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1 Preliminaries

1.1 Quantum Information Theory

Qubits are unit vectors in C? with a canonical basis given as |0) = ((1)> and |1) = (?) Pure

quantum states composed of n qubits are unit vectors in C2". Following Dirac notation we indicate a
state via [¢/) and its conjugate transpose, an element of (C2")*, by (¢|. Outer products are indicated
by the notation |¢){¢|. Mixed states/density matrices p are positive semi-definite operators on
C2" such that Tr [p] = 1. Any mixed state can be decomposed into a probability distribution over
projectors onto pure states p = » . \;j|u;)(u;| where >, \; = 1. Pure states correspond to rank 1
mixed states. We will often label the mixed state corresponding to a pure state |¢)) by ¢ (instead
of [4)(1)]). Note that this is defined up to an absolute phase, i.e. |¢) and e*|¢)) correspond to the
same density matrix for all § € R. Positive operator valued measures (POVMs) capture the most
general notion of quantum measurements. These are given by ensembles of positive semi-definite
operators { F; }; such that ), F; = I. The probability of measurement outcome i is given by Tr[E;p].
Observables M are bounded Hermitian operators on C2", representing a measurement with values
assigned to the outcomes. The expectation value of an observable is given by Tr[M p]. Quantum
computers operate by applying gates (unitary matrices) to (ideally) pure states which evolve like
|") = Ul) where U is some unitary. One important gate we will see is the Hadamard gate given

(11
byH_\/i(l 1)'

1.2 Notation

Throughout for n > 1, we let [n] = {1,...,n}. For quantum states p, o, we denote dr,(p, o) as the
trace distance between the states |¢) and [¢)), defined as

1
dr(pya) = 5l = ol

where || - ||1 is the Schatten-1 norm of a matrix. For pure states |¢) and |¢) this simplies to

dre([6), 1)) = V1= [(¢l)[* .

For distributions, P, @ : {0,1}" — [0, 1], we say Pr,..p to mean z is sampled from P. We indicate
sampling from the uniform distribution on a set C by x ~ C. Similarly, by dtv (P, Q) we mean the
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total-variational distance between P, (). Similarly, define the Hellinger distance between P, () as

dw(P.QF =1~ (X VP@Qw) |

1.3 Useful theorems

Theorem 1 ([1]] (paraphrased)). Given two distinct pure states |1b) and |p) in C*" there exists a
constant k such that if 2 < k2"~ then with probability at least 1 — exp(—k2" 1) over random bases

M we have that || M (|4)) — M(|o)) |1 > v2kdr(|9), |¢0)), where M (o) denotes the probability
distribution induced by measuring the basis M on state o.

Theorem 2 (Levy’s lemma). Let f : S?~! — C be a function on the d-dimensional unit sphere
S4=1. Let k be such that for every |¢), ) € S, we have that

1F(19) = FeDl < k- (|6 = ll2,

then there exists a constant C > 1 such that

Pr [I£(®) — Elf ()] > ¢| < 2exp(~Cdz?/k?),

where the probability and expectations are over the Haar measure on the sphere.

Fact 1. Let binary random variable b € {0, 1} be uniformly distributed. Suppose an algorithm is
given |y (for unknown b) and is required to guess whether b = 0 or b = 1. It will guess correctly

with probability at most 3 + /1 — (1o [11)[>.
Note that if we can distinguish |1g), |11) with probability > 1—46, then |{{g|11)| < 24/0(1 — 0).
Fact 2. The class of degree-2 phase states {\/% Zm(—l)wTAwk@ | Ae ngn} can be learned

using O(n) entangled measurements in time O(n?).

Proof. The learning algorithm uses the Bell-sampling procedure: given two copies of |p4) =
1

Z‘/I‘,(—l)”’;““’C |), perform n CNOTs between the first copy and second copy and measure the

Van
second register to obtain a uniformly random y € F73. The resulting quantum state can be written as
T
1 T At (ot T Al (-1 Ay T T
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The learning algorithm then applies the n-qubit Hadamard transform and measures to obtain bit string
(A+ AT) - 5. Repeating this process O(n logn) many times, one can learn n linearly independent
constraints about A. Using Gaussian elimination, this procedure allows the learner to learn the
off-diagonal elements of A. In order to learn the diagonal elements of A a learning algorithm
applies the operation |z) — (—1)%%|z) if A;; = 1 for every ¢ # j. The resulting quantum state is
>, (=1)2:®i4ii|z) and the learner can apply the n-qubit Hadamard transform to learn the diagonal
elements of A. O

Fact 3. For distributions p,q : X — [0,1], define |v,) = > \/p(x)|x) and [p,) similarly. Then

dre(|thp), 1)) < 2d7v(p, q).

Proof. In order to see the fact, first note that we have (¢, [1)q) = >~ \/p(x)q(x) and

(), )2 = 1= (Wl = 1~ (2 Volwa(@))

By the definition of the Hellinger distance, we have that d (p, ¢)* = 1 — Y. /p(2)q(z), so we
have

dre(|t), [0a))? = 1= (1 — du(p,@)?)* = 2dp (p, 9)* — du (p,@)* < 2du(p,q)* < 2dvv(p, q),

where the final inequality used is [2, Proposition 1]. O



Fact 4 (Discriminating coherent encodings of distributions). Consider |¢,) and |1)4) for some
distributions p and q over X as defined above. Let ¢ be a function from X to [—1,1] We have:

* maxgx o [-11) | 22, (P(2) = 4(2))o(2)| = 2d7v(p, 9)-

Similarly, let |1)) and |p) be arbitrary quantum states and M an obervable on their Hilbert space.
We have:

® maXpy || M|<1 [ Tr(M (¢ — ¢))| = 2d7: (3, ¢).

Proof. 1. Choose ¢ = §(p(z) > g(z)) — d(¢(x) < p(x)), where 6(-) is an indicator function from
boolean clauses to {1, 0} which evaluates to 1 if its argument evaluates to true and evaluates to 0 if
its argument is false.

Y (@) —a(x))g(x) Yo @ —a@)+ Y (@)~ p()

zeX zEX;p(w)>q(w) zEX;p(w)<q(x) )]
= Ip(z) — q(@)| = 2drv(p, q).
reX

2. See for example [3, Lemma 9.1.1]. The operator ) — ¢ is Hermitian and can be diagonalized.
Let II; be the projector onto the positive part of its spectrum and II_ be the projector onto the
negative part of its spectrum, so that II_ + II, = I. Notice that:

2dpr (¢, ¢) = Tr (Il (¢ — @) = Tr (I (¢ — ¢)) = 2Tr (Il (¢ — ¢)). 2
O
Fact 5. For distinct A, B € F3™", we have that Pr, (g 1}» [:ETA:C #* :cTBm] >1/4.

Proof. Pry.i01}n [xTAac #* xTB:C] = Pry~qo,1)» [mTAx ® xz'Bx # 0} > i, where the
inequality follows from the Schwartz-Zippel lemma for Boolean functions [4]. O

1.4 Learning models

In this section we first describe the learning models we will be concerned with in this paper.

Classical PAC learning. Valiant [5] introduced the classical Probably Approximately Correct
(PAC) learning model. In this model, a concept class C C {c: {0,1}"™ — {0,1}} is a collection of
Boolean functions. The learning algorithm A obtains labelled examples (x,c(x)) where z € {0,1}"
is uniformly random and ¢ € C is the unknown target function}'| The goal of an (g, d)-learning
algorithm A is the following: for every ¢ € C, given labelled examples {(z°, ¢(x?))}, with probability
> 1 — 6 (over the randomness of the labelled examples and the internal randomness of the algorithm),
output a hypothesis h : {0,1}"™ — {0, 1} such that Pr,[c(z) = h(x)] > 1 — . The (&, d)-sample
complexity of a learning algorithm A is the maximal number of labelled examples used, maximized
over all ¢ € C. The (g, §)-sample complexity of learning C is the minimal sample complexity over all
(e, 6)-learners for C. Similarly the (¢, §)-time complexity of learning C is the total number of time
steps used by an optimal (e, §)-learner for C.

Quantum PAC learning. The quantum PAC (QPAC) model was introduced by Bshouty and
Jackson [6] wherein, they allowed the learner access to quantum examples of the form

1
‘wc> = \/ﬁ Z |$,C(l‘)>

z€{0,1}m

Note that measuring |¢.) in the computational basis produces a classical labelled example, so
quantum examples are at least stronger then classical examples. Understanding their strength and

"More generally in PAC learning, there is an unknown distribution D : {0,1}™ — [0, 1] from which
is drawn. Throughout this paper we will be concerned with uniform-distribution PAC learning, i.e., D is the
uniform distribution, so we describe the learning model for the uniform distribution for simplicity.



weakness has been looked at by several works (we refer an interested reader to the survey [7]). Like
the classical complexities, one can similarly define the (¢, ¢)-sample and time complexity for learning
C as the quantum sample complexity (i.e., number of quantum examples |1)..)) used and quantum
time complexity (i.e., number of quantum gates used in the algorithm) of an optimal (&, §)-learner
for C.

Quantum PAC learning with classification noise. Classically, the n-classification noise model
is defined as follows: for an unknown ¢ € C, a learning algorithm is given uniformly random

x € {0,1}" and b € {0,1} where, b = c¢(x) with probability 1 — n and b = ¢(z) with probability
7. In the same work, Bshouty and Jackson [6] defined quantum learning with classification noise,
wherein a learning algorithm is given access to

Yo o (VI —nle@) + Vile@).

ze{0,1}"

1
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Such quantum examples have been investigated in prior works [6} 8} 9].

Learning with entangled and separable measurements. Observe that in the usual definition
of QPAC above, a learning algorithm is given access to [1.)®T and needs to learn the unknown
¢ € C. In this paper we make the distinction between the case where the learner uses entangled
measurements, i.e., perform an arbitrary operation on copies of |1).) versus the setting where the
learner uses separable measurements, i.e., performs a single-copy measurement on every copy of |.)
in the learning algorithm. When discussing learning with entangled and separable measurements, in
this paper we will be concerned with exact learning, i.e., with probability > 2/3, the learner needs to
identify c. We denote EntExact as the sample complexity of learning with entangled measurements
and SepExact as the sample complexity of learning with separable measurements.

Quantum statistical query learning. We now discuss the QSQ model, following the definitions
given in [10]]. We first discuss the classical statistical query (SQ) model for learning an unknown
concept ¢ € C. Classically, the learner has access to a statistical query oracle Stat, that on input a
function ¢ : {0,1}"*! — [~1,1] and a tolerance T and returns a number « satisfying

a- B[ c@) <.
xz~{0,1}"

A classical SQ algorithm can adaptively make a sequence of Stat queries {(¢;, 7;)}; and based
on the responses {«;} outputs a hypothesis h : {0,1}" — {0,1}. The goal of the classical SQ
algorithm is to, with probability at least 1 — 4, output an h such that Pr,[h(z) = ¢(x)] > 1 —e. The
query complexity of a classical SQ algorithm is the number of Stat queries the algorithm makes
and the time complexity is the total number of gates used by the algorithm and in the description of
the hypothesis.

A natural way to extend the learning model is to allow the algorithm quantum statistical queries.
In the classical case, one can think of the input ¢ to the Stat oracle as a specification of a statistic
about the distribution of examples (x, ¢(x)), and the output of the Stat oracle is an estimation of ¢:
one can imagine that the oracle receives i.i.d. labeled examples (x, ¢(z)) and empirically computes
an estimate of ¢, which is then forwarded to the learning algorithm. In the quantum setting, one can
imagine the analogous situation where the oracle receives copies of the quantum example state |1)..),
and performs a measurement indicated by the observable M on each copy and outputs an estimate

of (Y| M|t)c).

Generally, in order to learn an unknown quantum state p in the QSQ model the learner makes
Qstat queries taking as input an observable M and tolerance 7 and recieves a T-approximation of
Tr[Mp], ie.,

Qstat : (M, 7) — « € [Tr(Mp) + 7, Tr(Mp) — 7.

In the case of quantum example states, p = |1)..){t.|, M is an operator on C2""", and the Qstat

oracle functions as

Qstat : (M, 7) = a € [(e|Mthe) + 7, 9e|M|the) — 7).



Like in the classical SQ model, the goal of the QSQ learner is still to output a hypothesis
h : {0,1}™ — {0, 1} that satisfies Pr, (.13~ [M(7) = c(z)] > 1 — Eﬂ We emphasize that the
learning algorithm is still a classical randomized algorithm and only receives statistical estimates of
measurements on quantum examples. The quantum query complexity of the QSQ algorithm is the
number of Qstat queries the algorithm makes and the quantum time complexity is the total number of
gates used by the algorithm and in the description of the hypothesis. There are three ways to motivate

the QSQ model

1. Clearly any binary measurement { M, I — M} can be simulated with a Qstat query to M or
I — M. In the opposite direction, any observable M such that || M || < 1 can be converted
into the POVM {#, %} Thus, Qstat queries as defined above and binary POVMs
are essentially the same model. From a theoretical perspective, performing 2-outcome
measurements are weaker (and easier to implement) than arbitrary separable measurements,
which is in turn weaker (and easier to implement) than entangled measurements, so it is
useful to understand the power of expectation values in quantum learning theory and the
QSQ captures this question in a theoretical framework.

2. One could envision a situation where quantum states p are prepared in the “cloud" and the
classical learning algorithm needs to only interact with the cloud classically. An efficient
QSQ model allows a quantum advantage in learning in this framework.

3. The QSQ model naturally extends recent works [11H13]] wherein they consider the limita-
tions of classical SQ algorithms for learning a quantum state )y = U|0™), i.e. they consider
the model where M is diagonal specifiable as M = > ¢(x)|x) (x|, then

(ulMpy) = ¢()(@|U]0™)? =Y é(2) Py (x) = Egnp, [6(2)],

which is precisely o they assume access to, in order to learn the unknown U

Throughout this paper, for notational convenience we use the following notation: (¢) for an n-bit
problem, when we do not specify a tolerance for the Qstat oracle, we implicitly assume that the
tolerance is 7 = 1/ poly(n), (i4) we always make Qstat queries with an operator M that satisfies
[|M]| < 1, so we do not explicitly state this when discussing Qstat queries, (iii) We say a n-bit
concept class C is QSQ learnable if C can be learned using poly(n) many Qstat queries, each with
tolerance 7 = 1/ poly(n) and observable M which is implementable using poly(n) many gates.

2 Relating separable and entangled measurements

Before proving our main theorem, we will use the following proposition, which was proven earlier
in [[14] in the context of learning quantum channels.

Proposition 1. LetC C {c: {0,1}" — {0,1}} and € > 0. Given

log|C| 4+ log 1/
T:O(og||+og/) 3)
€
copies of |¢.) = \/% >, |z, c(z)) for an unknown ¢ € C, there exists an algorithm that uses

separable measurements and with probability > 1 — 0, outputs a ¢’ € C such that Pr o 1yn[c(x) =
d@)>1-e

. For our purposes

Note that their proposition deals with general states and T' = O (W)

the % is improved to X by the fact that dv(pys, pn) = € implies that Pr, (o 13- [f(z) # h(z)] =
O(ve).
Theorem 3. Let C be a concept class C C {c: {0,1}"™ — {0,1}} and

_ . P / _ P / .
mm=min, Pro[o@) #¢@) na= EPrle(@)# /()]

’Generally we relax this assumption and implicitly assume that the learner is outputting a quantum state that
is close in trace distance to the unknown state. This is a more general model and clearly lower bounds then carry
over to algorithms that output classical functions as well.



Then we have that
SepExact(C) < O(n - EntExact(C) - min {na/nm , EntExact(C)}).

Furthermore, there exists C for which this inequality is tight.

Proof. First observe that
SepExact < 2/, - log|C]|. “4)

This is easy to see: fix & = ,,/2 in Proposition [I| and consider a separable approximate
algorithm that, given copies of |¢.), an approximate learning algorithm outputs ¢’ such that
Pryo,13»[c(x) # ¢/(x)] < e, then ¢ = ¢’ by definition of 7,,,, hence this algorithm is a sepa-
rable exact learning algorithm.

Next, we prove two lower bounds on EntExact:

i%}

EntExact > max { ” o

)
To see the first lower bound in Eq. (5)), observe the following: consider the ¢,¢’ € C for which
Pryqo,11[e(z) # ¢ (x)] = nim, then every exact learning algorithm needs to distinguish between
c,c. Since (Yc|per) = 1 — npy, by Fact[l] this implies a lower bound of ' = €(1/7,,,) many
quantum examples to distinguish between ¢, ¢’ with bias (1).

To see the second lower bound in Eq. (@), first note that 1 — 1, = E. orecBqngo,13[c(z) = ¢/ (2)].
Next, observe that

log C|
nng

EntExact > (6)

The proof of this is similar to the information-theoretic proof in [§]. We prove the lower bound for
C using a three-step information-theoretic technique. Let A be a random variable that is uniformly
distributed over C. Suppose A = ¢y, and let B = B ... By be 1" copies of the quantum example

o) = = D laselx
ze{0,1}n

for ¢ € C. The random variable B is a function of the random variable A. The following upper and
lower bounds on (A : B) are similar to [8, Theorem 12] and we omit the details of the first two
steps here.

1. I(A : B) > Q(log |C|) because B allows one to recover A with high probability.

2. I(A:B) <T-I(A: Bj) using a chain rule for mutual information.

3. I(A:B1) <O(n-ny,).

Proof (of 3). Since AB is a classical-quantum state, we have

I(A:B)) = S(A) + S(B;) — S(AB;) = S(B)),

where the first equality is by definition and the second equality uses S(A) = log |C| since
A is uniformly distributed over C, and S(AB;) = log|C| since the matrix

U:‘C|Z| ‘®|w( 1/1(\
ceC

is block-diagonal with |C| rank-1 blocks on the diagonal. It thus suffices to bound the
entropy of the (vector of singular values of the) reduced state of By, which is

=1 S ) el

ceC



Letog > 01 > -+ > o9n+1_1 > 0 be the singular values of p. Since p is a density matrix,
these form a probability distribution. Now observe that g > 1 — 7,: consider the vector
u = g1 Leec |¥er) and observe that

W= Y (el el

c,c/ el
= B [Bo ()] - [Beo [l
. (E/[Wch’”) _ (C%,K%WC””) =( E_ Pr le(z)=C(x)])" > 12,

c,c’eC x~{0,1}
where the first inequality is by Chebyshev’s sum inequality (since all the inner products
are non-negative) and the second inequality follows from the definition of 7n,. Hence we
have that o9 = max,{u'pu/u’'u} > 1 — 27, (where we used that |luls < 1). Let
N € {0,1,...,2""1 — 1} be a random variable with probabilities o, o1, ..., T9nt1_1, and
Z an indicator for the event “IN # 0.” Note that Z = 0 with probability g > 1 — 27, and
H(N | Z =0) = 0. By a similar argument as in [} Theorem 15], we have

S(p) = H(N) = H(N,Z) = H(Z) + H(N | Z)
=H(oo) +00- HN |Z=0)+(1-00)- HN|Z=1)
< H(na) +na(n+1)
< O(na(n +10g(1/74))
using H(a) < O(alog(1/c)).

Combining these three steps implies 7' = Q(log |C|/(n74)).
Now putting the relations between EntExact, SepExact together we get

SepExact < n - 1, /nm - EntExact < n - EntExact?,

hence we have the desired upper bound as in the theorem statemenﬂ

SepExact < O (n - EntExact - min {na/mm, EntExact}).

To show that this inequality is optimal, observe that: if C is the class of degree-2 phase states, i.e.,
C={fa(z) =2 Az : A € {0,1}"*"}, then n,, = 1, = O(1) by Fact We saw in Fact 2| that
this class can be learned using ©(n) entangled measurements, so EntExact = ©(n) and the above
upper bound implies SepExact = O(n?), which was shown to be optimal in [15].

3 Lower bounds for Quantum statistical query learning

Here we prove our main theorem which provides combinatorial quantities one can use to lower bound
the QSQ complexity of learning. The techniques and parameters used in this section are inspired by
several seminal classical works on classical SQ learning [16H19]. We first define statistical decision
problems, then define the quantum statistical dimension which lower bounds the decision problem
complexity and finally discuss the variance and average correlation bound to lower bound the QSD
dimension. For notational convenience we discuss some notation we use in this section: throughout
this section, we will let C be a collection of n-qubit quantum states. We let QSQ(C) be the complexity
of learning C using Qstat queries, QSD is the complexity of the decision problem, QQC is the
quantum statistical dimension, QAC is the average correlation bound.

3.1 Learning is as hard as deciding

Definition 1 (Quantum (many-vs-one) Decision Problem). Let 7 € [0, 1] and let o & C. A quantum
statistical decision problem for (C, o) is defined as: for an unknown state p, given Qstat(7) access
to p decide if p € C or p = 0. Let QQC,(C, o) be the number of Qstat(7) queries made by the best
algorithm for the decision problem that succeeds with probability at least 1 — 6.

*We state the theorem as below, since it is apriori unclear as to why 1/7,, is a lower bound on EntExact.



We now prove our first lemma that QQC is actually a lower bound on QSQ learning the concept
class C. We remark that a similar lemma appears for classical SQ in [13]], we want to thank the
authors for sharing their manuscript during the completion of our work.

Lemma 1 (Learning is at least as hard as deciding). Let ¢ > 7 > 0 and o ¢ C be such that
minecldr (p, 0)] > 2(1 + ). Let QSQS(C) be the number of Qstat() queries made by a QSQ
algorithm that on input p outputs 7, such that d1,(m, p) < € with probability > 1 — §. Then

QSQE’(C) > QQC,(C,0) — 1.

Proof. We show this by solving the statistical quantum decision problem by querying a QSQf."S(C )
learning algorithm A. For p € C, A outputs, with probability > 1 — §, a classical description of
quantum state 7 such that dr,(p, 7) < €. Note that for o ¢ C, the output of A is not well-defined and
we assume that .4 can output anything.

Let the output of A be 7. If 7 is not a valid quantum state, return “p = ¢”. We then check if
min,ec dr(m, p) > €. If yes, return “p = ¢”. At this point, we know the classical description of
both 7 and o and also know that there exists some v € C, such that dr, (7, v) < e. We can find such
v that is closest to 7, as well as an operator II; which is a projector onto the positive part of the
spectrum of the hermitian operator ¥ — o. Finding this may be computationally difficult, but does
not require additional Qstat(7) queries. We then query Qstat(7) with II, to obtain a response R. If
|R — Tr(Il1o)| < 7, return “p = ¢”. Return “p € C” otherwise.

The algorithm outputs “p = ¢" on all inputs p = ¢ with certainty. On input p € C, the algorithm
A returns, with probability at least (1 — §) a description of a state 7 that is € close to the input. Our
algorithm then uses this information to find a state v € C, such that dr,(7,v) < . We have from
reverse triangle inequality that:

T (p — 0))] 2 | [Tr(IL (0 — )| - [Tr(IL, (v = p))|| = dw(v0) — 26 > 2r, (D)

dr(o,v) <2

where we used that |Tr(II. (v — p))| < dr (v, p) < dr (v, 7) + d1e(p, ) < 2sﬂ It follows that:

[R—Tr(Ilyo)| > [Tr(ILy (p — 0))| — |R — Tr(IL p)[ > 7, ®)
—_———
<r
The algorithm outputs “p € C” with probability at least (1 — §), as expected. O

For completeness, we also include a proof of a lower bound on the learning complexity by a
decision problem hidden completely (that is, o € C) inside of C.

Lemma 2 (Learning is as hard as deciding, alternative take). Let D C C and let 0 € C, 0 ¢ D,
dr(D,0) >ecande > T > 0. Then:

QSQZ°(C) = QQC, (D, ). ©)

Proof. Let A be a statistical ¢, § learning algorithm for C that uses Qstat(7) queries. On input
p € C, the algorithm A outputs (with probability at least 1 — §) a state v, such that dv,(v, p) < € and

uses QSQE°(C) many queries. Output “p = o~ if dr (v, 0) < €, otherwise output “p € D”. The
algorithm clearly succeeds with probability at least 1 — 4. O

3.2 Quantum statistical dimension to bound the decision problem
With this lemma, in order to lower bound QSQ learning it suffices to lower bound QQC, which we
do via the quantum statistical dimension that we define now.

Definition 2 (Quantum Statistical Dimension). Let T € [0, 1] and p be a distribution over a set of
n-qubit quantum states C and o ¢ C be an n-qubit state. Define the maximum covered fraction:

Kr-frac(p, o) = Mﬁf?»?’\fgl{pf:i [Tr(M(p—0))| > 7]} (10)

*Note that this inequality is maximized if v # p. This can happen if the input state p € C is less than 2¢ far
from another state p’ € C and the learning algorithm outputs 7 that is closer to p’ € C.



The quantum statistical dimension is:

QSD,(C,0)) = sup [r,-frac(u, o))", (11
I

where the supremum is over distibutions over C.

This definition is essentially the same as Feldman’s definition of randomized statistical dimension
in [18]], but uses the difference between the expectation values of quantum observables. Sections 4, 5
and 6 of our work show that this has many nontrivial and interesting consquences. The following
lemma, following similarly from Feldman’s work [18, Lemma 3.8], will be convenient later:

Lemma 3. Let 7 > 0, C be a set of quantum states and o ¢ C be another quantum state. Let d be the
smallest integer such that: there exists a distribution v over Qstat queries M satisfying

VpecC: A/Fr [(|Tr(M(p—0))| > 7] > 1/d,
then d = QSD,(C, o).

Proof. See also [18, Lemma 3.8.]. Suppose that the Qstat tolerance is fixed to 7 and let M be the
set of all valid Qstat queries. Define G : C x M — {0,1} as G(p, M) = §[|Tr(M(p — 0))| > 7],
where §[] is the indicator function. Let 4 be distribution over C and let v be distribution over M.
Consider the bilinear function:

Flu,v) = / dv(M) 3" ulp)G(M. p) = Prypey Prar [T (M(p — o)) > 71, (12)
M peC
It follows by von Neumann’s minimax theorem that:
min max F'(u, v) = maxmin F'(p,v) =: 1/d, (13)
T v

where the optimization is over possible distributions p over C and distributions v over M. For a
distribution 4 over C, there exists an optimal distinguishing measurement M/ € M, from which:

H}Lll’lmVaXF(/J/,l/) = min max Pr, u[|Tr(M(p — o)) > 7). (14)
Observe that:
4 = sup( e Prou[[TH(M(p — )] > ™, (15)
which is the definition of QSD, by Eq. Similarly, we have that:
d = (maxmin F(u,v)) "' = inf(meigPrpNMHTr(M(p —o))| >7) (16)
v m v op

For a given distribution v over M, it then holds for all p € C that Prps, [|Tr(M (p—0))| > 7] > 1/d.
This is the definition in Lemma 3] O

We now show that the QQC complexity is lower bounded by QSD.
Lemma 4. For every o ¢ C and T € [0, 1], we have that

QQC,(C,0) > (1 —26)QSD,(C, o). (17)

Proof. Let A be the best algorithm that solves (C, o) with probability at least 1 — § using ¢ Qstat(7)
queries My, ... M, chosen according to the internal randomness of .A. Suppose, for contradiction,
that the response to every such query was Tr(M;0). Let p, = Pr.4 [3i € [¢]|[Tr(M;(p — o)| > 7]
be the probability that p € C can be distinguished from ¢ by at least one of queries. If p, <1 — 26,
then with probability 24, the responses Tr(M; o) are valid Qstat(7) responses. By correctness, on
input p = o, the algorithm can output “p € C” with probability at most 4. This however means that
on input p € C, the algorithm can output “p € C” with probability at most § (since the responses did
not change), which contradicts the algorithm correctness. It follows that p, > 1 — 26 for every p € C
and with probability 1 — 20, there exists a M; that distinguishes p and ¢. Running A and picking
one of its queries uniformly randomly then gives Prys [| Tr(M (p — o)| > 7] > 1%35. Lemmathen

implies that ¢ > (1 — 26)QSD,(C, o).



3.3 Variance and average correlation lower bound quantum statistical dimension

We now present our main lower bound theorem, wherein we show that there are two combinatorial
parameters that can be used to lower bound QSD, which in turn lower bounds sample complexity
in the QSQ model. Throughout the paper we will use these two two parameters to prove our QSQ
lower bounds.

Theorem 4 (Lower bounds). Let 7 > 0, C be the class of n-qubit states. Then

1. Variance bound: Let 1 be a distribution over C, such that E,..,,[p] ¢ C. Then:
—1
SD.(C,E,.[p]) > 72- mi (VarTrM) : 18
QSD-(C,Bpuplp]) 2 77| min_ { Var[TrlpM]] (18)

where
Var[Tr(pM)] = E [Tr(pM)?] — ( E [Tr(pM)])Q.

P P~ prp

2. Average correlation: For a full-rank quantum state o ¢ C, define p := (po~' — ) and:

oy}

19)

1 A
~v(C,0) = B Z |Tr(p1p20)|, kl-frac(Cy, o) := max {

cree
p1,p2€C °

Let QAC.(C,0) = supe, ¢ (k] -frac(Co,0))~*. Then, QSD,(C,0) > QAC,2(C,0).

Proof. 1. We first prove the Let u be a distribution over C and M be a hermitian operator such that
[|M|| < 1. By Chebyshev’s inequality, we have that:

TroM) ~ B [Te(pA)] > 7| < VarlTe(on)] 72, 0)

p~u pp

where
Var[Tr(p)] = E [Tr(p0)?] — ( E [Tr(o2)])"

prp prp pp

Let v be a distribution over the queries M that are made by a randomized algorithm for the
many-one distinguishing problem (C,E,~¢|p]). Lemmathen implies for d = QSD,(C,E,~c[p])
thatf]

Var,,[Tr(pM)] .

1
- < — >
7 S br Pr{[Te(pM) = Ep[Tr(pM)]| 2 7] < Pr. =~ @1
Since this inequality holds for any such distribution v, it holds for every query M. Hence,
72
QSD,(C,o) > min @ —————. (22)

M, |M| <1 Var,,[Tr[pM])

2. We now prove the average correlation bound. Let C’ be a set of quantum states. Let p := (po~!—1)
and define:

1 R
€0 = > (Trlsipiol] (23)
pi,pi €CY
We will first show that for any such C’ and any observable M, | M || < 1, we have that:

2

S M (M(p—o)| | <IC'Py(C,0). (24)

pecl’

>Note that if E,~c[p] € C, then d — oo, since the average is not distinguishable from each state in C by any
measurement. This edge case happens for example for |C| = 1.
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To that end, observe that:
2 2 2

SNTMpp-o) | =D [Tr(Mpo)| | = |Tr|{ VoM > sign(Tr(Mpo)p/o
peC’ peC’ peC’
2
< Tr(eM?)Tr [ | > sign(Tr(Mpo)p| o |,
pel’

(25)
where the above follows from Cauchy-Schwartz inequality. Since ||M|| < 1, we have that
Tr(oeM?) < 1 and also that:

2

Tr Zsign(Tr(Mﬁo')ﬁ ol = Z sign(Tr(M p10))sign(Tr(M p20)) Tr [p1 p20o]
pec’ p1,p2€C’

< |e'Py(C,0).

(26)

We show the claim by upper-bounding the «.-frac(u, o) for y uniform over some subset Cy C C
by k2-frac(Co, o). Recall that for a distribution p over quantum states, we have that:

(o) = Pr [|Tr(M(p — > 27

o) = max { Py (TG~ o)) > 71} @)
For a uniform distribution pc, over Cy C C, this gives:

1
kr(pe,,0) = max —— O[|Tr(M(p—o0)| > 7], (28)
(heo,0) = | max  ron > (T M(p - 0)| > 7]

peC

where 0[z] = 1 if the clause x is true, and O otherwise. From here onwards, fix M to be the

operator that maximizes the above expression. Let C' C Cy to be the largest subset of Cy, such
that |Tr(M(p — 0))] > 7 forall p € C'. Then ), [Tr(M(p — o)| > |C'|r. Along with
> e O[Tr(M(p — o)| > 7] = |C’| this implies that:

peC’

!/ !/
S ST M= o)l > 7] < s | 1€ [ S Tp- o) = 1C1r || @9
p€eCo pecC’
Combining this with Eq. (28), this gives:

'l
kr(picy, o) < ex Col Z [Tr(M(p—o)| > |C'|7 ¢ . (30)
pec’
2
Using (Zpeo ITr(M(p — J)|) < |C'PA(C', o) implies
rr—frac(uc,, o) < min k], —frac(C’, o). (31)

Hence we have that

QSD-(C, ) = sup(ssr (11,0) ™) > (- (11, 0) 1) > max(n, ~frac(C’, o)1) = QAC.»(C,0).
o S

This proves the lower bounds in the theorem statement. O

In many of the bounds to be proved in the following sections we consider converting a learning
problem to a decision problem C versus o where min,cc d1.(p, o) > ¢, where ( is some constant.
For large enough 7 lemma [I]may no longer hold. Fixing an approximation error £, lemma [I] then
holds if { — 2¢ > 27. Note that the left hand side is some constant and we implicitly assume this
upper bound on 7 in the following proofs. This is without loss of generality: the existence of a QSQ
algorithm with tolerance 7 greater than or equal to ¢ — 2¢ then further implies that one exists for all
tolerances of smaller value. That is, smaller tolerance cannot increase the query/time complexity. As
many of the results are asymptotics, requiring that 7 be at most some constant does not change the
results where 7 appears in the complexity.
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4 Separations between statistical and entangled measurements

In this section we prove our main theorem separating noisy entangled QPAC learning and QSQ
learning, and next show that for a “small" circuit one can witness such an exponential separation.

4.1 Separation between QSQ and QPAC with classification noise

In this section we prove our main theorem. Consider the class of function states

{W}A> \/* Z |$ x' Az (mod 2)> A GF"X”}

ze{0,1}™
The sample complexity of learning this class in the following models is given as follows
1. Entangled measurements: ©(n)
2. Separable measurements: O (n?)
3. Statistical query learning: (72 - 2"/2) making Qstat(7) queries.
4. n-random classification noise: O(7—5,5z). The algorithm runs in time O(n3/(1 —2n)?).

Points (1), (2) above were proved in [15] and we do not prove it here. In the following two
theorems we prove points (3), (4) above.

Theorem 5. The concept class

Z |z, 2" Az (mod 2)) : A € ngn}

z€{0,1}7

¢ ={lva) =
requires 2°X™) many Qstat(1/ poly(n)) to learn below error 0.05 in trace distance.

Proof. We prove the hardness for algorithms using Qstat queries using the variance lower bounding
technique in Theorem[d] In particular, we show an exponentially small upper bound for the variance
for any observable: for every n + 1 qubit operator M such that || M| < 1 we have that

Var 4 (Tr[M1)4]) = 274, (32)

where we let 104 = |104) (1) 4] for notational simplicity. To apply our results linking learning and
decision problems we note that

v Ealps) 2 1 - VERTTATaNF 2 1 - C0 D OMOH Ly iy

where the first inequality follows from the lower bound on trace distance by fidelity [20] and the
second by fact[5)and that (Y 4|¢p) = Pry[fa(z) = fp(z)]. Fix e = 0.05. Then lemma [I] holds
if 7 < 0.085, which we assume without loss of generality as previously discussecﬂ Along with
Theorem ] we obtain our lower bound on the QSQ complexity of learning C. It remains to establish
Eq. @I) To this end, we need to understand

Var o (Tr[M ) 4]) = Ea[Tr[Ma]*] — (Ea[Tr[M14]])* (33)

To do so, we decompose 1) 4 as follows. Forevery f : {0,1}™ — {0,1} let|¢y) = \/% doulz, fx))
and |¢f) = >, (—1)f@|z). For convenience we let |u) = W > . |x). Then we see that

(H®H)¢A(H®H) (34)
5 3 (OO a) b (33)
zyab

- §(|¢A><¢A\ @ [1)(1] = loa)ul @ [1)(0]  Zfu)oal @ 0)(1] + 3 u)ul @ 0)0])  G36)

SThe choice of € = 0.05 is arbitrarily and done for readability. A similar result holds for any ¢ <

1/2(1 — 4/17/32) by the same argument.
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hence we have that

9l = 5 (840641 © =) (=]~ [Ba)l © ) CH] ~ [u) (9] @ )=+ [l © 441 ).

i p3 o3 Iy

We now note that any n + 1 qubit observable M can be decomposed as M =}, | M, ® |a)(b|

where now a,b € {+,—}. Since ||M| < 1 we also have that ||M, ;| < 1, however the off-
diagonal blocks now no longer need be Hermitian. In an abuse of notation we now discard the last
qubit of p* and denote the resulting state also as p7'. For ease of notation we further introduce
the notation M1 =M__, My = M_,, Mg = M, _, and My = M, ; Thus, we see that
Tr[Ma] = 13, Tr[M;p{] and further the variance can be written as

Var 4 (Tr[M1a]) = E(EA[Z Tr[M; p | Tr[M;p}']] — (EA[Z Tr[M;p])?) (37

2
1
— 1 3 [BaT(0) - Te (M) = TeUEAL) - THOLEALR])]. 39)
.3
Below we drop the factor of 1/4 and bound the magnitude of each term for 7, j € [4]. As we will

show, each term must be exponentially small. To do so, we use the following facts which will be
proven later.

Fact 6. We have the following
Eallpa)] = |0">/\/27 Eallga)®?) = [@F)/V2", EA[|¢A><¢A|] =1/2",
Eall¢a) ® ($al) = 5 Z|m (@, Eallpa) @ [pa)(dall = 2g,m/2|0> ®[0)(0],

Eall¢a){¢al ® [¢a)] = 23n/QZIfE 2| @10) + [2)(0] @ [} + |0)(z] © [x) — 2|0)(0] ® |0)),

EAl64) (641°7] = (L SWAP) - (0%)(@%| — 23 |} (.,

x

where SWAP swaps two n-qubit registers via SWAP|Y) @ |¢) = |¢) ® [¢) and |®T) =
27"/2%" |z, x). is the EPR state of 2n qubits.

First note that p3' does not depend on A. Thus, for all i € [4] we have that
EA[Tr[M; ® My(p;' @ p3)] = TeMiEa[o7 ]| Tr[MaEa [5]] - (39)

The contribution to the variance from these cases equals 0. We are left with analyzing i, j € [3]. We
analyze these cases now separately. Case i = j = 1. Using Fact[]above, we get that

Tr(MiEa[pi']) = Tr(My - Eal¢a)(0al]) = Tr(Mi)/2".

Next, observe that
2
Ea(Tr(Mipi))” = Te(My @ My - Ealpf © pi'])

= TI’(Ml ® My - (4%(]1—&— SWAP) + 2%|<1>+><q>+| _2 Z |z, z)(, 17|))
1 2 1
= 5 (Tr@0))" + 2 Tr(M0)?) + —<<I>+\M1|<I>Jr ZMl (z, )

1 1 1
< E(Tr(Ml)) Tontan

where the third equality used that Tr(M; ® M7 - SWAP) = Tr(M?%), the fourth equality used that
Tr(M3?) < 2™ and ||M®?|| < 1. Implicitly we have used that M, is Hermitian and ||M;]| < 1.
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Hence we have that variance term contribution is
Ea[Tr(Mipf) - Tr(Mipf)] - TiMEalpf]) - Ti(M Ealpf))
1 2 2
< 47(Tr(Ml))2 +om - (Tr(Ml)/Q”) — /9",
Case i = j = 2. Using Fact[f|above, we get that

Tr(MaEa[p3]) = Tr(My - Eall¢a)(ul]) = (0[Malu)/v/2".
Next note that

Ea[Tr[Maps']?] = Tr[Ma @ Mo Eap @ p3']] (40)
= Tr[My ® My E[|¢4)®%](ul®?] (41)
= g e ® M) = 50 Sl = 4 ) @)

We now bound the norm of each of these terms individual as then, by triangle inequality, the norm of
the contribution from the case is exponentially small as well.

1
|((0|Mz]u)/v2m)| < 7\/ I0M[? |M2]u)[|? < :
V2 Ve
and thus |[Tr(MsEa[pf])] < 5. For the other term we use that | > (Ma(y,z))?| <
DI M,(y,z)|?. Then we can rewrite this as || Ma|u)||3 < 5= |Ma|| < 5~. Thus, the

contribution from this case is exponentlally small. Case z = j = 3. This is the same as the case
1 = j = 2, thus the norm of this case is upper bounded by + as well. Case i = 2 and j = 3 Using
Fact[@ note that

Tr[My @ M3Ealpy © p3']] = Tr[Mo ® Ma(I® |u))Eall¢a) ® (pal]((u| @ D] (44)

(43)

1
b ZTr[Mz @ Ms(|z) (u] @ |u)(x]) (45)
Now we use that M3 = MQJr to rewrite this as 5 > |<u\Mg|x>|2
1 1
> WulMelz)|? = I\Mz\u>H2 = om (46)

We have already shown the subtracted terms to be exponentially small in magnitude and thus the
magnitude of this case must be exponentially small. Case ¢ = 1 and j = 2, 3. Here we work out
7 = 2 as the result then holds similarly for j = 3.

Tr[My © MaEa[pf ® p3]| = [Tr[M1 © MoEa[|da)(da] © [o4)] (T @ (ul)] 47)

1
= |y ML ® M () |z) (| © |0) (u] + [2)(0] @ |2) ul + [0} ® |z} (u] — 2/0)(0] @ |0) (u])]]
T
(43)
We deal with each term in the trace above separately. First:
23n/2|Tr[M1 ® My( Zp; (z] @ 0)(u])] = 23n/2|Tr[M2] (ulMa|0)| < o (49)

The next two terms are similar and we bound the first here (which implies the same upper bound for
the second via nearly identical steps).

1

23n/2 | Tr[M; @ Ma( Z |z) (0] @ |x)(u|)] = \(O u| My @ Ma|®T)| < o - (50)
The last remaining term is bounded as follows:
1
23n/2\Tr[M1 ® M2|0){0] @ [0){ul]] = 23n/QITr[MﬂOMOI]I TrM2|0)ulll < 5375 - GD

Thus, the contribution from the second moments is of magnitude at most O(27"/2). While
|Tr[M,E 4[p{]]| may be large (up to 1), we also have that [Tr[M>E 4[p3]]| < \/% and thus all
terms in the case are exponentially small in norm as well. We have thus shown that the norms of
the contributions for each case are all exponentially small. Thus, the variance must be exponentially
small as well. It remains to prove Fact[f] which we prove now.
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Proof of Fact[f] Most of the desired expectation values stem from the following observation: for the
uniform distribution over upper triangular binary matrices A, we have that

EA[(—l)wTA$+yTAy+zTAZ} _ EA[(_1)<X+Y+Z,A>] (52)
=0x4Y+2,0 (33)

= 5I,y6z,0 + 6m,z6y,0 + 6y,25m,0 - 26z,05y,062,07 (54)

where XY, Z are defined as zx " ,yy ', 22" respectively and the second equality follows from
E.[(~1){*)] = §,.. Now the first three inequalities in the fact are now easy to see. Setting

y = z = 0 we have that

Eall¢a)] = Eal jynZ(— o Ao ) \/272 yo T A2)\z) = o) V2T

Similarly, setting z = 0 yields

1 2T T A 1 T T
EA[|¢A>®2] ]EA[Qn Z(_l)., Az+y AJlx’y” =50 ZEA[(_l)x Azty Ay |z, y) =5 Z |z, z)
z,y

Similar reasoning implies ]EA[|¢A><¢AH =1/2", Ea[|¢a) ® (94|l = 5= >, |2) ® (2|, and

Eallpa)(pal ® |9a)] = 23n/2 Zlaj (2] ®0) + [2)(0] @ [z) + |0)(z[ @ |2) — 2]0)(0] ® |0)) .

The final decomposition of E 4[|¢ ) (¢ 4|®?] follows from [15} Proposition 2]. O
The proof of the fact concludes the proof of the theorem. O

Here we note that an alternative proof technique, similar to that used later to prove lower bounds

on purity testing and learning distributions, extends this result to hold for ¢ < /7/16. However, we
omit it here in the interest of cohesiveness.

Next, we show that C is efficiently learnable in QPAC even in the presence of classification noise.
Theorem 6. The concept class
1
C— { _
|'¢}A> \/27
can be learned in the n-random classification model, using O(n /(1 — 21)?) copies of the noisy state
and time O(n?/(1 — 2n)?).

Z |z, 2" Az (mod 2)) : A € IFZX"}

z€{0,1}m

Proof. Below, let |¢f) = \/127 >, (=1)7@)|z). In the random classification noise model, we are
given copies of

[¥y) = @Z'x (VI =nlf(@) +v/nlf(z)).

We first show that using two copies of |1 ), with probability > - - -, we can obtain |¢)¢)®2. In order
to do so, observe the following

I H)|gn) = ~ 1)@ ) (=10 T p))

1
Jam S
1 Fa F@
= o ; (VI =n(=1)""@ 4 /n(=1)" 7 @) |z, b).

Now, measuring the last qubit, the probability of seeing b = 1 is given by

| (VI — i) )|

- o S IR ) = LT -
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The post-measurement state is given by
V1/ — E f(@)
p- (V1 - V) - T"“ |z) = |f).

Hence with probability exactly p = 1(1 — 2y/n(1 —75)) < (1 — 2n)? (which holds for every
n < 1/2), given two copies of |1 ), we can produce two copies of |¢ ).

Now, if we focus on the concept class f4(x) = x' Az. The learning algorithm first takes

o(1/(1- 2n) ) copies of |1 4) to produce two copies of |¢ 4). Note that the algorithm knows when

it succeeded, i.e., when the measurement of the last qubit is 1, the algorlthm knows that the above

procedure performed the transformation |),,)®? — |1)4)®2. Now using Factlwe can learn f4 given

O(n) copies of |1)4) and O(n?) time. Overall, the sample complexity and time complexity of the
procedure is O(n/(1 — 2n)?) and O(n3/(1 — 2n)?) respectively.

4.2 Smallest class separation

In the previous section we saw that the concept class of quadratic functions separated QPAC from
QSQ. Observe that states in this concept class can be prepared by circuits of size O(n?) and depth
O(n) consisting of {Had, X, CX} gates. A natural question is, can states prepared by smaller circuits
also witness such a separation between QPAC and QSQ? In the theorem below we answer this in the
positive, by using a simple padding argument inspired by a prior work of Hinshe et al. [12].

Theorem 7. Let o € (0, 1) there exists a family of n qubit Clifford circuits of depth d = (logn)/®
and size d? that requires 28(d) Qstat queries to learn the state to error < 0.05 in trace distance.

Proof. The idea is to “pad" a family of circuits with aux1111ary qubits. In the previous section, from
Theoremwe saw that the set of example states {|4) = \/27 >, |z, 2T Az)} 4, is hard to learn

to trace distance 0.05. Instead of the example state |10 4) now instead consider the “padded state"
[4) @ |0)*(™). Clearly the trace distance between [14) @ |0)*(™) and |¢5) @ [0)*(") remains
unchanged. Say a QSQ algorithm learns these padded states with the set of Qstat queries given by
{M;};. Let’s decompose each M; as M; =37, 1o 1yxem M @ |2)(y|, where [|M;Y]| < 1 and

M;"" is Hermitian. Since the auxiliary qubits are fixed, it is clear that

Tr[M - |pa)(dal ® [0)(0|ZF™] = Tr[M ¢ 4].

Furthermore, we can assume without loss of generality that the algorithm always outputs a state
©) ® |0)®*(") (as otherwise we could improve A by requiring it to do so) . Thus,
a QSQ algorithm for the padded states implies a QSQ algorithm with queries {Mi },. Say that
this algorithm uses at most ¢ Qstat queries. Then Theoremimplies that t > 2%(") The state is
now composed of m = k(n) + n qubits. Pick k = 2"" for some a < 1, so m = O(k(n)) and
n = (log k)*/®. Then we have that ¢ > 2¢(log m)'*) To see the theorem, note that ) @ ]0)E(V
circuit of size O(k(n)?) = O(m?) and depth O(k(n)) = O(m). Thus, the padded states can be
prepared with circuits of size (logm)?/® and depth (logm)'/®. O

5 New upper and lower bounds on QSQ learning states

In this section we first give a couple of classes of states which can be learned in the QSQ framework
before discussing lower bounds for other class of states.

5.1 New upper bounds

We first prove that the class of functions that are k-Fourier-sparse Boolean functions on n bits, i.e.,
Cr = {f:{0,1}" = {0, 1} : [supp(f)| = k}

can be learned in time poly(n, k) in the QSQ model. This generalizes the results in [21} [10], which

showed that showed parities and O (log n)-juntas (which are a subset of Fourier-sparse functions) are
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poly(n)-time learnable[] We observe that the quantum coupon collector problem, i.e., learnability of
Co={SC[n]:|S| =k}

considered in [23]] can be implemented in QSQ. Finally, we also observe that one can learn codeword
states defined in [8]: consider an [n, k, d], linear code {Mz : = € {0,1}*} where G € F3*F is a
rank-k generator matrix of the code, k = €2(n), and distinct codewords have Hamming distance at
least d, then define the concept class

Cs = {fab(z) = (Gx)z HEUAS {Oa 1}k}7

where G is known the learning algorithm. Below we show we can learn C3 in the QSQ model. Prior
learning protocols [} 23} 21 [10] showed that these concept classes are learnable with quantum
examples (a stronger model than QSQ) whereas here we show they are learnable in the weaker QSQ
framework. Before we prove this theorem, we will use the following lemmas.

Lemma 5. [24] Theorem 12] Let k > 2. The Fourier coefficients of a k-Fourier-sparse Boolean
function f : {0,1}" — {—1,1} are integer multiples of 2'~11oe ¥l

Lemma 6. [0 Theorem 4.4] Let f : {-1,1}" — {-1,1}, 7 € (0,1]. There exists a
poly(n,1/7,0)-time quantum statistical learning algorithm that with high probability outputs

~

U= {T,....,T¢} C [n] such that: (i) if |f(T)| > 7, then T € U; and (ii) if T € U, then

(D) = 7/2

Theorem 8. The concept classes Cy1,Ca, Cs defined above can be learned in the QSQ model.

Proof. We first give a learning algorithm for C;. For every f € Cj, observe that it’s Fourier
coefficients satisfy |f(S )| > 1/k by Lemma We can now use Lemma@ to collect all the non-zero
Fourier coefficients in time poly(n,1/7, k) in the QSQ model. Call these non-zero coefficients
S1,...,SE. Next, we learn all these Fourier coefficients up to error £/k using Stat queries: for
i € [k, let p(x,b) = b- (—1)%* forall z € {0,1}",b € {0,1}, hence E, [¢(z, f(z))] = E, [f ()

o~

(=1)%%] = f(S;). Overall this takes time O(k). Once we obtain all these approximations {cv; } ;).
we output the function g(z) = Sign(zie[k] Q- Xs, (x)) for every x € {0,1}". Using the same
reasoning as in [10, Eq. (7)] it is not hard to see that g is e-close to f (i.e., Pry[g(z) = f(x)] > 1—¢).

We next give a learning algorithm for Co. Let S C [n] of size k. Given copies of ﬁ dies i)

learn S. We now show how to learn S in QSQ using k log n Qstat queries. Let M7 = Zfﬁ i) (1.
This satisfies || M1 || < 1 and M; can be implemented using a poly(n)-sized circuit. Observe that

winlp =1 3 Y le=i=q)= 205

q,9'€S i€[n /2]

which is at least 1/k if and only if there is an ¢ € [n/2] N S. So if we do a Qstat query with M7 and
tolerance 1/(2k), the learning algorithm learns if there is an i € [n/2] such that i € S. Repeat this
using a binary search and we will eventually find one element in S using O(log n) Qstat queries.
Repeat this to find all the elements in .S, so the overall complexity is O(k logn).

We next give a learning algorithm for Cs. Consider the QSQ queries M; = |e;){e;| ® |0)(0| and
7 =1/(2n). Then observe that

which equals 1/n if e/ Mz = 0 and 0 otherwise, so with tolerance 1/(2n), we can learn which is
the case. Since G is the generator matrix of a good code, i.e., G has rank k, there are k linearly
independent rows in G € F;Xk (say they are G*, ..., G%). The learning algorithm can perform
these Qstat measurements for all M;, , ..., M;, in order to learn Gz, ..., G z. Since G's are
linearly independent, these k linearily independent constraints on x suffice to learn z. O

"We remark that the same proof also shows that k-term DNF formulas are learnable: for every g € Ci, there
exists S s.t. [§(S)| > 1/k and the proof of Theorem 8|can identify such an S using QSQ queries and then one
can use the algorithm of Feldman [22]] for learning the unknown DNF formulas.
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We next observe that the set of trivial states, i.e., states |¢)) = C]0™) where C is a constant-depth
n-qubit circuits, can be learned in polynomial time in the QSQ model. An open question of this work,
and also the works of [12}[13], is if we can learn the distribution Po = {(z[)?}, using classical
SQ queries. The theorem below shows that if we had direct access to |1)), one can learn the state and
the corresponding distribution Pg, using QSQ queries. In the next section we show that once the
depth d = w(logn), these states are hard for QSQ queries as well.

Theorem 9. The class of n-qubit trivial states can be learned up to trace distance < ¢ using
poly(n, 1/¢) Qstat queries with tolerance poly(e/n).

Proof. Say that the circuit depth is d. Via theorem 4 of [23] it is sufficient to tomography all D := 29-

body reduced density matrices up to precision % with respect to trace distance. Thus, it is sufficient
to show that such a tomography can be accomplished with Qstat queries. This can be achieved by
simply querying all 4° — 1 non-identity Pauli strings acting on a party of size D and reconstructing
the state as p = 2% (I+3°, azP.), where P, is a Pauli string and «, is the response upon querying
P,. The Hilbert-Schmidt distance between the resulting state and the true state p must satisfy

llp— pllas < 2P7, where 7 is the Qstat tolerance. In general, dr,(p, p) < 2P/271\/|lp — pllus
[26]. Thus, dv(p, p) < 2P~1\/7. Taking 7 < 5157 = O(sz> yields a tomography with the
desired precision. There are (g) = O(nP) such reduced density matrices. For each one, we require
a constant number of Qstat queries, each requiring O(D) gates. Thus, the overall complexity is

O(nP) € poly(n) for both query and time complexity. O

5.2 Hardness of testing purity

Theorem 10. Let A be an algorithm that upon the input of a quantum state p outputs an estimate, to
accuracy 1/3, of the purity of p with high probability using Qstat(r). Then A must make at least

2 on .
2°%7°2") such queries.

Proof. Using A one could solve the many-vs-one problem of C = {U|0)(0|UT | U € U(2™)} (where
U is drawn from the Haar measure) versus o = 2%]1. We prove that this decision problem is hard via

a concentration of measure argument similar to the variance method. Note that E[U|0)(0|UT] = 1.

Upon querying an observable M, consider the adversarial response of %Tr[M ]. By Levy’s lemma ,
most Haar random states cannot deviate much from this average. For our purposes, we are concerned
with functions of the form f(|1))) = Tr[M|+))(2)|] where || M| < 1. We immediately observe that
such f’s have Lipschitz constant 2 [27]. By Levy’s lemma [2] we thus have that
2n+1,7_2
55
3673 ) (55)

To conclude we note that Levy’s lemma directly lower bounds QQC. (in a manner similar to that of
the variance lower bound). Recall that QQC, (C, o) is the smallest integer d such that there exists a
distribution 7 over Qstat queries M such that Vp € C : Pras,[|Tr[M (p — 0)]| > 7] > 1/d. From
this definition we have that

Pr{|Te[MU[0) (0] — Q%Tr[M]\ > 1] < 2exp(—

n+17_2

% < Pr Pr[Tr[M(p—o0)]| > 7] < 2exp(— ). (56)

M~m p~p 36773
Thus, QQC.(C,0) > 29(722"). Finally, observe that to succeed on at least a set of measure 0.99,
any deterministic algorithm thus requires 22(m*2") Qstat queries. Thus, via Yao’s principle the
randomized complexity is 29(7*2") for any algorithm that succeeds with probability at least 0.99. [

5.3 Hardness of learning Coset states

One of the great successes of quantum computing is solving the hidden subgroup problem for Abelian
groups, one such example is that of Shor’s factoring algorithm. In this problem, we are given query
access to a function f on a group G such that there is some subgroup H < G satisfying f is constant
every left coset of H and is distinct for different left cosets of H. How many queries to f suffice to
learn H? When G is a finite abelian group, H can be efficiently determined via separable quantum
algorithms. One approach which is often used to analyze the general Hidden subgroup problem is the
standard approach, which we describe now [28]:
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1. Prepare the superposition \/% > 9eG lg) ® |0) via a Fourier transform over the group G.

2. Use a single query to prepare the superposition state \/% > gec|9) @1f(9)).

3. Measure the second register and obtain a superposition over elements in some coset
with representative ¢’. That is, the algorithm can be viewed as having the state py =

2 g [Vg 1) (Vg br| where [ty ) = \/ﬁ 2geqn 19):

4. Again apply a quantum Fourier transform and measure the state to obtain an element
g € H+, where H- = {g € G|x,(H) = 1}.

Repeating the above procedure O(log |G|) times yields a generating set for - with high probability,
allowing one to reconstruct H as well. In fact observe that the above algorithm works even if one
just makes separable measurements. The state pg in step (3) of the algorithm above is called a coset
state. Here, we show that solving the Hidden subgroup problem for even Abelian groups is hard
when the learning algorithm has access only to QSQ queries.

Consider the additive group G = Z3. In Simon’s problem, a version of the hidden subgroup
problem on Z%, the hidden subgroups are of the form H = {0, s}. While solving Simon’s problem
is easy via separable quantum measurements, it cannot be readily replicated via Qstat queries.
Intuitively, every y in the orthogonal complement of s is equally likely to be observed upon a
computational basis measurement. To see this, note that after discarding the register containing the
function value, the resulting mixed states are p; = 5=t > _-|Z)(Z|, where 7 is a coset representative
and |Z) (x| is the projector onto the corresponding coset. Thus, accurately simulating this measurement
with Qstat queries requires exponentially small tolerance 7. The following theorem formalizes
this notion.

Theorem 11. Solving the hidden subgroup problem for the Abelian group Zy with Qstat queries of
the form M = M' @ I requires Q(72 - 2™) many such queries to succeed with high probability.

Proof. We prove the theorem via a bound on QAC, (C, o) where o = o 1. Say that A is an algorithm
which solves the hidden subgroup problem with high probability using Qstat queries of the form
M = M’ ® I. Thus, the queries {M;}; used by A imply the existence of queries {M}; where
M € C*" x C?" which suffice to identify the coset states pyr = ﬁ > = %) (|, where T denotes a
coset and |T)(Z| the projector onto this coset.

Consider the subset Cy C C of coset states of subgroups of the form H, = {0, s}. For such a
subgroup H, the corresponding coset state is ps = 5=t > |Z)(T|, where {Z} are a set of 2"~
coset representatives and |T) = %(L’c) + |z @ s)). If f is a constant function, then py; = 5 1. Thus,
the correctness of A imphes the existence of a QSQ algorithm that can solve the decision problem of
{pH=10,5} } i Versus o = ﬁﬂ

For such a decision problem, g5 = 2"p; — L and Tr[psps 0] = 2"Tr[p”s,65/} —1.Lets = s'. Then
Tr[p?] = 272(»=1) and Tr[p20] = 1. Now instead consider when s # s’. For every coset T of H,
there exist two cosets Y, and Yy, of H with a non-empty mtersectlon (of exactly one element) with
. Thus, we have that Tr(|z) (z[[7,) (7, || = Tr[|z) (@][7,) (7,|] = 7 and

A n 2n L 2" 1
Tr[pspsro] = 2" Tr[psps] — 1 = 23T Z [(zly) —1= mz 53— 1=0. (57

For any subset C’ C Cy we thus have that v(C', o) = \c’ If|C'| < L theny(C’,0) > 7. Note that
|Co| = 2™ — 1 and thus k2 — frac(Cy, o) = O(=L:) and QAC (C, ) Q(1-2"). Via Theorem

T2

we thus have that QQC,(C, ) > QAC,2(C,0) = (72 - 2™). O

Thus, any QSQ algorithm for solving the hidden subgroup problem on Z% must depend non-
trivially on the register holding the function value. This is in contrast to the standard Fourier sampling
method which has no dependence on the function register.

Remark 1. The average correlation argument above also implies that learning coset state below
trace distance % with high probability requires Q(72 - 2™) Qstat queries of tolerance 7.
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Proof. Note that the trace distance between pg for H = {0, s} and 2% is % Thus, via lemma
QSQyQ’é(C) > QQC, (D, 371), where D = {py|H = {0, s}}. From section 3 we know that
QQC, (D, 1) > (1 — 28)QAC,2(C, - I). The average correlation argument above yields that
QAC,:(C

, 3=1) = Q(72 - 2"), thus proving the claim. O

5.4 Hardness of shadow tomography

In [29] the authors derive lower bounds on the sample complexity of shadow tomography using
separable measurements. Recall that in shadow tomography, given copies of p, the goal of a learner
is to predict the expectation value Tr[O; p] of a collection of known observables {O; }; up to error €.
To prove these lower bounds the authors construct a many-vs-one decision task where o = I/2™ and

I+ 3¢ OZ
C:{Pi:T}- (58)
Assuming that Tr[O;] = 0 and Tr[O?] = 2" for all O;, then an algorithm which solves the shadow
tomography problem with high probability also solves the decision problem. Thus, a lower bound on
the latter is also a lower bound on the sample complexity of shadow tomography.

Theorem 12. Any algorithm that uses Qstat(7) queries and predicts Tr[Pp] up to error e for all
non-identity Pauli strings P with high probability requires Q(12 - 22" /&%) queries.

Proof. We prove the theorem via a bound on QAC..(C, o) where o = 2%]1. For convenience we label
the states from the many-vs-one decision task as p; where ¢ € [4" — 1]. For such a o we further
have that Tr[p;p;jo] = 2" Tr[pp'] — 1. Via the orthogonality of Pauli strings, Tr[p;p;0] = 924, ;.

For any subset C’ C C we thus have that v(C', o) = ["gj If|IC| < g then v(C’,0) > 7. Thus,

k) —frac(C,o) = ©(e? - 771 - 22") and QAC,(C,0) = Q(Tf;" ). Via Theorem@we know that

QQC,(C,0) > QAC,2(C,0) = Q(72 - 22" /£?). O

We remark that when using separable measurements, the result of Chen et al. [29] showed that
O(2™) many copies of p suffice for the task above, whereas our lower bound shows that €2(4")
copies are necessary if one only has access to Qstat measurements (in other words, obtaining the
expectation value with every Pauli observable is necessary). This implies that measurements not just
their statistics play a non-trivial role in shadow tomography.

5.5 Learning quantum biclique states

An influential work of Feldman et al. [19] considers the planted biclique problem. The goal here
is to learn the class of distributions each indexed by subsets S C {1,2...,n}. For every S, the
distribution Dg is defined as follows

k/n 1—k/n n—k
Ds(z) = %’E’}f En e 1g x {0, 1}%;@
5 z ¢ 1lgx{0,1}"77,

where above 1g x {0,1}" ¥ is the set {x € {0,1}" : x5 = 15}.
A natural way of generalizing problems over distributions to quantum statistical queries is to

consider coherent encodings of distributions, i.e., for a given distribution D over X, we define a

quantum state [¢)) = > +/D(x)|x). Classical Stat queries then correspond to Qstat with diagonal
observables and a natural question is, how much can coherent examples help?

In what follows, we first show that for the task of distinguishing two coherent encodings, there
can be at most a quadratic gap between the precision that is tolerated by Qstat and Stat queries. We
use this to show that, for some choice of parameters, there are large gaps between the classical and
quantum statistical query complexity of the k-biclique problem. We demonstrate below that Qstat
measurements can help significantly in certain regimes of tolerance.

Lemma 7. For large enough n and k > 2logn, the k-planted biclique problem with coherent
encodings can be solved with statistical quantum algorithm that makes at most (Z) Qstat (\ /k/ n)

queries, but cannot be solved by any algorithm that makes Stat (\ /k/ n) queries.
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Proof. First observe that d.(|ts), [+™)) = /1 — [{¥s]+™)|?, and

<+"|ws><\/fl+125/n\/12f/n) \/12—k+\/1—%. (59)

Define |¢) = (|+) + [vs))//2 + 2(¢s|+) and [¢T)(|+) — [¢s))/\/2 — 2(dbs|+). The optimal

distinguishing Qstat query between |+™) and |¢)g) is the difference between projectors on the state
|Ps) = ‘¢>T/‘§¢ ! and its orthogonal complement in the span of |[+™) and |¢g) (see for example [30,

Theorem 3.4]). Call this measurement Mg and notice that it is implementable by a k-qubit controlled
rotation. A (possibly inefficient) quantum algorithm for detecting the planted clique would query
Qstat(7) oracle with Mg for every subset S C [n] of cardinality |S| = k. From Lemma [4| and
optimality of the measurement, we know that | Tr(Mg (s — ¢0))| = 2d1 (s, o). It follows that
aslong as 7 < dr(|Vs), [+")), such algorithm succeeds.

We now bound dr.(|¥s), |+™)). To that end, observe that:

k 1—k/n \/1 —k/n\ 1 1 k
it - < 1—=. 60
(\/n + 2k 2k Vok T 2kt n (60)
from which we have that:
/ [k
(HQ (k+1>/2 (+"[ps) - (61)
an E > dr(o,v0s) > \/E — 545, Fork > 2logn, n > 5and 7 < (/280D he

planted biclique can be detected by at most ( ) Qstat( ) queries. On the other hand, the k-planted

biclique problem has dtv (D, D;) = = (1 ) for all D; € Dp, from which drv(D, Dy) =
E(1—27%) < £ Tt follows that:
— > < — >
Jnax Pr (1D = Dolg]| 2 27] < Pr | max [|D[¢] - Dolg]] > 27] .

= DP~rD [dTv(D, Do) Z 7'] .

For 7 = k/n, we have Prp.p [dTV(D, Dy) > %] = 0, which means that the clique state is
undetectable to a Stat(7) algorithm. For k£ > 2logn and large enough n (n 2 72), the statistical
queries have better tolerance than the quantum queries. It follows that for £ > 2logn, n > 72 and
T =4/ M, the k-planted biclique problem cannot be solved by a Stat(7) algorithm, but can
be solved with an algorithm that can makes Qstat(7) queries. O

5.6 Hardness of Learning Approximate Designs
In this class we show that the classes of quantum states which form approximate 2-designs are hard
to learn in the QSQ model.

Theorem 13. Let C be an ensemble of states forming a y-approximate 2—design where v = O(27™).
Learning states from C with error < 1/3 in trace distance requires Q(72 - 2) Qstat(7) queries.

Proof. We prove the theorem by showing that the variance of { Tr[M p]} ¢ for any such design must
be exponentially small. By the definition of an approximate design, we have that

1
d I) < dtr ©2 I 4+ SWAP)) < 63
w( B ol D) €7, dnl £ [0, g (L SWAP)) <7 (©3)
where 5 LTand Trrom +2,L (I+ SWAP) are respectively the first and second moments of Haar distribution

on pure states. For any observable M, by the definition of trace distance we have that

TN (T = EpclII < 27, [THM (g (T SWAP) — E,c )] S 2. (64)

1
4n 42
SUsing V14 3 x 2=*+10/2 > 1 4+ 27 F+D/2 forall k> 1.
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Thus, Varpc(Tr[Mp]) < Var,oy@n (Tr[Mp]) + O27"). We now show that

Var . 2n) (Tr[Mp]) = O(27") for any || M|| < 1.
1
V. Tr[Mp)) = Tr[M®?(1 + SWAP)] — —Tr[M]?
pwua(gn)( r[Mp]) o rIME=(I+S )] " r[M] (65)
1
_ 21
= o Tr[M?] S T Zn)Tr[M] , (66)

where we have used that fact that Tr[M©?2] = Tr[M]? and Tr[M®2SWAP] = Tr[M?]. As | M| < 1
we have that Tr[M?] < 2. Thus, taking M to have 2"~ ! eigenvalues equal to +1 and 2"~ ! equal to
—1 maximizes the variance yielding
2n
Var(Tr[Mp]) < Var (Tr[Mp])+0(27") < +0(27")
pr

Var < o™ . (67

To invoke Theorem@] and Lemma we first note that all p’ € C are far from E,, ¢ [p] in trace distance.
This follows via triangle inequality:

1 1 o 1
dri (¢, Bpnclp]) 2 due(ps 571) = dre(G L Eprclp]) = =5

— 0@,

Fix ¢ = 1/3. We assume that 7 < % without loss of generalityﬂ Thus, there is some ng such that for
all n > ng we have that dr.(p', Eo~c[p]) > 2(7 4 ¢). Using Lemma [I] we thus have that learning
states from C requires (72 - 2™) Qstat queries. O

6 Applications

6.1 Error mitigation

In this section, we show how to use our QSQ lower bound to resolve an open question posed by
Quek et al. [11]]. Therein the authors consider two forms of quantum error mitigation, which they call
strong and weak error mitigation. We first describe these two models before stating our result.

Definition 3 (Weak Error Mitigation). An (e, d) weak error mitigation algorithm A takes an input a
series of observables {O, ..., Op,} satisfying ||O;|| < 1 and outputs a set of values {c, . .., qm}
such that with probability at least 1 — § we have that

[Tr[Oip] — | < €. (68)

Definition 4 (Strong Error Mitigation). An (g, 0)-strong error mitigation algorithm A outputs a
bitstring z sampled from a distribution 1 such that, with probability at least 1 — 6, drv(u, p1p) < €
where i, is the distribution on the computational basis induced by the state p.

In [[L1] the authors show that strong error mitigation implies weak error mitigation for local
observables. They then prove a partial converse and show that for a restricted family of observables
weak error mitigation cannot recover strong error mitigation (for polynomial-sized inputs). The
question of an unconditional separation is left open. Here we will show that Theorem ?? closes this
open question and implies that weak error mitigation with polynomial numbers of observables does
not suffice to recover strong error mitigation. First, note that by definition weak error mitigation
outputs QSQ queries with tolerance 7 = ¢. To match our notation, we will continue by using 7
instead of . This is the equivalent of Lemma 5 of [[11]]. Second, we note that Theorem 5 of [[11]] still
holds for our purposes. We repeat it here for completeness.

Theorem 14. [[/1| Theorem 5] For a class of distributions Q = {q1,...,qi} and £,5 > 0 there is

an algorithm which takes O(w) samples from a target distribution p (not necessarily in Q) and

52
outputs a q¢* € Q such that

dTV(p7 q*) < 311161[115 dTV(p7 QZ) +e. (69)

With these tools we can now prove a separation between strong and weak error mitigation.

° Again, these choices of constants are arbitrary. Choosing any ¢ < 1/2 is sufficient.
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Fact 7. For a distribution p : {0,1}" — [0,1], let |1,) = > \/p(x)|z). Suppose there exists an
algorithm that makes t Qstat queries and learns p up to total variation distance €2, then there exists
an algorithm that makes t Qstat queries and learns |1,) up to trace distance V2e.

Proof. By Fact [3] first observe that dr,(|1,), |14))? < 2dtv(p,q) . Now the lemma statement
follows by immediately: suppose there exists an algorithm that makes Qstat queries to [¢,,) and

outputs a ¢ such that dtv(p, ¢) < £, then that implies that dr,([1),), |14)) < V2e. O

Theorem 15. Let A be an algorithm that takes as inputs the estimates for weak error mitigation with
7 = 1/ poly(n) and outputs O(n?) samples from some distribution y such that drv(u, p,) < 1/64
with probability at least 0.99. Then, A requires estimates of (1% - 2*/2) distinct observables.

Proof. We show that such samples would give one the ability to learn quadratic polynomial states
with polynomial QSQ queries, contradicting Theorem[5] First, we give a lemma connecting learning

states of a specific form to learning their output distributions. Say that such an algorithm .4 does
indeed exist. Then via Theorem and noting that log |C| = O(n?), we can obtain a s+ such that

dTV(,u’a Mf*) < 3 I}lelg dTV(:u7 ,u’f) (70)

+ 61
By the assumption upon 1 we further have that drv (1, pug+) < 1/16. As drv (g, pg) > 5 for f # g,
we thus have, via triangle inequality, that f* = f and the true polynomial (and quantum state) can
be recovered. This implies that the inputs to .4 could have been used a Qstat queries to solve the
approximate state learning problem of Theorem Thus, A requires Q(72 - 2"/2) distinct observables
as inputs. O

Remark 2. For some forms of error mitigation it may be interesting to consider not just allowing the
algorithm to query the circuit U but also modified circuits Ugc:. However this can be subsumed into
the framework of weak error mitigation as given. To return an estimate of O for Uc: the algorithm

returns an estimate of Ug Ug,OUc/ UCT from the original circuit.

6.2 Learning distributions

In this section, we consider the following setup of statistical query learning that was considered in
the work of [12]. Let U be a unitary and consider the induced distribution P, on the computational
basis, i.e.,

Py(z) = (z|U|0")%.
In [12} [13] they considered learning algorithms that were given access to the following: for ¢ :
{0,1}" —» [-1,1] and T € [0, 1],

Stat: ¢, 7 = g € |Epp, [0(2)] + 7, Epup, [0(2)] — 7|

The goal of the learning algorithm is to learn Py up to total variational distance < ¢ by making
poly(n) many Stat queries each with tolerance 7 = 1/ poly(n). Hinsche et al. [12]] showed the
hardness of learning the distribution Py when U is a Clifford circuit of depth w(logn) and recently
Neitner et al. [13] showed that if U is a depth-2(n) circuit where each gate is picked from U (4), then
Py is not learnable using just Stat queries.

In this section we consider a stronger question. One can also just directly look at the quantum
state |1)yy) = U|0™) and ask how many Qstat queries of the form

Qstat : M, 7 — ay € [(¢U|MW1U> + 7, (Yu | M|ypy) — T]

suffice to learn Py upto small trace distance? Note that the learning model in [12, [13] is a strict
restriction of this model, cause one could just consider M = " ¢(z)|z)(z|, then

(ol Mlpw) =) ¢(2)(2|U]0")? =) _d(@)Pu(z) = E [d(x)],

INPU

which is precisely a. To this end, we first generalize [12] in the following theorem.
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Theorem 16. For constant o € (0,1), there is a family of n-qubit circuits of depth d = (log n)l/‘x

and size d? that requires 21® Qstat queries to learn the output distribution in the computational
basis to error < 0.00125 in total variational distance. Lastly, note that these states can be prepared

by performing Hadamard gates to obtain \/127 > |2, 0) followed by O(n?) tiffoli and CNOT gates,

corresponding to the terms in the polynomial x " Ax.

Proof. Consider the padded states [1)4) ® |0)®*("), similar to those in Theorem 7| (here {|¢)4) =
\/127 >, |z, 2T Az)} 4). Using Fact[3|learning the output distributions of these states below total
variational distance 0.00125 implies the existence of an algorithm learning the states up to trace
distance 0.05. However, we know that doing so requires 22(9) queries via Theorem Thus, learning

the output distributions requires at least 2*() Qstat queries as well. O

We next prove a generalization of [13]]. Before that, we need the following result.

Theorem 17. [[I3| Theorem 36] There exists a d = O(n) such that for any circuit depth d' > d and
any distribution Q over {0,1}", we have that

1
Pr [drv(P, >—]>1-0(2™").
ST ldrv(Py, Q) 2 o] = 2™
Theorem 18. Let A be an algorithm that satisfies the following: making T many Qstat(7) queries,
with probability > 0.9, A learns the output distributions of O(n)-depth random circuits, to error
< 1/225 in total variational distance, then T = Q(72 - 2™).

Proof. This is a generalization of [[13, Theorem 6] and follows by a similar analysis to their lower
bound. For d > 3.2(2 + In2)n + Inn we have that the uniform distribution over depth d random
circuits is a 27" approximate 2-design [13]]. Like we saw in the proof of Theorem (13| for every
observable | M| < 1, we have that Var,.c(Tr[Mp]) = O(27"). We proceed with the same
adversarial lower bound. Upon making a Qstat query with observable M, the adversary responses
with E,c[Tr[M p]]. Using Chebyshev’s inequality,

Pr {\Tr[M,o] —Tr[M E [p]]| > T:| =772.27", (71)
p~C p~C

While the proof could continue using Theorem [ (by reducing to the many-vs-one decision problem),
it is more direct to note that the above inequality implies that every deterministic algorithm cannot
identify the correct p € C for a large fraction of states in C. In particular, say A is a deterministic
algorithm that outputs an estimate of a distribution ) such that drv (Py, Q) < 1/225 and uses at most
t Qstat(7) queries. Using Eq. (71), there is a fraction of C’ of measure at least 1 — O(t - 772 - 27")
that are consistent with Tr[M,E, ¢ [p]] for the Qstat(7) queries { M, ..., M;} made by A. Since
A is deterministic, it must output the same distribution () for all p € C’. We now use Theoremn to
claim that there is a large set of states that are both consistant with Tr[M;E,¢[p]] and far from @ in
total variational distance.

PrlpeC Ndrv(F,, Q) 21/225| = 1= Prp ¢ C"V drv(F,, Q) < 1/225] (72)
P~ p~

>1-0(t-77%2.27"), (73)

where the inequality follows from the union bound, Theorem[I7] and the concentration of measure
shown above. Thus, there is a set C"” of measure at least 1 — O(¢ - 7=2 - 27™) that is both consistent
with Tr[M;E,c[p]] for all queries M; and also drv(P,,Q) > 1/225 for all p € C”. Upon the
input of a p € C”, A fails to provide a distribution () such that drv(P,, Q) < 1/225. Note that the
measure of C” is at least 0.99 for all n sufficiently large and ¢ € poly(n). Via Yao’s Principle, thus
any randomized algorithm using ¢ € poly(n) Qstat queries must fail with probability at least 0.99
for n sufficiently large. Further, for the measure of C” to be at most 0.01 for all n, the algorithm must
use t = Q(72 - 2™) Qstat queries. O
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