4.5 (Fano). The mutual information between the encoder and the decoder can
be lower bounded:

I(X,Y : X', Y') > 2/31log(me) —log(2) > Q(log(m) + d). (3.112)

On the other hand we can upper bound the mutual information between (X,Y") and
(X", Y"). Let Iy, ..., Iy be the outcomes of a non adaptive algorithm solving the problem
(P). By using the data-processing inequality for the Kullback-Leibler divergence and the
fact that every non adaptive algorithm for the problem (P) can be used as a 2/3-correct
decoder we can upper bound the mutual information as follows:

Lemma 3.4.6 (Data-processing). The mutual information between (X,Y) and (X',Y")
is smaller than the mutual information between (X,Y) and (Iy,...,In):

XY X YN <I(X,Y : I, ..., Iy). (3.113)

The next step is to upper bound the mutual information between (X,Y) and
(I1,...,In). This latter depends on the quantum states {o,},, therefore it is a ran-
dom variable. We will show that with at least a probability 9/10, it is upper bounded
by an expression involving the parameters of the problem. First we start by proving the
following upper bound relating the mutual information with the unitaries {U,}, defining
the quantum states {oy},.

Lemma 3.4.7. For all unitaries {Uy,},, we have:

1
I(X,)Y i I,... . Iy) AN sup — > (¢|U,0.,U] [¢)°*, (3.114)

¢7||¢H2§1 |:c|,y§m/2

where for (x,y), Oy = Ul(dpyy — 1)U,
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Proof. We suppose that the eigenvalues of o, have the form

N 1+1087¢
(] d ?
where Y = +1 satisfying >, 37 = 0 (exactly half are equal to +1) and Y = —gm+1-v
(we suppose m even). The diagonalizing matrices {U,}, are chosen randomly so as they
satisfy Up,11-y = U, for all y < m/2 and other conditions to be specified later.

Let us denote by M the POVM used at step t. Without loss of generality, we can

suppose that the non-adaptive algorithm performs only measurements of the following
form:

(3.115)

= {|¢t)(i|}i- (3.116)

where we have the condition ), |¢!)(¢!| = I implying for all ¢ and ¢: ||¢!]|» < 1.
Let M = 2me®, we can write the mutual information as follows:

N gt ;
I(X,)Y : I,..., Iy Z Z H<¢H‘p$y|¢lt log MHt1< | ey |91,)

LY 1,.0N t=1 ix,y Hivil < Il‘/tl Pzy ‘¢§t>
(3.117)
=5+ %, (3.118)

where 3; and ¥, are defined as follows:

Z > H<¢ | pay |2}, ) log (H <¢§t\d,ox,y\¢§t>>, (3.119)

T,Y 11, iy t=1 t=1
:——Z > H<¢u1ﬂwy|¢“ 10g< ZH@“\d,ozy\(b“)) (3.120)
T,Y 11,...,0N =1 zy t=1

Since

1+ (108 + 202/3
pey = U, diag { al ﬁl; O"/)g} Ul
i€[d]

we can write

t
+u“’

1
CAVMEAE (3.121)

where u/™Y = (¢!, | U, diag ({106? + 2a§/3}ie[d]) Uy, |q§§t> € (—11,11). Denote by O, , =
diag ({1053 + 2af/3}i6[d]>, we remark that

Zutw Z<¢t | U, diag ({1087 + 207 /3};) Uy |01,) (3.122)

=1 =1

= TvU, diag ({10/33 +2a8 /3}ie[d]) U, = Tr diag ({10@?’ + 24 /3}ie[d]) (3.123)

d
= 108Y + 20} /3 =0. (3.124)

=1
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Moreover, the couples of quantum states (pgy, p—zy) and (Pzys Pom+1—y) are symmetric
with respect to I/d by the construction of (af);, and (5f);, hence

ug " = (@] | U1y diag ({10ﬁm+1 Y+ 207 w/B}lE[d]) miloy |5, (3.125)
= <¢:t| Uy diag ({—105,? - 20‘?/3}ie[d}> Uy ’szt (3.126)
— — (¢1,| U, diag ({10! + 207/}, ) Uy |61,) (3.127)
= —u;" (3.128)

Suppose that € < 0.05. We can start by controlling ¥y using Jensen’s inequality:

s S (e (o) e

TY 01,...,0iN t=1 T,y t=1

< _ 1 Zﬂ 1_|_utxy€ 1 Zl ﬂ(1+ t,x,y (3 130)
< 2o T i og u;Ye) )
Ty, t=1 T,y t=1
N 1 ?,x,y
= _% Z H % % Z log (1 + uftxye)) (3.131)
z,y,1 t=1 z,y,t
1=y (1+ui™e [ 1 "
(] KN PSS S
z,y,1 t=1 lz|,y<m/2,t
(3.132)
t,x y
Z H (1 Rl ) % > log (1 - (ug™)%) | . (3.133)
z,y,i t=1 |z|,y<m/2t

Now, we can use the inequality — log(1 — 2?) < 222 for |z| < 1/V/2:

Ty < - ZH (1 Rl ) % 3 log (1 (ulm)%e?) (3.134)

Ty t=1 |lzl,y<m/2,t
_ i Z H 1 + ut Y o 2(ut,x,y)2€2 (3 135)
=N : 2 '
Ty, t=1 \l"\ y<m/2t
1 1+ ub 1 2
< = i sup  — 2(8| U, O,y US [9)°* | (3.136)
M EH ( ) pllola<t M xl’;nﬂ T
<N sup — > 2(¢|U,0,, U} |9)° e (3.137)
®,llpll2<1 |z),y<m/2

Using the fact that >, ui™ = 0 for all t,z,y along with the inequality (1 + z)log(1 +
z)+ (1 —2)log(l —z) < 2x2 for |2| < 1/4/2 we can upper bound the first sum ¥;:
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N 1+ ut LY o N
M Z H ( ) log (H (1+ uﬁf’ys)) (3.138)
t=1 t=1
N t,x
1+u"Ye
SMZH( it )Zlog(l—ku“y) (3.139)
1 1+u™e utxy e
< M Z Z 3 H log (1 ul 5) (3.140)
l Zk 1, ’Lk+1 ,,,,, iN t=1
1+ uk e
< M Z 3 ( ) log <1 + uf];x’%) (3.141)
z,y,k ik
1
< Vd Z Z (1 +u]“3y ) log (1 —i—u“y ) + (1 —uk’”y >log (1 — fkm’%)
lz],y<m/2,k ik
(3.142)
1
<1 > 2ule)y? (3.143)
‘xlvygm/Zvaik
1 1
< = sup — Y 2(6|U, 00, Uf [9)* € (3.144)
d = 5 Jollo<1 i
ki jal.y<m/2
1
<2N sup — > (8|U,0.,Uf|¢)? e (3.145)
¢:||¢H2§1 |x\,y§m/2

Finally the upper bounds on X; and 5 imply the required upper bound on their sum
21+22:I(X7YZ]1,...,IN). ]

Note that we need to take a supremum over all possible vectors ¢ because the learner
knows the quantum states {o,}, and so it can choose measurements dependent on the
unitaries {U, },. We can now show that with high probability on the choice of the unitaries
{Uy},, the latter supremum can bounded and so the mutual information too.

Lemma 3.4.8. Let {U,}, be m unitary matrices distributed according to the Haar(d)
distribution. We have with a probability at least 9/10:

2 2
W osw g 5 000Ut e =0 (P L B )

ololest M o= m d

Proof. To upper bound the previous supremum, we use a similar approach to [CCHL22]:
For U ~ Haar(d), ¢ such that ||¢[|2 < 1 and a trace-less Hermitian matrix O, let f(¢,U) =
(9| UOUT |¢), we have E(f(¢,U)) = STr(O)Tr(|¢)(¢]) = 0 (see Weingarten calculus
[Gul3]) and f is 2||O||-Lipschitz:

f(U) = F(V) < 20| (U =V)OUT |g) | < 2|O)|U = V2. (3.147)

Therefore by the concentration inequality of Lipschitz functions of Haar unitary matri-
ces [MM13]:

P (|f(U)| > t) < exp(—dt*/48). (3.148)
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Hence
P (|f(U)]* > t) < exp(—dt/48). (3.149)

For m/2 unitaries Uy,..., Uy 2 and A = 2d/C for sufficiently large C'. Denote by X =
|f(U)]2, by Markov’s inequality:

2 2 AX\™/2
P (E Z |f(U)]? > t) < exp(—Amt/2)E (e™) (3.150)
1<y<m/2
o0 m/2
< exp(—Amt/2) (1 —|—/ dx/\eme_d“/@) (3.151)
0
< exp(—dmt/2C) (C')™? < exp(—dmt/C + mlog(C")),
(3.152)

with C” another constant. In order to prove an inequality valid for all ¢ in the unit ball.
Let’s take an n-net {¢;}; of the unit ball of size at most (1 + 2/1)??. For ¢ such that
|oll2 < 1, there is ¢; in the net such that ||¢ — ¢;||2 < n. Moreover |f(¢,U)| < ||O|| so

2N HG U F6n U <= S (6.0 — f(6, U] (3.153)
m 1<y<m/2 m 1<y<m/2
2
< - > 20001((8] = (@)U, 0U] |6) | < 2n[|O]>.
1<y<m/2
(3.154)
Therefore
P (ch = S YA, >t+2170|2) <P (3@ S (6 TP > t)
1<y<m/2 k=1
(3.155)
< (14 2/n)* exp(—dmt/C 4 mlog(C")).
(3.156)

Taking n = 1/m yields:

P (Elgb ; % Z 1f(o, U >t + 20|2/m) < (14 2m)*®exp(—dmt/C + mlog(C")).

1<y<m/2
(3.157)
Applying the union bound, we can obtain:
2 2(| Oy I?
P (3¢, 32, = U,0,,Ul |¢)* >t + T—2¥L 3.158
( Cb, T, my<z7n/2 <¢‘ Yy Yy ‘¢> - + m ( )

< 4e“(1 + 2m)* exp(—dmt /C 4 mlog(C")). (3.159)
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Let’s take t = Clog(40)+cd+2dlog(1+2m)+mlog(C’)

5 in order to have
m

2[[0xy[1”

- (3.160)

1
P \V/Qb, M Z <¢| UyOac,quj |¢>2 S t+

[z],y<m/2

>P ngﬁVle(qﬂUO UT|¢>2<t+2”O—’”’yH2
el 9 7m yrzyy = m

y<m/2

>9/10.  (3.161)

Therefore we have the existence of {U,}, such that for all y # z, ||o, — 0.|1 > ¢, and

1 , _ Tr(07,) 2[|0uy1?
sup — (9| UyOp Ul |6)° < ——— Y2 ¢ 200 (3.162)
8621 |$|,§n/2 o d(d+1) m
201 log(4 d + 2dlog(1 + 2 1 ) 242
< 0 +Oog( 0) + cd + 2dlog(1 + m)+mog(0)+_. (3.163)
d+1 dm m
Finally, we have shown the existence of quantum states {0, },, such that:
1 1
I(X,Y : Ih,....Iy) = O (— + Og(m)) Ne2, (3.164)
d m
O

To sum up, we have shown the existence of quantum states {0}, such that:

1 1
Qog(m) +d) <T(X,Y : X'.Y)<T(X,Y : Lr,...,. In) < O <Zz + M) Ne?.
m
(3.165)
. m 2
We conclude that N = () (mln {W, %})
O

A similar proof strategy allows to derive a lower bound on the copy complexity of
adaptive strategies. The result is stated in the next proposition.

Proposition 3.4.1. There is a tuple of quantum states (o1, . .., 0y) such that any learning
algorithm with possibly adaptive independent measurements requires

N0 <d+log(m))

22
copies of p to approximate p to at most €/10 with at least a probability 2/3.

Proof. Recall that the mutual information between (X,Y) and ([y,...,Iy) can be ex-
pressed as:

XY : L, Iy) = S + s, (3.166)

The second sum can be upper bounded by the same technique as before (using for example
Jensen’s inequality and the inequality —log(1 — 2?) < 22?) and yields the same upper
bound. The first sum is more involved because the product cannot be simplified due to
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the dependence between the POVMs and the previous outcomes. To see this, we can try
to simplify the first sum as far as possible:

N N
X1 = %Z Y T pey i) og (H ¢Z:t]dpxy\¢“<t>> (3.167)
T,y Ul,...,uny t=1 t=1
:_Z > H ¢Zf*!pxy|¢“<t>zlog ((Quet| dpay | D)) (3.168)
= Z > H<¢“<t\pxy Pust) log ((Duc* | dpay |0uc")) (3.169)

= —Z > H<¢“<t}pxy\¢“<t>1og(<¢3,j’“\dp$y\¢“<’“>) (3.170)

where the last equality follows from the fact that

Z (Dur| oy | fu) = Te(pay) = 1, (3.171)

for t > k and log ¢Z§k| dpzy |¢“<k is independent from wu;. But we are stuck at k, we

cannot simplify the sums on ug for s < k since <q§“< } Py ‘¢“< > has common terms with
<gz5“<k| Py ‘¢“<k> which is inside the log function.

In order to circumvent this difficulty, we can upper bound the £** term which poses
the obstacle of simplification. Using the inequality log(z) < x — 1 for all z > —1 we
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obtain:

1 k
Si=gp s 2o 110 Loy l0ii) log ((ougt | dpay [07)) (3.172)

z,y,k ut,...,up t=1

MZ 2 H i oy |00 ) (0| dpoy [015%) = 1) (3.173)

z,y,k u1,...,up t=1

- ¥ H (— W) o) B Ony ity AT

z,y,k ut,...,up t=1

) U<t Zd U<k 20,y [gter)  (3.175)

I[ OI u<t U< U<
ate dy) >Zd HeOuy 0ist)" (3.176)
< i Z Z ’ﬁ< u<t| E—f‘ ng,y ‘¢U<t> > l > Tr(sO ) (3 177)
— M ) Ut d d Ut d xz,y .

1 U<t I[ O‘Tv U<t 1
re 5 Il (G+e%) o < gxmeoz,) @

1 ueyl [T O, et 1
<>, > I (3 t+e dy> [gh0) x = x 11%de” (3.179)

1 2.2 2 2
3M21x115 < 112Ne?, (3.180)

z,y,k

where we use again < “<i‘ Ouy ! “<‘> Tr(O,,) = 0 for all ¢ and

> (61| Oy i)’ —ZTr Ouy |61 W(B15| Oy |24 Vg ]) (3.181)

Uk

< ZTr g |@us ) (pusk]) = Tr(02 ) < 117%d. (3.182)

Therefore the mutual information can be upper bounded by

1
I(X,Y : X' Y) < 12IN +2N sup — > ($|U,0,,Uf|¢)° < (3.183)

P ol y<m 2

< 123Ne? (3.184)

Since the mutual information is always lower bounded by Q(log(m) + d) we conclude that
N = Q((d + log(m)/e?). Finally, we have proven the following lower bound on adaptive
strategies for hypothesis selection problem: O

This proposition along with the analysis of Algorithm 6 show that the near optimal
copy complexity of the problem (P) using adaptive independent measurements is 6 (8%)
This latter along with Theorem 3.4.2 imply the separation between adaptive and non-
adaptive strategies for the problem (P) for m > 1. In other words, knowing that the
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eigenbasis of the quantum state belongs to some family of bases gives an advantage to
adaptive strategies since they can find the eigenbasis, and then focus on measuring the
quantum state with the corresponding POVM. Up to our knowledge, this is the first exam-
ple for which adaptive independent strategies outperform non-adaptive ones for quantum
testing problems.

3.5 Conclusion

We have constructed hypothesis selection problems for which sequential strategies are
more efficient than non-adaptive ones. The problem for which the advantage is the most
significant is the one presented in Section 3.4. However, this problem is quite contrived
and it would be interesting to see if there is another more natural problem for which
such a separation exists. We conjecture the separation would be polynomial in m for
the composite hypothesis selection problem: distinguishing between p € {oy,...,0,,} and
p € {omi1,-..,00,} with high probability.



Chapter 4

Quantum Channel Certification with
Incoherent Measurements

4.1 Introduction

We consider the problem of quantum channel certification which consists in verifying
whether a quantum process to which we have black box access behaves as intended. A
valid process in quantum theory is modelled by a quantum channel. Given a complete
description of a known quantum channel Ny and N copies of an unknown quantum channel
N that can be either N or e-far from it, at each step 1 < ¢t < N, we can choose an input
quantum state, send it through the unknown process A/ then measure the output quantum
state. After collecting a sufficient amount of classical observations, our goal is to decide
in which case is the quantum channel N" with high probability and while minimizing N.
We also call this problem testing identity to the quantum channel Nj.

This testing task is important for many reasons. Firstly, the building blocks of a quan-
tum computation are unitary gates. It is thus important to understand the complexity of
checking that an unknown channel implements a given gate as specified. Secondly, quan-
tum channel certification is the natural generalization of the quantum state certification.
Indeed, if the channels are constant quantum states, then testing them becomes equiva-
lent to testing those states. Besides, using the Choi-Jamiotkowski isomorphism, quantum
channel certification can be obtained by applying quantum state certification protocols on
the Choi states. However, since we do not allow the use of an auxiliary system and we use
a notion of distance adapted for channels that does not correspond to the trace distance
between Choi states, channel certification is strictly more general than state certification.
Finally, quantum process tomography, the problem of learning completely a channel in
the diamond norm is costly (Chapter 5) and our hope is that certification can be done
with fewer copies than full tomography:.

In this chapter, we focus on two extreme cases, Ny(p) = Ny(p) = UpUT is a unitary
channel where U is a unitary matrix and No(p) = D(p) = Tr(p)z— is the completely
depolarizing channel.

Contribution. We propose an ancilla-free testing algorithm for testing identity to a
fixed unitary channel A in the trace distance using O(d/e?) independent measurements
(here d;;, = douy = d). The tester chooses a random input state and measures with the cor-
responding POVM conjugated by the unitary U. This result is stated in Theorem 4.3.1.
The standard inequality relating the 1-norm of a Choi state and the diamond norm of the
channel only implies an upper bound O(d?/e?). We obtain the quadratic improvement in

104
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the dimension dependency by proving a new inequality between the entanglement fidelity
and the trace distance to the identity channel (Lemma 4.3.3). Moreover, we establish a
matching lower bound of Q(d/e?) for testing identity to a fixed unitary channel in the
trace distance. For this, we construct a well-chosen distribution of channels e-far from the
identity channel. After a sufficient number of measurements, the observations under the
two hypotheses should be distinguishable, i.e., the (Kullback-Leibler) KL divergence is
2(1). However, we can show that for this particular choice of distribution over channels,
any ancilla-free adaptive tester can only increase the KL divergence by at most O(g?/d)
after a measurement no matter the dependence on the previous observations. The lower
bound is stated and proved in Theorem 4.3.2.

Concerning the certification of the completely depolarizing channel D(p) = Tr(p)— —
we propose an ancilla-free strategy to distinguish between N' = D and N is e-far from
it in the diamond distance using O(d? dl? /e?) independent measurements (see Theo-

inout

rem 4.4.2). For this we show how to reduce this certification problem to the certifica-
I

tion of the maximally mixed state (testing mixedness) ;—. We choose the input state
|p)(¢| randomly and we compare the 2-norm between the output state N(|¢)(¢p|) and
the maximally mixed state s—. We show that with at least a probability (1), we have
Y = IN(lg){(o]) — T/ alout||2 2 52 /(4doud?,). This inequality is sufficient to obtain the
required complexity, however, it requires some work to be proved. First, we show a simi-
lar inequality in expectation using Weingarten calculus. Then we control the variance of
the random variable Y carefully in a way that this upper bound depends on the actual
difficulty of the problem, mainly the expectation of Y and the diamond distance between
N and D. Next, we obtain the anti-concentration inequality using the Paley-Zygmund
inequality.

On the other hand, we establish a lower bound of Q (d? d.3 /(log(dindous/€)%€?)) for
testing identity to the depolarizing channel with ancilla-free non-adaptive strategies (The-
orem 4.4.3). For this, we construct a random quantum channel whose output states are
almost O(e/d;,)-close (in the l-norm) to the maximally mixed state % except for a
neighborhood of an input state chosen randomly whose output is e-far from % in the 1-
norm. Then we use LeCam’s method [LeC73] as in [BCL20] with some differences. First,
we need to condition on the event that the input states chosen by the testing algorithm
have very small overlaps with the best input state. This conditioning is the main reason
for the additional logarithmic factor we obtain in the lower bound. Next, with a construc-
tion using random matrices with Gaussian entries rather than Haar distributed unitaries,
we can invoke hypercontractivity [AS17, Proposition 5.48] which allows us to control all
the moments once we upper bound the second moment. In the special case d;, = 1, this
recovers a result of [BCL20] while significantly simplifying their analysis. Furthermore, a
lower bound of Q(d2,dou; /%) is proved for ancilla-free adaptive strategies (Theorem 4.4.4)
using the same construction. In this proof, we use Kullback-Leibler divergence instead of

the Total-Variation distance. We refer to Table 4.1 for a summary of these results.

Related work. Testing identity to a unitary channel can be seen as a generaliza-
tion to the usual testing identity problem for discrete distributions [VV16] and quantum
states [CLO22]. However, in the worst-case setting, testing identity to the identity chan-
nel requires 2(d/e?) measurements in the contrast to testing identity to a rank 1 quantum
state or a Dirac distribution which can be done with only O(1/¢?) measurements/samples.
Also, in the definition of testing identity to a unitary channel problem, we do not require
the unknown tested channel to be unitary. In this latter setting, efficient tests can be
designed easily if an auxiliary system is allowed. This can be found along with other tests
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Testing id. to N | Lower bound \ Upper bound
a(i/z\x/’;ti:x;\,/[cjlﬂ Q (8%), Theorem 4.3.1 @) (8%), Theorem 4.3.1
aé\;i);v/;f}]do Q (E%), Theorem 4.3.1 @) (8%), Theorem 4.3.1
HOI/I\-/’;CZI,)Z;VG Q (%), Theorem 4.4.3 | O (d?‘;#), Theorem 4.4.2

;\é’(;;i?e Q (M), Theorem 4.4.4 @) <@), Theorem 4.4.2

Table 4.1: Lower and upper bounds for testing identity of quantum channels in the
diamond and trace distances using incoherent ancilla-free strategies. Ny is the unitary
quantum channel N (p) = UpU't and D is the depolarizing channel D(p) = Tr(p) -~

dout

on properties of unitary channels in [Wanll]. We also refer to the survey [MW13] for
other examples of tests on unitary channels. Since a unitary channel has a Choi rank
equal to 1 and the depolarizing channel has a Choi rank equal to di,doy, the results of
this chapter can be seen as a first step to obtain instance-optimal quantum channel certi-
fication as for the classical case [VV16] or quantum states [CLO22]. On the other hand,
testing identity to the completely depolarizing channel is a generalization of the testing
uniform of distributions [DGPP17] and testing mixedness of states [BCL20; CHLL22|. In
particular, if the input dimension is d;, = 1, the channels are constant and the problem
reduces to a testing mixedness of states of dimension d,;. In this case, we recover the op-
timal complexity of [BCL20; CHLL22]. Another noteworthy work is unitarity estimation
of [CWLY22]. In this work, it is shown that ancilla-free non-adaptive strategies could
estimate Tr(J%) to within € using O(d"*/e?) independent measurements where Jy is the
Choi state of the channel A/. In particular, this estimation can be used to distinguish
between N' = ANy for which Tr(J%) = 1 and N' = D for which Tv(J%) = 1/d*> A
matching lower bound (in d) is given for adaptive strategies in [CWLY22] improving the
previous lower bound of [CCHL22]. This complexity may seem to contradict our results
which is not the case. Indeed, such a test cannot be used for testing identity to a fixed
unitary channel for instance since we can have two unitary channels (same unitarity) that
are e-far in the diamond distance.

4.2 Preliminaries

We consider quantum channels of input dimension d;, and output dimension d,,. The
fidelity between two quantum states is defined F(p, o) = (Tr \/ﬁa\/ﬁ)z. It is symmet-
ric and admits the simpler expression if one of the quantum states p or ¢ has rank 1:
F(p, |p){(0|) = (¢|p|d). Recall that we denote by Haar(d) the Haar probability measure
over the compact group of unitary d x d matrices. A Haar random vector is then any
column vector of a Haar distributed unitary.

We define the trace distance between two quantum channels A" and M as the trace
norm of their difference: dr. (N, M) := max, [|[(N — M)(p)||; where the maximization is
over quantum states. In some situations, it can be helpful to allow an auxiliary system
and apply the identity on it. In this case, we obtain the diamond distance which is
defined formally as d,(N, M) := max, [lidg ® (N — M)(p)|1 where the maximization is
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over quantum states p € C¥4 @ C%n <% Note that because of the Schmidt decomposition

we can always suppose that d = dj,. The trace/diamond distance can be thought of as a
worst-case distance, while we can define an average case distance by the Schatten 2-norm
between the corresponding Choi states.

We consider the problem of testing identity to a fixed channel. Given a fixed quantum
channel A and a precision parameter ¢ > 0, the goal is to test whether an unknown
quantum channel N is exactly N or e-far from it with at least a probability 2/3:

Hy: N =Ny s Hy @ dist(N,Ng) > ¢ (4.1)

where dist € {d,,dr.}. Hp is called the null hypothesis while H; is called the alternate
hypothesis. An algorithm A is 1/3-correct for this problem if it outputs H; while H is true
with a probability at most 1/3 and outputs Hy while H; is true with a probability at most
1/3. It 0 < dist(N,Np) < g, the algorithm A can output any hypothesis. The natural
figure of merit for this test is the diamond (resp. trace) distance because it characterizes
the minimal error probability to distinguish between two quantum channels when auxiliary
systems are allowed (resp. not allowed) [Wat18]. A testing algorithm can only extract
classical information from the unknown quantum channel A by performing a measurement
on the output state. Moreover, we only consider ancilla-free incoherent/independent
strategies. That is, the tester can only use d-dimensional input states and measure with
d-dimensional measurement devices. In fact, for ancilla-free strategies we do not need to
assume that we have access to a perfect channel and we do not need to be able to keep
entanglement between this ancilla system and the channel we are testing. We refer to
Section 1.4.3 for the definition of different types of strategies.

4.3 Testing identity to a unitary channel

In this section, we focus on the problem of testing identity to a fixed unitary channel
in the diamond and trace distances. Given a fixed unitary U and a precision parameter
e > 0, the goal is to distinguish between the hypotheses:

Hy: N=Ny=U-U" vs.  H:dist(N,Ny) >e (4.2)

with at least a probability 2/3 where dist € {d,, dr,}. Since we consider a unitary channel,
the input and output dimensions should be equal di, = dy = d.

Reduction to the case U = I. Knowing the unitary channel Ny is equivalent to
knowing U. We can thus reduce every testing identity to Ny to testing identity to
N1 = idg by conjugating the measurement device by U. This is possible because
the trace/diamond distance is unitary invariant: dist(N,Ny) = dist(UTANU,id) and
Tr(UTN (p)UM) = Tr(N(p)UMUT) for all p and M. From now on, we only consider
the case U = I and we call this particular testing problem to Nj = idy simply “testing
identity to identity”.

Given the nature of the diamond and trace distances, under the alternate hypothesis, a
channel N could be equal to the identity channel except on a neighbourhood of some
state. In addition, this state is unknown to the learner. When the algorithm is al-
lowed to use an auxiliary system, it can prepare the Choi state Jy of the channel N
(which essentially captures everything about the channel) by taking as input the maxi-
mally entangled state |U)(¥|. Under the null hypothesis Hy, the Choi state is exactly
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Jia = 1d @ id(|W)(¥|) = |¥)(¥| while under the alternate hypothesis H;, the Choi state
Jn has a fidelity with |U) (V| satisfying:

do(N,id)?

4d?
(4.3)

To(id @ N (W) {(W]) [0 (W) = F(To, [0)(¥]) < 1~ 1 [T — Tl <1~

where we use a Fuchs—van de Graaf inequality [FVDG99| and the standard inequality
relating the diamond norm between two channels and the trace norm between their corre-
sponding Choi states: ||Tn — Tm|l1 > M (e.g., [JP16]). Thus, a measurement using
the POVM My = {|U)(¥|,I— |¥)(¥|} can distinguish between the two situations. How-
ever, if the tester is not allowed to use an auxiliary system it can neither prepare the Choi
state Jn nor measure using the POVM My. Instead, we use a random d-dimensional
rank-1 input state. Indeed, this choice is natural because the expected fidelity between
the input state |¢)(¢| and the output state N'(|¢)(#|) can be easily related to the fidelity
between Choi states:

Lemma 4.3.1. Let |¢) be a random Haar vector of dimension d. We have

_ L+ d F(In, [V)(¥))

Eg [FN(I9)(21), [9){])] = T d : (4.4)

Proof. Using Weingarten calculus [Gul3; CMS12|, we have

B, [FOV(6)(0]), [9)(6])] = > Eur [{0]UT AU [0) (0] U ALU [0)] (4.5)
N (Te(AA]) + Tr(Ag) Tr(4}))
B Zk: d(d+1) (46)
_ A ST AR 1 dFGh [9() o
d(d+1) 1+d '

where we use Lemma 4.3.2.

Lemma 4.3.2. Let N be a quantum channel of Kraus operators {Ap},. Let S =
S ITr(Ag)|2. We can relate the average fidelity and S as follows:

S

F(In [0)(2]) = - (4.8)

Proof. We have:

F(Iw, [W)(P]) = % Y (ilid @ N([kk) (i) |j5) = % > GLLIR) (U) GIN (IR (D) 1)

1,7,k,1 1,7,k,1
1 . NN 1 4 N . 1 S
= = SN GD 1) = 35 G Aeli) Gl ALY = 5 37 (AP = —
1,J 1,7,k k
(4.9)
[

]
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Algorithm 7 Testing identity to identity in the diamond/trace distance

N = O(d/s?) (replace with N = O(d/e?) for testing in the trace distance).

for k=1:N do
Sample ¢, a Haar random vector in S%.
Measure the output state N (|¢x)(¢dx|) using the POVM {|dx)(dx|, I — |ox) {dk|}-
Observe X ~ Bern(1 — (6| A1) (6 16).

end for

if 3k : X}, = 1 then return N is e-far from id else return N =

This Lemma is well known because it relates the average fidelity

E|p)~taar [FN(|0)(9]), |0)(¢]))] and the entanglement fidelity F(Jy, |¥)(¥]). If we
measure using the measurement device My = {|¢)(¢|,I — |¢)(¢|}, the error probability
under Hy is 0, and under H; is (¢| N(|¢)(¢]) |¢) = FN(|¢)(¢]),|P)(#]). The algorithm
is detailed in Algorithm 7. The following Lemma relates the entanglement fidelity and
the diamond/trace distance which is crucial for the correctness of Algorithm 7.

Lemma 4.3.3. We have for all quantum channels N :

dnWNid)? (N id)*

P(Jy, ) (0]) < 1 - TS <1 - S

(4.10)

Proof. The following inequality permits to prove the second inequality [Wat18, Theorem
3.56, rephrased]

d.(N,id)?
A (N, id) > (N21 ) (4.11)
It remains to prove the first inequality. For this, let ¢ = dn(WN,id) =

maxgesd [|N(|¢)(0]) — [#) (o] [|l1. Let |¢) be a unit vector satisfying the previous maxi-
mization, we show that using Fuchs-van de Graaf inequality [FVDG99]:

2

(DIN(0)(¢]) |9) = FN (9) (1), [o)(d]) <1 — iIIN(|¢><¢I) — o) ol It <1 - %-

(4.12)

On the other hand, we use the Kraus decomposition to describe the quantum channel
N(p)=>, AkpAJ,L. We can write the previous fidelity in terms of the Kraus operators:

(@I N () (o)) [0) = Ekj (@] Ar |6)(8] AL |¢) = Z [ (@] Ax |6} (4.13)

Hence:
Sl Ao <15 (1.14)
Let |¢1) = |¢) and we can complete it to have an ortho-normal basis {|¢;)}¢,. Moreover,

we have F(Jv, [¥)(¥]) = 5 >, |Tr(4)]* (Lemma 4.3.2). By applymg the Cauchy-
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Schwarz inequality and using Equation (4.14):

Do ITe(AR) =0 1> (il Ax i)

=AY il Aclén) P +d Y 1@l Acded P (416)

<d(1—¢*/4)+d(d—1) :;l(d —£%/4) (4.17)

2

< Zd| (¢l Ak i) |? (4.15)
o

because for all ¢ > 2:

Z|¢Z|Ak|¢z <> (il Af Ak i) = (1] > ALAg i) = 1. (4.18)
k

k
Finally, F(J, [¥)(0]) = & 3, [T(A2 < 1 - 2. 0

We can upper bound the error probability under H; using the well-known Lemma 4.3.1
and our Lemma 4.3.3:

B, PV ()6, loyiah) = S4BT D) g dnVIR_y doWid)

1+d = 4d+1) — 16(d+1)°
(4.19)

Observe that the standard inequality [[Iv — JTmli > d°(A£’M) implies:
Egs [FN(10) (o)), o) (o])] < 1 — dz(%ﬁ) which has a better dependency in the di-

amond distance but a worst dependency in the dimension d. This simple lemma
(Lemma 4.3.3), which relates the entanglement fidelity and the trace/diamond distance
when one of the channels is unitary might be of independent interest. To obtain a
1/3 correct algorithm it suffices to repeat the described procedure using N = O(d/e?)
independent copies of |¢){¢| in the case of trace distance and N = O(d/e*) independent
copies of |¢)(¢| in the case of diamond distance. Indeed, for instance for the trace
distance, the probability of error under H; can be controlled as follows:

Py, (error) = Py, (Vk € [N] : X = 0) = [[ Pr, (X = 0) (4.20)
g2 \V R e2N 1
<(omm) = ()= o

for N = 4log(3)(d + 1)/e* = O(d/e?). A similar proof shows that O(d/e*) copies are
sufficient to test in the diamond distance. This concludes the correctness of Algorithm 7.
We summarize the main upper bound of this section in the following theorem.

Theorem 4.3.1. There is an ancilla-free algorithm for testing identity to identity in the
trace distance using only N = O (E%) incoherent measurements. Moreover, this algorithm
can also solve the testing identity to identity problem in the diamond distance using only
N=0 (;14) incoherent measurements.

A matching lower bound of N = (2 (%) can be proved in the worst case setting.
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Theorem 4.3.2. Any adaptive ancilla-free strategy using incoherent measurements re-
quires a number of steps satisfying:
d
JV:Q(—) (4.22)

22
to distinguish between N = id and do(N,id) > & with a probability at least 2/3.

This theorem shows that Algorithm 7 has an optimal complexity. Interestingly, the
analogous classical problem, testing identity to identity has a complexity ©(d/e). Thus,
for this task, when going to the quantum case, the dependence on the dimension d remains
the same whereas the dependency in the precision parameter € changes from ¢ to 2. In
fact, obtaining the correct 2 dependence is the main difficulty in this lower bound. It
requires a carefully chosen construction inspired by the skew divergence [Aud14] and a
fine analysis using Weingarten calculus. Even though here we are interested in ancilla-free
strategies, this lower bound applies also for ancilla assisted strategies.

Proof. Under the null hypothesis Hy, the quantum channel N' = id. Under the alternate
hypothesis H;, we can choose N so that d,(N,id) > dr(N,id) > e. A difficult to test
channel is a channel sending almost every vector of a basis to itself. With this intuition,
we choose V' € Haar(d), and construct the channel Ny (p) = %p + %UVpU‘T/ where Uy
satisfies:

V1I=e2V|0)+eV 1) ifl=0

UyVIl)=qvV1-eV|l)—eV|0) ifl=1

V) otherwise.
Taking a mixture of the identity channel and the unitary channel Uy, - U‘T/ in the definition
of Ny is crucial in this proof and is inspired by the quantum skew divergence [Aud14].

We need to show first that such a channel is e-far from the identity channel. Indeed, let
|¢) = V'|0), we have:

do(Nv,1d) > drx(Ny,id) = || Nv([6){0]) —id(|g) (],

= 3161061+ 500 loyoi . o (4.23

1

V 10)(0| VT — UV [0)(0] v*U;H1 (4.24)
10)(0] — (\/1 T22(0) 4 e |1>) (\/1 T2 (0| 4 e <1|) H1 (4.25)
2 |0)(0] = evT = 22(10) (1] + 1) {0]) — 2 11| = <.

[N NN I NN

Hence a 1/3-correct algorithm should distinguish between the identity channel and Ny
with at least a probability 2/3 of success. This algorithm can only choose an input p; at
each step ¢ and perform a measurement using the POVM M, = {\; |¢;){®:| }icz, on the
output quantum state AN (p;). These choices can depend on the previous observations,
that is, the algorithm can be adaptive. Let I<y = (I1,..., Iy) be the observations of this
algorithm where N is a sufficient number of steps to decide correctly with a probability at
least 2/3. We can compare the distributions of the observations under the two hypotheses
using the Kullback-Leibler divergence. Let P (resp. @) be the distribution of (I3, ..., Iy)
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under Hy (resp. Hy). The distribution of (Iy,..., Iy) under Hy is:

= { | I RXCATAS } : (4.26)

Moreover, the distribution of (I, ..., Iy) under H; conditioned on V is:
N
Qv = { LT (@il M (r) 163) } - (4.27)
= it yenin
The KL divergence between P and )y can be expressed as follows:
_ Qv,i
KL(P|Qv) = Eip(—log) 2 (4.28)
- (0ul Nv(p) 160) ) _ - (00 NV (1) 11)
_ EZ . log ( it VAPt it > _ El _ log ( it VAPt it )
2 Bien(=toe) (oo o)~ 2 Bl on) (T
(4.29)
where we use the notation for ¢ € [N],  Ei<«(X(i1,...,1))
Ny (pt) ¢it>

D i [They Niy (i | o |63) X (i1, ... i;) and the fact that the term %
..... t iy |Pt|Piy

depends only on (iy,...,1).
Let £ be the event that the algorithm accepts Hy, we apply the Data-Processing
inequality on the KL divergence:

KL(P[Qv) = KL(P (£) |Qv (£)) (4.30)
> KL(2/3||11/3) = glog(Q) - %log(Q) = %log@) (4.31)

where KL(p||q) = KL(Bern(p)|| Bern(q)). Hence
IE}VwHaar(d) KL(PHQV) 3 lOg( ) (432)

Let My =1 —-Uy and Sy =1 — %MV. We can write the logarithmic term in the
expression of KL(P||Qy) as follows:

<¢’Lt| Pt |¢lt> ¢1t| Pt |¢Zt>

¢lt| Mth |¢1t>) 1 <¢1t| MthM\T/ |¢Zt>
(-1 Z
i (1 Galpilon) 2 {oul peldu) )
(4.34)

_10g (1 _ ¢u| MthS ’¢zt> 1 <(b“‘ SvptM‘T/ ’szt)) ‘

. A ] (L 1 f ,
(— log) <<¢u|/vv<pt> |¢u>) _ (“log) <<¢u| (31 + 30w piUy >|¢“>) (433

(Did] pe |12 2 (il pe|bin)
(4.35)
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For t € [N] and i<, = (i1, ..., i), define the event G(t,i<) = {<¢it|pt I6s,) < d—} We
can distinguish whether the event G is satisfied or not:

Ey taar(@) KL(P[|Qv) (4.36)

=3 EvttaartayEici (H{G(t i)} + 1{G (¢, i<)}) (— log) (<¢’Z%Vp(jii|f“>> . (4.37)

Let us first analyze the setting when the event G holds. Fix t € [N], observe that we have
the inequality:

<¢Zt| Pt |¢Zt> <¢lt| Pt |¢7«t>

_ 1 (6i,) (3UvoUY) |,
(~log) (2* Bul P2 1)

: : (L, oL Y14
(_ 10g> (<¢zt|NV(pt) |¢zt>> _ (_ 10g) <<¢1t| <2pt + QUV,Oth) |¢Zt>>

> <log(2) < 1.
(4.38)

Then we can control the expectation under the event G as follows:

it M t it
vt BicrL {00, <0} (- log) (122210012
< EVNHaar(d)EiSt—l Z /\iz <¢’Lt| Pt |¢Zt> 1{g<t7 Z.St)}

82

. g2
< EvHaar(d) Bi<i—1 ZAit (ﬁ) 1{G(t,i<)} (under G : (i pi|0i) < ﬁ)

2 2
< By Haar(d) Ei<t—1 Z Aiy <ﬁ) =7 (4.39)

where we use ) ; A;, = d which is an implication of the fact that M; = {\;[¢i){¢il}iez,
is a POVM.

On the other hand under G°(¢,i<;), we will use instead the inequality (—log)(z) < —(z —

1) + (x — 1)? valid for all z € [3,+00). We apply this inequality for z = % =
<¢it <Z>z‘t>

(%UVPtU\T/)
<¢it |pt |¢it>

% + > %, the first term of the upper bound is:
<¢it|NV(pt) ‘¢1t>
(r—-1)=1—
=y (6l 91 163)
<¢Zt| MthSQL/ |¢'Lt> 1<¢'Lt| SthM\T/ |¢'Lt> — Re <¢lt| MVIOtS;[/ |¢Zt>
<¢7«t’ Pt |¢Zt> 2 <¢Zt| Pt |¢lt> <¢lt| Pt |¢7«t>

1
-3 (4.40)

and by using first the inequality (z + y)? < 2(z* 4+ y?) and then the Cauchy Schwarz
inequality applied for the vectors ,/p;|¢;,) and \/EM‘T, |¢;,) we can upper bound the
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second term as follows:

1N\2 <¢lt|NV<pt) |¢1t> N ?
(@=1) ‘( CRATAS 1>

(Re(<¢n| Mypilén))  1{6s] Myp M 16:) )

<¢Zt| Pt |¢u> 2 <¢u| Pt |¢Zt>
(L Menlon) > ' <1<¢“r MypM} |¢it>>2

IN

(Pic| pt |D4,) 2 (il pt i)

(Pi| pt |bi,) 2 (@il peloi)

Let us compute the expectation of (4.40). Let M, S such that My = VMVT and Sy =
VSVT. Concretely

1—VI-¢ —¢ 0 R < 0
5 1—vV1—¢2 Vie”

0 0,. 0 L.

Note that Tr(M) = 2(1 — /1 —¢€2), Tr(S) =d — 1 + V1 — &2, Tr(MST) = Tr(MTS) = 0
and MM =M + M' = MTM. Let & = (1 — V1 —£2) = O(e?), we have by Weingarten
calculus [Gul3]:

<¢it | Pt |¢7«t>

il MypeS |6
EVNHaar(d) <Re <¢ t| V POy |¢ t>> |

= m Re Ev < Haar(d) (<¢zt| VMVip VStV |¢Zt>)‘
jen Re 2, We(af)Tra(M, S Trs0n (o )00
= 1 Re (dTI"(M)Tl"(S) <¢zt| Pt |¢zt> — TT(M)TI(ST)) ‘
<¢zt| Pt ’¢zt> d(d2 — 1)
— 1 Re (Qde'(d — &) (b, ] pe | @i,) — 28/ (d — 5/)) ‘
(D] pt |0iy) A —1)
2¢? 9c4 0.2 ) »

262 L 4.42
STt Eiae tE Do S d T Ty 42

Recall the notation Bi<; (X (i1,...,i)) = >, TThey Niy (i | o i) X (i, oo yi). If we

.....
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take the expectation IE;<; under the event G°(t,i<;), we obtain

. i) | M Sf 5
EVNHaar(d)Eigtl{gc(t7zt)} (Re <¢ | V PRy |¢ >>

(b4,] pe | i)

< Eigtl{gc(ta Zt>} <¢z ‘pt ’¢z >

22 4e?
< B {G°(t,40) } (% - WZ!@Q

- E (252 N 4e? )
=A@ (e pelon)
2e? 4e? 6e2

= " B, , ZZ Niy (@] pe [@i,) X E oo~ d (4.43)

o My pST |,
By o (Re (61| My .S, |6 >>'

¢it | Pt |¢Zt>

where we use ), A, = d. We move to the expectation IE;<; of the first term of (4.41), it
is non negative so we can safely remove the condition 1{G(t,;)}:

2 (¢i,| My p: MY |6,)
(Di| pe |04,

2 <¢Zt| MthM\T/ |¢Zt>
(@il ot |9i,)
=EvEicio1 Y 2N, (| Myp M |¢y,)
= Eigt_lEv2TI'(MthM‘T/) = Eigt—lEVQTr((MV + M‘T/)pt)

8’ 82
=Ei<t-1— < v

EyE;<1{G°(t, i)} < BEyEi<

(4.44)

because Ey My = 2(=—vi=e?) “dHQ)]I < %]I.
Concerning the expectation of the second term of (4.41), we apply again the Weingarten
calculus [Gul3] to have:

2
Y2 (Dil ps |b4,) 2 (B3| pt | 6i,)
_ EEVNHaar(d) Tl"(|¢“> <¢“ ‘ VMVTPtVMTVT |¢’Lt> <¢zz | VMVTIOtVMTVT) (4 46)
2 (bicl o1 |0i,)?
1

= W aﬁ%4 We(aB)Trg(M, MT, M, M) Tray (pr, |03, ) (03], pr, |03, ) (Di,])-

(4.47)

Note that TrOé’Y(ﬂb |¢Zt><¢lt| ) Pts |¢’Lt><¢lt|) € {17 Tr(p%)v <¢lt| P? |¢lt> ) <¢’Lt| Pt |¢lt> ) <¢1t| Pt |¢it>2}7
Tr(p?) < 1 and (¢, | p? |d:,) < (s,] pe |i,) < 1. Moreover, it is clear that when 3 is not

a 4-cycle, we have |Trg(M, M, M, MT)| < O(e?) since it can be written as a product
of at least two elements each of them is O(?). In the case 3 is a 4 cycle we have
Te(MMI MM = Te(MMMIM) = Te(M + M1)?) = 2(2 — 2¢/T — £2)? < 8¢*. On the
other hand, we know that for all (¢, 3) € &3 : |Wg(ap)| < Z [CS06] so

£

4
W) T (01, MY, DM T (610l )00 < 0 (55
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Therefore we have:

2
1 [ {¢s,| My pe M3 | 65,) < = )
By ~Haar(@) 5 <0 . 4.48

V~H (d)2 ( <¢Zt| Dt |¢Zt> ) d4 <¢’Lt’ o1 ‘¢it>2 ( )

Now if we take the expectation E;<; under the event G°(t,i<;) = {((bit] o i) > Z—z}, we
obtain:

1 o My p M is ’
Bic Bymaar@ UG it)}5 <<¢ |<¢TZ |¢-V>|¢ >)
< B, 1{G(t,i<)}O ( ¢! x L )
- =t h d* <¢lt| Pt |¢Zt> <¢1t| Pt |¢1t>
< E; , 1{G (t,ixt) }O (8—4 X d—2> (under Gge: o < d—2
- - d* (¢i,| pt |bs,) €2 (Dl pe|@i,) €2

2

= iy (@i, | pr | i, “(t,i<)}O €—>
SH; (Di] pe i) 1{G (¢, i<1) } (d2 (Gir| pe |6)

e? de? g
<Ei., Z 2, O (@) =K., ,0 <?) =0 (E) (4.49)
where we use ) ; A, = d. By adding up (4.43), (4.44) and (4.49), we obtain:

) it M t it
EigtEVNHaar(d) 1{gc(t7 lﬁt)}(_ log) ( <¢ <§’b |Vp<tp’¢3‘§s > )

Re((¢s, | My piSY 61,)) 1%M®M@mf)

(4.50)

< Ei_,Evanaar@{G(t, i)} (

(il pelbic) 2 (ol pelon)”
(4.51)
. o| My p M |, 2
+&Jmmw@uww@m<%¢@Jg@f”>=o(%) (452)

Therefore using this upper bound and the upper bound (4.39) we get an upper bound on
the expected KL divergence:

IE)VNHaar(cl) KL(PHQV) (453)

= 3 EicBrnana (1Ot i<} + 1 (i)~ o) (LAY (a5

So(2) 0 (2)-0(%) -

Finally since Ey naar@) KL(P[|Qv) > log?)@) we conclude:

N =0 (i) . (4.56)

e2

)
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4.4 Testing identity to the depolarizing channel

In this section, we move to study the problem of testing identity to the completely de-
polarizing channel Ny = D in the diamond distance. Given a precision parameter ¢ > 0
and an unknown quantum channel A, we would like to test whether Hy : N' = D or
Hy : d,(N,D) > e with a probability of error at most 1/3. If NV = D, the tester should
answer the null hypothesis Hy with a probability at least 2/3 whereas if d,(N,D) > &,
the tester should answer the alternate hypothesis H; with a probability at least 2/3. The
alternate condition means that

do(N, D) > & <= 39) € 8%+ [lidy,, ® N(|¢)(¢]) — ida, ® D(|9) ()| > €. (4.57)

This inequality implies a lower bound of the 1-norm between the Choi states: || Ty —
Il > i. The simplest idea would be to use this inequality and reduce the prob-
lem of testing channels to testing states. Actually, this kind of reduction from chan-
nels to states has been used for quantum process tomography [SSKKG22] and shadow

process tomography [KTCT21]. The Choi state of the depolarizing channel D is
= i i i) Gl @ Te(li) Gz = e = e, so by applying the previous

out dout

1nequahty, we obtain for a quantum channel N e- far from the depolarizing channel D:
‘J/\/
1 541.5 d3 5d1 5

states [BCL20] to design an ancilla-assisted strategy requiring O < L d"“t) =0 (“—"‘“)

Then, we can apply a reduction to the testing mixedness of quantum

mdout 1 - dm

(e/din)? €2
independent measurements since the dimension of the states Jy and P — d 18 dipdone and
the precision parameter is 5=. However, this approach has two problems. Flrst, we need
to be able to use an auxiliary system to prepare the Choi state Jj, which cannot be done

3.5 71.5

in the ancilla-free model we consider. Next, the complexity O <d‘“—§l°“t>, as we shall see

later, is not optimal. If one tries to reduce to testing identity of states in the 2-norm
(Section 3.3.2) one obtains a slightly better bound but still not optimal and still using an
auxiliary system.

Inspired by the testing identity to identity problem (Section 4.3), when we do not
know one of the optimal input states, we choose it to be random. Let |¢) be a Haar
random vector. If the input state is ]¢><q§| the output state under Hy is D(|¢)(¢]) = 7 -
and under H; is N(|¢)(¢]). So it is natural to ask what would be the distance betwe(éun
N(|¢){(¢]) and %. Note that in general, it is much easier to compute the expectation of
the 2-norms than the 1-norms. For this reason, we start by computing the expectation of

the 2-norm between N (|¢)(¢|) and ﬁ

Lemma 4.4.1. Let M =N — D and Jp = id @ M(|¥)(V|). We have:

M@l + di [ Taally o din

B (1M 0D]) = QL LTl o oy e (s
Proof. We write
E (HN<|¢><¢|> - ) = B (TN (6)(61)%) — 7 (4.59

then if we use the Kraus decomposition of the quantum channel N (p) = 3, AgpAl we
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can compute the following expectation using Weingarten calculus [Gul3; CMS12]:

B (Tr(V (19)(9])?) = (Tr (Z A6 (6l A;L) ) =SB (Te(Ax [6) (0] AL |6) (6] A]) )

(4.60)

1
=) ZTr(A;AZA;Ak)+Z|Tr(AkA§)|2> (4.61)
m 1mn k?,l k;J

2
1
= | T AAL) + 3 Te(ALAD) 2 162
din (din + 1) 1“(; k ’f) ;| r(ArA))] (4.62)

1 ) ,
= T 1) \ VO 2T A ) (4.63)

2

Observe that Tr(AN(I)?) = Tr (./\/ (I) — do“‘t ]I> + ddoi;‘t. Moreover,

Te(J* ( ZI (gl @ N(|i ) 7 ZTT N(17) (i) (4.64)

m 'L]

1

= 37 A Gl ALY G A = 5 37 T4 P (465)
111 1,5,k,0 in g
hence:
2
E (Tr(V (o) (@])) = B (Tr (Z Ar|8)(9| AL) ) (4.66)
k
1 di, \> 2
) (Tr (N(]I) - t]I) + d;“t + d?nTr(f)) (4.67)
Finally,
T > 1
E (waw - ) = B (Tr(V () (61)%)) ~ 7~ (4.68)
1 din ? d12n 1
i\ T (N (I - doutH> o d?nTr(jz)) —g- (469)
2
= —din(di .y Tr (N(H) — C;loi:tl[) + d2, Tr(J?) — CZ;) (4.70)
1 diy O\ 2 I 2
TS (N(H) N doutﬁ> | G 2) - (4.71)
[

We now need to relate the 2-norm between the Choi state of the channel N and the
Choi state of the depolarizing channel || Jy — Jplls with the diamond distance between
two channels d,(N, D). This is done in the following Lemma:
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Lemma 4.4.2. Let N7 and N be two (diy, dout)-quantum channels. We have:

dO(N17N2>
din V dout '

Proof. Denote by M = Ny — Ny and J = Ty = In;, — In,- Let |¢) be a maximizing
unit vector of the diamond norm, i.e., |lid @ M(|¢)(d])||l1 = do(N1,N2). We can write
|p) = AR |¥) where |U) = ﬁ S i) @ |i) is the maximally entangled state. |¢) has
norm 1 so Tr(ATA) = d;, (V]| ATA @ T|¥) = din(d|¢) = din. We can write the diamond

distance as follows:

1Tv: = Tnsll2 = (4.72)

do(N1, N2) = [[id @ M(16) (@)l = [lid @ M(AST|T)(¥| AT @ D), (4.73)
= [(AeDide M(T)(INAT @D = (A DIu(AT @ D]i.  (4.74)

Jm is Hermitian so can be written as : Jyp = >, Ai [¢03)(¢4]. Using the triangle inequality
and the Cauchy Schwarz inequality, we obtain:

I(A@DIu(AT @ D], = (4.75)

(AxI) Z i [93) (i| (AT @ T)

1

<Y nllAe D il (AT e Dl < \/Z Af\/z il (ATADT) 6 (470

< ||J||2\/Z (Wil (ATAATA®T) [1hs) = || Tpall2/ Tr(ATAATA @ T) (4.77)

= [|Tmll2 v/ dowt Tr(ATAATA) < || Tpallz v/ doue(Tr(ATA))? = din v/ doue | Tpallz. (4.78)

]

2
Let NV be a channel satisfying d,(N,D) > e and X = HN(|¢>(¢D - dLH , we obtain
out 2
from Lemmas 4.4.1 and 4.4.2:
? din
>
2 - din + 1

If we could show that X is larger than Q(IE (X)) with constant probability, then we
can reduce our problem to the usual testing identity of quantum states in the 2-norm
(quantum state certification in Section 3.3.2) and obtain an ancilla-free algorithm using

O Vdout —0 a2 dyi\ d d Establishi hi
(e/dinvdout)2 ) - | Indepen ent measurements. Hstablishing this turns out to

be the most technical part of the proof as is summarized in the following theorem.

2
82

>
o 2dj,dou
(4.79)

I
dout

I
din dout

B (X) = By st (HN(\¢><¢D -

H.Zv—

Theorem 4.4.1. Let |¢p) be a Haar distributed vector in S (or any 4-design). Let X =
2
HN(W)(qﬁD — L1l . We have:

dout 2

Var(X) = O ([E(X)]?). (4.80)
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This theorem is the most technical part of this chapter and we believe that it can be
generalized for any difference of channels with a similar approach. Moreover, applying
this inequality along with the Paley-Zygmund inequality are sufficient for our reduction:
we only need to repeat our test O(1) times to reduce the error probability to 1/3 for
testing identity to the depolarizing channel.

Outline of the proof. We use the Kraus decomposition for the quantum channel

N
N(p) =3 AepA. (431)

We observe first that Var(X) = Var (Tr[ (N (|¢) (0)))? |)- Then using Weingarten calculus
[Gul3; CMS12], we can compute the expectation

B ([ W100)°)) = Ty L F@ 48)
in(din in wt+3) &2
where for a € G4,
Fla)= Y Tra(A][5) (i Ax, ALA, AL i) (G] A, AL Ar) (4.83)

i7j7k7l7k/7l/

and Tro(My,..., M,) = IjTr(Ilicc,M;) for a = II;C; and Cj are cycles. Let m =
NOI) - diZtHHZ and 77 - din ‘ jN - din]CIlout

shown in Table 4.2. This is the hardest step of the proof and requires a fine analysis

. Next, we upper bound the function F' as
2

\ Permutation « | Upper bound on F(«) | Reference |
2
(13) a4 772>
id, (132), (314), (24)(13) dofdowtn’ 1 5pt | (Lemma 4.4.7)
(312), (134) (s +m?) (s 4 ?)
2 2
(1234) (s +m?)
(24), (1432) Go g2t oyt (Lemma 4.4.8)
(142), (243) W + %it + 5nt (Lemma 4.4.6)
(14), (12),(23), (34), (1324), 2, dn 2 m? 3
(1423), (1243), (1342) 2 g+ g T omn (Lemma 4.4.10)
(12)(34), (14)(23), (234), (124) | &> 4282 422 | (Lemma 4.4.9)

Table 4.2: Upper bounds on the function F' (defined in (4.83)) for different input permu-
tations.

for many of the F(«)’s. A particularly useful trick we use repeatedly is known as the
replica trick and says that if [ = szzl(m ® 7)) ((j| ® (i]) is the flip operator then
we have for all A,B € C¥? : Tr((A ® B)F) = Tr(AB) and similarly Tr(A ® B) =
Tr(A)Tr(B). Moreover, another trick we need frequently is to use the partial transpose to

make appear the positive semi-definite matrices MTM = ZM ALAZ ® Al A and MM =
Zk,l AkAlT ® Ay Al where M =Y, A, ® Ay, is defined using the Kraus operators { Ay} of
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the channel /. Furthermore we can prove the approximation HM "M — ;L“t | W) (U] H <
ou 1

51 where |U) = F S %= i) @ |i) is the maximally entangled state (see Lemma 4.4.5).
This is used for a = (142) and (24). An application of the data processing inequality

< 5n% which is used for the
1

permutations o = id and (14) . It turns out that applying such approximation will
not give a sufficiently good upper bound of F((12)(34)) because it can be written as

F((12)(34)) = Tr <(MMT)T2 : M(I[)®2IF> = din + 28Ty (M(I)?) which depends instead
on the matrix MMT. In this case we proceed by projecting MM onto the hyperplane

orthogonal to |¥). This can be interpreted using representation theory. In fact, the space
spanned by |¥) and its complementary are irreducible representations that decompose

on the previous approximation gives: || Tro(MTM) —

the space (Cd)®2 for the action of U ® U where U is a unitary matrix. On the other
hand, changing the Kraus operators A; <+ UA or A <> AxU in the expression of the
channel N does not affect the variance of X because Haar measure is invariant under left
and right multiplication with a unitary matrix. Now, we give the detailed proof of this
theorem.

2
. We can observe that:

Proof. Recall that X = HN (|9)(o]) —

dout

1
dout

Var(X) = Var( (N () (0])” ~ )ZVaf(Tr(N(I¢><¢!))2)- (4.84)

Let d = d;,. We use the Kraus decomposition for the quantum channel N:

= ApAl. (4.85)
k
By Weingarten calculus [Gul3; CMS12], we can compute the expectation:
2
E((TrW(8)(6)))’) = E (Tr S Acl6)(@] AL o) 0] AI) (4.86)
kel

= > > B(TrAl ) (1 Acloh el ALAr o) el AT i) (] Av [6)ie] AL Av |6)(6])

Qg kLK
(4.87)
1 A AT 1Y (4 i
=3 ¥ O ES RSO > Tra(Af 1) (i] A, ALAL AT 1) (| A, AL A)
i,J kLK acGy
(4.88)
1 i F o g f
S AT DAL 2T ) SN Tra(Al 15) (i Ar, ALA AT Ji) (5] Aw, AL Ap)
a€By 1,5,k LK I
(4.89)
1
= F 4.90
d(d+ 1)(d +2)(d + 3) %;4 (@) (4.50)
where  for « € Sy we adopt the notation  F(«) =

Siimiwrr Tra(A) 17) (i) Aw, ALA, AT i) (| Aw, AL Ay)  where  Tro(My,... M,) =
I;Tr(ILieo, M;) for a = IL;C; and C; are cycles. It is thus necessary to control
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each of these 24 terms in order to upper bound the variance. Furthermore, we need to
be careful so that our upper bounds on {F(«)}.cs, depend on the actual parameters of
the testing problem. Recall that the expected value of X can be expressed as follows:

2) . (4.91)

Let us define M = N =D, m = | M(1y,)|2 = HN(]I) — dd#]IH and n = d;, HJ - —1 -

out 2 in@out 2
We state a useful Lemma relating 7, M and the Kraus operators { Ay} (defined in (4.85)):
Lemma 4.4.3. Let n = di,||T — 1/(dindowt)|]2 and M = N — D, we have:

o 1) = Zkl |Tr(A AP — o

dout
o 77 =20, M) WDl

Proof. Recall that we use the Kraus representation of the channel N(p) = 3, AgpAL.
We can express 7%

I

j a dindout

1 dn \°
E(X)= e (Tr (N(]I) - doutl[> +d2

2
]I 2 1n . din
= ’ dnd = ——| = dyTr(JT?) - <Z! (j| ® Ay li <J|A1Tc> -
out [|2 out ik out
(4.92)
N . din
= Tr(Agli) (| ALA |5) (i A) — Z ITr(AT A2 — 2. (4.93)

dout

- out
Z?J7k7l

We move to the second point, we have J —1/(dindow) = In—Tp = Ipm = idRQM(|U)(P])
SO

0" = diy Tr(id ® M(|P)(P))* = Tr(id ® M(di [)(P]))* = Tr (Z\l’ {yl @ M(|z) (yl) )

94

—ZTY M(ly) (z])) ZHM ) (whll3- ( 95

]

)
)

On the other hand, when dealing with some F (av)’s, we will need to have some prop-
erties of the matrix ), Ay ® Ay where {A}, are defined in (4.85).

Lemma 4.4.4. Let M = >, A; ® Ay. Let {\;}; be the set of the eigenvalues of MTM
(in a decreasing order) corresponding to the eigenstates {|¢;)};. We have:

.Z)\_ ;§t+n’

‘)\125

A <,
2
o Bl (Gil0)P) < 22 oy,

o (V| MM V) = tin

out
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Proof. We have 3>, \; = Tr(MTM) = 37, Tr(ALA)Tr(AlA) = 32, ITe(ALA))? =

du + 77 by Lomma 4.4.3. Recall the definition of the maximally entangled state
v ® |7}, we can compute its image by the matrix MTM:
F

MM (/i |0)) =Y " ALA iy @ AL A i) = > (a] ALA i) (y| AL A, |i) |wy)  (4.96)

i,k,l z,Y,5,k,l
= > (x| ALA i) (i) A Agly) |lzy) = (el AIN (D) Ax [y) |2y)
z,y,i,k,l z,y.k
(4.97)
therefore

1 , , Tr(N(T)?) d? d;
Ul MM W) = — ATN (D) A, i) = >_Tin _ in 4.98
(WMIMW) = 2= 3 (AN DA = = > S = T ()

in
ik

where we used the Cauchy- Schwarz inequality This implies that the largest eigenvalue
verifies \; > ”‘ - thus Y dout +n2 =\ <n*

We move to prove the third point. Recall the notation M(p) = (N — D)(p) =
S, ArpAl — Tr(p) 7~ -—. We have on the one hand:

MM/E 1) = 3 AN O A ) ) = SN ON ) G ) (499
—%Tr M(ly) {x])) zy) +2Tr ID(ly) {21)) [2y) ~ (4.100)
—ZTr Mily) {a1)) [=y) +Z TWOD fer) (210D
= LI MOM) () o) + Do/ ). (4102)

out

On the other hand, using the spectral decomposition of MTM, we can write:

> T (MIDM(Jy) (@) ) + mt\/ZI‘P = MM (\/di | 7)) szi\/ﬁwil‘m |0:) -

011

(4.103)

Therefore

A (1] W) [dr) — domt W) = \/—ZTI" M(ly) (@) lzy) = Y Xl V) [@n) -

i>1

(4.104)
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Taking the 2-norm squared on both sides, we obtain by the Cauchy-Schwarz inequality:

dz din
Ao | 0)* + 2. Qd—t)\1|<(151|‘11>|2 (4.105)
out ou
2
1
- ‘ TZTT(M(H) ) () lzy) = > Al 0) [64) (4.106)
d z,Y 1>1 2
2
1
< | | 75 X mm@rd) i) |+ |30 Aot joo (4.107)
@y 9 i>1 9
2 2
<9 IZTF M) (@) 2| + 2|57 Aol w) [60) (4.108)
9 i>1 9
2
< C—ZZ\TY(M(H)M(IZD (@ +2) X (4.109)
@y i>1
2m2n2
< dZIIM MM y) (DIl + 2 (Z)\) == —+2" (4.110)
i>1 m
Observe that the LHS can be lower bounded as follows:
d2 d; d: 2 d2 d2
2 2 in n 2 _ N in 2 2
RAIDE + 5 = 2T AP = (= 2 ) (alBP + g2 — 726 )
(4.111)
di2n 2
> S8 (1~ [(61 D)), (1112)
out
Finally, we deduce from the two previous inequalities:
dz, 2m?*n?
21— [ )P) < =5 20, (4.113)
out in

We move to the fourth point. We have:

MM (Vi |0)) = > AAT i) @ A AT i) = Y (ol AcAT18) (y] ARAL [6) |ey)

i,k,l z,y,,k,l
(4.114)
= Y (x| AT (] AAL ) |y) =D (@ N(D) |y) [zy)  (4.115)
z,y,5,k,l z,y
= (x| M) [y) vy) + t\/ di | V). (4.116)
T,y ou
Hence:
(U| MM |T) = iz<x|M(ﬂ) )+ 9 gy = vy £ B = Dy
din = dout d dout dout
O

The first and fourth points will be used in the proof of Lemma 4.4.9. The first three
points imply that the matrix MTM is close to the maximally entangled state in the 1-norm.
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Lemma 4.4.5. Let M =Y, A, ® A, and |V) = F S i)y @ |i). We have:

< 5n°. (4.118)
1

|atar = = oyl

out

Proof. Let |¢;) the eigenvector of MTM corresponding to the largest eigenvalue. Using
the Fuchs—van de Graaf inequality [FVDG99] and Lemma 4.4.4:

dout 2 2p2
Héayonl = 10)(¥] [l < 20/T = [(&[W)F < 2~ e

dou
+ 211 < 4d—t772 (4.119)

in din in

where we use the Cauchy Schwarz inequality and Lemma 4.4.3:
m? = Tr(M ZTI" M(15) (D) (4.120)
<) T (M = diy ZTr ) < dinn?. (4.121)
i,J

By the triangle inequality and Lemma 4.4.4 we deduce:

din 1n
|atar = 5 oy | o)l — ()], (1122

out

HM*M— = |¢1><¢1

din 2
g/\l—d +ZA1+477 < 512, (4.123)

out i>1

]

This Lemma will be used in the proofs of Lemmas 4.4.6 to 4.4.8 and 4.4.10. We move
now to upper bound different values of the function F.

Lemma 4.4.6. We can upper bound F((142)) and F((243)) as follows:

dindou_|—2 2
[dous 77+77 —1—5774.

F((142)) = F((243)) < dowr dout

(4.124)

Proof. Recall the notation M(p) = (N — D)(p) = 3., ArpAl — Tr(p) 7. We will first
write F'((142)) as a sum of an ideal term reflecting the null hypothe51s (/\/ D) and
an error term reflecting the difference between AV and D. The ideal term is computed
exactly and depends on dimensions d;, and d,,;. The error term can also be splited to
a simple error depending on n and d,,; and a more involved term that depends on the
Kraus operators { Ay}, and the difference of channels M. To control this latter error, we
first write it in a closed form in terms of M, M =), A, ® AL and the flip operator IF.
Then we can use the spectral decomposition of the matrix MTM — Z | W) (¥| in order
to decompose this error term into a combination of negligible elements The final step
requires to control the ¢; norm of the coefficients of this combination which is done using
Lemma 4.4.5.
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We have:
F((142)) = Y Tr(AgAl Ay ALA A} Ay Al ZTr N (ATAON (ALA)) (4.125)
kKU
= ZTr M(ATANN(ALA)) +Tr((D<AjAk)N(A;A,)>> (4.126)

= Z Tr(M(AT A M(ALA)) + Tr((D(AT AN (ALA))) + Tr(M(AT A )D(ALA))

(4.127)

- Z Tr(M(A] A ) M(ALA)) + %@T@(N(ALA,))) + %{"h)ﬂwmmk»
(4.128)

— Z Tr(M(AT A M(ALA)) + %@TM;AQ (4.129)

= Z Tr(M(A] A M(ALA)) + %. (4.130)

It remains to control the sum -, , Tr(M (ATAOM(ALA)) . Let Ty X @Y » X QYT

be the partial transpose operator and M = >, 4; ® A;. Let F = Z” (D) @[5 (] @
(i|) be the flip operator, we have Tr(A ® BIF) = 3, AijBr Tr(li) (§| @ |k) (I|IF) =
> ijwg Aig BraTe(d) (| @ [k) (G]) = >, ; AijBji = Tr(AB ) which is known as the replica
trick. We have using the replica trick:

> Tr(M(A] A M(ALA)) ZTr M(ATAL) @ M(ALA)F) (4.131)
k,l

— Tr (M ® M (Z AlA® ALAl> ]F) (4.132)

k.l

=Tr (M ® Mo T, (Z AlA,® Afﬁk> ]F) (4.133)

k.l
=Tr (M @ M o To(M'M)F) (4.134)
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Let [¢) be a unit vector, we can write |¢) = > ¢y |7) ® |y) then we can express:

| Tr (M @& Mo To(|o)(@)E) | = | D duydoiTr (M & Mo Ty(|z) (2] @ |y) ()F)

- (4.135)
=137 GuyedTe (M@ M([2) (| @ [t) ()F)|  (4.136)
— |3 uy@ed Tr (M|} (2]) © M(t) (W))F)|  (4.137)
= | D GoyudTr (M(|2) () M(|2) <y\>)‘ (4.138)

= \/ D [6afedl 3 [T (M) (DM 1)
(4.139)
Z |M(2) DIBIME D3 =n*  (4.140)

where we use the Cauchy Schwarz inequality and Lemma 4.4.3. On the other hand, we
can compute:

Te(M @ Mo Ty(|T)()F) ZTr (M@ MoTy(li) ® i) (ij)F)  (4.141)
772
= ZTr MU =T (4142)

Then, we can decompose the Hermitian matrix MTM — 2 (U)W = D7, i [1hi) (] Hence
Lemma 4.4.5 implies:

Z Tr(M(AJ A M(ALA)) = Tr (M @ M o To(MTM)F) (4.143)
dln
= g M MO TR EDE) + 35 uTr (M@ Mo Tol[6) (h)F)  (4.144)
out
2
< d +Z|Mz|” = Ty MM - d‘“ (TY (|| 2 < —— + 5. (4.145)
out . ou out out

Finally,

din + 7]2 d1 _|_ 77 772

((142)) Tr(M(A] A ) M(ALA)) + Lot dout it (4.146
Z r k ( b l>> * dout N dout * dout * 7 ( )
0
Lemma 4.4.7. We can upper bound F(id), F'((132)), F((314)) and F((24)(13)) as follows:
din dou 2 2
F(id) = F((132)) = F((314)) = F((24)(13)) < [dowt + 1 + 4 St (4.147)

dout dout
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Proof. For the identity permutation, the function F' can be expressed as follows:

F(id) = Y Tr(AuA} Ay A])Tr(A], Ap) Tr(ALA)) (4.148)
kKU
= ) > T(lj) (i A Aw Al Ay Ji) (j] ALA) Tr(AL Ay) (4.149)
kLE 1,9
=Y T (W) (i A A)N (Ji) () Tr(AL Ap) (4.150)
KU dg
=3y W AL A ) M8 GD)Te(AL Ap) + > TN (1) (i AL Aw)D(Jd) (1)) Tr(A] Ap)
KU 4,5 kU 4,5
(4.151)
N 1 .
=N TN (L)) (] Af A )M(Ji) G Tr(ALA) + )Y y tTr(N(|Z> (i| Al A ) Tr(AlL Ap)
kK 1,3 YR ou
(4.152)
1
=> ) TV AL A M(Ji) (5])Tr(ALL Ay) + Tr(A} Ap)Tr(AL Ap)
KU 4,5 K1 out
(4.153)
din dou 2
=D Tr(M(|3) (i A} Aw) M(Ji) (j])) Tr(Af Ar) + % (4.154)
kU 4,5 out
. . . . din dou + 2
= > Te(M(|5) (il N)M(i) () + /d—ttn (4.155)
i,j ou

where N =3, Tr(4, T A))AT Ay, Let us introduce N = N — T = D Ha [e) (Y] (this is
possible because N is Hermitian) so that we can write using Lemma 4.4.3:

ST MU) G MU) () (4150
; iZTr(M(m (i| N)M(]i) . ZTr M(J3) G) (4.157)
= S heTMUb) 61142 (DG G1) : (158)
= S e THMID) (DM () + 5 (4159
- ZkuxTr ) M) Dl KM 1) + 7 (4.160)

<5 30 G0 M) DI + 10 GO + 52 (1161
= Tr|N|n® + o (4.162)

dout
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We can see the matrix N =3, , Tr(Al A))Al A, as a partial trace of MTM:

Tro(MTM) = T, (Z AlA ® Amk> = Tr(A A Al A (4.163)
kel kel
= Tr(AA;)AJA, = N. (4.164)
kel
Moreover % = Try(|U)(¥]) so by the data processing inequality (the partial trace is a

valid quantum channel) and Lemma 4.4.5, we deduce:

Tr|N| = ‘ Try(MTM) — din Tro(|U)(T))|| < HMTM - ;in U)N(U||| <5n*  (4.165)
out 1 out 1
Finally,
. N /- . . din dou + 2 din dou + 2 2
Fi) = 3 TOM) 61 N) M0 1)+ DL B0 o Dol Son I
’l] ou ou ou
(4.166)
O]
Lemma 4.4.8. We can upper bound F((24)) and F((1432)) as follows:
dz  2m?
F((24)) = F((1432)) < 2™ + = + 250" (4.167)
out out
Proof. Recall that (V| MTM |¥) = TY(Q{EH)Q) = dit‘t + ;Lj We use the fact that

Tr(X)Tr(Y) =Tr(X ®Y):

F((24) = Y Tr(ALAAL A Te(A AL A Af) = > Tr(ALAAL Ay @ ATAGA] Ap)
kLK U Lk U
(4.168)

= Tr (Z AlA @ A Ak> (Z AlA @ A Ak> (4.169)

k.l k.l

T2 T2
=Tr (Z ALA® AM) <Z ALA® A,I/L> (4.170)

k.l k.l

= Te(MTM)"2(MTM) ™2 = Te(MTM)(M'M) (4.171)
=Tr (MTM - jm |xp><qu> MM + jm Te(|0) (| MTM) (4.172)
out out
+ din + din
=Tr | MM — = [W)(0] ) { MM — = |0)(0] (4.173)
out out
din din d2 2
+ g (s — S ey ) o) + S T (4.174)
out dout dout dout
din P 2m? B 2m?
< (Tr|mfar— Sy ) 4 S 2 < Gy ST oy (4.175)
out dout dout dout dout

where we have used the fact that Tr (AT2B"2) = Tr(AB) and Lemma 4.4.5. O
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Lemma 4.4.9. We can upper bound F((12)(34)), F'((14)(23)), F((234)) and F((124)) as
follows:

F((12)(34)) = F((14)(23)) = F((234)) = F((124)) < Cfn + 25 4 *m?. (4.176)

Proof. Using the expression of F'(«) for the permutation av = (12)(34) and the fact that
Dok Al Ay =T, we have:

F((12)(34)) = Y Tr(ARALA AL Ap AL AVA]) =) Te(AIN (DA AN (D Ay)  (4.177)

kLK U k,l
= ZTI AT M@ AAIN (T)A) + d‘“ ZTr ATAATN (T A) (4.178)
out
din
= Z Tr(A] M(I) A AL M(I) A + Tr(A]M(I) A AT AL) + Tr(AIN(T) Ag)
out k,l out 3
(4.179)
din din
= Tr(AIMDAAMT)AL) + T (MDN (D) + - Tr(N ()% (4.180)
k.l out out
t t d?n d 2
= Tr(AIMDAAMT)AL) + -+ 2 Tr(M(D)?) (4.181)
k.l out out
Then, if we focus on the first term,
we can use the replica trick again to obtain:
ZTr (ATM@ A AL MDA = ZTr (A AIM(D) @ AL A M(DF) (4.182)

(Z A AT @ A AT M(H)®2]F) =Tr <T2 (Z AAl ® /IkA,T) -M(]I)®2]F>

k.l

(4.183)
_ ((MMT)“ ~M(]I)®21F) (4.184)
=T (1= MM = W) (8) ™ MITF) + T (MM 9)(9])™ - M(D)F)
(4.185)
T (@) (@] MMT) - M@)EF) = T (1)) MM ) (9]) - MI)F).
(4.186)

We can simplify the latter terms. First we have |¥)(¥|™* = F and F? = I so

T () (W] MM [@)(9]) " - MI2F) = (9] MMT|0) Tr () (%)) - M(D)*?F)
(4.187)

= (U] MM |¥) Tr (FM(D)®F) = (| MM |T) Tr (M(D)®?) = (¥| MM |T) Tr (M(T))* = 0.

(4.188)
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Next by Lemma 4.4.4 we have MM |¥) = f > ey (@I N(D) Jy) [zy) so

LS N ) T () (221) " - M)

in
T,Y,%

T (M1 |9y () ™ MO E) -
(4.189)
:_Z (@ N [y) Tr (|z) (2] @ |2) (y| - M(T)®*F)

1n
T,Y,2

(4.190)
= LS N 16} T () 21 MU ) (3] MCD)

1n
T,Y,2

(4.191)
_ —Z (x| V(L) [y) Tr (|2) Te(M(D)) (y| M(I)) =

(4.192)

Similarly we prove:

T ((wyo] M) ™ MIPE) = 3 Gl W) ) Tr ((122) Goyl) ™ - MD)E)

in
x7y7z

(4.193)
:—Z (2| V(D) [y) Tx (|2) (2] @ [y) (2] - M(D)*°F)

1n
T,Y,%

(4.194)
= S N ) ) Tr (=) ] M) ) (o] M(D)

1n
Y,z

(4.195)
= —Z (x| N(D) [y) (y| M(I) ) Tr(M(T)) = 0.

(4.196)

Now the matrix (I — |W)(¥|)MMT(I — |¥)(¥|) is Hermitian and positive semi-definite so
can be written as (I — [U)(VU|)MMT(I — [¥)(V]) = 5. \; [¢:)(¢:], and for each i, we can
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write the Schmidt’s decomposition of |¢p) =3  ¢., [zy). Therefore

> T (AIMDAAIMT)AL) = Tr (1 (@) ()M - [9)(¥) - MI)**F)

(4.197)

= ZA T (T2 (160) (0l) - MIPF) = > Aty @ Tr (T (|ay) (=t]) - M(D?F)
o (4.198)
=D D NiteyedTr (2) (] @ [1) (o] - M(D)*F) (4.199)
=37 3 Ay Tr (f) (2] M) @ 1) (4] MDE) (4.200)
=37 D" Ny BuiTr () (21 M) |1 ] M(D) (4.201)
=3 3 Moeates LMD 1) 4 MO ) (4.202)
<2 Z Miley PH MDIG P+ Z M- (| M(T) |2 | (4.203)
<Z Z il bay [*] (2l M(D) |2) |2+Z Z Aoz 2] (y| M(D) ) 2 (4.204)
=Tr \(11 — |\I/>(\I/|)MMT(]I — W) ()| Tr(J\/l(I[)Q) (4.205)

By Lemma 4.4.4 we have (U| MMT |¥) = % and Tr(MMT) = % + 1 so we have:
T |(T— [ W)@ ) MM (I — [@)(W])| = Tr(I - [@)(T) MM (I - [T)(¥]) =7 (4.206)

Finally

3

d; din
F((12)(34)) < 5™ 42 tm +Pm? (4.207)
out ou

This concludes the proof for F'((12)(34)). O

Lemma 4.4.10. We can upper bound F((14)), F'((12)), F'((23)) and F((34)) as follows:

d2 din 2
-+ P4 st (4.208)

out dout dout

F((14)) = F((12)) = F((23)) = F((34)) <

Proof. Recall the notation N =3, Tr(AxA)) Al A;. We can write the spectral decompo-
sition of the Hermitian matrix:

I in
N — = Tr, (ZA Ak®ATAk—d W) \If|) Z/\ i) (4] . (4.209)

dout ki ou
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Then using the triangle inequality and the fact that >, ALA;c =1

F(14) = Y Tr(ALA)Tr(AJAGA] Ay Al Ap) = Tr(NALN (D) Ay) (4.210)
kLK 1! Y
=2 Tr(VALMI)Aw) + j " Tp(N) = Te(N(N)M(L) + j“‘ Te(N)  (4.211)
/ out out
= Tr(M(N)M(T)) + jin Tr(N) (4.212)
out
2 .
= Tr (M (N - ) M(]I)) L BMAT) L iy (4213
dout dout dout
. din din 2
" dows (dm T ) LI R +ZATI (Ipi) (D )M(L)) (4.214)
din din Tr(M(I 2
= (d_ i ”2) - % 2 MM @D IMDI (3219
out out out
<L (EJr ) e ZW (4.216)
- dout dout 77 out n .
_ i [ di 5 m?
 dout (E o ) T dout +mn - Tr [N — Ao (4.217)

because for all unit vector |¢) = ). ¢; |7) we have using the Cauchy Schwarz inequality,
the AM-GM inequality, and Lemma 4.4.3:

M) (S5 = Z ¢Sk Tr (M(i) (G))M(Ik) (1)) (4.218)
< Z |didsondnl IM([) (DIl M(1E) (I])]]2 (4.219)
Z [6l* 5Pl M(1&) (D12 + Z o onl* M) GDIz = .
zykl ijl
(4.220)

Moreover, using the data processing inequality and Lemma 4.4.5 :

1 din
Tr |N — =Tr |Try [ Y AJA @ A Ay — - |U) (Y| (4.221)
out k.l dout
T T3 din t din 2
STe Y AlAc @ A Ay — == [U)(U|| = Tr | MTM — —= [U)(¥|| < 5.
dout dout
(4.222)
This concludes the proof. O

For the remaining permutations, we can obtain a closed form for the function F. For
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the transposition (13), the image of the function F' can be expressed as follows:

F((13)) = > Te(A} |j) (i AcA] [i) (j| A ) Tr(ALA) Tr(A] Ap) (4.223)
4,9,k 0k 1!
= > Tr(Ap A))Tr(A,Af) Tr(ALA) Tr(AL Ay) (4.224)
kK U

2
din ?
- (Z rTr<AkAJ>P) — (g ) - (4.225)
k.l out
Then, we remark that the permutations (312) and (134) have the same image:

F((312)) = F(134) = 3 Te(A] i) (] AwA} ) (] AALA)Tr(AL A (4.226)

,7,k,0E 1
= > Tr(ApAl)Tr(A ALAA])Tr(A] Ay) (4.227)
K,k U
= Tr(AALAAN D I Tr(AA])P (4.228)
k.l

din d2 din
= TI(N(]I)Q) (d_t + 772) = (ﬁ + mQ) (d_t + 772) . (4.229)

Next, the image of the cycle (1234) has also a closed expression:

((1234)) = > Te(A} [5) (i AALALA] [3) (] Aw AL Av) (4.230)
ik, Lk
= > Tr(A4ALAAN)Tr(Ap Al Ay A)) (4.231)
kLK
&2 ?
= (Tt(N(D)*))* = <d—“ +m2) - (4.232)
out

To sum up, we have proved so far that:

Lemma 4.4.11. Let m = | M(I)||z = [|[N(I) — D@)||2 and n = diy

have:

We

_ I
j dindout

2.

Therefore we have the following upper bound on the second moment using the in-
equality m? < dn?:

B (N 9)00)) = oy o @ (1.233)

aEBy

dgut + 6d3, + 2d? doem?® + 2d2, dowen® + 11d2, + 10diydouym?® + 10dindoyen? (4.234)
dgutdln(din + 1)(dln + 2) (din + 3) '
N 6, + d2 om? + 2d2, n* + 12dguym?® + 40d% ,mn? + 81d2 ;0 + 12douwn? (4.235)

doutdm(din + 1)(dln + 2)(d1n + 3)

Recall that for the random variableXzTr( (|6)(e]) — dm)2 Tr (N (|6)(6]))* — 7
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\ Permutation « | Upper bound on F(o) | Reference |
2
(13) (j— + 772>

id, (132), (314), (24)(13) dnfdowtn | = 1 5pt | (Lemma 4.4.7)

(312), (134) (- +m?) (o +2)

(1234) (ji + m2>
(24), (1432) R (Lemma 4.4.8)
(142), (243) W + % + 5n (Lemma 4.4.6)
(14>7 (12)’ (23)7 (34)7 (1324>7 a2 din 2 m?2 3 .

(1423), (1243), (1342) et g+ 5mn | (Lemma 4.4.10)
(12)(34), (14)(23), (234), (124) | S 4 28w 2 422 | (Lemma 4.4.9)

we have:
(Tr (VO - 1) 5 |7 - i >
E(X) = din (din + 1) o
2 2
L M) +17) — m? +1n (4.237)

din<din + 1) din(din + 1) ’

Since Var(X) = Var (X + ﬁ), it can be upper bounded as follows:

2 2
Var(X) = E (T (18)(6)%)*) = (B (TN (16){0)%))) (4.238)
< dd .+ 6d3 4 2d2 dowym? + 2d2 down? + 11d2, + 10dindowsm? + 10didouen (4.230)
- d? i din(din + 1) (diy, + 2) (di + 3) '
i 2 4 2 2 2 12 2 4 2 3 1 2 4 12 2
+ 6d1n + doutm + doutn + doutm + Odoutmn + 8 doutn + dOutn (4240)

dgutdin(din + 1)(d1n + 2>(d1n + 3)

m? + n? 1\°
— 4.241
<d1n<din + 1) N dout> ( )

80di2n774 + 10d12nm2772 + 4Odi2n773m
A2 (din + 1)2(din + 2) (din + 3)

(4.242)

Therefore the upper bound on the variance becomes using the inequalities (m? + n?)? >
4m*n* and (m? + n?)? > 2mn? (successive AM-GM):

Var(X < 80dZ n* + 10d2 m?n? + 40d% n*m (4.243)
E(X)* 7\ (di+2)(din + 3)(1” + m?)? '
dznt dZ m?n? Az nPm
< 80—~ 10— 40— < 105. 4.244
=N T g e = )
[

We have now the required tools to design and prove the correctness of an algorithm
for testing identity to the depolarizing channel.
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Theorem 4.4.2. There is an ancilla-free algorithm requiring a number of incoherent

measurements N = O <M> to distinguish between N = D and d,(N,D) > ¢ with a

2

success probability 2/3.

As explained before, our algorithm is a reduction to the testing identity of quantum
states. Note that we need to test quantum states in the 2-norm which is different than
the usual quantum state certification [BCL20]. The algorithm for testing identity to the
depolarizing channel is described in Algorithm 8.

Algorithm 8 Testing identity to the depolarizing channel in the diamond norm

M = 2200.
for k=1: M do

Sample ¢;, a Haar random vector in S%»,

Test whether ho : N(joa(el) = 7 or b [N(on (o) — 2| = s

using the testing identity of quantum states Algorithm 5, with an error probability
d =1/(3M), that answers the hypothesis h;, , i, € {0, 1}.

end for

if 3k : X, = 1 then return N is e-far from D else return N' = D.

We remark that Algorithm 8 uses the channel only on a constant number of random
input states {|¢x)(dx|}x. One could think that querying the channel N on more diverse
inputs could lead to a more efficient algorithm. However, it turns out that Algorithm 8
is basically optimal as we prove a matching lower bound up to a poly-logarithmic factor.

Theorem 4.4.3. Let ¢ < 1/32 and doy, > 10. Any ancilla-free non-adaptive algorithm
for testing identity to the depolarizing channel requires, in the worst case, a number of
measurements satisfying:

dindoin
N =Q <1Og(dindout/€)2€2> : (4.245)
This theorem shows that our proposed Algorithm 8 is almost optimal in the dimensions
(din, dout) and the precision parameter ¢ thus the complexity of testing identity to the
depolarizing channel is O(d2,d%5 /e?) which is slightly surprising. Indeed, we can remark
that the complexity of testing identity of discrete distributions and quantum states is the
square root (for constant €) of the complexity of the corresponding learning problems in
the same setting. This rule does not apply for quantum channels since we know from
[SSKKG22; Ouf23] that the complexity of learning quantum channels in the diamond
distance with ancilla-free non-adaptive incoherent measurements is ©(d2 d3 , /?).
Outine of the proof. Under the null hypothesis ' = D. Under the alter-
nate hypothesis, we construct randomly the quantum channel N' ~ P of the form:
N(p) = D(p) + 7= (w| plw) U where |w) is a Haar distributed vector and U has Gaus-
sian entries: for all i,j € [dow], U;; = Ui ~ 1{i # jIN(0,16/doy) conditioned on
the event G = {||U||l1 > dout, ||U]loc < 32}. Note that the usual construction applied
on the Choi state gives a sub-optimal lower bound in the diamond distance. Using a
concentration inequality of Lipschitz functions of Gaussian random variables [Wail9], we
show that with a high probability N is e-far from D in the diamond distance. Then we

use LeCam’s method [LeC73] to lower bound the TV distance between the distribution
of the observations under the two hypotheses: TV <]P%”"IN H]ENNPIPJI\}"”’IN ) > % where
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I, ..., Iy are the observations the algorithm obtains after the measurements and N is a
sufficient number of measurements for the correctness of the algorithm. Next, we condi-
tion on the event &£ that w satisfies: V¢ € [N] : (w|p, |w) < 25O which occurs with
a probability at least 8/9. For this, we take W ~ Haar(dy,) such that W |0) = |w) and
we show that the function W +— /(0| W*pWW |0) is 1-Lipschitz using Minkonwski’s in-
equality then we use a concentration inequality of Lipschitz functions of Haar distributed
unitary [MM13]. Under the event &, the channel certification problem becomes similar
to the state certification problem with a precision parameter & ~ % and thus we
could mimic the proof of [BCL20]. We choose instead to present a shorter proof using
the Hypercontractivity Theorem (see e.g., [Jan97; AS17]) which can simplify significantly

the analysis of [BCL20]. To carry out the analysis, we need to bound the moments of the

random variables: Z,(U,V) = &2 <%59N))2 ( . dout (gt |U |oh) (¢!, |V |¢ft>> where
t € [N]and {X, |¢! )( ft|}it is the POVM chosen by the algorithm at step ¢. Since Z, is
a polynomial of degree 2 (in the entries of U and V') of expectation 0, the Hypercontrac-
tivity [AS17, Proposition 5.48] implies for all k € {1,...,N} : E (|Z,|") < k*E (Zf)k/Q.
Hence, it is sufficient to upper bound the second moment which can be done easily:

E(Z2) <O <41°g—)> By a contradiction argument and grouping all these elements, we

dt d3
2 71.5

can prove that Nlog(N)* > Q ( in 2ouc> and finally N > Q <W) . We present

the proof in the following.

Proof. Construction. Under the null hypothesis Hy the quantum channel is AV (p) =
D(p) = Tr(p)it. Under the alternate hypothesis H;, we choose the quantum channel
N ~ P of the form:

I
+

N(p) = Te(p) 7+ 7~

(w| plw)U (4.246)
where |w) = W |0) and W ~ Haar(d,) and for all i,j € [dow], Uji = Us; ~ 1{i #
JIN(0,0?) where the parameter o would be chosen later and we condition on the event
G = {llUll1 = dout, ||U]leo < 32}. We call this distribution P and use the notation
(w,U) ~ P. If we do not condition on the event G, the distribution of U is denoted
Py and we write U ~ Py. Random constructions with Gaussian random variables were
used for proving lower bounds by [CHLL22; CHLLS22]. Note that N is trace preserving
since Tr(U) = 0. It remains to show that N is completely positive which is equivalent to

proving the corresponding Choi matrix is positive semi-definite. For this we can express
the Choi state of the channel N:

d.
]I £ n
- )\ ") (i 4.24
IN= T dd Z: i) (G| @ (0| W* |i) (j| W |0) U (4.247)
i
- W 10) (0| w'* 4.248
in o +dmdoutz| (jl® @ w0y w" ;U (4.248)
i - ]
H W) W S U o)

- din dout din dout

Observe that ||[W [0) (0] WT @ Ullse = ||U]|oe < 32 thus Jy > 0 if £ < 1/32. So under the
event G, the map N is a quantum channel. The parameter o should be chosen so that
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do(N,D) > . Recall that |w) = W |0), the definition of the diamond distance implies

) €
do(N,D) = mgXHld® N =D)(p)llr = [N = D)(lw)(w])|l: = 7 t||U||1~ (4.250)
Lemma 4.4.12. There is a constant ¢ > 0 such that we have:
cs?
P (I - B > 5) < o (52 (4251

Proof. The function U + ||U]|; is v/dou-Lipschitz w.r.t. the Hilbert-Schmidt norm.
Indeed, by the triangle inequality and the Cauchy Schwarz inequality |[|U]]; — [|[V]1] <
|U=V]|1 € Vdout||U—=V||2. The concentration of Lipschitz functions of Gaussian random
variables [Wail9, Theorem 2.26] yields exactly the desired statement. O

Next, we need a lower bound on the expectation of |U||;. By the Hélder’s inequality:

[BAUIEY . [(@00?° . oo
E > = > > . 4.252
W=\ B iy =\ et = 4252

Since do(N,D) > ;=||U]li, it is sufficient to choose o = \/& so that E([|U]1) >
2dou; and by Lemma 4.4.12; we have ||U]l; > dow with a probability 1 — exp(—Q(d?,))-
Therefore with an overwhelming probability we have d,(N, D) > 7—lU[[x = . It remains
to see that the event {||U]|» < 32} also occurs with high probability. Indeed, let S be a

1/4-net of S%u of size at most 8%ut. By the union bound:

P ([Ulle > 32) =P (3¢ € 8™ : (¢| U|d) = [U]loc, Ul > 32) (4.253)
1

<P (3¢ €S {8l U16) > 5 [Ullser U]l > 32) (4.254)

< |SIP ((¢| U |¢) > 16) < 8eutp=8dout < p=ddont, (4.255)

Finally, with a probability at least 1 — exp(—Q(d?,)) — exp(—Q(doy)) the event G is
satisfied and we have a quantum channel A that is e-far in the diamond distance from
the depolarizing channel D. A 1/3-correct algorithm A should distinguish between the
channels N and D with a probability of error at most 1/3. Let N be a sufficient number
of measurements for this task and Iy, ..., Iy be the observations of the algorithm A. The

Data-Processing inequality applied on the TV-distance gives LeCam’s method [LeCT73]:

TV (]Pg(;--JNHPg;-JN) > TV (Bern(Py, (A = 1))|| Bern(Pp, (A = 1)) (4.256)

> TV(Bern(1/3)| Bern(2/3)) = % (4.257)

Now, we need to upper bound this TV distance with an expression involving N, di,, dout
and €.

Upper bound on the TV distance. The non-adaptive algorithm A would choose
at step ¢ the input p, and the measurement device M, = {\[¢f)(¢t|}icz,. Observe that
we can always reduce w.l.o.g. to such a POVM. Moreover, we have ) . AL = dgye. Under
the null hypothesis Hy, the quantum channel A = D so the probability of the outcomes

is exactly:
N )\t
I,..., I | | it
t—1 ~out i,

.....
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On the other hand, under the alternate hypothesis Hy, the probability of the outcomes is
exactly:

t
el = {Banen [T (14 <Gl o) 6 016)) (125)
= ou 1] 4eeey N
We can express the TV distance as follows:
2TV <]P[1 vvvvv INH]P vvvvv [N) (4.260)
Y Al
= Z E(w,0)~p H (1 + e (wlpi |w) (&%, | U |65,)) — d” (4.261)
01,0 N t=1 °u 1 Gout
N
=By |Ewor [ [ (14wl w) (6| U]6L,)) - (4.262)
t=1

t
where we use the notation E<y (X (1,...,in)) =D, o (Ht ) dAout> X(i1,...,in). Now,
we need first to remove the terms {(w| p; |w) }; because, as we will see later, we would like
to construct a polynomial of a small degree. If these terms remain, they would increase
the degree. Since the algorithm is non-adaptive, we have at most N distinct input states
{pt}+ So let us condition on the event &£ that w satisfies:

201og(9N)

vee [Nl: (OIW W 0) = (wlpe [w) < —

(4.263)

The function f : W — /(0| W*pW |0) is 1-Lipschitz. Indeed, we can write p =
> i Ai|@i) (@] then since {\;}; is a probability, we have by Minkowski’s inequality:

LFW) = F(V)] = IWVEiwa([ {:l W10) [2) = VEsea(l (6:] V'[0) [2)] (4.264)
< VEin(| (o (W~ )I )12) < (W = Ul (4.265)

Hence by the concentration inequality for Lipschitz functions of a Haar-distributed matrix
[MM13]:

121og(9N) < exp (_126[1n log(9N)) _ L
- 9

. o v (4.266)

PA[fW)=E()]>

Moreover, we can upper bound the expectation E (f(W)) < JE(f(W)?) = /1/di.

Therefore by the union bound:

201log(9N)
din
(4.267)

<NP | f(W) >

P (5_) =P (315 € [N]: (0| W*p,W |0) > M)

din

< NP | fW) -~ E(f) > %@M <3 (4.268)
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Now, we can distinguish whether the event £ is verified or not in the TV distance. Let
Vi wu = Hi\; (1 + e (w| py |w) <¢ft‘ U ’¢ft>), by the triangle inequality:

’,:]z

Exn | By~ | | (1+ e (W] pcfw) (¢7,| U |¢},)) — (4.269)

o~
Il
—

< Ean [Ewuyer [H{E} Viwy — V]| + E<y |[Ewuyep [H{E} (Viwy — ]| (4.270)
< Ean |Ewuyer [H{E} (Viwo — V]| + E<vEqwuyr [H{EH Viwy + 1)] (4.271)
= E<n |Ew,o)r [{E}(Wiwy — 1)]| + 2P (5) (4.272)

Hi\il (1+ & (w|p|w) Tr(U)) = 1. Tt remains to upper bound this latter expectatlon.
For this, we follow [BCL20] and apply the Cauchy Schwarz inequality and Holder’s
inequality:

(B< |Buwvyor [{E} Wiww — D) + P (€) < Bay (Bruuyep H{EW)}(Viwp — 1)])" + P ()

(4.273)
= B<nEwu)pEev Np1{5( )}\If,- woHEY, .y (4.274)
<]E((wg))~77;1{5 }HZ (1+ e w| pe fw) (5, | U [65,)) (1+¢ (2l pel2) (8, V |97,))
2V~ t=1
(4.275)
AL
= B p {8 EH] (1 + & (wlpew) (zlpcle) 3= (60| UL6h,) (6L V |¢§t>)
" (4.276)
al 201 9N
< EppByp [ ] <1 <O§—( ‘Z (0| U |¢i) (@, ) (4.277)
t=1 m
N
1 20log(9N) AL P .
= m 1%2)1(\/ EU’VNPO (1 te ( Og ) <¢ | U ‘¢Zz> <¢'Lt‘ 4 |¢'Lt> >

(4.278)

CARACAXCANELY
(4.279)

1 20 log (9N)
= (1= o ) 225 Bovm (1 e ( )

1<t<N

'

because for all t € [N] we have > . A (¢t | U |#L,) = Tr(U) = 0 and under the event

it dout

2
w) . Note that at the last inequality, we do not require

£, (wl prfw) (=] p]2) < (258
anymore that U satisfies ||U|lc < 32 and [|U||; > dow. This is possible because the
integrand is positive and P (G) > 1 — e~ $Hdout),

For t € [N], let Z; be the polynomial in {U; ;, Vi ; }f‘;‘“l defined as follows:

amet (PN (5 vl i) o
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[BCL20] gives a different method to control the moments of a similar function of Haar
distributed unitaries. However, our method is shorter compared to theirs since we only
need to control the second moment. Note that Z; is a polynomial of degree 2 of expectation
0. The Hypercontractivity [AS17, Proposition 5.48] implies for all k € {1,... , N}:

E (1Z,%) < K*E (22)"*. (4.281)
This means that we only need to control the second moment of Z;. We have:
201og(9N)\* AL
B (22) = (22800 gy (5225 o 1) Gl v ok 0 1) 65 163
it;jt ou

(4.282)
For given i;, j;, we can upper bound the expectation:
E (¢}, |U64) (25| U65.)) = D B (UsyUsy) (61, ]2) l e}, )¢5, 12") (v 165,)
x,y7xl7y/

32 t t t | it
S g t(!< |51+ [(8,105,)1%) (4.283)

Therefore we can upper bound the expectation of Z2? using the inequality
Do A5 < 32, AL (6, 165,)12 = 1 and the equality 30, A, = dous:

201og(ON) ' = M, (32 gy
B(z7) <ot () S0 (ot o s eti)) s

it,j¢ out
201og(ON)\* (2- 322\ = AN, :
=< < d o ) D = (e 1eh) ! + [ lé5) 1) (4.285)
m out ie,t out
Cetlog(N)*
A, 4.286
B dfndgut ( )
where C' > 0 is a universal constant. This implies an upper bound for every moment:
Cetlog(N)H\ "
k k
E (12" <k (W) | (.257)

Now, grouping the lower bound and upper bounds on the TV distance, we obtain:

42 8
(1 — e~ $Hdou)) (& + 5) < max B (A +1]Z)™) (4.288)
N k/2
N Cetlog(N)*
k=0 in“’out
N k
C'Ne?log(N)?
< max ( — doli( ) ) (4.290)
k=0 inout

where we used (],:) < % and C' = /Ce. If Nlog(N)? < fg;i%iftz the RHS is upper

bounded by » .-, ox = 1.01 but the LHS is at least (1 — e~ (o)) <g—§ + %) > 1.05 for

dout > (1) which is a contradiction. Hence N log(N)? > % and finally:

d?.ds
N >0 m_ou . 4.291
- (log(dindout/a)%?) ( )

]
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This proof relies crucially on the non-adaptiveness of the strategy. A natural question
arises then, can adaptive strategies outperform their non-adaptive counterpart? We do
not settle completely this question. Yet, we propose a lower bound for adaptive strategies
showing that, if a separation exists, the advantage would be at most O(y/doy)-

Theorem 4.4.4. Let ¢ < 1/32 and doy > 10. Any ancilla-free adaptive algorithm for

d dout +dout >

testing identity to the depolarizing channel requires, in the worst case, N = 2 ( =

incoherent measurements.

Proof. We use the same construction as in the proof of Theorem 4 4.3. Mainly, under the
null hypothesis Hy the quantum channel is V' (p) = D(p) = Tr(p) . Under the alternate
hypothesis H;, a quantum channel N' ~ P has the form:

I n €
dout dout

N(p) = Tr(p) (w] plw) U (4.292)

where |w) = W |0), W ~ Haar(dy,), for all i, j € [dout],

Uye = Uny ~ Ui # JIN (0,02 = )

out
and we condition on the event G = {||U||1 > dout, ||U]||o < 32}. We call this distribution P
and use the notation (w, U) ~ P. Recall that P (G) > 1 —exp(—Q(dout)) — exp(—Q(d2,,))
and under G, the map N is a valid quantum channel e-far from the quantum channel D.
Now, given a set of observations i, = (i1,...,4;_1). The adaptive algorithm A would
choose at step t the input pi<* and the measurement device M=t = {X’“ ‘¢Z<t><¢l<t ‘ }z‘teL'

Such POVM implies Zit /\zft = d. Under the null hypothesis Hj, the quantum channel
N = D so the probability of the outcomes is exactly:

N iy
S A (4.293)
Ho B dout '
l= U1eenlN

.....

On the other hand, under the alternate hypothesis H;, the probability of the outcomes is
exactly:

out

N >\i<t
Py = {E(w )~ H v (L +e(w] P fw) (05| U |9is*)) (4.294)

We can express the KL divergence as follows:

KL (IPEJ'"IN HIP """ IN) (4.295)
N iy Z<t
> H; log Ll 2 (4.296)
e N B I (1 ol o) (0101

= E<n(—log) ( wUNPH + & (w| pi=t |w) <¢1<1|U\¢‘<t>)> (4.297)
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~~~~~ out

Z<t
where we use the notation E<y (X (i1,...,in)) = >, <Ht ) d” ) X(i1,...,in). The

function (—log) is convex so by Jensen inequality:

KL (IPIl -----

N
Him’IN) _ ESN( log ( 'PH 1 +e U)’ pl<t |w <¢l<t| U ‘¢l<t>)>
- (4.298)

N
< EcyEqw,vy~p(—log) H (1+e¢ (wl p* |w) <¢Z<t’U}¢Z<t>
=1

(4.299)
N
=Y EcnFuur(—log) (1+ & (w] i< |w) (65| U |65))
t=1
(4.300)

Using the inequality (—log(1+ z)) < —z + 22 valid for > —1/2 and since for £ < 64,
we have e (w| p;~" |w) <¢Z<i| U ‘¢Z<t> > —1/2, we can upper bound the previous integrand
as follows:

(~log) (1+¢ (wl pi= ) (42| U [615°)) (1.301)
< e (w| pi=t |w) <¢Z<t‘ U |¢Z<t> + 262 (w] pi<* |w) <¢z<t’ U }¢z<t> : (4.302)

Observe that the first term vanishes under the expectation:

E§N< (wl Pzd |w) <¢l<t‘ U |¢l<t =E< Z

i e (w| py= |w) ($;=| U |¢i=")  (4.303)

=E<1e <w! P \w> Te(U) = 0. (4.304)

For the second term, we will instead upper bound its expectation under U. Observe that
this term is nonnegative, so we can safely remove the condition on the event G and then
we compute the expectation under Haar distributed vector w and Gaussians {U; ;} similar
to Equation (4.283).

E (25 (w| pi=t |w)? ( Z<t} U ’¢Z<t> ) = 2¢°E ((w| pi~* |w)?) (<¢Z<t’ U }¢Z<t> ) (4.305)
<922 (Trfjpt) —i—Tr(pt)) _ ( 64 ) < 256¢>

in(din + 1) dow ) ~ didout
(4.306)
Therefore
N .
KL (P [Pl ) < 3 BawBuunp(— log) (1 + (w] o= [w) (81| U |6}"))
t=1
(4.307)
N
2562 256Ne?
_ . 4.308
S LN i T B -
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On the other hand, the Data-Processing inequality applied on the KL divergence writes:
KL (P[P > KL(Py, (A = 0) [P, (A=0)) (4.309)

> KL(2/3[|1/3) = glog(Q) - %log(Q) - élog(Z). (4.310)

Grouping the lower and upper bounds on the KL divergence:

256 N>
d?ndout

1
> KL (]Pf}(’)""INHIPE;“"IN) > < log(2) (4.311)

which yields the lower bound:

e2

2
N=0 <M) . (4.312)

4.5 Conclusion and open problems

We have generalized the problem of testing identity to quantum channels. We have in
particular identified the optimal complexity ©(d/e?) for testing identity to a unitary
channel in the adaptive setting. Moreover, we have shown that the complexity for testing
identity to the depolarizing channel in the non-adaptive setting is ©(d2 d%3 /e?). These
results open up several interesting questions: can the gap between non-adaptive and
adaptive strategies for certification of the depolarizing channel be closed? How to achieve
the instance optimality (as in [VV16; CLO22])? This would allow to adapt the complexity
to the tested process Ny. Another interesting issue deals with the fact that 4-designs can
replace Haar distributed unitaries in Algorithm 8. But can the same complexity be
achieved for 3 (and lower) designs? Finally, it would be interesting to consider general

strategies allowing entanglement between the uses of the channel, as was done for states
in [OW15].



Chapter 5

Sample-Optimal Quantum Process
Tomography with Non-Adaptive
Incoherent Strategies

5.1 Introduction

In this chapter, we consider the problem of quantum process tomography which con-
sists of approximating an arbitrary quantum channel-any linear map that preserves the
axioms of quantum mechanics. This task is an important tool in quantum information
processing and quantum control which has been performed in actual experiments (see e.g.
[OPGJLRWO04; BAHL+10; YW10]). Given a quantum channel N : Cn*din —y Cout>dout
as a black box, a learner could choose the input state and send it through the unknown
quantum channel. Then, it can only extract classical information by performing a mea-
surement on the output state. It repeats this procedure at different steps. After collecting
a sufficient amount of classical data, the goal is to return a quantum channel A satisfying:

Vp € Clinxtin @ Chxtn - lid @ (N — N) ()|l < elplls (5.1)

with high probability. In this chapter, we investigate the optimal complexity of non-
adaptive strategies using incoherent strategies. These strategies can only use one copy of
the unknown channel at each step and must specify the input states and measurement
devices before starting the learning procedure.

Contribution The main contribution of this chapter is to show that the optimal
complexity of the quantum process tomography with non-adaptive incoherent strategies
is O(d3 d3 . /e®). First, we prove a general lower bound of Q(d? d3 /%) on the number
of incoherent measurements for every non-adaptive process learning algorithm. To do
so, we construct an )(e)-separated family of quantum channels close to the completely
depolarizing channel of cardinal M = exp(Q(d3,d?,.)) by choosing random Choi states
of a specific form. This family is used to encode a message from {1,..., M}. A process
tomography algorithm can be used to decode this message with the same error probability.
Hence, the encoder and decoder should share at least Q(d2 d2,,) nats of information. On
the other hand, we show that the correlation between the encoder and decoder can only
increase by at most O(e?/dindou;) nats after each measurement. Note that the naive
upper bound on this correlation is 0(52), we obtain an improvement by a factor di,dous
by exploiting the randomness in the construction of the quantum channel. This result

is stated in Theorem 5.3.1. Next, we show that the process tomography algorithm of

145
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[SSKKG22] can be generalized to approximate an unknown quantum channel to within
¢ in the diamond norm (5.1) using a number of incoherent measurements O(d? d3,, /<?)
(Theorem 5.4.2). For this, we relate the diamond norm between two quantum channels
and the operator norm between their corresponding Choi states which improves on the
usual inequality with the 1-norm: [|[M||s < din||Tmll1 (see e.g. [JP16]).

Related work The first works on process tomography including [CN97; PCZ97] follow
the strategy of learning the quantum states images of a complete set of basis states then
obtaining the quantum channel by an inversion. The problem of state tomography us-
ing incoherent measurements is fully understood even for adaptive strategies [HHJWY16;
GKKT20; LN22; CHLLS22]: the optimal complexity is ©(d*/e?). So, learning a quantum
channel can be done using O(d2 d3 ) measurements, but this complexity does not take
into account the accumulation of errors. The same drawback can be seen in the resource
analysis of different strategies by [MRLO08|. Another reductive approach is to use the
Choi-Jamiotkowski isomorphism [Cho75; Jam72] to reduce the process tomography to
state tomography with a higher dimension [Leu00; DP01]. However, this requires an an-
cilla and only implies a sub-optimal upper bound O((dindout)?/(e/din)?) = O(dD, d3 . /€?)
for learning in the diamond norm.

For low Kraus rank, [KKEG19] solve quantum process tomography using compressed
sensing-based methods. Moreover, [SSKKG22] propose an algorithm for estimating the
Choi state in the 2-norm that requires only O(d*/c?) ancilla-free incoherent measure-
ments (when di, = doyy = d). This chapter generalizes this result to the diamond norm
and general input/output dimensions and shows that this algorithm is optimal up to a
logarithmic factor.

A special case of quantum process tomography is learning Pauli channels. These channels
have weighted Pauli matrices as Kraus operators and can be learned in diamond norm
using O(d® /%) measurements [FW20] (here diy = dou = d). Furthermore, it is shown that
Q(d3/e?) are necessary for any non-adaptive strategy (Chapter 6). While the techniques
of the lower bound of this chapter are similar to the ones in Chapter 6, we obtain here a
larger lower bound because, in general, we are not restricted to weighted Pauli matrices
in the Kraus operators and these latter are implicitly chosen at random.

5.2 Preliminaries

We consider the problem of learning quantum channels of input dimension d;, and out-
put dimension d,,; in diamond distance. The diamond distance can be thought of as a
worst-case distance, while the average case distance is given by the Hilbert-Schmidt or
Schatten 2-norm between the corresponding Choi states. However, to have comparable
distances, we will normalize the 2-norm which is equivalent to unnormalizing the maxi-
mally entangled state and we define the 2-distance between two quantum channels NV and
M as follows:

do (N, M) = din | T — Tpall2 = [lid @ (N = M) (din [ W) (F]) [|2- (5.2)

This is a valid distance since the map J : N'— id@N (|¥)(¥]) is an isomorphism [Cho75;
Jam72].

The channel tomography problem consists of learning a quantum channel N in the dia-
mond distance. Given a precision parameter ¢ > 0, the goal is to construct a quantum
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channel A satisfying with at least a probability 2 /3:
do(N, N) < e. (5.3)

An algorithm A is 1/3-correct for this problem if it outputs a quantum channel e-close to
N with a probability of error at most 1/3. We choose to learn in the diamond distance
because it characterizes the minimal error probability to distinguish between two quan-
tum channels when auxiliary systems are allowed [Wat18].

The learner can only extract classical information from the unknown quantum channel
N by performing a measurement on the output state. Throughout this chapter, we only
consider unentangled or incoherent measurements. That is, the learner can only use d;,
(or dane X diy) input states and measure with a doy (01 dane X doyt )-dimensional measure-
ment devices. We refer to Section 1.4.3 for the definition of different settings of learning
quantum channels.

Note that ancilla-assisted strategies were proven to provide an exponential (in the number
of qubits n = log,(d)) advantage over ancilla-free strategies for some problems [CZSJ22;
CCHL22]. However, in this chapter, we show that ancilla-assisted strategies cannot
overcome ancilla-free strategies for process tomography. Finally, we only consider non-
adaptive strategies: the input states and measurement devices should be chosen before
starting the learning procedure and thus cannot depend on the observations.

5.3 Lower bound

In this section, we investigate the intrinsic limitations of learning quantum channels using
incoherent measurements. To avoid repetition, we consider only ancilla-assisted strate-
gies since they contain ancilla-free strategies as a special case: one can map every dj,-
dimensional input state p to the d x d;,-dimensional input state p = % ® p and every doyg-
dimensional POVM M = {M, },cx to the dx dyy-dimensional POVM M= {Ig@ M, }rex-
Mainly, we prove the following theorem:

Theorem 5.3.1. Let ¢ < 1/16 and doy > 8. Any non-adaptive ancilla-assisted algorithm
for process tomography in diamond distance requires

a3 .d3
N =0 <—m€2°m> (5.4)
incoherent measurements.

Proof. For the proof, we use the construction of the Choi state:

i
v wrvh- S mutUhe

jU - dindout dindout dindout dout

(5.5)

where U ~ Haar(dindoy). Ju is Hermitian and satisfies Tro(J) = % Moreover, Jy = 0
for e < 1/4. Indeed, U is a unitary so it has an operator norm 1 thus ||U + UT||, < 2.
Besides, || Tra(U+UT)® 7 loe = 7= Tr2(U+U1) [|oo < max; [T (@] (U+UNIRi) [lo0 < 2.
We claim that:

Lemma 5.3.1. We can construct an e/2-separated (according to the diamond distance)
Jamily {N,}zepn of cardinal M = exp(Q(d2d2,,)).

in ~out
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Proof. 1t is sufficient to show that for U,V ~ Haar(di,dous):
P (|| 7y — Jvii < e/2) < exp (—Q(dd2)) - (5.6)

because, once this concentration inequality holds, we can choose our family randomly,
and by the union bound, it will be e/2-separated with an overwhelming probability (1 —
exp (—Q(d2 d2,,))) using the inequality do(Ny,Nv) > ||Tv — Jv|li. First, let us lower
bound the expected value.

B (I~ Fvlh) 25— B (IU+ 0" =V = V1],) (5.7
~ T BT+ Ut -V - Vh e 1),). (5.8)

out

On one hand, we can upper bound the second expectation using the triangle and the
Cauchy-Schwarz inequalities:

E(|Tr2(U+U" =V =V @I|1) <4E(||Tr2(U) @ I||1) (5.9)
Aindowt E (|| Tro(U) @ I|2) < 4\/dmdout\/E r(Tro(U)Try(UT) @ 1)) (5.10)
dindout V dout\ E (Z Z <Z| ® <k:| U]I ® |k> <l| UT |Z> ® |l>) (511)

ikl
din dout d 5
oo inOk,l |
dindout dout\ E (z; Z din OUt> == 4dindout- (512)
i=1 k,l=1
On the other hand, we can lower bound the first expectation using Holder’s inequality.
(Tr(U+ Ut =V = V1)2))3
E(JU+U -V -VT 5.13
(H + H \/ TI‘ U + UT VvV — VT>4) ( )
4dlndout) 3
— > —d; ) )
28d1nd0ut QdmeUt (5 14)
Therefore:
€ t t 4e
E(|Jv - Jvih) = E(U+U" =V =V) = ——5E(|ToU @1|,) (5.15)
dlndout d dout
4
> § _ > ¢ for dous > 8. (5.16)
2 dout

Now, we claim that the function (U, V) — ||Ju — Jv |1 is ﬁ—hpsehitz. Indeed, we

have ||TI'2(X) ®H||1 S dindoutHTrQ(X) ® HHZ = \/dindoutHTr2<X)”2 S dindoutdoutHXHQ
where the last inequality can be found in [LZKO08|. Therefore, by letting X = U — U’ and
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Y =V — V’ and using the triangle inequality we obtain:

To = Ivilh = [[Tvr = Tv 1] (5.17)
2¢e I
< x4 17+ [T @ |+ ) @ (518)
dindout dout 1 dout 1
2 dindou € 2 V dindou dou €
< S (U = U flp + [V = Vo) + === (JU = Uflo + [V = V]l2)
dln dout dm dOUt
(5.19)
< \/%H(U, V) — (U, V)]s (Canchy-Schwarz)
(5.20)
so by the concentration inequality for Lipschitz functions of Haar measure [MM13]:
P(|Jy — Ivil <e/2) (5.21)
<P(Jv—Ivih —E([Jv — Ivli) < —¢/2) (5.22)
<exp [ dndows N _ 0 (Cam@a,) (5.23)
= P\ TU8 X 6422 Jdimdon P in%out/) ‘
]

Now we follow a standard strategy for proving lower bounds of learning problems
(see e.g., [FGLE12; HHJWY16]). We use this /2-separated family of quantum channels
{Nz}aep (corresponding to the Choi states {7, }zepn found in Lemma 5.3.1 and M =
exp(Q(d3 d2,))) to encode a uniformly random message X ~ Uniform([M]) by the map
X — Nx. Using a learning algorithm for process tomography with precision ¢/4 and an
error probability at most 1/3, a decoder Y can find X with the same error probability
because the family {N}.ein is €/2-separated. By Fano’s inequality, the encoder and

decoder should share at least Q2(log(M)) nats of information.
Lemma 5.3.2. [Fan61] We have

I(X :Y) >2/3log(M) —log(2) > Q(d2,d%,,). (5.24)
The remaining part of the proof is to upper bound this mutual information in terms of
the number of measurements N, the dimensions d;,, dyu:, and the precision parameter e.
Intuitively, the mutual information, after a few measurements, is very small and then it
increases when the number of measurements increases. To make this intuition formal, let
N be a number of measurements sufficient for process tomography and let (I1,...,Ix) be
the observations of the learning algorithm, we apply first the data processing inequality
to relate the mutual information between the encoder and the decoder with the mutual
information between the uniform random variable X and the observations (Iy, ..., Iy):

I(X:Y)<I(X: L, ..., Iy). (5.25)

Then we apply the chain rule for the mutual information:

I(X: I,... Iy) = iz(x LI ) (5.26)

t=1
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where we use the notation I«; = (I3, ..., ;) and Z(X : [;|I<;—1) is the conditional mutual
information between X and I; given I<;_;. A learning algorithm .4 would choose the input
states {pt}repv) and measurement devices { M, }1c(n] which can be chosen to have the form

= {uk |95 (| }iez, where pt > 0 and (¢f|¢l) = 1 for all ¢,4. Using Jensen’s inequality,
we can prove the following upper bound on the conditional mutual information:

Lemma 5.3.3. For x € [M], let M, = N, — D where D(p) = Tr(p)m is the completely
depolarizing channel. We have for allt € {1,...,N}:

< (0ilid © M. (pr) |5)
(0ilid ®@ D(pe) |¢7)

Proof. Let t € {1,...,N} and = € [M]. Let i = (iy,...,4:) € (Zy,...,Z;), we can express
the joint probability p of (X, I1,..., ;) as follows:

I(X : L)) < M > u(ellid@D(p) |¢)) ) (5.27)

1€y ,x€[M]

plx,iy, ... i H,ulk rid @ N (px) |95 (5.28)
We can remark that, for all 1 < k < t:
pla.izy) = ik (8410 ® No(or) |6 ) ple. i) (5.20)
— 5 {6k [id @ D(py) |05 ) (1 + @ (i) (5.30)
where ®F, = (ot oMot of ) because D + M, = N,. So, the ratio of conditional

(¢t [iaeDior)|ok, )
probabilities can be written as:

Pz, iglici—1) ~ p(xicy)plici—1)

- — = - - (5.31)
P(iU’th 1) (%‘Z<t 1) P(iU 1<t— 1)P(Z<t)
o M§t< “|1d®D Pt ‘¢ > 1+@§“t) ($,igt71)p(i§t71)

p(w,ici-1) D2, P(Y, i<t) (5:32)
o, (0L [id @ D(py) |0, (1+ L )plici1)

N >, Py i<i) (5:33)
_ pf, (oL | id @ D(py) |h,) (1 + DL, )pici—1) (5.34)
Z 1, <¢t ‘ id ® D(py) |¢§t> (1+! )y, i<i-1) '

_ (1+ @ aplici—1) _ (1+a,) (5.35)

>, + @ Ip(y,ic—1) D0, (L4 @y, )p(ylici—1)

Therefore by Jensen’s inequality:

I(X : L)1) = E <1og< ( P, ili<i-1) )) (5.36)

Tlicg—1)p(ielici—1)

(1+o.,,)
-F (k’g (zymyr@gtlx T >>> (537

<E <log 1+@,) Zp yli<i—1)log(1 + @}, Zt)) (5.38)

=E (log(1 + @ ,,)) Z]E (p(ylici—1) log(1 + @) . (5.39)
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The first term can be upper bounded using the inequality log(1 4+ z) < x verified for all
xr € (—1,00):

E (log(1 4 @ ,,)) = Eg vy log(l + L)) (5.40)

< E95 iNP(I)t it Ex ZNp<t(I)tac Jit (541)

- Ew APp<i—1 ZMZ} zt ld ® D pt ‘QS 1 + @i zf)(I)i n (542)

= $1Np<t 1 Zlu’zt ¢zt| 1d ® D pt ‘¢lt> mzt (543>
1

= MZZML (¢! |id @ D(p) |1, ) (B,,)2 (5.44)

=1 i

because Y-, pf, (¢!, |id @ D(py) |, ) @L;, = Tr(id @ My (pr)) = Tr(id ® Ny (py)) — Tr(id @
D(p:)) = Tr(p:) — Tr(p:) = 0 and we use the condition that the algorithm is non-adaptive
in the last line.

On the other hand, the second term can be upper bounded using the inequality — log(1+
z) < —x + z? verified for all z € (—1/2,00). Let A, = pf, (¢!, |id ® D(p;) |, ), we have :

E (— Zp(yﬁgt—l) log(1 + @}, zt)) (5.45)

=Y By ipp(yli<i-1)(—log)(1 + @} ;) (5.46)
v

= Bainpe p(yli<1)(—log)(1 + @) (5.47)
v

< ZEm;)Qp( lice1) (=P, + (Py5,)%) (5.48)

< ZEWM P(ylicia Z)\ (2®% )2 +2(! ;)% (5.49)

—4ZEWM DPYlice fo (@) (5.50)

= 4B, iy, IZMH <¢H\1d®7> pe) |@7,) (2;,) (5.51)

= 4B, ;p., 12% (@) (5.52)

S S (6 [ D) o) (8, (55

=1 14

where we use the condition that the algorithm is non-adaptive in the last line. Since
the conditional mutual information is upper bounded by the sum of these two terms, the
upper bound on the conditional mutual information follows. O

It remains to approximate every mean ﬁ Ziil by the expectation Ey.
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Lemma 5.3.4. We have with at least a probability 9/10:

fid @ My (ps) |
—Zuz (¢ id ® D(py) |#%) ( ¢¢t|1d®® D(itp))|£>) (5.54)

tyi,x

(¢t]id ® My(py) |9})
(0ilid @ D(pr) |5)

log(10)

2
< 3wt {ot]id e D) oty ( ) 10ne (5.55)

Proof. Denote by fL the function |¢) % We claim that the functions f:

are bounded. Indeed, we can write p, = > . A; [¢;) (1| and every [¢;) can be written as
|i) = A; @ I|W) so for a unit vector |¢), we have:

(¢lid ® Ma(po) [¢)°

1o = e Do) o? o2
a2 (T M D (U - TnW) @ 7) (4l o1 |6) -
- (813 MAAl © 1) |

2 (9] o h(As @ (A @ 1) |6)?) V) ® 2
< : ~ 2 (5.58)
(9] 22 MiAA; @ Te)
<162 @ S A e DAl oD |9)? (5.59)

- (8] S, MAAT @ 1)

where we used that ||U;|lec = 1 and || Tr2(U,) |l < dout for a unitary U,. But we have
22 i (951 @ D(pe) [67) = Tr(id @ D(py)) = 1 so for all z € [M]:

i (9iid ® M, (pt)|¢>) 2
Zuz@ﬁ id ® D(p) |¢>( a6 Do) 60 < 16Ne?. (5.60)

Therefore, by Hoeffding’s inequality [Hoe63] and the union bound, we have with a prob-
ability at least 9/10:

¢ t id @ My (pe) |0t
—Zm(qﬁ lid @ D(pr |¢>( ¢¢|’f|1d®®l)(;()f))|<!§(§>>) (5.61)

. ¢
< Zﬂf <¢f| id©D(p,) WD Ey <<¢7,‘ id @ My (p:) |9%)

log(10)
(0ilid @ D(pr) |¢7) '

2
) + 16Ne? (5.62)
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These two Lemmas 5.3.3, 5.3.4 imply:
N

I(X:Iy,... . Iy)=> I(X : L|Igy)

t=1

t o [ (@id ® M, (pt)!¢t>)
1d t
25" it {6t id @ D(p) I¢>E( o & Do) [0

t (¢t id @ My (py) |¢t>)
< 52/% <¢> 1d®D (e |¢ >E ( (¢fid @ D(p:) |#)

(¢']id @ My (py) |L) log(10)
< 5NSBZp]E <( i o Do) 0] ) ) + 80N&? i (5.63)

where we used that fact that for all t € [N]: Y. pl (¢t]id @ D(py) |¢}) = Tr(id ® D(py)) =
Tr(p;) = 1. The error probability 1/10 of this approximation can be absorbed in the
construction above by asking the unitaries {U, },cp not only to satisfy the separability
condition, but also to satisfy the inequalities in Lemma 5.3.4:

. fid @ My (ps) |t
—Zm(aﬁ lid @ D(ps |¢>( ¢¢t|1d®®p(£f))|g|§>>) (5.64)

xtz

tyi,x

(¢t]id © My(py) )
(¢ilid @ D(pr) |47)

Now fix ¢ € [N],i, € Z, and |¢) = |¢!,). Recall that we can write p, = -, \; [¢3) (¥,
the maximally entangled state is denoted |¥) = WZ
written as |¢;) = A; ® [|) so:

id ® D(p,) Z/\ (id @ D)(4; @ T|W)(¥| Al @ T)

log(10)

2
) + 16N¢e? (5.65)

< 3wt (] id @ D(pi) |6!) By (

it) and every |i¢;) can be

= Z)\ ;@ D)id @ D(|¥)(T]) (Al @ T)

=Y N4 ®T (Al ®T)
- in%out
S NAAT T
B din @ dout . (566)
On the other hand, using the notation V = U — Try(U) ® L we can write:
id ® M(p;) ZMd@M(A ®]I|\If)(\IJ|AT®I[) (5.67)
=> NAieDide (W - D)(|U)(I|)(Al 1) (5.68)
I f
=Y NAD) Ty - (Al ®T) (5.69)
p dindout
I
= A @1 f_T f Al @I .
dmdoutg)z i ® <U+U (U + UT) ® Out) T®1) (5.70)
__°c A, t , teAT
=T Y [(AZ DV(A 1) + (4 o VAl ® 11)] . (5.71)
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By Equation (5.63), we need to control the expectation Ey (¢|id @ My(p,)|¢)?. First,
we replace id ® M (p;) with the latter expression, then we apply the inequality (z +y)? <
22% + 2y? to separate the terms involving U and the terms involving Try(U). The first
term can be computed and bounded as follows.

2

%E ‘<¢| (Z Ai(A; @ U (A] ®1[)> |6)

in“out

4e? i\ 2
= T (4l @1 4;01)|

d?ndgut ij dindout ' ! © ‘¢> <¢| J ®©

(CS)  4e? A\
< = L (¢| AAT @ 119) (6] A;AT @ T|6)

dindout ij dindout

2

4e? :

= BL. (9 ZAiA,-AZ- QI|p) | . (5.72)
Let’s move to the second term which involves the partial trace. Let M;; = (A;r ®

D) 1) (o] (4; @ T).

2
42 I
T 22 E ‘<¢| D A4 (Trg(U) ® — t) (Al @1T) o) (5.73)
in“’out i ou
4 t f
= B4 Z AN E (Tl"[ (Tro(U) @ I) My ; (Tr2(UT) @ 1) M”)D (5.74)
in“out i
42 din dout T
=5 D AN D Y B (k| Ulyk) (0| UT[t)) Tr[ (|y) (x| @ IM; |t) (2] ®]1Mij”
in“’out i zy,zt=1 k=1
(5.75)
4e2 din dout T
= AN Y > T (1) (el @ 1M fa) (o] @ 1)) | (5.76)
in out i e=ty=z2=1 k=l=1
42 din
= = 2 O T (Iy) (o] © M) (v @ 1) |. (5.77)
inYout i z,y=1

To control the latter expression, we write |¢) = B' @ I|¥) so that M;; = (Al ®
1) o) (o] (A; @ T) = (AIBt @ T) |)(W| (BA; ® ). Using the property of the maximally
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entangled state (U] M @ I|¥) = -=Tr(M) we obtain:

din

S Tr[ (yy> (] ® My ) (y] ®11MZ.§.) (5.78)
= 30 T (I (el © WAL @ 1) [9)(] (BA, © 1)) o] © (AL @ 1) [0} (9] (B4, © 1)

(5.79)

Z (U|(BA; @ 1) [z) (y| @ I(AIBT @ I) |W) (¥| (BA; @ )T |y) (x| @ (Al BT @ T) | W)

(5.80)
1 din
= > Tu(BA; |2) (y| AIBN)T(BA; [y) (2] ALB") (5.81)
in z,y=1
1 din 1
= = > WIAIB'BA; |r) (o] AIB'BA; ly) = —Tr (AIB'BA,AIB'BA,) (5.82)
m g y=1 in

On the other hand, we can write

¢yZAAAT®H\¢ @\ZABAATBT@@}I;\I/) dl (ZAAUBBA) (5.83)

m

Note that the matrix ), N AIBYBA; is positive semi-definite so:

2
1 1 .
>N T (AlB'BA;AIB BA,) = 5 Tr (Z )\iAZ.BTBAi>
i in i

L t ot
™ (ZAABBA)

2

= (] > NAAl @1]0)*. (5.84)

)

Hence

4e?

I
B (‘(Qb Z)\i(Ai ®1) (TI”Q(U) ® y

in“out out

d3d4 ZM ZTr[<|y (2| ®1T U|x><yy®]Iij>]

in-“out i, xyl

y£®mm

d3 — Z)\ Mg 1 (4lB'BA;AlB'BA)

in“out i

= d?’ d4 ¢|Z/\AAT®]I|¢> (5.85)

Using the equality (5.66) and the two inequalities (5.72) and (5.85), we deduce:

. CMM®MMMM»2<¢m3«WZAAM®N@)_ s
(¢]id @ D(p;) |#) T |ZAAAZ®

|¢>2 B dindout . (586)

dout



156 CHAPTER 5. QUANTUM PROCESS TOMOGRAPHY

Therefore using the inequality (5.63):

N
I(X I, Iy) =Y I(X : L|Igy) (5.87)
t=1
2
tid @ M ¢ log(1
< 5NsupE < “Jl,@) U(p’*)}?) + sonez [ 1oe10) (5.88)
23 <¢’Lt‘ id® D<pt) |¢’Lt> M
g2 log(10) g2
< 40N Ne*\ | =2 <O|(N :
o O inYout + 80 c M N O ( dinOUt) (5 89)

because M = exp(Q(d?,d?,,)). But from the data processing inequality and Lemma 5.3.2,

in~"out

I(X: L,....,In) >I(X : V) > Q(d} d?,,), we deduce that:
@ (N _82 t) >T(X : Ih,..., Iy) > Q(Bd2,,). (5.90)
Finally, the lower bound follows:
Voo (ft) s

O

To assess this lower bound, it is necessary to design an algorithm for quantum process
tomography. This will be the object of the following section.

5.4 Upper bound

In this section, we propose an upper bound on the complexity of the quantum process
tomography problem. We generalize the algorithm proposed by [SSKKG22] which is
ancilla-free.

Theorem 5.4.1. [SSKKG22] There is an ancilla-free process tomography algorithm that
learns a quantum channel (of di, = dow = d) in the distance dy using only a number of

measurements:
d%log(d
N=0 (L()) . (5.92)

c2

This algorithm proceeds by providing an unbiased estimator for the Choi state Jy,
then projecting this matrix to the space of Choi states (PSD and partial trace I/d)
and finally by invoking the Choi-Jamiotkowski isomorphism we obtain an approximation
of the channel. This reduction from learning the Choi state in the operator norm to
learning the quantum channel in the dy distance uses mainly the inequality do(N, M) =
d|Inv — Tmllz < @ Inv — Tmllee When di, = doye = d. We generalize this result to
the diamond norm and any input/output dimensions. For this we show the following
inequality:

Lemma 5.4.1. Let N7 and Ny be two quantum channels. We have:

do(N17N2) S dindout“j./\/’l - 1.7/\/2”00 (593)
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This inequality can also be obtained by applying the inequality (3) of [NPPZlS] and
the triangle inequality. We provide a simpler proof for completeness.

Proof. Denote by M = Nj — N,. Let |¢) be a maximizing unit vector of the diamond
norm, i.e., |[id @ M(|¢)(9])]|1 = do(N1,N2). We can write |¢) = A @ I|¥) where |¥) =
= S % i) is the maximally entangled state. |¢) has norm 1 so - Tr(ATA) = (U] ATA®
I|U) = (¢|¢) = 1. On the other hand we can write

do(N1, N2) = [|id ® M([¢)(¢])[x (5.94)
=T MARI,, ¥V AT®1,; )| (5.95)
= (A @ T4,,)id @ M(W)(P[) (AT @ T4, (5.96)
= [I(A © L ) I (AT © 14, ) |1 (5.97)

Jm is Hermitian so it can be written as : Ty = >, Ai |¢4)(¢s]. Using the triangle
inequality, we obtain:

(A & T, ) T (AT @ T, )1 (5.98)
= ||(A @ Law) 3N [ (W] (AT @ T,,.) (5.99)
< DNl (A® T, ) 1) (il (AT @ Hdom)Hll (5.100)
< H;ax Al D2 (A @ L) [9) (W] (AT @ L)l (5.101)
= |7 [l ZZTr«A @ Tae) [93) (Wil (AT ® T,,.)) (5.102)
= HJHOOT;(AAf ® Lgpye) = dinout|| T [l (5.103)

]

This Lemma shows that the diamond and 2 distances satisfy the same inequality with
respect to the infinity norm between the Choi states when d;,, = do = d. Since the
algorithm of [SSKKG22] approximates first the Choi state in the infinity norm, we obtain
the same upper bound for the diamond distance. For general dimensions, we obtain the
following complexity:

Theorem 5.4.2. There is a non-adaptive ancilla-free process tomography algorithm that
learns a quantum channel in the distance d, using only a number of measurements:

&3 @3 Nog(dndon
N=0 ( in Cout OgZ( t)> . (5.104)
£

This complexity was expected for process tomography with incoherent measure-
ments since the complexity of state tomography with incoherent measurements is © (‘:—;)

[HHIJWY16] and learning (diy, doys )-dimensional channels can be thought of as learning
states of dimension di, X doy. We believe that the log(di,doy:)-factor can be removed
from the upper bound in Theorem 5.4.2 using the techniques of [GKKT20]. The algo-
rithm is formally described in Algorithm 9 and is similar to the one in [SSKKG22]. By
Theorem 5.3.1, Algorithm 9 is almost optimal.

Its analysis is also similar to the one in [SSKKG22].
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Algorithm 9 Learning a quantum channel in the diamond distance using ancilla-free
independent measurements.

N = O(d} &3, log(dindous)/€?).
fort=1:N do
Sample two independent copies of Haar distributed unitaries V' ~ Haar(d;,) and
U ~ Haar(doy) -
Let |v) = V' |0) be a Haar distributed vector.

Take the input states p; = |[v){v] and oy = dL, the output states are respectively

N(|v){v|) and N <%>
Perform a measurement on A (|v)(v]) and N< ) using the POVM My =

ln

{Ui)(i] U'}iejaun) and observe ;. ~ pyy = {{i{ UN(|v){v|)U |4) }iela,.) and
je ~ qu = {{{{ UV (3) U 1) Yicidou-
Define J; = (din + 1) ]U><U|T ® ((dows + 1)U ig) (i) UT) = 1) = T @ ((dous +
V(U 15 (el UT) = 1)

end for

Define the estimator J = ~ Zi\il T

Find a valid Choi state Ju such that [Ty — J e < A —

return the quantum channel M corresponding to the Choi state Ju.

Correctness Let us prove that Algorithm 9 is 1/3-correct. First we show that J =
% Zf;l J; is an unbiased estimator of Jys. For this, we prove the following lemma relating
the Choi state to the average of the tensor product of a random rank-1 projector and its
image by the quantum channel.

Lemma 5.4.2. Let |¢) be a Haar-distributed random vector. We have the following
equality:

T = (dn + DE (6" oA o)) -1 N (). (6.109)

Proof. We use the Kraus decomposition of the quantum channel N'(p) = 37, AppAl.. We
start by writing the following expectation:

E (0) (@l @ N(|é)(@])) ZE(|¢ (8] © Ay |8)(0] A]) (5.106)
= ZH ® AE (|6)(0] © |6) (o)) T @ Al (5.107)

Let F' be the flip operator F' = Z” 1 lig) (gil, if we take the transpose on the fist tensor
we obtain the unnormalized maximally entangled state:

FTI—Z\ T @) r—Zu il @ 1) (il = du[0)(U]  (5.108)

i,j=1 i,j=1
where [U)(U| = - Z” i) (Gj| = ii—y [1) (J] @ i) (4 is the maximally entangled
state. It is known that there is const s a and [ such that:

E (|¢)(¢] @ [¢)(¢]) = ol + BF. (5.109)
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Taking the trace we have the first relation 1 = ad? + 3d;,, then taking the trace after mul-
tiplying with F' we obtain the second relation Tr(|¢)(¢| @ |¢)(p| F)) = Tr(|p)(o||o){(¢]) =

1 = ady, + Bd?,. These relations imply a = 8 = m. Hence:
I+ F
E = 11
()00l @ 1) (e = 32 (5.110)
Replacing this expectation on the first expectation yields:
E (lo)ol " 2 N(6)(6])) = ZE (1) ®© Axl6) (] AL) (5.111)
= 1T® AE (\¢>< "® !¢><¢\)H®AL (5.112)
k
1 1
= N IQAA + ———— > I® A (din | TN (T @ Al 11
din(din + 1) ; ® Kk + din(din + 1) ; ® k(dm‘ >< ’) ® k (5 3)
1 1
=—1 I I ) (W 114
1
R ) 11
m

Then we compute another expectation:
Lemma 5.4.3. Let U ~ Haar(d) and x ~ py, := {{i| UTpU i) }ie(a, we have
E ((d+ 1)U |z){z| U = T) = p (5.116)

Proof. Since the equality is linear in p we can without loss of generality restrict ourselves
to a pure state p = [p)(¢]. Now x ~ {(i|UT|¢}(¢| U i) }iclq hence for k.1 € [d], by
Weingarten calculus:

Ev,ompe, (K| U 2){z| UT|1)) (5.117)
—EU< @l U 16) (01U Jo) <k|U|x><x|U*|Z>> (5.118)
:EU< (@l Ut |6) (61U la) (x| UT 1) <k|U\x>) (5.119)
S
= ; TaTT) O+ (G0 (kIe) (5.120)
= g (T 0l ) (5.121)
Therefore
E ((d+ 1)U o) (| UT ~ 1) = [6)(¢] = . (5.122)
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Using Lemmas 5.4.2 and 5.4.3 we deduce:

E (j) — E(7) (5.123)
= Evu,. [(din +1) |U><U|—r ® ((dows + 1)(U |ig) (44 UT) — ]I)} (5.124)
— Evuing, [I® (dowe + 1)(U [je) (| UT) = T)] (5.125)
= By [(din + 1) [0)(v] " & By, ((dowe + DU i) (i UT) = T)] (5.126)
— [1® By, (dows + DU 132 Gel UT) = 1) (5.127)
T I
=By ((din + 1) |o)v| @ N(Jo){v])) —TQN (d—m)) = Jv. (5.128)

So the estimator J = * Ei\f: | J; is unbiased. It remains to show a concentration inequal-

ity for the random variable j so that we can estimate how much steps we need in order
to achieve the precision and confidence we aim to. For this, we use the matrix Bernstein
inequality [Trol2]:

Theorem 5.4.3. [Tro12] Consider a sequence of n independent Hermitian random ma-
trices Ay, ..., A, € C™*?  Assume that each A; satisfies

E(A;)=0 and [Ailloc <R as. (5.129)

Let 0* = || Y20 E(A?) ||oo. Then for any t > %:

- 3t
P A; — E (A >t] <d —— . 1
(Z( i~ E(A) _)_ exp< SR) (5.130)
Moreover for any t < "—RQ:
P i(A —E(A))| >t| <dexp —3—t2 . (5.131)
i=1 Z Z ) 8o

Let J = Jv = E(J;). We apply this theorem to the estimator JT—-J = % Zi\il(jt —
J). Recall that

Ji = (din + 1) [0)(0]" @ (dous + V(U [ie) (it UT) = 1) = L& ((dow + 1)(U L) (Gl UT) = 1).

(5.132)
Let A; = 227 we have proven that E (4;) = +E(J;, — J) = 0. Moreover
1 1 8dindout
— _ < — < = It. .
Al = 3155 = Tl < (1Tl + 1T o) < 20t . g (5.133)
Besides
- 1 1 1
2= SE@)| =y B - =y @) e (). G130

t=1 .
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Using the identity (a|¢) (4] —I)* = (a® — 2a) |¢)(¢| + I, we have:

E ([1® ((dow + DU )il U ~ D)) 5.135

(5.135)
=E (I ((dgy — V(U 50) (5:| UT) + 1)) (5.136)
= E ((I® ((d5y — (U 156) (el UT = T/ (dous + 1)) + dous L)) (5.137)
= (dowt = DI N (I/din)) + doue T® T (5.138)

has an operator norm at most O(dyy) so we can focus on the first term in the definition
of J; which has the main contribution. We have using again the identity (a |¢)(¢| — I)* =

(a? = 2a) |p)(¢| + I:

E[(din + 1) [0) (0] @ ((dows + 1)(U [ig) (ir| UT) = T)]? (5.139)
= (diw + 1)°E (yv><v|T ® (ot + 1)(U |ie) (i UT) — n)?) (5.140)
= (dn + 1B (Ju)o]” @ (2, = DU i) (i UT) + 1) (5.141)

=8

= (dows — 1)(din + 1)(T + IR N (I/din)) + <%ﬂ+1>2> I (5.142)

which has an operator norm O(diydoyt). Therefore

1 1 dind,
2 2 - inYout
o —NH]E(jl)Hoﬁ@(N) —G(T). (5.143)
Since we have "—}; > Q1) we can use the matrix-Bernstein inequality in the regime ¢ =
2din6dout S 0(1)

al 5 3e?
P A —E(A > < dindoy —_——— 5.144
( tzl( ! ( t)) o Qdindout> o teXp( 8di2ndc2)ut02) ( )

N 2
< ddoug oxp (— SNE (5.145)

dindout

where C' > 0 is a universal constant. Hence if N = d3 d3  log(3dindon)/(Ce?) =

in ~out

O (d3 &3, log(dindout)/€?) then with a probability at least 2/3 we have
al £
T — Jnlloe = A —E(A < . 14
I = il = |0 B < 5t (5.146)

This implies that | Ty — JIvllee < 7=5— and finally |M — N, < e by Lemma 5.4.1.

dout

This finishes the proof of the correctness of Algorithm 9.

5.5 Conclusion and open questions

In this chapter, we find the optimal complexity of quantum process tomography using non-
adaptive incoherent measurements. Furthermore, we show that ancilla-assisted strategies
cannot outperform their ancilla-free counterparts contrary to Pauli channel tomography
[CZSJ22]. Still, many questions remain open. First, it is known that adaptive strategies
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have the same complexity as non-adaptive ones for state tomography [CHLLS22], could
adaptive strategies overcome non-adaptive ones for quantum process tomography? Sec-
ondly, can entangled strategies exploit the symmetry and show a polynomial (in dj,, dou)
speedup as they do for state tomography [HHJWY16]? Lastly, what would be the poten-
tial improvements for simpler problems such as learning the expectations of some given

input states and observables?



Chapter 6

Lower bounds on learning Pauli
channels

6.1 Introduction

In spite of their impressive progress over the last few years [AABB+19; ZWDC+20;
SSWE+21; EWLK+21], the scaling and effective employment of quantum technologies
still face many challenges. One of the most significant ones is how to tame the noise
affecting such devices. For that, more effective tools are required to characterize and
learn noisy quantum channels [ EHWRMPCK20]. As the number of parameters required to
describe a quantum channel scales exponentially in the size of the device, it is challenging
to learn the noise beyond a few qubits.

A class of quantum channels that deserves particular attention is that of Pauli chan-
nels [Wat18, Sec. 4.1.2]. The reasons for that are manifold. First, Pauli channels provide
a simple and effective model of incoherent noise, admitting a representation in terms of
a probability distribution corresponding to different Pauli errors and inheriting the rich
structure of the Pauli matrices. Second, they are a physically relevant noise model and the
noise affecting a device can always be mapped into a Pauli channel by using randomized
compiling [WE16] techniques without incurring a loss in fidelity. These properties make
the problem of Pauli tomography, i.e. learning a Pauli channel, particularly relevant.
Finally, Pauli channel tomography is also known to be a problem for which quantum
resources provide an advantage [CZSJ22].

Furthermore, reliable protocols to learn quantum channels face the additional hurdle
that there might be errors both in the initial state preparation and measurements (SPAM
errors). Thus, it is desirable to design protocols that are robust to such errors. And, of
course, practical protocols should not rely on the preparation of complex states or mea-
surements. A popular and widely used protocol to learn Pauli channels that fulfills these
desiderata is that of randomized benchmarking and its variations [FW20; MGE12; FH18;
HROWE22; HXVW19]. Finally, Pauli noise model reflects experiments that are actually
done in practice (see e.g., [HFW20] which includes an experimental implementation). It
is thus natural to ask to what extent it is optimal or whether we could hope for better
protocols to learn Pauli noise.

Contributions We provide lower bounds on the number of measurements or channel
uses for learning a Pauli quantum channel in diamond norm using incoherent measure-
ments and no auxiliary systems in both non-adaptive and adaptive settings (see Table 6.1

163
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for a summary). Let d = 2" the dimension of the input and output of the unknown Pauli
channel on n qubits and € > 0 the precision parameter.

e Non-adaptive setting: We show that any non-adaptive learning algorithm of a
Pauli channel should, at the worst case, use at least Q(d®/e?) measurements or a
total number Q(d*/£%) of channel uses. In particular, this shows that the randomized
benchmarking algorithm of [FW20, Result 1] is almost optimal since the channels
we consider in our construction have a spectral gap A > 1 — 4e and thus the total
number of channel uses is at most twice the number of measurements. This result
is stated in Theorem 6.4.1. For the proof, we construct an e-separated family of
Pauli channels close to the maximally depolarizing channel and use it to encode a
message from [eQ(dz)]. A learning algorithm can be used to decode this message with
the same success probability. Hence, the encoder and decoder should share at least
Q(d?) nats of information. On the other hand, after each step, we show that the
correlation between the encoder and decoder can only increase by at most O(g?/d)
nats if the channel is used at most 2 times. Moreover, if the channel is used m > 3
times, we show in this case that the correlation between the encoder and decoder
can only increase by at most O(me®/d?) nats. Note that the naive upper bound
on this correlation is O(g?), we obtain an improvement by a factor d or d*/m by
exploiting the randomness in the construction of the Pauli channel.

e Adaptive setting: We show that in general, any learning algorithm of a Pauli
channel should use at least (d*/e?) measurements no matter how many times
the channel is applied and intertwined with other unital operations before each
measurement. For the proof, we can use the same construction to encode a message
in [eﬂ(dz)]. In order to decode this message with high probability, a learner needs to
share at least Q(d?) nats of information with the uniform encoder. Then, we need to
show that, for a Pauli channel close to the maximally depolarizing channel, at each
step, reapplying the channel m > 1 times even intertwined with unital operations
can only add a noise and does not help to extract useful information: the amount
of correlation between the encoder and decoder increases by at most O(£*™) nats.
This result is stated in Theorem 6.3.1. Furthermore, if the (adaptive) algorithm
could only apply the Pauli channel once per step, it should use at least Q(d*®/e?)
measurements if € < 1/(20d). This result is stated in Theorem 6.5.1. The strategy
of the proof is the same as in the non-adaptive case. When the learner can adapt its
choices of input and measurement device depending on the previous observations,
we expect that its correlations with the uniform encoder will increase by more than
O(e%/d) nats per step. Besides the naive upper bound of O(&?) on this correlation,
we show that if the learner uses the channel once per step, it can only increase its
correlation with the encoder by at most O(ke?/d?) nats at step k. For this, we
change the previous construction and use normalized Gaussian random variables
in the Pauli channel’s coefficients. The Gaussian variables allow us to break the
dependency between the probability of measurements at different steps by applying
Gaussian integration by parts on an upper bound of the mutual information.

Related work Learning Pauli channels has been considered in different settings.
[FW20] provides an algorithm for learning Pauli channels in ¢,-norm using O(d/e*) mea-
surements. This implies an upper bound of O(d?/&?) for learning Pauli channel in ¢;-norm.
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\ Model \ Lower bound \ Upper bound \
Non-adaptive, ¢;-distance s mt]\i zgigc/li/ﬁ ;?)T(;Tm. . N :[F(\?\;;l;]/ e?)
Non-adaptive, /,-distance N [:Fg(;l{ e%) N TFggll]/ e?)

Adaptive, ¢;-distance N = Q(d?/e%) [Thm. 6.3.1] N _[F(\l)i\;g(g)]/g)
e I T

Table 6.1: Lower and upper bounds for Pauli channel tomography using incoherent mea-
surements. N is the total number of steps or measurements. At each step ¢ € [N], my
denotes the total number of channel uses between the (¢t — 1) and ¢*" measurements.

For completeness, we reproduce this argument in Section 6.7. In this chapter, we address
an open question posed in [FW20] about a lower bound for learning Pauli channels. In
particular we show that the algorithm of [FW20] is optimal up to logarithmic factors.
Moreover, learning a Pauli channel in £, -norm was shown to be solved with ©(1/¢?)
measurements in [FO21] and this is optimal up to logarithmic factors. The previous set-
tings did not allow for ancillas. The work of [CZSJ22] shows an exponential separation
between allowing and not allowing ancilla for estimating the Pauli eigenvalues in ¢,.-norm.
Using the Parseval-Plancherel identity, their upper bound can be translated to learning in
y-norm with an n-qubit ancilla assisted algorithm using O(d?/e®) measurements. How-
ever, our lower bounds do not apply in this setting since we only consider ancilla-free
strategies. We also note that [CZSJ22] shows a lower bound of Q(d3 /e2) measurements
to learn the eigenvalues of P in the adaptive setting up to € in f,-norm and Q(d/e?)
in the non-adaptive setting. However, this is a different figure of merit than the one
we consider. Other noteworthy protocols to learn quantum channels include gate set to-
mography [BKGNMSM13] and techniques based on compressed sensing [RKKLGEK18].
Although they apply to more general classes of channels, they do not offer quantitative
or qualitative advantages over randomized benchmarking in the setting of Pauli channels.
We refer the readers to the survey [MW13] for results on testing quantum channels and
to [SSKKG22] and Chapter 5 for quantum channel learning in the non-adaptive setting.
It is shown that ©(dS/e2) copies are necessary and sufficient to learn a (d, d)-dimensional
quantum channel in the diamond norm. However, if we add the Pauli structure to the
channel, our lower bound along with the upper bound of [FW20] show that the optimal
copy complexity becomes only ©(d?/e?). On the other hand, the question of optimal
quantum channel tomography remains open in the adaptive setting.

6.2 Preliminaries

Let d = 2" be the dimension of an n-qubit system. Recall that a quantum channel is a
map N : C>¢ — C of the form N(p) = 3, AxpAL where the Kraus operators { Ay},
satisfy S, Al A, = I. If the quantum channel A satisfies further AV(I) = I, it is called
unital. Pauli channels are special quantum channels whose Kraus operators are weighted
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Pauli operators. Formally, a Pauli quantum channel P can be written as follows:

Pp)= >, p(P)PpP (6.1)

Pe{l,X,)Y,Z}®n

. . 10 01 0 —i 1 0
where the Pauli matrices I = (0 1), X = (1 0), Y = (z O) and Z = <O _1)

and {p(P)}peqr x,v,z1en is a probability distribution. Let P, = {I, X,Y, Z}®" be the set
of Pauli operators. The elements of IP,, either commute or anti commute. Let P and () be
two Pauli operators, we have PQ = (—1)7"?QP where P.Q = 0if [P,Q] =0 and P.Q =1
otherwise.

We consider the Pauli channel tomography problem which consists of learning a Pauli
channel in the diamond norm. Given a precision parameter € > 0, the goal is to construct
a Pauli channel P satisfying with at least a probability 2/3:

PPl <e. (6.2)

An algorithm A is 1/3-correct for this problem if it outputs a Pauli channel e-close to P
with a probability of error at most 1/3. We choose to learn in the diamond norm because
it characterizes the minimal error probability to distinguish between two quantum chan-
nels when auxiliary systems are allowed [Wat18]. Since the diamond norm between two
Pauli channels is exactly twice the T'V-distance between their corresponding probability
distributions [MGE12], approximating the Pauli channel P in diamond norm is equivalent
to approximating the probability distribution p in TV-distance.

The learner can only extract classical information from the unknown Pauli channel
P by performing a measurement on the output state. Throughout the chapter, we only
consider unentangled or incoherent measurements. That is, the learner can only measure
with an n-qubit measurement device and auxilliary qubits or measuring multiple copies
at once is not allowed. This restriction is natural for the problem at hand, given that
performing measurements on multiple copies requires a quantum memory. We refer to
Section 1.4.3 for the definitions of different settings for learning channels.

For an integer ¢t > 1, we say that the learner is at step t if it has already performed ¢t —1
measurements. With this definition, the total number of steps is exactly the total number
of measurements. However, depending on the setting, the total number of channel uses
could be different than the total number of steps. The goal of the chapter is to show lower
bounds on the total number of steps as well as the total number of the channel uses.

A simple example we can propose to see the effect of reusing the channel is the following
test: Ho:P(p) =p vs Hy : P(p) = (1 —&)p +eTr(p)5. We can choose as input the rank
one state p = |0)(0|. Under the null hypothesis Hy, the channel does not affect the state
|0)(0|. On the other hand, under Hj, if we apply the channel P a number m € IN* times
the resulting quantum state is P (p) = (1 — &)™ [0)(0] + (1 — (1 — &)™) 1. Hence, if
we measure with the POVM M = {]|0)(0],I — |0)(0|} of outcomes 0 and 1 respectively,
under Hy we will always see 0 while under H;, we will see 0 with probability roughly
(1 — ¢)™. Therefore, we can achieve a confidence § with only one measurement but the
channel is reused log(1/d)/e-times. However, if we do not allow reusing the channel, then

the number of measurements needed is approximately log(1/4d)/e.
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6.3 A general lower bound on the number of steps
required for Pauli channel tomography

In this section, we consider the problem of learning a Pauli quantum channel using inco-
herent measurements. Unlike the usual state tomography problem for which at each step
the learner can only choose the measurement device, for quantum channels, the learner
has additional choices. First, in every setting, the learner can choose the input quantum
state at each step. This choice can be done in an adaptive fashion: the input quantum
state at a given step can be chosen depending on the previous observations (and of course
the previous input states and POVMs). Second, the learner has the ability to reuse the
Pauli quantum channel as much as it wants before performing the measurement. This is
specific to quantum process tomography too since for state tomography using incoherent
measurements, once a measurement is performed, the post-measurement quantum state
is usually useless. Finally, the learner can intertwine arbitrary unital quantum channels
and the unknown Pauli quantum channel before measuring the output of this (possibly
long) sequence of quantum channels. We propose a lower bound on the number of steps
required for the Pauli channel tomography problem in this general setting.

Recall that Pauli channel tomography problem is equivalent to learning the probability
p in the TV-distance. Mainly, the learner would like to construct a probability distribution
p on the set of Pauli operators P, satisfying with at least a probability 2/3:

TV(p,p) <e (6.3)

with as few steps as possible.

Let N be a sufficient number of steps to learn P as defined in Equation (6.1). At
step t € [N], the learner has the ability to choose an input quantum state p;, the number
my; > 1 of uses of the quantum channel P, the unital quantum channels applied in between
M, ..., Nim,—1 and the POVM M, for measuring the output quantum state p;"**":

p;)utput — P ont_l oPo.--0oP oM e} P(Pt) . (64)
mtXmes

All these elements can be chosen adaptively: the choice of my, ps, N1, ..., Npp,—1 and M,

can depend on the previous observations Iy,...,[;_; (see Figure 6.1 for an illustration).
However, to not overload the expressions we do not add the subscript Iy,...,I;_1 on
mi, pi, N1, ..., N1 or M. By Born’s rule, performing a measurement on the output

quantum state p;"**"" using the POVM M, = {M!},c7 is equivalent to sampling from the
probability distribution

z ~ {Te(p)" " M) Yiez. (6.5)

Note that unital operations cannot be used to prepare a new state and thus have a free
step. In fact, applying a unital operation after a noisy Pauli channel cannot prepare a

rank-1 state for example. We propose the following lower bound on the number of steps
N.

Theorem 6.3.1. The problem of Pauli channel tomography using incoherent measure-
ments requires a number of steps satisfying:

N=0 (d—z) . (6.6)

e2
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Figure 6.1: Illustration of an adaptive strategy for learning Pauli channel.

This Theorem shows that no matter how often the learner reuses the quantum Pauli
channel intertwined with other unital quantum channels on each step, the global number
of steps should be exponential in the number of qubits. This can be explained by the
fact that a Pauli channel adds noise to the input state, so reapplying it further increases
the noise and does not aid in extracting additional information. Although, as we remark
later, this lower bound is weaker in the dependency on the dimension d compared to the
non-adaptive case, it has the particularity of not depending on the number of uses of the
Pauli channel. For the proof, we follow a standard strategy for proving lower bounds of
learning problems (see e.g., [FGLE12; HHJWY16)).

Proof. We will break down the proof into several steps.

Construction of the family & We start by describing a general construction of a
big family F = {P,}sep,m) constituted of quantum Pauli channels satisfying for all
x#y €1, M]:TV(py,py,) > €, we say that the family F is e-separated. These quantum
channels have the form for z € [[1, M]:

1+ 4a,(P)e
Pelp)= Y.  p(P)PpP= > (—dQ( : ) PpP  (6.7)
Pe{l,X,Y,Z}®n Pe{l,X,Y,Z}®n

where «,(P) = %1 to be chosen randomly so that o, (P) = —a,(c(P)) for some matching
oof {I, X,Y, Z}*" 1. Suppose that we have already constructed an e-separated family of

'in order to have Y pcp @, (P) =0 and thus a quantum channel for £ < 1/4.
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Pauli quantum channels F = {P,}, of cardinality M. We show that we can add another
element to this family as long as M < e“?” for some sufficiently small constant c. For this,
we choose o(P) = —a(o(P)) = £1 with probability 1/2 each. This « leads to a quantum

channel P(p) = > pep vy zyon (HM(P)E) PpP. Then, we control the probability that

d2
the corresponding Pauli quantum channel is not e-far from the family F. By the union
bound and Chernoff-Hoeffding inequality [Hoe63]:

P(3P. € F: TV(pp,) <2) <3 P ( S 1p(P) — palP)] < 25) (68)

=1

M
=> P ) 4a(P)—a(P) < 2d2) (6.9)
r=1 PelPy,
M B
= ZIP Z ]_a(p);,gaz(p) < Z) (610)
=1 pPeP,
M 22
=D P | D E(lapionr) — Lappranr) > g
z=1 PeP, /o
(6.11)
M
<> exp(—2(d*/2)(1/4)%) = Mexp (—d*/16)  (6.12)
r=1

which is strictly smaller than 1 if M < exp (d?/16). So far, we have proven the following
lemma:

Lemma 6.3.1. There exists an e-separated family of quantum Pauli channels of the form
6.7 and size at least e*/16.

Hence, we can use this family to encode a message X ~ Uniform [1, M] to a quantum
Pauli channel P = Px in the family constructed above. The decoder receives this unknown
quantum Pauli channel, chooses its inputs states and performs incoherent measurements
possibly after many uses of the channel intertwined with arbitrary unital quantum chan-
nels, and learns it to within a precision /2. It thus produces a Pauli quantum channel P
corresponding to a probability distribution p satisfying, with a probability at least 2/3,
TV(p,px) < €/2. Since the family of probability distributions {p;}.cn is e-separated,
there is only one X such that TV(p, ps) < /2. Therefore a 1/3-correct algorithm can
decode with a probability of failure at most 1/3. By Fano’s inequality, the encoder and
decoder should share at least Q(log(M)) = Q(d?) nats of information.

Lemma 6.3.2 ([Fan61]). The mutual information between the index of the actual channel
X and the estimated index X is at least

T(X : X) >2/3log(M) — log(2) = Q(d?). (6.13)

Then we show that no algorithm can extract more than O(e?) nats of information
at each step. For this, recall that X is the uniform random variable on the set [1, M]
representing the encoder and denote by I, ..., Iy the observations of the decoder or the
1/3-correct algorithm. The Data-Processing inequality implies:

(X :X)<I(X:L,... Iy). (6.14)
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Moreover, if we denote by I<x_q := (I,...,Ix—1) for all 1 < k < N, the chain rule of
mutual information gives:

I(X : I,... . Iy) = iz(x Tl T<py) (6.15)

k=1

where Z(X : I|I<k—1) denotes the conditional mutual information between X and Iy
giving I<;—1. We claim that every conditional mutual information Z(X : Ix|/<x—1) can be
upper bounded by O(g?). To prove this claim, we prove first a general upper bound on
the conditional mutual information.

At step ¢t € [N], the 1/3-correct algorithm used by the decoder chooses the input state
pt, uses the unknown quantum Pauli channel P m; > 1 times, eventually intertwines the
P with unital quantum channels VY, N3, ..., N} _; and finally measures the output with
a POVM M, = {\!|¢!) (¢! }ier, where (¢f]¢l) =1 and >, AL |¢!)(¢!| = I. Note that this
implies ), A! = d. Observe that we can always reduce the measurement with a general
POVM M to the measurement with such a POVM by taking the projectors on the
eigenvectors of each element of the POVM M weighted by the corresponding eigenvalues.
We denote by P™(p,) = PoN,, _10P...PoN]oP(p) the quantum channel applied

VvV
m¢ times

to the input quantum state p;. We denote by ¢ the joint distribution of (X, Iy, ..., Iy):

q(z, iy, ..., iN) MH)\ 73”“ (pt) !(b : (6.16)

We use the usual notation of marginals by ignoring the indices on which we marginalize.
For instance, for all adaptive algorithms, for all 1 < k < N, we have:

ger(,in, . i Z HA (¢4, | P (or) |5, (6.17)

Zk+1 77777
i HA 122016 TT S0 Gl Prmlel) - 61
t= k+1 lt
= —HA AP (o) |64,) H (P2 (py) (6.19)
t=k+1
1 m
= MHX; (6] P (o) |61,) (6.20)
t=1
We sometimes abuse the notation and use ¢ instead of g<; when it is clear from the context.
In order to simplify the expressions, we introduce the notation ufk = <¢ ‘ AP (pg) —
I ‘¢ > Note that for adaptive strategies the vectors |¢ > ‘@k Tk > and the states
pr = pr(ick) depend on the previous observations i, = (i1,...,ix_1) for all k& € [N].

Then the general upper bound on the conditional mutual information is:
Lemma 6.3.3. Let 1 < k < N and u'” = (¥ (ick)| AP (pr(ick)) — I|0F (ick)). We
have for adaptive strategies:

Ny ke
I(X : I{l<j-1) < BE,Bing, [Z j(uf}c’ )2] , (6.21)

i
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Moreover, for non-adaptive strategies u = <gb ‘dpmk pr) — 1 }¢ > and:

I(X : Ik|]§k—1) S 5E$

AF
> %M;)?] . (6.22)

ik

1—|—uk‘GE

Proof. We can remark that, for all 1 <k < N, q(z,i<i) = A}, <Tk> q(r,i<k_1) thus

k,x
- . ‘ ,\k(ﬂ) z,icn1)q(i<p
q(z, igli<k—1) _ q(z,i<k)q(i<k—1) " i) d i atay (6.23)
q(xlick—1)q(iklick—1)  a(z,i<k1)q(i<k) q(z,i<h1) 2, 4y i) |

1+u® . 1+uL .
AL ( i )Q(ZSk—l) AL ( : )Q(lSk—l)
- | - (6.24)
¥ . Lt
i) s atiaeon ()

(1+ Uf,;x)Q(iSk—l) B (1+ Uf,;m)

- , — : . (6.25)
Y awic )1 +w?) 3, a(ylice 1) (1+ul?)
Therefore by Jensen’s inequality:
T(X : Iyl Ipoy) <log< a(@, ielici-1) )) (6.26)
(@li<k-1)q(ixli<k—1)

_E ( ( (1 + ;) )) (6.27)
(yli<k-1)(1 +uz?)
(10g (1+ u - Z (yli<k—1)log(1 + uf}f)) (6.28)

:E(log 1+u ) ZE( (Yli<k—1 log(1+u )) (6.29)

The first term can be upper bounded using the inequality log(1 + z) < z verified for all
€ (—1,+00):

E (log(l + usz)) =E,qlog(l+ uka) <E, Mu“ = ]E;B,ingkuZ’x (6.30)
k,x , T 1 ,T\2
= Ex,iNngﬂ Z d “(1+ Uy, Ju Uy, = Ex:i’VQSkfl Z #(uzk ) (6.31)
T i

because ), i’“ P — Tr(dP™(p,) —I) = 0. The second term can be upper bounded
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using the inequality —log(1 + x) < —x + 22 verified for all z € (—1/2, +00):

E (— > alyli<r1)log(1 + uf,;y>> == Euivgq(ylice—)log(1 + uf) (6.32)

Y Y

== Eringealici1) ) %;1(1 + ;") log(1 +u?) (6.33)
Y ’Lk)\k
<D Bainge alicnn) ) —F (U u) (- + (u)?) (6.34)
Y Uk )\k
= Buingo qlicnon) )~ (—ul — iy + (up)’ +ui”(ui?)?) - (6.35)
Y Uk )\k
<D Beige 0Wlisen) Y 2"+ 2(ui?)?) (6.36)
Y i N N
=4 Z Ex,i~q5k71Q(y|i§k—l) Z %(U’f]gm)2 = 4Ew,i~q§k,1 Z %(uﬁ;x)Q (637)
) 1 ik

Since the conditional mutual is upper bounded by the sum of these two terms, the upper
bound on the conditional mutual information follows. n

The following Lemma permits to conclude the upper bound on the conditional mutual
information and thus the upper bound on the mutual information.

Lemma 6.3.4. Let m > 1, Ny,...,N,,_1 be unital quantum channels and P be a Pauli
quantum channel in the family F. We have for all quantum states p and vectors |¢) € S%:

| (| dPNy—1P ... PN1P(p) |¢) — 1] < (4e)™. (6.38)
Proof. For x € [1, M], we define the map M, verifying the following equality:
I 4o, (P)e
M) =Pulp) - Ty = S e ppp (6.39)

Pe{lX,Y,Z}®n

where we have used the fact (see Lemma 6.6.2) that for all p:

> PpP=dTx(p)L (6.40)

Pe{l,X,Y,Z}®n

Note that Tr(M,(p)) = Tr(P.(p)) — Tr(p)Tr(5) = Tr(p) — Tr(p) = 0. Applying a unital
quantum channel N between two quantum channels P, can be seen as :

P.NP.(p) = PN (Tr(p)g + Mm<p)) =P, (Tr(p)g +./\/'Mx(p)> (6.41)
= Trlp) 5 + Ml + NML(p) = Trlp) g + MANM(p)  (642)
because Tr(A'M,(p)) = Tr(M,(p)) = 0 and
M(D= Y ‘mxdﬁﬂ - ¥ 40‘2;2]3)811 + 4%(25]3))811 —0.

Pe{L,X,Y,Z}®n Pe{,X,Y,Z}®" /o
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By induction, we generalize this equality to m applications of the Pauli channel P,:

'\Pz,/\fmfl’]?x .. px./\/‘lpgi(p) = Tr(p)g + Mx./\/‘mfl./\/lx .. Mle./\/l;E(p) (643)
m Ei?nes m ;i;lies
Therefore
<(Z5| d,PNmfl'P .. PN{P(p) ‘(b> = <¢‘ I+ dM./\/‘mflM .. ./\/l./\flM(p) ’¢> (6.44)
=14+ d (| MNp M. .. MNIM(p)|d).  (6.45)

On the other hand, for all vectors |¢) € S? and Hermitian matrices X = Y. \; [¢;)(¢;]

we have: | (¢ X [¢) | = |22, Mil{8loa) P < 22, INill(dl¢i)]? = (8] [X||$) therefore using
Lemma 6.6.2:

4a
el M) 16) | = [0 3 24 pxpig| < Z [ (6| PXP|9)] (6.46)
PelP, PePy,
de 4e 4e
<= 3 (I PIXIPIG) = T (0l dTrIX (1) = THIX|,  (6.47)
PeP,
moreover we can also obtain:
da(P)e
T M(X)| = || yo ‘pPxP| < > _HPXPH1 (6.48)
PeP, 1 PE]Pn
4e
=> — Tr|X| = 4eTr| X, (6.49)
and for a quantum channel N;:
Tr|N;(X)| = IV (X))l = 1) (6.50)
<ZHAN |:) ¢z ) = Z!M—TI"IX\ (6.51)

Therefore by induction we can prove:

| {(¢| PN 1P ... PN1P(p) |9) — 1] = d| (]| MNp i M ... MNTM(p) [9) |
< d%Tr[leM L MNM(p)|

= 4eTr|M ... MNIM(p)|
< (42)*Tr|Npp—s . .. MNIM(p)]

< (4e)™. (6.52)
O
Now we can finally upper bound the mutual information between X and (Iy, ..., Iy):

Lemma 6.3.5. The mutual information can be upper bounded as follows:

I(X : L,...,Iy) = O(Ne?). (6.53)
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Figure 6.2: Illustration of a non-adaptive strategy for learning Pauli channel.

Proof. For all 1 < t < N, we remark that u;* = (¢ |dP™(p;) — I|¢l,) =
(] dPeNomy-1Ps .. . PeN1P(p) |¢) — 1), so by Lemmas 6.3.3 and 6.3.4:

P\ P\

f(uﬁff < 5Brimgr s D ﬁmg? —80s2  (6.54)

1t it

Z(X : It‘fgtfl) S 5]E£E,ingt—1

because ), A, = d. Finally:

I(X Iy, Iy) =Y I(X : L|I<1) = O(NE?). (6.55)

t=1

Using Lemmas 6.3.2 and 6.3.5 we obtain:

Q(d?) < T < O(Ne?), (6.56)
which yields the lower bound N = Q(d?/e?). O
[

To assess a lower bound, we need to compare it with upper bounds. The algorithm
of [FW20] implies an upper bound of O (%) (see Section 6.7 for a self contained

proof), so there is a gap between our lower bound and this upper bound. However, note
that the algorithm of [FW20] (and in fact most channel learning protocols we are aware
of) use non-adaptive strategies. We will now show that indeed [FW20] is optimal if we
restrict to non-adaptive protocols.

6.4 Optimal Pauli channel tomography with non-
adaptive strategies

The main difference between non-adaptive and adaptive strategies is that the former
should choose the set of inputs, number of repetition, unital channels applied in between
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and the measurement devices before starting the learning procedure so that they cannot
depend on the actual observations of the algorithm. Concretely, besides fixing the total
number of steps N and the total number of channels uses at each step {my}cn], the
non-adaptive algorithm is asked to choose also the inputs {p;}sc[n), the unital channels
{{N;}jeme—1 ey and the POVMs { M, }ie(n) which we suppose without loss of generality
have the form M, = {\; |¢})(¢}|}iez, where (¢f|¢;) = 1 and > ., A\i = d. The output
state at step t € [IV] has the form:

p P =P oNy, 10Po---0PoN oP(py). (6.57)
me Zi,mes
Hence, when the algorithm performs a measurement on the output state p"**"" using the

POVM M, = {\!|¢!)(¢t| }iex,, it observes i, € Z, with probability:

Tr (X, |#1,) {2,

) = X (64| P o N o Po- o PoN o P(a)[6h) . (659

We refer to Figure 6.2 for an illustration. We prove the following lower bound on the
total number of measurements and steps:

Theorem 6.4.1. The problem of Pauli channel tomography using non-adaptive incoherent
measurements requires a total number of channel uses verifying:

(%) o

or a total number of steps satisfying:

N=0 <d—3) . (6.60)

e2

At a first sight we can think that this Theorem is not comparable to Theorem 6.3.1
since we give lower bounds on different parameters. However, if we ask the algorithm to
only apply the channel once per step, we obtain an improved lower bound on the number
of steps required for Pauli channel tomography using non-adaptive strategies. Moreover,
it shows that the upper bound of [FW20] is almost optimal especially if we know that the
additional uses of channels at each step are only required to make the algorithm resilient
to errors in SPAM. Finally, the optimal complexity © (g—;) for Pauli channel tomography
is quite surprising: We are ultimately interested in learning a classical distribution on
d2

P, ~ [d?] in TV-distance which requires a complexity of © (€2> in the usual sampling
access model, so our model is strictly weaker than the usual sampling access model.

Furthermore, the quantum process tomography problem has an optimal copy complexity
of © <g—2> (see Chapter 5): this shows that adding an additional structure to the channel
can make the optimal complexity of channel tomography smaller.

Proof. The construction on the family F is similar to the construction in the proof of
Theorem 6.3.1. We only need to add some constraints about the concentration of the
means 57 nyzl g(ay) around their expectations for every function g € G. To see what
are the functions we need to consider in the set G, let us simplify the mutual information
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between X and I4,..., Iy in the non-adaptive setting. Recall from Lemma 6.3.3 that the
mutual information can be upper bounded as follows:

N N
)\?L't t,x\2

I(X :Iy,...,.Iy) = ;I(X L |Iqy) < 5;EIM<H Z ). (6.61)

Since now we consider non-adaptive algorithms, this upper bound can be simplified:

)\t
5Er,i~q§t,1 d ’Lt Z Z (662)
it z=1it€Ty
We remark that we only need to approximate

YA (et aprp0 6l) 1) 659

=1 t=1 i€l

Note that ((¢| dP™ (p;) |¢) — 1)* € [0, (4¢)?] for every |¢) € S? and £ < 1/4 (see (6.52)).

Also, we have for all ¢ € [N], ., Ad =1so
Z Z (6t dP (p1) |61) — 1)* € [0, 16N &2). (6.64)
t=1 1€1;

Therefore by Hoeffding’s inequality [Hoe63] for s = (16Ne*)° 1og(10) 322)1\2/[1%(10)

(i

r=1 t=1 ’LEIt t=1 ’LEIt
(6.65)
I 2 Wi (16 Ne?)2 1og(10) 1
< _ ) = 2M - 6.66
=P < (16N52)2) eXp( (16N =2)? 10 (6.66)

By a union bound, this error probability 1/10 can be absorbed in the error probability of
the construction by choosing a small enough constant ¢ in the cardinality of the family
M = exp(cd?). To recapitulate, we have proven so far that we can construct the family
of quantum Pauli channels F so that the mutual information satisfies:

Qd*) <I<I(X:I,...,Iy)

<5) ) %Ea (6L | AP (p1) |6L) — 1)7 + 60NE2 exp(—Q(d2)).  (6.67)

t €l
We claim that the RHS can be upper bounded for m; = 1 as follows:

Lemma 6.4.1. For all t € [N], for all unit vectors |¢) € S%:

2¢?

B (6] dPa(p0)6) — 1) < 2o (6.65)

ZZZ (ol aP7 (o0 [6f) = 1) — B ZZ (6| dPz (o0 [6) = 1)°| > 5
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If the claim is true, the inequalities 6.67 imply using the fact that for all ¢ < N,
ZitEZt )\gt =d:

N
AL 22 2
) <T<5) Y f% + 60Ne? exp(—Q(d?) < O (N%) (6.69)

and the lower bound of N = Q(d3/e?) yields for strategies using only one channel per
step.

Proof. Let t € [N] and |¢) € S?. We have:

2
4o P
Ea((6] dPa(p) |6) 1) = Eq ( > 2 ) |¢>) (6.10)
Pep,,
16a(P 2
Y DRt i6) (0] @0 o) (6.71)
PQeP,
162 t t t t
= T (01 PPt |0) (9l PpiPT |¢) — (6] PpuP0) (¢l o(P)pio(P) @) (6.72)
PePp,,

32¢2 32¢2 32¢2 32¢2

< P;ﬂ 2 <<ZS|P/075P]L |¢>2 < P;ﬂ 2 <¢|Pp?PT 9) = a2 <gb|dTr(pf)]I|gb) < q
(6.73)
where we used the Cauchy-Schwarz inequality. O

Now, if we allow multiple uses of the channel at each step, we obtain the following
upper bound depending on the number m > 2 of channel uses:

Lemma 6.4.2. For allt € [N], m > 2 and unit vectors |p) € S¢:

2m
o (6] 4P (00 16) — 1) < am - U (6.74)

Proof. Recall that for a Pauli channel P,, we can define M, = P, — Tr()5 so that
after m applications of the Pauli channel P, intertwined by the unital quantum channels
M, ..., N,,_1, we have the following identity:

I
PoaNpm-1Pa ... PaN1Po(p) = Tr(p)a + M N1 My .. MGNIM(p) . (6.75)
m?i?nes m?i?nes
The definition of P, implies:
I 4o P)e 4o P)e
Malp) = Pule) - Te(p)y = 3 20 ppp— S~ A ) (et
PeP, PeP,

where we use the notation for the unital quantum channel Np(p) = PpP for all P €
P,. So, using the notation Np,, = Np Np_1Np, ... NpNiNp,, we can develop the
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quantity we want to upper bound as follows:

Eo (2] AP (p) |9) = 1)* = d®Ea ((¢] MaNip- 1Mo ... MaNTMa(p) |6))? (6.77)
— PF, (PZP 40‘<df e 404; o N Now i No - NopNoN (0) |¢>> 2
(6.78)
=$ﬁ2§%%m@ﬁ-M%M@J-W%DWMW@WMW%MMW-
(6.79)
It Q,o(Qr) ¢ (Pi,...,Pp,Qs...,Qm}  the  expected  value

E, (a(Py) - a(Pp)a(@Qq) - a(@n)) is 0, otherwise, we can upper bound each term
inside the sum by 1 and we count the number of these terms. Moreover we can gain two
factors d by using the properties of Pauli group for m > 3. For example, suppose that
Q1 = Py, we have ) pcp Np(p) = > pep, PpP = dTr(p)l hence for m > 3:

(;27: D Ea(a(Pr)--a(Pn)a(@1) - a(Qm)) (| Nowm(p) ) (0| Nom(p) |6)
,Q:Q1=P1 (680)

<O S (01N 16) (6] Noul) 10 (6:51)
P.Q:Q1=P

= (diff: S (D Nem(p)16) (61D Nom(p) 0) (6.82)
P.Qcm:Q1=P Pp, Qm

- Siz_? Y. GldTr (Nt 1m (0)110) (6 dTr (N1, 1.0, ()T ]@)  (6.83)
P.Q<m:Q1=P1

= (;227;1 Z Q= %(dQ)zm_gdg _ (42)227%‘ (6.84)
PQcm:Q1=P1

Since we have 2(2m — 1) possibilities for Q1,0(Q1) € {P1,..., Ppn,Qs,...,Qn}, we con-
clude that:

(de)m _, (de)™"

Eo (6 4P () 16) — 1) < 22m — ) — < dm)

(6.85)

Now, if m = 2, we can have (); = ()2 and therefore we cannot gain a factor d when
summing over (5. In this case, we obtain instead an upper bound:

2 4e)4
o (0] dP2(p) |6) —1)° < 621 (6.56)
[
Using the inequalities 6.67 and the fact that for all ¢ € [N], }_, ., A, = d, we deduce:
2 2m
10 € (4e)*™ _ 2
2 Z —+4 > my o = ). (6.87)
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M,
p1 P A L —

Mél Ix M§V<N
Py — P~ N e Ll [ Iy

Figure 6.3: Illustration of an adaptive strategy for learning Pauli channel using one chan-
nel per step.

Therefore we have either ), % = Q(d*) or 437, -5 mt—(%c);mt = Q(d?). Finally, we
have either N = 2 (g-;) or Zi\il my = (ﬁ)_

£6

]

This proof relies crucially on the non-adaptiveness of the strategy. This can be
seen clearly when simplifying the upper bound of the conditional mutual information
in Lemma 6.3.3. For an adaptive strategy, this upper bound contains large products for
which the expectation (under o) can only upper bounded by O(g?) which implies a lower
bound on N similar to Theorem 6.3.1. In the next section, we explore how to overcome
this difficulty in some regime of ¢ and improve the general lower bound N = Q(d?/e?).

6.5 A lower bound for Pauli channel tomography
with adaptive strategies in the high precision
regime

In this section, we improve the general lower bound of quantum Pauli channel tomog-
raphy in Theorem 6.3.1 for adaptive strategies with one use of the channel each step.
In the adaptive setting, a learner could adapt its choices depending on the previous
observations. It can prepare a large set of inputs and measurements and thus it poten-
tially has more power to extract information much earlier than its non-adaptive coun-
terpart. With this intuition, we expect that lower bounds for adaptive strategies should
be harder to establish. Moreover, in this section, we only consider one use of the chan-
nel for each step, i.e., my = 1. After observing Iy,...,I; at steps 1 to t, the learner

. <t I, .
would choose an input p;}; := p,}77"" and a measurement device represented by a POVM
Vo

R e e

tors and the coefficients sum to 1. So, the a(i;i)tive algorithm extracts classical information
at step t+ 1 from the unknown Pauli quantum channel P by first applying P to the input
pf}r"l"’b and then performing a measurement using the POVM M{jr"l"’lt (see Figure 6.3 for
an illustration). In this case, it observes i;,1 € Itli’l'“’lt with a probability given by Born’s
rule:

where the rank one matrices are projec-

I1,..,1¢

N N SO
Tr (Pt+1 A P11

141

I,....It Iy,...1¢
¢it+1 > <¢it+1

_ 11,0 I, 1t
) - Ait+1 <¢it+l

I,y
oy, (6.89)
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We prove the following lower bound on the number of steps. Note that because of the
assumption m; = 1 for all steps ¢, the number of steps is the same as the number of
channel uses.

Theorem 6.5.1. Let ¢ < 1/(20d). Adaptive strategies for the problem of Pauli channel
tomography using incoherent measurements require a number of steps satisfying:

N=Q (ﬂf) . (6.89)

3

Furthermore, any adaptive strategy that uses O(d?/e?) memory requires a number of steps

N satisfying
d3
N=0Q (5_2) ) (6.90)

In this Theorem, we show that we can improve on the general lower bound of The-
orem 6.3.1 by an exponential factor of number of qubits if the precision parameter ¢ is
small enough. However, this lower bound could be as well not optimal so it remains
either to improve it to match the non-adaptive upper bound of [FW20] or to propose
an adaptive algorithm with a number of steps matching this lower bound. With the
same proof, we can generalize this lower bound to adaptive algorithms with limited mem-
ory. Any strategy that adapts on at most (‘gw previous observations for the problem of
Pauli channel tomography using incoherent measurements requires a number of steps

N = Q (min{%,g—;,g—s . For instance, if the algorithm can only adapt its in-
d2

put state and measurement device on the previous [5—2-‘ observations then it requires

N =) (g—;) steps to correctly approximate the unknown Pauli channel. The remaining

of this Section is reserved to the proof of this Theorem.

Construction of the family F We start by constructing a family of Pauli quantum
channels that is Q(e)-separated. The elements of this family would have the following
form, for all x € F = [[1, M]:

P = 3 2D o p S (P PP (6.91)

PelP, pPeP,

where &(P) = a(P) — & > gep, @(Q) and {a(P)}p are d* random variables i.i.d. as
N(0,1) and p.(P) = 1+2&“(?§d/“a“”2. It is not difficult to check that {p,}. are valid
probabilities for ¢ < 1/4d. Indeed, for all P € P,, we have |a(P)| < 2||a||2 so for e < 1/4d
we have 1 + 2da,(P)ed/||az|l2 € [0,2] thus p.(P) € [0,2/d*] C [0,1) for d > 2. Moreover,
we claim that:

Lemma 6.5.1. Let 5 be an independent and identically distributed copy of a. We have:
P (TV(pa,pg) < %) < exp (—Q(d%)). (6.92)

If this claim is true, then a union bound permits to show the existence of the family
with the property M = exp((d?)). Let us prove first a lower bound on the expected TV
distance between p, and pg.
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Lemma 6.5.2. Let 5 be an independent and identically distributed copy of a. We have:

E (TV(pa,ps)) = ;—g (6.93)

Proof. We start by writing:

TV (pas ) EP%;” ﬁsz) - ﬁéﬁg (6.94)
€ a(P) _BP)| e >_gep, ¢(Q) B > qep, B(Q)
23 2 Tal, ") "al” Tals 18] ‘ (6.95)

PcP,

where we use the triangle inequality. We can upper bound the expectation of the second
difference using the fact that ||«/||; is independent of {«(P)/|lcl|2}p:

€ 2 qep, MQ) _ >_qer, B(Q) € M

= (3= ) <2 (3 =) (6.96)
2B (|Spp,0(P)]) _ 4
T4 EB(lel)  Cd (6.97)

Indeed, by the Cauchy-Schwarz inequality:

A

and by the Holder’s inequality:

JE () _ (d?)° d
E (flall2) = Eal) ~ \/dz(dQ )y > (6.99)

We move to lower bound the expectation of the first difference using Holder’s inequality:

) = edlE (
(6.100)
> ed /%/d; > 235 (6.101)

because we can compute the numerator using the fact that |alls is independent of

{a(P)/ o} e
. ( o(P) _B(P)

> ap)

pPePy,

) < |E (Z a(P)) =d (6.98)

pPePy,

a(P)  B(P)
lafla 1Bz

Voo

a(P) _ B(P)
ez 18]

E (2 3
PelP,

ladlz 18]

N\ e (PPN L (AP)B(P) _ JE(a(P)?) _ 2
)‘2E< o) 2 (Jaioe ) =2 Bllaggy = ©192
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Moreover, we can bound the denominator by Hélder’s inequality and the fact that |al|s
is independent of {a(P)/||c|2} p:

P p)l* P)* E (a(P)* 4 4
g (|22 Y < (0 g BN e a8

el 1812 [levll2 E(lallz) — d*(@®—1)+3d> ~ d

(6.103)
Therefore the expected value of the TV-distance satisfies:
2¢  4de _ Te

E(TV(pa, > == 25 104
(TV(pa,ps)) 2 = = — 2 55 (6.104)

]

Once we have a lower bound on the expected value of TV (p,,pg), we can proceed to
prove Lemma 6.5.1.

Proof. We want to show that the function TV(p,,ps) concentrates around its mean. Let
(a, ) and (f3,0) be two couples of standard Gaussian vectors. By the reverse triangle
inequality we have:

|TV(pa,p7) - TV(pﬁ,p5)| < |TV(pa,py) - TV(pq,,pg)| + |TV(py,p/3) - TV(pg,p5)|

(6.105)
< TV(pa;ps) + TV(py, ps)- (6.106)
On the set E? = {(a, 8) : ||all2, || B]]2 > d/4} we have
B(P) 2e a(P)  B(P)
TV a >~ < _
Vipe2) dé;|mm |mm égnwb [ é%rmm [
(6.107)
2e a(P)  «(P) 2e a(P) B(P)
<Z S A s} 6.108
-d%P|mm nmu*‘ 2; e (6-108)
Jolls - aGU—me
< _— 7 6.109
T2 o) | Ty 2% EE (6:109)
_25 ol = 18l | 2 |lla—
= a1 asr. |t | T8, (6:110)
lo = Blla . lla— Bl
< 2ol amnan, % Al (6-111)
< 2 fla = Bl + 20— o3 = ol — Bl (6.112)

Here we used that [|all; < d||al|2, as a is a vector with d? entries, and our assumption
on the norms in the last line. Hence, on the set E*, by using the inequality = +y <

V222 + 92
16¢

| TV (Pas Py) — TV (ps; ps)| < TV (pa, ps) + TV(py, ps) < —||a — Bll2 + —||7 Y|P
(6.113)

Vlla = BI3+ Iy — 813 =: Ll ) — (8.9)l
(6.114)

< 16;/55
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Moreover, the function TV (p,,pg) can be extended to an L-Lipschitz function on the
whole set R x R* using the following definition for every (a, 8) € R” x R¥ (Kirszbraun
theorem, see e.g. [Mat99]):

f(oz,ﬁ):(g)lf {TV(py, ps) + Ll (e, B) = (7, 9)ll2}- (6.115)

We can control the expected value of f using the lower bound on the expected value of
TV(pa,ps) (Lemma 6.5.2) as follows:

E(f) =E(f1p) + E(f1(g2)e) > E(f1p2) > ;—; — 8cexp(—Q(d?)) > i’—; (6.116)
because

E(f(a, 8)1p2) — E(TV(pa;ps)) | = E (TV(pa, ps)L(p2)e) < 8P (E°) < 8z exp(—Q(d?))
(6.117)

where we have used the fact that TV(p,,ps) < 4e and P (E£°) = P (|lafs <d/4) <
exp(—(d?)). Indeed, we can apply the concentration of Lipschitz functions of Gaussian
random variables [Wail9, Theorem 2.26] for the function o — ||r||o which is 1-Lipschitz
by the triangle inequality:

llallz = N18ll2] < fla = Bll2 (6.118)

and its expectation satisfies I (||cr||2) > d/2, thus:
P(E) =P (laf: < d/4) =P (ol — E([lallz) < —d/4) < exp(=Q(d*)).  (6.119)
We proceed with the same strategy for the function f which is L-Lipschitz where

L = wffg. By the concentration of Lipschitz functions of Gaussian random variables
[Wail9, Theorem 2.26], we obtain for all s >0 :
d2 2
P~ E(f)] > 5) <o () (6.120

with ¢ > 0 a constant. Then, we can deduce the upper bound on the probability:

P (TV(pa,ps) < €/5) (
=P (TV(pa,ps) < /5, (c, ) € E?) + P (TV(pa,ps) < £/5,(c, ) ¢ E*)
P (f(a,8) <e/5,(, ) € E*) + P ((a, ) ¢ E?) (
P (f(e,8) —E(f) <&/5—3¢/10,(, B) € E*) + 2P (a ¢ E) (6.124
P (f(e, 8) —E(f) < —£/10) + 2P (o ¢ E) (
<3exp< Q(d2)) < exp(—Q(d?)). (

Hence we construct an e/5-separated family F of cardinal (d?). By changing ¢ <+ e
in the definition of {P,},cr, the family becomes e-separated for ¢ < 1/(20d).

Once the family F is constructed, we can use it to encode a message in [1, M] to
a quantum Pauli channel P = P, in the family F. The decoder receives this unknown
quantum Pauli channel, chooses its inputs states and performs adaptive incoherent mea-
surements and learns it. Therefore a 1/3-correct algorithm can decode with a probability
of failure at most 1/3 by finding the closest quantum Pauli channel in the family F to the
channel approximated by the algorithm. By Fano’s inequality, the encoder and decoder
should share at least Q(log(M)) = Q(d?) nats of information.
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Lemma 6.5.3 ([Fan61]). The mutual information between the encoder and the decoder is
at least

T > 2/3log(M) — log(2) > Q(d?). (6.127)

Upper bound on the mutual information Since we have a lower bound on the
mutual information, it remains to prove an upper bound depending on the number of
steps N and the precision . For this, let us denote by X the uniform random variable
on the set [1, M] representing the encoder and I, ..., Iy the observations of the decoder
or the 1/3-correct algorithm. The Data-Processing inequality implies:

By upper bounding the mutual information between X and I,..., Iy and using a con-
tradiction argument, we prove Theorem 6.5.1 which we recall:

Theorem. Let ¢ < 1/(20d). Adaptive strategies for the problem of Pauli channel tomog-
raphy using incoherent measurements requires a number of steps satisfying:

d5/2
N = Q( = ) (6.129)
Proof. Recall that we can write the mutual information as: Z(X : I;,...,Iy) =

E,ivle(X : Ixll<k—1). Fix k € [N], by Lemma 6.3.3, we can upper bound the condi-
tional mutual information:

A\
I(X : Ik|I§k—1) < 5E1‘Ei~qgk_1 [Z %(uf];m>2] (6130)
ik
where we use the notation:
k. k k k 26, (P)e k
" = (&5, | (dPx(p) — D) [65,) = (44, ] Z = PoxP | [5,) (6.131)
H%Hz
20, 200,
= (|)|‘ H =6k | PonP |k ) — de (o | PoPlok)  (6.132)
PcP, Yz P,QcP,
20536 2065,;
= Pp. P 6.133
2 Tl = (oh] P 16 ) Tl (6:153)

Note that for adaptive strategies the vectors |gbfk> |¢>Zk Iy ,ik_1)> and the states
pr = pr(i1,...,7k—1) depend on the previous observations (iy,...,ix_1) for all k& € [N].
Similarly, we denote:

ko _ Ppy 6.134
U, Z o (@5 Ik (6134

pPePy,

- ﬁ > a(P)e (8| Plpx = 1/d)P |¢)) . (6.135)

We have ), Af ul® = Tr (dPy(pr) —I) = 0 as

1k 'Lk

S M=) 20u(P)E p ) 3 204(P)e _ Z 20, (P B 20,(P)e _

2 ol 2 el — & Tl xua 2 ol
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Note that the cardinal of the constructed family M = |F| is of order exp(€Q(d?)), so
every mean in x can be approximated by the expected value for a following the distribution
explained in the construction, the difference will be, by Hoeffding’s inequality, of order
exp(—(d?)) so negligible. Note that the error probability can be absorbed in the total
error probability by adding these inequalities in the construction of the family F.

Proposition 6.5.1. There is a universal constant C' > 0 such that with probability at
least 9/10 we have:

Z Z > <HA (H—u»Z%’“(UZ’”)Z (6.136)

96111 ----- Tk—1 ik

giEa 5 (HA <1—|—u ))ZAC?(M)

k=1 il ,,,,, ik,1 (23

Proof. Let k € [N]. For z € [M], let fi(x) be the function:

u k
folm) =) (H/\ (H ))Zi}k(ufj)z. (6.138)

015 bh—1 (7

+ Ne?exp(—Cd?).  (6.137)

Similarly we define:

u; k
)= 3 (HA (” ))z%ww (6.139)

U1y bh—1 ik

Since for all £k € [N],z € [.Mk] ilild ir € Iy, we have (ufkr>2 < 1Y, lk( ub2 <

16¢* (Lemma 6.5.4) and 3~ /\”“u”“ = 0 thus fi(z) € [0,16¢%]. Therefore the function
Sy, 27 M fu(x) is (%, . 32N€ ) bounded. Hence Hoeffding’s inequality [Hoe63]
writes:
N M N M
1 1 252
IP( i —]E(ZMka(x)> >s>§2exp<— N 2).
k=1 = k=1 a=1 > ()
(6.140)
Since for all z € [M] we have E (fi(x)) = Eo(fr(a)), we deduce:
N N
1 M
k=1 k=1
Finally, by taking s = 25Ne? 10g]\(/[20 with probability at least 9/10, we have:

Z Z )3 <1:[ Al <—1+dui; )) . %(Uf,;xf (6.142)

mlzl ..... g1

log(20)
M

= () e

(6.143)

+ Ne2exp(—Cd?)  (6.144)
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where C' > 0 is a universal constant and we used the fact that M = exp(Q2(d?)).

Therefore we obtain the upper bound on the mutual information:

N N Ak

DTN L) €5 Bringe ) f(uiﬁfﬁ

k=1 k=1 in
N M k—1 t,x k

Yy v (I (M) s e
k=1 =1 7:1 ..... ik,1 t=1 ik
N R 1+ ub® Ak

<5 Ea|l Y. ( AL (T)) > %(ufk’af +5Neexp(—Cd?)  (6.145)
k=1 iyein_1 \t=1 iK
N k—1

=5 Z E<.E, (H (1+ uf;a)) (ufk’o“)2 + 5Ne? exp(—Cd?)
k=1 t=1

where we use the notation E<x[X (i, ..., ix)] = ¢ >y, . I, AP X (i1, ..., ix). Observe

.....

that for non-adaptive strategies, we can simplify these large products using the fact uff‘

does not depend on (i1, s, ...,4_1). We obtain in this case an upper bound on the mutual
information:
N
(X : e In) <5 BE, [(uf,f)Q] + 5N exp(—Cd?). (6.146)
k=1

For this expression, using methods similar to the proof of Theorem 6.4.1, one can obtain

a bound of the form E;E, [(ufka)ﬂ = (’)(%) which would lead to a lower bound of Q(g—;)
as in Theorem 6.4.1.
However, for adaptive strategies, we can not simplify the terms (1 + uf;a) fort < k

k,a

because (u;’ )? depends on the previous observations (iy, ..., 1). For this reason, we

use Gaussian integration by parts (Theorem 1.4.7) to break the dependency between the
variables in the last expectation. Recall that for all ¢,4;, p; = p; — [/d and:

up® = —— > a(P)e (¢}, | PaP |4l (6.147)

Using the fact that ||«||2 is independent of {a(P)/|lc|2}p, we can write:

E (Jol) B ((H <1+uz;a>) <uf,;a>2) (6.149

t=1

~2 X (e e (oE () () T i) e

PelPy,

k—1
=2e ) (o | PP |op,) E (a(P) (lallut™) TT (1 +u§;a)) (6.150)

PcP,

=2 Y {(¢f | PinP |6k ) E(a(P)F()), (6.151)

PelPy,
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where F(a) = <||oz||2uf;a) Ml (14 u;®). Gaussian integration by parts (Theorem 1.4.7)

implies:

E(a(P)F(a)) = E(0pF(a)) (6.152)
k—1 k—1
= 2¢ <<;5 ‘ Pp P }¢Zk> (H (1 + Uff)) + Z E HO{quZ’aaPuf.;a H (1 + uf;a)
t=1 s=1 te[k—1]\s
(6.153)

Moreover, we have

psP|63) ellalls = Opllalle Spep, (P) (5| PosP |¢5,) €

[etll20pu;™ = 2 Tal, (6.154)
=2(¢ | PpsP|¢] ) e — —— Tols || a(P)u;” (6.155)
hence:
k—1
ESkIE<<H (1+u§;a)> (ul) ) E<k— > (k| PP ¢k ) E (a(P)F(c)) (6.156)
462151 . PelP,
=Ea—g S (k| PanP ok )’ E(H (1+u§f‘)> (L1)
PeclP, t=1
+E<k Z Z<¢%\Pka\¢%><¢ls PpPloi ) E [ up® 1T (14w
PeP,, s=1 telk—1]\s
(L2)
—E<k S IRCALZ AT >Z]E ﬁa—HukauZa T @+ |- (L3)
PeP, telk—1]\s

We analyze the latter expressions line by line. Our goal is to upper bound these terms
better with some expression improving the naive upper bound O(g?) on the conditional
mutual information. Let us start by line (Ll) we have

1 1
> QZAZX E I PpcP ok ) Z = Te(PRP) = ) 3'Tr(ﬁi) <d, (6.157)

pPeP, ik Pe]Pn PelP,

so using £ > AF (1+ u;*) =1 we can upper bound the line (L1) as follows:

1?2 (= ta 4e?
(L) < Baoa—B ([ (1 +u") ) = — (6.158)

t=1

This upper bound has the same order as for non-adaptive strategies. So we expect that the
contribution of line (L.1) will not affect much the overall upper bound on the conditional
mutual information. Next we move to line (L3), first we show a useful inequality:

Lemma 6.5.4. Let t € [N]. Recall that u;® = ﬁZPePn a(P)e{(¢!,| Pp.P|ot,). We
have:

y Z AL (uh)? < 16¢2. (6.159)
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Observe that if we apply this upper bound directly on the expression of the conditional
mutual information (Lemma 6.3.3) we obtain an upper bound Z = O(Ne?) which leads
to a lower bound N = Q(d?/e?) similar to Theorem 6.3.1. Still this Lemma will be useful
for controlling intermediate expressions appearing for the upper bound of line (L3).

Proof. We use the fact that every M can be written as M = } . MR) R and
Lemma 6.6.1

t,o 42 t t 42 . 2
Zkft(ui; )QZ@ZM@%‘ (Z a(P)Pp P >|¢zt> —ﬁTr<ZO‘(P)PPtP)

2

it PelP, PelP,
(6.160)
2
42 1 .
- WTr > a(P) > Tr(Rp)PRP (6.161)
2 PcP,, ReP,,
2
_ 482 T T RP
= o > af Z r( R (6.162)
Pep, Re]P

- e Z a(P)a(P')%Tr(Rp})Tr(R’ﬁt)(—1)R'P(—1)R'~P’TY(RR’)

lellz 57 cp,

(6.163)
42 1 )
- = 3 aP)a(P)s - Te(Rp)X(~ )PP (~ 1) (6.164)
] d
2 p.P'.RePy,
4e? ? 1
6 ~
= 2 | D2 alP) =DM ) S Tr(Rp) (6.165)
13 ReP, \PeP, d
165 N \R(PPY
ST Y. alPa(P)=(-1) (6.166)
2 p,P',ReP,,
16¢2 16ds?
- EE Z a(P)a(P')-d-1pp_1 = W Z a(P)” = 16de
2 ppep, 2 p=pep,
(6.167)

In the previous inequality, we used that for all R € P,,: we can write R = )", \; |¢;) (9]
where the eigenvalues {);}; have absolute values 1, then by the triangle inequality:

I Te(Rp)| <Z|AT1~ |6i) ¢z|p|<Z|Tr |6:) (31 (p — 1/d))]
(6.168)

< Z Tr(lga) (il )] + Z Tr(l¢a) (@il I/d))| = Tr(p) + Tr(l/d) = 2. (6.169)

|¢z ¢z|p

[]

Observe that the condition € < 1/(4d) implies that for all ¢ € [N] and i, € Z; we have
1+ ug® > 1/16 and recall that Ey(1 + u;®) = I3 AL+ ul®) = 1. Therefore, if we
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denote II} =

2
(L3) = _E<kd2 ZIE (uk O‘) uy

S0 RS

telk—1]\s

u; ™ () )2> H (14 u;®)
s<k [

[T,oh (1 +up®), (L3) can be controlled as follows:

E<g
telk—1]\s
<1 mz( 1ﬁ I ()
s<k te[k—1]\s
< (1+ uﬁf‘)) )
( (( s<k 1 + u ) ) tll
1622 we [

S \ EoE k ; m I |V Ea Bk}
16¢2 u; :
< E.E . o L+ w®

d2\ <k”2<k 1+u 1+ulr>t<1_£( () )
2
<t B E<k2 H (1+ut?)
/\ s<k 18 t<k
645

256¢3
<VE

o I CERT

telk—1]\s

EE<kZ sa

s<k

)
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(6.170)
(6.171)

(6.172)

(Lemma 6.5.4) (6.173)

(Cauchy-Schwarz)

(6.174)

<E<k [ (+wi) = 1)
(6.175)
<E<max{s r} (us auTa) =0if s 7é T)

(6.176)

(1+up® > 1/16 <= < 1/4d)

(6.177)

(6.178)

where we use Lemma 6.5.4 for the last inequality. Indeed, we can simplify the expectation

as follows

E Z(U

s<k

1+u

Il (

te[k—1]\s

= E(u

s<k te[k—1]\s

=S Ba it IT ()

s<k te[s—1]

< Z Egs—116€2 H (1 + Uf;a)

s<k te[s—1]

- Z 16e2 < 16£%k.

s<k

o | BT

(6.179)
(6.180)

(Lemma 6.5.4)

(6.181)
(6.182)

Finally, we control the line (I.2) which is more involved. Let us adopt the notation for
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s,k € [N]:
M=) PP (¢} |PoPo},) (6.183)
PeP,
1
=5 >, T@EQTER)PQP (4| PRP|4) (6.184)
P,Q,RePy,
1
=5 >, TEQTER)(-)MPQ (4] R|61) (6.185)
P,Q,ReP,
= Z Tr(ppQ) Tr(psQ) (&5, ‘Q ‘(bs ) Q (Lemma 6.6.1) (6.186)
QEP,

so that we can write ) p.p

5P l0) = Tr(|o5 ) (0] M)-
Also we use the notation ¥, = ]EgkIE ((u% > HKk (1 —i—uzo‘)) so that we have the

(in)equalities:
(L2) = —]E<k]E (Z Tr(|of ) {(gk | “ I @« +u;?f)) (6.187)
telk—1]\s
482 t,a
= 5 EoE <Tr <|¢ " Z 1+ ur ) t<1;[1 (1+uf )) (6.188)

<il—€22\E<k]E<<Tr<|¢ \Z 1+u ))iyl (1+u§f))\/\11_k (6.189)
11

< 4di2\ E<E (Tr (¢ Yok | (; 1+u ) 1L (1 +u§;f“)) V' (6.190)

4e? |1 ML, 2 .
— ?\ pLEtD (Tr ((2 TM) ) tsll (1+uf )) VU (6.191)

where we use the Cauchy-Schwarz inequality. From the definition of Mj; we can write
that for s, t < k

Te(M,pMyg) = d > Tre(5pQ)*Tr(5:Q) Te(5Q) (5, Q [05,) (¢4, | @ 61,) - (6.192)

QePy
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Hence
(H M r(psQ) Tr (/@ :) (o
(3 ) = 305 g ML 0l
s=1 (1 + U sit<k QeP, (1 + uis )(1 + U, )
(6.193)
2
) Te(5,Q) (93| Q|3
0 Y T (30 O Qo) (6.194)
(14 u®)
QGIPW s<k s
T(5.Q) (1,] Qo))
r(ps : :
<4d Y (Z S ALLE ) (6.195)
QeP, \s<k <1 + uis )
note that this step is crucial because p; depends on (i1, ...,i;_1) so we need to avoid

it in order to simplify with the expectations IE; for ¢ < k. When we want to simplify
2
the expectation E<;_IE (Tr ((Zf_ll uiﬂ%) > [Terr (1+ ufta)) and we expand the

square of the latter expression, we can see that if s; < so (or s7 > $3), we'll get 0 because
we can simplify the terms (1 + u;®) in the product for ¢ > s, the term (1 + w;2") is
simplified with the denominator so we can take safely the expectation under Ey,:

292> d Z TI' p52 )‘2922 <¢132

7,52

E.Tr(7.,Q) (67 | Q Q

%> Tr(ps,@)Tr(Q) =0
(6.196)

because Tr(Q)) = 0 unless @ = 1 for which Tr(ps,@) = Tr(ps,) = Tr(ps, — I/d) =
Therefore using the notation II¢ = [T,_, (1 +u;®):

12 |1 < i
12) < = |ZE4,E e | /o 1
( )_dQ\dql (;Hu ) Vs (6.197)

4e% |1
< — | BB 4dz<

Tr(psQ < ;.
Z (1+u ) > k \/\P—k (6198)

>l

QeP, \s<k
4 2
< d—i D16 ) B Tr(5,Q)? VB (2) /Wy, <(1 Ful®) >
s<k QePp,
(6.199)
4e? i
<[> 64E< Y (0] Q1on ) E ()T (1Te(5,Q)] < 2)
s<k QeP,
(6.200)
> 64E<, (¢8| dTr(|es, (45 ]) (T12) /W, (Lemma 6.6.2)
s<k
(6.201)

< 32 \/_ V. (6.202)
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We have proven so far, for all £k < N :

b < 2 4 asevES. ¢ &ZVE\/\I/— (6.203)
= 2 4V b '
The first term of the upper bound can be seen as a non-adaptive contribution. The
second one can be thought as a geometric mean of the first and third terms. The last
term represents essentially the contribution of the adaptivity. Our final stage of the
proof is to use these recurrence inequalities to prove the lower bound by a contradiction
argument.

2
Recall that ¥, = E<E ((ufﬁ) [L-s (1+u§;a)) and S0 I(X ¢ Llly) <

5 Zivzl U, + 5Ne?exp(—Cd?). We suppose that N < 0%2 for sufficiently small ¢ > 0.
We know that from Lemmas 6.3.3 and 6.5.3

cd® SI(X:Y)<5) U+ 5Ne?exp(—Cd?). (6.204)

k<N

So > iy Uk > ¢d? (for example ¢ = ¢/4), on the other hand the inequality (6.203)
implies:

4e? 3 2VE
zk:\lfk < 27 +256ﬁ\/E+32—\/\I/,€ (6.205)
< 4‘]\[76 + 256N8 VN + 322 ° \/_\/ (6.206)
<4 Y +256— dd5/?2 + 32—— k U, (Cauchy-Schwar
P
(6.207)
8 512 £2
< + +32) —— k 7 6.208
: (\/_c’d Vi > dﬂz\/; \ 20 020
82
<C'—=-N 7 6.209
<0 Xk: " (6.209)

where C’ is a universal constant. Therefore:

qu <" ( ) < O3 (6.210)
Hence
cod® <I(X:Y) <> 5%y + 5N exp(—Cd?) < 10C"c*d” (6.211)
k<N

which gives the contradiction for ¢ < /¢y/C". Finally we deduce N = Q(d*?/¢?) and we
conclude the proof of Theorem 6.5.1.
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If the adaptive algorithm has a memory of O(H/s?), the previous inequalities imply
foralll1 <k < N:

4e? g2 32
U, < — +256VH— + —=VH\/VY 212
; k= ; d + 256 2 + dvd k (6 )
4e? e (32e)*H ¥,
< — 4+ 2 H— 4+ —— 1 21
< Ek — A 256VH o+ (6.213)

where we use AM-GM inequality, hence we deduce:

cod® <I(X :Y) <) 5F, + 5N exp(—Cd?) (6.214)
k
402N N 10-(32¢)*HN
<205 aseyEY 4 10 (829) (6.215)
d? d?
and finally we obtain:
, d* &3

For H = O(d?), this gives Equation (6.90). O

6.6 Properties of Pauli operators

In this section, we group some useful properties about the Pauli operators that we need
for the proofs in this chapter.

Lemma 6.6.1. We have for all Q € {I, X, Y, Z}®":

()P =d 1 (6.217)

Proof. 1t is clear that for () = I, () commutes with every P € P,, and thus the equality
holds. Now, let Q € P, \ {I} and we write Q = Q1 ® --- ® @,, where for all i € [n],
Q: € {I, X,Y, Z} is a Pauli matrix. By the same decomposition for P € P,,, we can write:

D D B (6:218)
PcP,, Py, Pre{lLX)Y,Z}
_ H (_1)P¢.Q¢ (6.219)
i=1 P,e{I,X,Y,Z}
_ H41Qi:]12 (6.220)
=1
— Pl (6.221)

where we have used in the third equality the fact that every non identity Pauli matrix Q);
commutes only with the identity and itself (so it anti-commutes with the two other Pauli
matrices) thus the sum Zpie{nxyz}(_l)Pi'Qi = 0. O
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Lemma 6.6.2. We have for all matrices p:

> PpP=dTx(p)L (6.222)

Pe{lX,Y,Z}®"

Proof. Let d = 2" and p € C¥9. It is known that \/ia{ll, X,Y, Z}®" forms an ortho-normal
basis of C?*? for the Hilbert-Schmidt scalar product. Thus, we can write p in this basis:

P\NP 1
p= Z Tr (—p) — == Z Tr (Pp) P. (6.223)
Pe{IX,Y,Z}®n V) Vd d Pe{LX,Y,Z}®n

Therefore we can simplify the LHS by using the identity PQ = (—1)F*®QP for all P,Q €
P,:

1 1
> ppp= y > Te(Qp)PQP = y > Te(Qp)(-1)"QPP (6.224)
PeP, P,QeP, P,QEeP,
1
=D T(@QnQ; > (-1 =) T(@nQ-d-lgwr  (6.225)
QeP, PeP, QeP,
= dTr(p)I, (6.226)
where we have used Lemma 6.6.1 to obtain the fourth equality. O

6.7 Optimal non-adaptive algorithm for learning a
Pauli channel with incoherent measurements

In this section, we simplify the algorithm of [FW20], and consider only the learning
algorithm. In particular, we show that, if we do not have errors in SPAM, only one
copy per step is needed. Hence, this algorithm can learn a Pauli channel to within e

in the diamond norm with only O (@) measurements/steps. Since we have proved

the lower bound of 2 <g—z> measurements in Theorem 6.4.1 with one use per step, this

algorithm is thus optimal up to a logarithmic factor. Note that we only add this part
for completeness and we do not claim any new contribution, all the proofs are similar to
those in the mentioned references.

Recall the set of Pauli operators P, = {I, X, Y, Z}®". Let S be a subset of P,, we
define the commutant of S as the set of Pauli operators that commute with every element
inS: Cg={PelP,:VQ €S, PQ=QP}.

Before stating the algorithm, we start by some important Lemmas we need:

Lemma 6.7.1. P, can be covered by d + 1 stabilizer (Abelian) groups Gy, . ..,Gav1 sat-
isfying for all i # j:

o |Gz| = d7
L CGZ' = G’i;

The proof is taken from [BBRV02] and [WF89].
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Proof. Here we use the correspondence between P, and (Z2)" ~ Z2". We can encode:

I+~ (0,0) € Z3, (6.227)
X (1,0) € Z3, (6.228)
Y (1,1) € Z2, (6.229)
7+ (0,1) € 73 (6.230)

and we generalize to IP,, by concatenating the encoding of each tensor. We define the
inner product of a = (ay, as),b = (by,by) € Z2 as follows:

a X b=aby+ab; mod (2). (6.231)
We generalize to a,b € (Z3)":
axb=a; Xb +---+a, xb, mod (2). (6.232)

It is not difficult to see that P and ) commute iff their corresponding images a and b have
inner product 0. We group the first coordinates together then the second coordinates by
using the isomorphism (Z32)" ~ (Z2)* : a — (a|B) = (((a1)1, ... (an)1)|((a1)a, - - - (an)2).
Moreover, by specifying an n.x (2n) matrix (A|B) we can construct the corresponding set, of
Pauli operators as the preimage of the linear combinations of {(A4;|B;)}; where M; denotes
the i row of the matrix M. For instance, the corresponding set of (0,|I,,) is the Z only
Pauli operators. The partition we are looking for will be given by {G;}¢! = {{1}uUC,;}¢*]
[BBRV02] where {C;}¢*]! are the sets of non identity Pauli operators corresponding to
matrices of the form:

(Onmn)’ (HnlAl)u R (Hn|Ad) (6233)

It can be shown that in order to have G; a stabilizer group, it is sufficient to have A; a
symmetric matrix and |C;| = d—1. The former condition implies that for all k,[ € [n], the
preimages of (I,,|A;)x and (I, A;); commute. Indeed, (I,|A;)xx (I, Ai)i = (Ai)ki+(Ai) e =
0 mod (2). The latter condition is satisfied since the matrix (L,|A;) has rank n and thus
generates 2" — 1 non identity Pauli operators (the preimages of > 7 | a;(I,,|A4;); where
{o}jem) € {0,131\ {0} ). Also, the condition of |C;| = d — 1 implies that G; = {1} UC; is
a group, since the maximal cardinal of a stabilizer set is d [BBRV02]. The same argument
shows that the commutant of G; is itself.

Now, we want to have C;NC; = (). If this is not the case, then we can find o € Z% such
that o(I,|A;) = a(I,|A;) which is equivalent to a(A4; — A;) = 0. So in order to avoid this
situation, we would like to have for all ¢ # j, det(4; — A;) # 0. Let By,..., B, € Z3*"
be n symmetric matrices. If we have for all a € Z4 \ {0}:

then we can choose A; = > _, ixBy where i = (iy,...,i,) is the expansion of ¢ in the
binary basis. These {4;}2", have the wanted conditions. Such construction of {B;},
can be found in [WF89]. Let fi,..., f, be a basis of Fan as a vector space over Zs,. Then
we can write for all 4, j € [n]:

fifi=>_BY fi. (6.235)
k=1
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Then By = (B-(k)> . satisfy the wanted condition [WF89]. We can verify this, let
,JEN

Z?]

a e 73\ {0}, we have:

> By = (Z akB;?) . (6.236)
k=1 k i,5€[n]

Suppose that det (>",_, axBg) = 0, so there is x € Z3 \ {0} such that >}, axBra” =
0. Let y = (Cpanfe) Cpanfn)™ = S uefe € Fon. We have for all i € [n],
>k, osz(k)xj =080 >, > 4 ozk;Bl(J z; = 0 therefore:

> i Bz, = 0. (6.237)
ksivg
On the other hand, the definition of y implies Zj,“y,x]B(k) = >, vifi)zif; =
> Q. fr hence 37, yz-:chi(? = ay, and therefore 37, af = >, . yzakBi(’j)x] = 0 finally
a = 0 which is a contradiction. ]

Lemma 6.7.2. Let G € {G1,...,G411}. Denote by Ag = P, /Cq, we have P, = G &
P, /G, Ca, =P, /G, and

T Z DR =1{Q e Cs). (6.238)

PeG

Proof. 1t is clear that when () € Cg, the identity holds since for all P € G, P.(Q = 0. Let
Q ¢ Cg, so we can find P € G such that Q.P = 11ie. QP = —PQ. Let C (resp. A) be
the set of elements of G that commutes (resp. anti commutes) with ). By the action of
P, we have the isomorphism C' — A : R — PR. Hence G can be partitioned into two
sets C' and A of the same size. Therefore:

DEDPC=N (1) 4D (D) =[C - 4] =0. (6.239)

PeG pPeC PcA

We have GNP, /G = {I}. Let P € P, and Q € P,,/G the class of P. So, P —@Q € G and
P can be written as P = (P — Q) + Q € G+ P, /G. Therefore P, = G o P, /G.
Finally since C¢ = G, we have Cy, = Cp, /¢, = P,/Cc, = P, /G.

Lemma 6.7.3. Let G € {G1,...,G4r1}. We have
® pgi= g ZPGG P is a rank one quantum state.

o Mg :={MZ =13 o(~1)PP}gea, is a POVM.

Proof. Since G is an Abelian group we have for all Q € G: QpsQ = cllZPeG QPQ =
> pec P = pc so pg is stabilized by G. Moreover, since |G| = d:

:GZP) :%ZPQ:%Z > RzéZR:pG (6.240)

PeG PQeG ReG PeG:PReG ReG
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therefore pg is a projector of trace Tr(pg) = % - Tr(I) = 1 thus it is a rank 1 quantum

d
state.
For the second point, we’ll show that each term of M is a rank one projector and
their sum is I. Let R € Ag, we have

1 1
(MEY? = = Z (—1)PHQ-Ep = & Z Z (-DFEP (6.241)
P,QeG PceG QeG:QPeqG
1
== ST (1P = ME (6.242)
PeG

and Tr(ME&) = 2(=1)®'Tr(I) = 1 so M§ is a rank 1 projector. Moreover, by using the
fact that Cy, = P, /G and GNP, /G = {I}, we obtain

doME=> 52(—1)”913 = Zé > (-nrep (6.243)

QeAq QeAg  PeG PeG  QeAq
=) {PeCuy}P= > P=L (6.244)
PeG PeGNP, /G
Finally, these two conditions imply that Mg is a POVM. ]

Now, we can state a simplified version of the algorithm proposed by [FW20].

Algorithm 10 Learning a Pauli channel in diamond norm

Require: N = O(d?log(d)/e?) independent copies of the unknown Pauli channel P(p) =
ZPEIP" p(P)PpP.
Ensure: An approximated Pauli channel R such that ||P — R||, < e.
for G € {Gy,...,Gy1} do
Take the input pg = £ > 5. P, the output state is P(p¢).
Perform Ng = d?log(2d(d + 1))/(4€?) measurements on P(pg) using the POVM
Mg = {MZ = 23 pea(—1)"9Plgea, and observe Q1,...,Qn, € Ag.
For P € G, define §(P) = 5= .75 (~=1)9".
end for
Define for P € Py, ¢(P) = 3 Y gep, (—1)?74(Q).
Let r be the orthogonal projection of ¢ on the set of probability distributions on P,,.
return the Pauli channel R(p) = pcp, 7(P)PpP.

Theorem 6.7.1. Algorithm 10 performs O (d*log(d)/e*) measurements to learn a Pauli
channel to within € in diamond norm with at least a probability 2/3.

The proof is taken from [FW20].

Proof. If we choose the input pg for some stabilizer group G, apply the Pauli channel P
and perform the measurement using the POVM Mg, the induced probability distribution
is given by:

po = {Tr(MFP(pc)) }aeas = { D (P + Q) (6.245)

Y
QEA
pPeG ¢
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because for Q) € Ag, we have:

ﬁw@ﬂmﬁzﬁ > (=1)"9p(Py)Tr(P PPy Py) (6.246)
P1,P3eG, P>
:'% > p(Py) (=) T (P By) (6.247)
d Py,P3eG,Ps
1 > p(Py)(—1) @ (6.248)
d P eGP
= ZP(P2)1(Q + P € Cg) (6.249)
= > pP+Q). (6.250)
PeCq
Therefore if Q ~ pg and P € G, then:
E((-D9) = 3 pe@ (=127 = 3" 37 pR+Q)(-1) @B (6.251)
QEAg Q€Aq RECq
= > p(S)(=1)" = p(P) (6.252)

SeP,

because P € G thus P commutes with R € Cg and P,, = Cg ® Ag. Therefore, by
Hoeffding’s inequality [Hoe63], we can estimates {p(P) = Egp.(—1)9F}pee to within
e/d with Ng = log(2d(d +1))/(2(g/d)?) = O (d*log(d)/e?) samples to have a probability
of error at most 0/(d(d + 1)) for each P € G. We repeat this procedure for each G €
{Gi,...,Ggq1} to estimate all {p(P)}pep, to within £/d. The total complexity is thus
N =SSP Ng, = O (dPlog(d)/e?). Let {G(P)}pep, the approximations of {p(P)}pep,
given by the empirical means. We can define {q(P)}pep, as follows:

a(P) =% > (=1)?"4(Q) (6.253)

QeP,

so that we have by the Parseval-Plancherel identity:

dlg=plla=1g—pla= | D G—p2>< [ (e/d)? =e. (6.254)

PeP,, PeP,,
However, ¢ is not necessarily a probability distribution. The set of probability distribu-
tions on P, is convex, hence if we define r as the orthogonal projection on this set, we
have:

I =pll2 < llg = pll2 < e/d. (6.255)
We conclude by the Cauchy-Schwarz inequality that r is a good approximation of p:

lr—pl < dllr —pl2 <e. (6.256)

]
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6.8 Conclusion and open problems

We have provided lower bounds for Pauli channel tomography in the diamond norm using
independent strategies for both adaptive and non-adaptive strategies. In particular, we
have shown that the number of measurements should be at least (d®/e?) in the non-
adaptive setting and Q(d*5/?) in the adaptive setting. We would like to finish with
three interesting directions. Finding the optimal complexity of Pauli channel tomogra-
phy using adaptive incoherent measurements remains an open question. We conjecture
this complexity to be ©(d*/e?) since we remark that in many situations the adaptive
strategies cannot overcome the non-adaptive ones. Furthermore, we already obtained a
O(d?/e%) bound for adaptive strategies in the high precision and sub-exponential memory
regime, further evidence of this bound. Moreover, since [CZSJ22] established the optimal
complexity for estimating the eigenvalues of a Pauli channel in the [,,-norm using ancilla-
assisted non-adaptive independent strategies, it would be interesting to find the optimal
complexity to learn a Pauli channel in the diamond norm when the algorithm can use
k-qubit ancilla for £ < n. Finally, it should be noted that all of the channel construc-
tions used in this chapter have a very large spectral gap, i.e. are very noisy. It would be
interesting to study the sample complexity of Pauli channel tomography in terms of the
spectral gap as well.
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