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Tensor PCA is a stylized statistical inference problem introduced by
Montanari and Richard to study the computational difficulty of estimating
an unknown parameter from higher-order moment tensors. Unlike its matrix
counterpart, Tensor PCA exhibits a statistical-computational gap, that is, a
sample size regime where the problem is information-theoretically solvable
but conjectured to be computationally hard. This paper derives computational
lower bounds on the run-time of memory bounded algorithms for Tensor PCA
using communication complexity. These lower bounds specify a trade-off
among the number of passes through the data sample, the sample size and
the memory required by any algorithm that successfully solves Tensor PCA.
While the lower bounds do not rule out polynomial-time algorithms, they do
imply that many commonly-used algorithms, such as gradient descent and
power method, must have a higher iteration count when the sample size is not
large enough. Similar lower bounds are obtained for non-Gaussian compo-
nent analysis, a family of statistical estimation problems in which low-order
moment tensors carry no information about the unknown parameter. Finally,
stronger lower bounds are obtained for an asymmetric variant of Tensor PCA
and related statistical estimation problems. These results explain why many
estimators for these problems use a memory state that is significantly larger
than the effective dimensionality of the parameter of interest.

1. Introduction. Many statistical inference problems exhibit a range of sample sizes or
signal-to-noise ratios in which it is information-theoretically possible to infer the unknown
parameter of interest, but all known (computationally) efficient estimators fail to give accurate
inferences. It is widely conjectured that, for many such problems, no efficient algorithm can
produce accurate inferences in these so-called (conjectured) “hard” phases, even though there
may be efficient algorithms that work if the sample size or signal-to-noise ratio is sufficiently
high (i.e., in the “easy” phase of the problem). The existence of such a hard phase is known
as a statistical-to-computational gap. Since proofs of such gaps are currently out-of-reach, a
popular way to give evidence for the gaps is to prove that certain restricted classes of estima-
tors fail to solve the inference problems in the conjectured hard phases. These restrictions are
often chosen to capture the techniques used by the best efficient estimators known to date, for
example, sum-of-squares relaxations [54], belief propagation and message passing [4, 67],
general first-order methods [18] and low-degree polynomial functions [44, 47, 57].

Another way to constrain estimators is to require additional desirable properties, such as:

1. robustness to deviations from model assumptions,
2. low memory footprint,
3. low communication cost in a distributed computing environment.

If all estimators with these properties were proved to fail in the conjectured hard phases
of inference problems, then we would have a satisfying practical theory of statistical-
computational gaps. That is, even if efficient estimators exist in the conjectured hard phase
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of inference problems, their use in practice would be limited since they would use too much
memory, be nonrobust to slight model mismatches, etc.

Steinhardt, Valiant and Wager [60] provide another motivation for studying inference prob-
lems under such constraints. They hypothesize that computationally easy problems remain
solvable even in the face of constraints, such as those related to robustness, memory and
communication. In contrast, hard problems have brittle solutions, which are unable to endure
such constraints. Hence, hard problems should exhibit certain hallmarks such as the nonro-
bustness, high memory footprint or high communication cost of efficient estimators. Studying
inference problems under such constraints enriches our understanding of the computational
complexity of these problems.

The hypothesis of Steinhardt, Valiant and Wager [60] is supported by the power of Kearns’
Statistical Query (SQ) model for explaining known statistical-computational gaps [33, 34, 45,
64]. In the SQ model, estimators can only access the data set by querying summary statistics
of the data set, and they must be tolerant to adversarial perturbations in query responses of
magnitude similar to the random fluctuations of these statistics. For many inference problems
believed to exhibit a hard phase, it is known that all efficient estimators that are robust in the
SQ-sense will fail to solve these inference problems in that phase (e.g., [33, 34, 64]).

In this paper, we further investigate the hypothesis of Steinhardt, Valiant and Wager by
studying Tensor PCA and related problems that exhibit a similar statistical-computational
gap under memory constraints. Our results are, in fact, obtained by studying the effect of
communication constraints, and then leveraging a reduction from communication-bounded
estimation to memory-bounded estimation.

2. Statistical inference and computational constraints. In this section, we introduce
notation used throughout this paper, the setup for general statistical inference problems and
the computational model for memory-bounded estimators under which we derive our run-
time lower bounds.

2.1. Notation.

Important sets. N and R denote the set of positive integers and the set of real numbers,

respectively. Ny £ N U {0} is the set of nonnegative integers. For each k, d € N, [k] denotes
the set {1, 2, 3, ..., k}, R4 denotes the d-dimensional Euclidean space, R9*k denotes the set
of all d x k matrices, and ®k R? denotes the set of all d x d x - - - x d (k times) tensors with
R-valued entries.

Linear algebra. We denote the d-dimensional vectors (1,1,...,1), (0,0,...,0) and the
d x d identity matrix using 14, 04 and 1 4, respectively. We will omit the subscript d when the
dimension is clear from the context. For a vector v € R?, ||v| denotes the £> norm of v. For
two vectors u, v € R?, (u, v) denotes the standard inner product on RY: (u, v) S Zle U;v;.
For two matrices or tensors U and V, we analogously define |U ||, and (U, V) by stacking
their entries to form a vector. For a matrix A, A" denotes the transpose of A and || A op
denotes the operator (or spectral) norm of A. For a square matrix A, Tr(A) denotes the trace
of A. Finally, for vectors vi.x € RLEVIQUH® - ® v denotes the k-tensor with entries
V1@V ® - @ V)i in,...ix = (V1)iy - (V2)iy -+ (Vi) for iyx € [d]. When vy =vy=--- =
v = v, we shorthand @ v ® - - - ® v as v®k.

Asymptotic notation. Given a two nonnegative sequences ay and b; indexed by d € N, we
use the following notation to describe their relative magnitudes for large d. We say that a; <
bd orag = O(bd) or bd = Q(ad) if limsupdﬁoo(ad/bd) < o00. If aq 5 bd and bd g ad, then
we say that ay =< by. If there exists a constant € > 0 such that a; - d° < b; we say that
aq < bg. We use polylog (d) to denote any sequence ag such that a; < log’(d) for some
fixed constant ¢ > 0.
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Memory bounded estimation algorithm with resource profile (N, T, s).
Input: 1.y = (®1, @3, ...,z ), a data set of N samples.

Output: An estimator V' € V.

Variables: Memory state state € {0, 1}, initially all zeros.

* Foriterationt € {1,2,...,T}:
— For each sample ¢ € {1,2,...,N}:
state « f; ;(state, z;)
* Return estimator V = g(state).

F1G. 1. Template for memory bounded estimation algorithms with resource profile (N, T, s).

Important distributions. N'(0,1) denotes the standard Gaussian measure on R, and
N(0, I;) denotes the standard Gaussian measure on R?. For any finite set A, Unif(A) de-
notes the uniform distribution on the elements of A.

Hermite polynomials. 'We will make extensive use of the Hermite polynomials {H; : i € Ny},
which are the orthonormal polynomials for the Gaussian measure A/ (0, 1). We provide the
necessary background regarding Hermite polynomials and analysis on the Gaussian Hilbert
space in the Supplementary Material [32], Appendix 1.2.

Miscellaneous. For an event &, ¢ denotes the indicator random variable for £. For x, y € R,
x VvV y and x A y denote max(x, y) and min(x, y), respectively. For x > 0, log(x) denotes the
natural logarithm (base e) of x.

2.2. Statistical inference problems. A general statistical inference problem is specified
by a model P, which is a collection of probability distributions on a space X. Elements of
‘P are indexed by a parameter V €V, so P ={uy : V € V}, where V is the parameter set.
A statistical inference problem can be thought of as a game between nature and a statistician.
First, nature picks a parameter V € V, which is not revealed to the statistician. Then the N
samples x1.5y = (x1,X2,...,Xy) are drawn i.i.d. from py and revealed to the statistician.
The statistician constructs an estimator V(xl; N) € y using the data set x1.; and incurs a
loss ¢(V, ‘7), where £:V x V — [0, o0) is the loss function. An estimator V.xN 5 Vis
(e, 8)-accurate if

(1) sup Py (£(V, V(x1.3)) =€) <.

Vey
The statistician’s goal is to construct an (€, §)-accurate estimator with the smallest sample
size N.

2.3. Memory bounded estimators. We study iterative estimation algorithms that maintain
and update an internal memory state of s bits in the course of 7" passes (iterations) over a data
set of N samples. A general template of such an iterative algorithm is given in Figure 1, and
a formal definition appears below.

DEFINITION 1 (Memory bounded estimation algorithm with resource profile (N, T, s)).
A memory bounded estimation algorithm with resource profile (N, T, s) computes an esti-
mator by making T passes through a data set of N samples using a memory state of s bits
(initially all zeros). Such an algorithm is specified by the update functions f; ; : {0, 1}’ x X —
{0, 1}* and an estimator function g : {0, 1}® — \7, which are used as follows. In the 7th pass
through the data set, the algorithm considers each sample x; for i € [V] in sequence, and it
updates the memory state by applying the update function f;; to the current memory state
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and the sample x; under consideration. After all T passes are complete, the estimator is com-
puted by applying the estimator function g to the final memory state. A template for a general
memory bounded algorithm is given in Figure 1.

The above class of iterative algorithms is well suited for modeling commonly-used estima-
tors, for example, spectral estimators (using the power method) and empirical risk minimizers
(using gradient descent). We measure the computational cost of an estimation algorithm by
T, the number of passes it makes through the data set. This cost measure is not sensitive to
the size of the data set. Furthermore, the update and estimator functions are permitted to be
arbitrary functions, and we do not consider their computational cost in our lower bounds.
This means that the lower bounds are conservative, in that a more detailed accounting of their
costs in a concrete computational model would only improve our lower bounds.

3. Our contributions. We study several statistical inference problems exhibiting a
statistical-computational gap and prove lower bounds on the total number of resources, as
measured by the product N - T - s of the sample size N, number of iterations (or passes) T’
and the size of the memory state s that all iterative algorithms must use to solve these prob-
lems. In the following paragraphs, we introduce the problems we study at a high level and
highlight our main results.

Tensor principal components analysis. In the order-k Tensor Principal Components Anal-
ysis (k-TPCA) problem introduced by Montanari and Richard [50], one observes N noisy
independent realizations of an unknown rank-1 symmetric k-tensor (the signal) corrupted by
Gaussian noise. The unknown signal tensor can be specified using a d-dimensional vector,
which is the parameter of interest for this problem, and the goal is to estimate it. This prob-
lem is believed to exhibit a sizeable computational-statistical gap. Our main result for this
problem (Theorem 1 in Section 5) provides a lower bound on the total number of resources
N - T - s used by any iterative algorithm for Tensor PCA. Many natural algorithms for this
problem (such as the tensor power method or the maximum likelihood estimator computed
using gradient descent) use a memory state of size s =< d proportional to the dimension of
the parameter of interest (i.e., use linear memory). By instantiating our lower bound for al-
gorithms with this property, we obtain unconditional lower bounds on their run-time. While
these lower bounds do not rule out polynomial-time linear-memory algorithms for Tensor
PCA, we are not aware of any other approach that yields an unconditional lower bound for
linear memory iterative algorithms that are comparable to our results. In particular, the pop-
ular low-degree likelihood ratio framework [44, 47] yields weaker run-time lower bounds.

Non-Gaussian component analysis. Montanari and Richard intended Tensor PCA as a styl-
ized statistical inference problem that captures computational difficulties in extracting infor-
mation about a parameter of interest from the empirical higher-order moment tensor of a
data set. Taking a cue from this motivation, we study the order-k Non-Gaussian Component
Analysis (k-NGCA) problem [11], defined as follows. The goal is to estimate an unknown
unit vector v from N i.i.d. realizations of a d-dimensional non-Gaussian vector x in which:
(1) the order-k moment tensor differs from the moment tensor of a standard Gaussian vector
z ~ N0, 1) along precisely one direction, given by v; and (2) for any £ < k — 1, the order-£
moment tensor of x is identical to that of the Gaussian vector z, and hence it reveals no infor-
mation about v. We show (Theorem 3 in Section 7) that a resource lower bound identical to
our result for k-TPCA holds for k-NGCA when the signal-to-noise ratio is sufficiently small
as a function of d. Since our lower bound applies to a broad family of constructions of the
non-Gaussian vector x, we obtain as corollaries to Theorem 3, similar results for the estima-
tion problems in specific statistical models, including Gaussian mixture models and certain
generalized linear models.
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Asymmetric tensor PCA. We also study an asymmetric version of k-TPCA (k-ATPCA),
where the signal tensor is allowed to be an arbitrary (possibly asymmetric) rank-1 tensor. The
conjectured hard phase for this problem is identical to that for (symmetric) k-TPCA. How-
ever, our main result for this problem k-ATPCA (Theorem 2 in Section 6) shows that this
problem requires significantly more total resources N - T - s than k-TPCA. The state-of-the-
art efficient estimators for k-ATPCA (such as the Montanari and Richard spectral estimator)
are, in a sense, overparameterized: they require a memory state size that is significantly larger
than the effective-dimension of the parameter of interest. A key consequence of our results is
that this overparameterization is necessary: estimators that use a smaller memory state have a
strictly worse run-time veersus sample size trade-off (shown in Figure 3b) compared to suffi-
ciently overparametrized estimators such as as the Montanari and Richard spectral estimator.
This explains why estimators for k-ATPCA “lift” the problem to higher dimensions.

Canonical correlation analysis. Since k-TPCA captures the computational difficulties in
extracting information about a parameter of interest from the empirical k-moment tensor of
a data set, it is natural to expect that k-ATPCA should capture the computational difficulties
of the same but for the empirical k-cross-moment tensor of a data set. To develop this anal-
ogy, we study the order-k Canonical Correlation Analysis problem (k-CCA), in which one
observes N i.i.d. realizations of a kd-dimensional random vector x = (xV, x@ ..., x®))
consisting of k separate d-dimensional “views.” The parameter of interest is the order-k
cross-moment tensor E[x(V @ x® ® --- ® x®1, and hard instances of this problem have
the property that no other moment tensor of order-¢ with £ < k carries information regarding
the parameter of interest. For the k-CCA problem, our main result (Theorem H.1 in the Sup-
plementary Material [32], Appendix H.3) shows that a resource lower bound identical to our
result for k-ATPCA holds for the k-CCA problem in the regime when signal-to-noise ratio
is sufficiently small as a function of d. Furthermore, since the problem of learning parity
functions can be reduced to the k-CCA instance used to prove the resource lower bound for
k-CCA, we also obtain interesting resource lower bounds for the problem of learning parities.
This is discussed further in the Supplementary Material [32], Appendix H.4.

Organization. The remainder of this paper is organized as follows. Section 4 discusses
several strands of related works relevant to this paper. Sections 5-7 introduce the various in-
ference problems we study and state and discuss our computational lower bounds for each of
them: Section 5 is devoted to (symmetric) tensor PCA, Section 6 to asymmetric tensor PCA,
and Section 7 to non-Gaussian component analysis. The results for canonical correlation
analysis are presented in the Supplementary Material [32], Appendix H. Section 8 presents
the proof framework that underlies each of the computational lower bounds presented in this
paper. As an illustrative application of the proof framework presented in Section 8, we pro-
vide the proof for the computational lower bound for (symmetric) tensor PCA in Section 9.
The detailed proofs for the remaining inference problems are provided in the Supplementary
Material [32].

4. Related work. Since the work of Montanari and Richard, which introduced k-TPCA,
a number of subsequent works have proposed and analyzed various estimators and proved
different kinds of computational lower bounds for this and related problems.

Hardness of symmetric and asymmetric tensor PCA. Many works have designed compu-
tationally efficient estimators for k-TPCA that attain the conjectured optimal sample com-
plexity for polynomial-time estimators (NA2 > d¥/2). This includes spectral estimators [10,
41-43, 50, 69], sum-of-squares relaxations [41-43], tensor power method with well-designed
initializations [3, 10] and higher-order generalizations of belief propagation [65]. The spec-
tral estimator of Hopkins et al. [42] for k-TPCA and the spectral estimator of Montanari and
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Richard [50] for k-ATPCA (discussed in detail in Section 5.4 and Section 6.4) are particularly
relevant for our work. The resources used by these estimators (as measured by the product
N - T - s) nearly match our resource lower bounds for k-TPCA and k-ATPCA, respectively.
Several works have shown that many natural classes of estimators fail in the conjectured hard
phase for k-TPCA (d S N 12 <« d*/?). This includes sum-of-squares relaxations [9, 41-43],
estimators that compute a low degree polynomial of the data set [44, 47] and SQ algorithms
[15, 30]. A more detailed comparison with the low-degree lower bounds appears in Sec-
tion 5.4. The landscape of the maximum likelihood objective for this problem has been shown
to have numerous spurious critical points [8, 56] and it is known that Langevin dynamics on
the maximum likelihood objective fails to solve k-TPCA in the conjectured hard phase [7].
Finally, using average-case reductions, it has been shown that the hardness of hypergraph
planted clique implies the hardness of k-TPCA [14, 68].

Hardness of non-Gaussian component analysis. The k-NGCA problem was formally intro-
duced by Blanchard et al. [11], and various computationally efficient estimators have been
proposed and analyzed [21, 39, 48, 61, 62]. These estimators have a sample size require-
ment, which is significantly more than the information-theoretic sample size requirement. In
the special case when the distribution of the non-Gaussian direction is discrete, Zadik et al.
[66] and Diakonikolas and Kane [24] have designed computationally efficient algorithms that
recover the non-Gaussian direction with the information-theoretically optimal sample com-
plexity. However, these algorithms are brittle and break down when the distribution of the
non-Gaussian component is sufficiently nice (e.g., absolutely continuous with respect to the
standard Gaussian distribution; see Remark 2 for additional details). In this situation, Di-
akonikolas, Kane and Stewart [28] have identified a sample size regime where SQ algorithms
fail to identify the non-Gaussian direction with polynomially many queries. This suggests that
this problem is computationally hard in this regime. A problem closely related to k-NGCA
problem is the continuous learning with errors problem [16]. Bruna et al. [16] show that this
problem is computationally hard provided that a plausible conjecture from cryptography is
true [49], Conjecture 1.2. Since k-NGCA is connected to many other inference problems, the
SQ lower bounds of Diakonikolas, Kane and Stewart are at the heart of SQ lower bounds for
many other robust estimation and learning problems [17, 22, 23, 25-29].

Memory and communication lower bounds for statistical inference. The computational
lower bounds obtained in our work rely on a reduction (Fact 1) of Alon, Matias and Szegedy
[2], which was more recently used in the context of statistical inference problems in the works
of Shamir [58] and Dagan and Shamir [20]. This reduction shows that any iterative algorithm
that solves a statistical inference problem using few resources (as measured by the product
N - T -s) can be used to solve the statistical inference problem in a distributed setting with
a limited amount of communication between the machines holding the data samples. Conse-
quently, the claimed resource lower bounds follow from communication lower bounds for the
distributed versions of these inference problems. Recent works by Han, Ozgiir and Weissman
[40], Barnes, Han and Ozgur [5], Acharya et al. [1] have developed general frameworks to
prove communication lower bounds distributed statistical inference problems. However, for
k-TPCA and k-NGCA, we were unable to obtain the desired communication lower bounds
using these frameworks (see Section 8.7 for more details). Hence, building on these works, we
develop a different approach to obtain communication lower bounds for distributed inference
problems, which yields stronger communication lower bounds for k-TPCA and k-NGCA
than those obtained using the prior works [1, 5, 40]. On the other hand, for k-ATPCA and
k-CCA problems, the desired communication lower bounds can be obtained from existing
communication lower bounds for sparse Gaussian mean estimation [1, 13] and correlation
detection problems [20]. We show that the approach developed in this paper also yields alter-
native proofs for the desired communication lower bounds for k-ATPCA and the k-CCA in
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a unified manner. We refer the reader to the Supplementary Material [32], Remark E.1, for
a detailed discussion. A different line of work [6, 35-37, 46, 51-53, 55, 59, 60] initiated by
Steinhardt, Valiant and Wager [60] and Raz [55] provides another approach to obtain mem-
ory lower bounds without relying on the connection with distributed inference problems. We
provide a comparison with lower bounds obtained using this approach in the Supplementary
Material [32], Section H.4.1.

5. Symmetric tensor PCA.
5.1. Problem formulation. In the symmetric order-k Tensor PCA (k-TPCA) problem in-

troduced by Montanari and Richard [50], one observes N i.i.d. tensors X 1., € ®k R? sam-
pled as follows:

)\'V@k iid. . . .
(2) X;= T + Wi, Wi jijsoje ~NO, 1) Vi1, jo, ..., jk €ld]

In the above display, A > 0 is the signal-to-noise ratio, and V € V is the unknown parameter
one seeks to estimate. The parameter space for this problem is V = {V e R? : |V || = V/d}.
We let the probability measure @y denote the distribution of a single sample X; in (2).

5.2. Statistical-computational gap in k-TPCA. Depending on the scaling of the effective
sample size NA2, k-TPCA exhibits three phases.

Impossible phase. If N.> < d, recovering V is information-theoretically impossible [50].

Conjectured hard phase. In the regime d < NA? <« d¥/?, the maximum likelihood estima-
tor succeeds in recovering V [50]. However, it is not known how to compute the maximum
likelihood estimator using a polynomial-time algorithm. No known polynomial-time estima-
tion algorithm has a nontrivial performance in this phase. Based on evidence from the low
degree likelihood ratio framework [47], the statistical query framework [15, 30], the sum-of-
squares hierarchy framework [41] and the average-case reductions framework [14, 68], it is
believed that no polynomial-time algorithm can have nontrivial performance in this phase.

Easy phase. In the regime NA? > d*/2, there are polynomial-time algorithms that accu-
rately estimate V [3, 10, 42, 43, 50, 65, 69].

5.3. Computational lower bound. The following is our lower bound for k-TPCA.

THEOREM 1. Let V denote any estimator for k-TPCA withk > 2 and A < 1 (as d — 00)
that can be computed using a memory bounded estimation algorithm with resource profile
(N, T,s) scaling with d as

N =d"/\?, T=d", s < d*
for any constants n > 1,t >0, u > 0. If
k+1
N+t+u<|——1|
2
then, for any t € R,

N NAZ 2
limsup inf Py| ————F=—=> — ) <2exp| —= ).
d—oo VEV VIRV T d 2
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A

The above result shows that if the total resources used by a memory-bounded estimator V
(as measured by the product N - T - s) is too small, there is a worst-case choice of V € V such
that, on an event of probability arbitrarily close to 1, we have

{7\ 2
AP

IVIRIV)2 ™ d
On the other hand, for any V € V), the trivial estimator V~N (0, I;) achieves

()2
[UAZIY
IviIvy> =~ d
with probability arbitrarily close to 1. Hence, memory bounded estimation algorithms using
too few total resources perform no better than a random guess.

5.4. Discussion of Theorem 1. We now discuss some key implications of Theorem 1.
Recall that we consider the scaling regime where d — oo and A < 1, N < d" /Az, T =<d°,
s =< d"; the exponents n > 1, T > 0 and u > 0 are fixed constants. We additionally restrict
our discussion to the case where k is even, because our lower bounds appear to be deficient by
a factor of v/d when k is odd (additional details are provided in the Supplementary Material
[32], Appendix D.1, regarding the odd case).

5.4.1. Consequences for linear memory algorithms. Theorem 1 has some interesting
consequences for memory-bounded estimation algorithms with a memory state of size
s =< d polylog(d) bits. We call such algorithms nearly linear memory algorithms. For
such algorithms to have a nontrivial performance for k-TPCA, the sample size exponent
n =1log(NA2?)/log(d) and the run-time exponent T = log(7T")/log(d) must satisfy

©) T

TNz
This gives a lower bound on the run-time exponent as a function of the sample-size exponent
T > k/2 — n, which rules out certain run-time exponents in the conjectured hard phase for
Tensor PCA (1 < n < k/2). The run-time exponents ruled out by Theorem 1 is the triangular
subregion of the conjectured hard phase shaded in red and gray in Figure 2.

Many natural algorithms for k-TPCA are nearly linear memory algorithms, and hence, the
run-time versus sample size trade-off obtained in (3) also applies to them. This includes al-
gorithms like the tensor power method [3, 10, 50], Langevin dynamics or gradient descent on
the maximum likelihood objective [7] and partial trace spectral estimator of Hopkins et al.
[42]. These algorithms are discussed in more detail in the Supplementary Material [32], Ap-
pendix D.2.

logd T
A

impossible hard? easy

k
21

> log,;(N)?)

\\\\\\\

INEE 5

FI1G. 2. Consequences of Theorem 1 for linear memory k-TPCA algorithms (k even).
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5.4.2. Tightness of Theorem 1. The partial trace spectral estimator of Hopkins et al. [42]
is a memory bounded estimation algorithm with resource profile:

(N =< a’g/kz, T = polylog(d), s = d - polylog(d)).

This is a (nearly) linear memory estimation algorithm for Tensor PCA whose sample size
exponent 1 and run-time exponent t satisfy n + t < k/2 + ¢ for arbitrary € > 0. This shows
that the run-time versus sample size trade-offs implied for linear-memory algorithms by The-
orem 1 are tight. Furthermore, this shows that Theorem 1 provides a weak separation between
the easy and the conjectured hard phases:

1. In the easy phase, when the sample size exponent n > k/2, there are (nearly) linear
memory algorithms whose run-time exponent is arbitrarily close to zero (t < € for any € > 0).

2. In contrast, in the hard phase, when the sample size exponent n < k/2, Theorem 1
shows that any linear memory algorithm must have a strictly positive run-time exponent T >
k/2 —n.

5.4.3. Comparison with low-degree lower bounds. Lastly, it is interesting to compare the
lower bounds implied by Theorem 1 with the lower bounds obtained using the low-degree
likelihood framework. Kunisky, Wein and Bandeira [47], Theorem 3.3, show that when

k
NA2 < ar

~ k=2

D™

any procedure that computes a degree-D polynomial of the data set X .y fails to solve k-
TPCA [47], Theorem 4. In general, the lower bounds obtained from Theorem 1 are incompa-
rable to those obtained from the low-degree framework for the following reasons:

1. The low-degree polynomial makes no restrictions on the amount of memory used to
compute the polynomial.
2. There are no degree restrictions placed on memory bounded estimation algorithms.

However, one can still make interesting comparisons between lower bounds obtained for
algorithms that can be implemented in both computational models. An important example
is the tensor power method (a general class of examples is discussed in the Supplementary
Material [32], Appendix D.2). The T'th iterate of the tensor power method is a polynomial
in X1.y of degree D = (k — 1) Hence, low-degree lower bounds only show the failure of
iterative schemes like the tensor power method in the conjectured hard phase of k-TPCA for
T <log(d) iterations. The failure of the low-degree framework to give iteration lower bounds
of the form T > d® for any 8 > 0 because of the following reasons:

1. The low-degree framework measures the computational cost of computing a polyno-
mial only using its degree. Hence, in order to show an iteration lower bound of T > d°, one
would have to show that polynomials of degree D = exp(O(d®)) fail to solve k-TPCA.

2. However, it is known that for every € € (0, 1), there is a computationally inefficient
estimator based on a degree D < d€ polynomial that solves k-TPCA in a part of the hard
phase with sample-size exponent n =€ + k(1 — €)/2 < k/2 (see discussion in [47], page 16,
and references therein).

In contrast, since tensor power method can be implemented with a memory state of size
s = d polylog (d) bits (see [32], Appendix D.2), stronger iteration lower bounds (recall (3)
and Figure 2) are obtained via Theorem 1 by exploiting the fact that the output of the tensor
power method has an additional structural property not shared by arbitrary polynomials of
comparable degree: it can be computed by T iterations of a linear memory algorithm.
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6. Asymmetric tensor PCA.

6.1. Problem formulation. In the asymmetric order-k Tensor PCA (k-ATPCA) problem,
one observes N i.i.d. tensors X .y € ®k R4 sampled as follows:

4
AVIiQVHr®---QVy iid. .. .
X;= = +Wio  Wjijpis ~NO, 1) Y1, jo..... ji €ldl.
In the above display, A > O is the signal-to-noise ratio, and V1, V»,..., V} are unknown

vectors in R? with || V;|| = +/d. The goal is to estimate the rank-1 signal tensor V EVI®
Vy--- ® V. The parameter space for this problem is V={Vi Q@ V2 Q ---Q Vi :V; €
Re, | V|l = +/d Vi € [k]}. We let the probability measure py denote the distribution of a
single sample X; in (4).

6.2. Statistical-computational gap in k-ATPCA. The delineations between the impossi-
ble phase, conjectured hard phase and easy phase for k-ATPCA are the same as in (symmet-
ric) k-TPCA. In particular, the known polynomial-time algorithms that accurately estimate
V require NA% > d*/? [50, 69].

6.3. Computational lower bound. The following is our lower bound for k-ATPCA.

THEOREM 2. LetV € Q*RY denote any estimator for k-ATPCA with k > 2 and signal-
to-noise ratio A < 1 (as d — o0) that can be computed using a memory bounded estimation
algorithm with resource profile (N, T, s) scaling with d as

N =<d"/»?, T=d", sx=d’
for any constants n > 0,7 >0,b>0. If
n+t+b<k,

then, for any t € R,

limsup inf P
d—oo V€V

(V.2 _ 2y _ 1
N\ 552 %) =3
vy = d !
Just as in the case of (symmetric) k-TPCA, Theorem 2 shows that memory bounded esti-
mation algorithms for k-ATPCA using too few total resources (as measured by the product
N - T - s) perform no better than a random guess.

6.4. Discussion of Theorem 2. We now discuss some implications of Theorem 2. We
restrict attention to the situation where A < 1 and k = 2¢ is even.

6.4.1. Price of asymmetry. A comparison of the computational lower bound for k-
ATPCA (Theorem 2 and k-TPCA (Theorem 1) reveals that k-ATPCA is a more resource-
intensive inference problem. The minimum amount of resources (as measured by the product
N - T - s5) needed to solve k-ATPCA is strictly more than the minimum amount of resources
required to solve k-TPCA.
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6.4.2. Tightness of Theorem 2. Let X € ®k R? denote the empirical average of X.y.
Montanari and Richard [50] proposed estimating V by the best rank-1 approximation of
the matrix obtained by flattening X into a d* x d* matrix. The estimator is based on the
matricization operation Mat : ®k RY — R4 x R , wWhich reshapes a tensor into a matrix.
To define Mat(T) for a tensor T € ®k R4, we index the rows and columns of Mat(T) by
£-tuples of indices (i1, i2,...,i¢) € [d]%, so the entries of Mat(T') are given by
®) Mat(T) 1ty cni): G fseende) = Ttz
The estimator VMR of Montanari and Richard is defined by VMR =Mat~! (M ), where M is
the best rank-1 approximation (or the rank-1 SVD) of Mat(X). This estimator was analyzed
by Zheng and Tomioka [69] for k-ATPCA. Their analysis shows that in the regime A < 1,
when N2 2>d §’ f/MR is a consistent estimator for V. Moreover, in this regime, the matrix
M has a spectral gap of size A 2 1. Consequently, VMR can be computed using polylog(d)
iterations of the power method. Since Mat(X) € R4 *d" with ¢ = k /2, in order to imple-
ment the power method using a memory bounded algorithm, one requires a memory state of
size s < d’ polylog(d) bits. Consequently, this estimator can be computed using a memory
bounded estimation algorithm with resource profile

(N < d%/kz, T =< polylog(d), s < d* polylog(d)).

The total resources consumed by this estimation algorithm satisfies N - T - s < d**¢ for any
€ > 0. This shows that the resource lower bound in Theorem 2 is nearly tight.

6.4.3. A separation between easy and hard phases. Theorem 2 has interesting conse-
quences for memory bounded estimation algorithms that have a memory requirement com-

parable to the spectral estimator of Montanari and Richard, that is, s < d 3. For such al-
gorithms to have a nontrivial performance for k-ATPCA, the sample size exponent 1 =
log(N 22) /log(d) and the run-time exponent T = log(7")/log(d) must satisfy

k
6 > —,
(6) T+n> >

This gives a lower bound on the run-time exponent as a function of the sample-size exponent:
T > k/2 — n. This rules out certain run-time exponents in the conjectured hard phase for k-
ATPCA (1 < n < k/2), specifically those in the striped triangular region in Figure 3a. (The
spectral estimator of Montanari and Richard is depicted by the green dot at (log;(NA?) =

log, T log, T
A A
impossible hard? easy he1—b _i_mpossible> hard? easy
k -~
ER Z
k
l////i > | N)\Q 2
T ‘k|: > log,( ) T log;(NA?)
1 5 1 3 k—b
(a) s = d¥/? bits. (b) s = db bits, b < k/2.

FI1G. 3. Consequences of Theorem 2 for k-ATPCA algorithms with memory size of s < d% bits (left) and s < ab
bits for b < k/2 (right). The striped triangular region represents the run-time versus sample size trade-offs ruled
out by Theorem 2. The green dot at (log; (NAZ) =k/2,1log,;(T) = 0) in Figure 3a represents the Montanari and
Richard estimator.
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k/2,log;(T) = 0) in Figure 3a.) Hence, Theorem 2 provides a weak separation between
the easy and the conjectured hard phases, similar to that provided by Theorem 1 for linear
memory algorithms and k-TPCA.

6.4.4. Necessity of overparameterization. The Montanari—Richard spectral estimator is

overparameterized in the sense that it uses a memory state of s > d* bits, which is sig-
nificantly larger than the effective dimension of the parameter of interest V, namely kd,
whenever k > 3. Theorem 2 shows that this amount of overparameterization is necessary.
To see this, we instantiate Theorem 2 for memory state sizes of s =< d” bits for some
b < k/2. For such memory bounded estimation algorithms to have a nontrivial performance
for k-ATPCA, the sample size exponent 1 = log(NA2)/log(d) and the run-time exponent
7 =log(T)/log(d) must satisfy
(7) T+ >E+<§—b)

T=27\277)
The trade-off in (7) is strictly worse than the trade-off obtained from (6); compare the phase
diagram in Figure 3b to that in Figure 3a. Hence, one cannot significantly reduce the over-
parameterization level (as measured by the size of the memory state) of the Montanari and
Richard spectral estimator without increasing its run-time or sample-size exponents.

7. Non-Gaussian component analysis.

7.1. Problem formulation. In the non-Gaussian Component Analysis (NGCA) problem,
one seeks to estimate an unknown vector V € R? with ||V || = +/d from an i.i.d. sample x 1.y
generated as follows:

1 1
(8a) xi=niﬁV+<Id—EVVT>zi,

where n; e Rand z; € R? are independent random variables with distributions
(8b) zi~N(@O,15), ni~v.

In the above display, v is a non-Gaussian distribution on R. Let ny denote the distribution
of x; described by the above generating process (8). The likelihood ratio (with respect to the
standard Gaussian distribution ) of a single sample x € R? from the model (8) is

©) duy (x) dv ) h def< 1 V>
—(@)=—-(n) wheren=(x,—=V).
duo duo Vd
REMARK 1. We overload the symbol 1t to mean o = N (0, I ;) on the left-hand side of
(9), and o = N (0, 1) on the right-hand side. We will use this overloaded notation throughout
our analysis of NGCA, but the meaning of j¢ should be clear from the context.

7.1.1. Degree of non-Gaussianity. The statistical and computational difficulty of esti-
mating V depends on how non-Gaussian v is. For positive integer k > 2, order-k NGCA
(k-NGCA) refers to instances of NGCA in which the first k — 1 moments of v are identical
to a standard Gaussian random variable,

/xiv(dx) =EZ!, Z~N(,1), Vielk—1],

but the kth moment differs from the corresponding standard Gaussian moment,

/xkv(dx) —E[Z"]|=1>0, Z~N(Q,1).

The parameter A > 0 is the signal-to-noise ratio for this problem.
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7.1.2. Assumptions on the non-Gaussian component. The computational lower bounds
we prove holds for a broad class of non-Gaussian distributions v that have a density with
respect to the standard Gaussian measure o =N (0, 1) on R, and that satisfy some additional
assumptions. Before stating these assumptions, for any probability measure v on R, we define
the coefficients ¥; for any i € Ny as follows:

def

b EE[H;m)]. 1~

(Recall that { H; }; cn, are the orthonormalized Hermite polynomials.) Note that since Hy(z) =
1, we have vy = 1. Since we always assume that v has a density with respect to g = N (0, 1),
we can equivalently write

5, =Eo[;—:0(Z)Hi(Z)], Z~ 1o =N, 1).

Hence, 7; is the ith Hermite coefficient of the likelihood ratio function dv/dug. By

Plancheral’s identity,
dv i -
EO[(—(Z)— 1) ]: 2.

We now state our assumptions below.

ASSUMPTION 1. Distribution v satisfies the moment matching assumption with param-
eterkeN, k>2if

/z"v(dz) :/ziuo(dz) Vi e[k —1].

Equivalently, v; =0 for any i € [k — 1].

ASSUMPTION 2. Distribution v satisfies the bounded signal strength assumption with
parameters (A, K) for some A > 0 and K > 0 if

o0

2 <K%, Z~N(O,D.

i

I
—_

i

ASSUMPTION 3. Distribution v satisfies the locally bounded likelihood ratio assumption
with parameters (A, K, k) for some A >0, K >0 and k > 0 if

dv K K
d_(z)_l <Kx(1+1z])* VzeRsuchthat KA(1+|z]) <1.
140

ASSUMPTION 4. Distribution v satisfies the minimum signal strength assumption with
parameters (A, k) forsome A >0 and k e N, k > 2 if

’EOZ" — /xkv(dx)

=1, Z~uo=N(Q,1).

ASSUMPTION 5. The random vector x ~ wy is sub-Gaussian with variance proxy @ for
some ¢ > 1.!

A random vector w € RY is sub-Gaussian with variance proxy v (a.k.a. v sub-Gaussian) if E[w] = 0 and

Elexp({(u, w))] < exp(v||u||2/2) for all # € RY. Note that x ~ [y 1is sub-Gaussian with variance proxy ¢ if
n ~ v is sub-Gaussian with variance proxy 9.
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7.2. Statistical-computational gap in k-NGCA. Similar to k-TPCA, the k-NGCA prob-
lem exhibits three phases depending on the effective sample size NAZ2.

Impossible phase. When NA? < d, there is no consistent estimator for the non-Gaussian
direction V. This follows from standard lower bounds based on Fano’s inequality. We re-
fer the reader to the arXiv version [31], Appendix F.2, of this paper for the proof of the
information-theoretic lower bound.

Conjectured hard phase. Whend < N 22 < d*/? and A < 1, there is a consistent, but com-
putationally inefficient estimator for the non-Gaussian direction V (provided Assumptions 4
and 5 hold). This estimator is described and analyzed in the arXiv version of this paper [31],
Appendix F.3. The lower bounds of Diakonikolas, Kane and Stewart [28] show that SQ al-
gorithms fail to estimate the non-Gaussian direction with polynomially many queries in this
regime. This suggests that this regime is the conjectured hard phase for k-NGCA. We provide
additional evidence for this using the low-degree likelihood ratio framework of Hopkins [44]
in the arXiv version of this paper [31], Appendix F.4. In the situation when the non-Gaussian
measure v is a mixture of Gaussians, similar lower bounds appear in the work of Mao and
Wein [48]. Alternatively, low-degree lower bounds for this problem can also be derived from
the SQ lower bounds of Diakonikolas, Kane and Stewart [28] by verifying the general con-
ditions proposed by Brennan et al. [15], which ensure equivalence between the low-degree
computational model and the SQ model.

Easy phase. When N2 > d*/?  there are polynomial-time estimators for k-NGCA. In the
arXiv version of this paper [31], Appendix E.5, we study a spectral estimator for k-NGCA
(with even k) that estimates the non-Gaussian direction V by the leading eigenvector V (in
the magnitude) of a data-dependent matrix M:

order | N 2 2 T 2 B2 ¢
(10a) M:NZ(llx,-ll —d) 2 xix] —E[(lIz]° —d) ? zZ"],
i=1
(10b) V & max [u"Mul|.
=1

In the above display, z ~ N (0, I ;7). When N A2 > dl%, we show that V is a consistent esti-
mator for the non-Gaussian direction (provided Assumptions 4 and 5 hold). This estimator
generalizes spectral estimators proposed in prior work of Mao and Wein [48] and Davis, Diaz
and Wang [21] for the special case k = 4.

REMARK 2 (Lattice and sum-of-squares algorithms for k-NGCA). When the non-
Gaussian measure is discrete or close to discrete, Diakonikolas and Kane [24] and Zadik
et al. [66] have designed estimators for the non-Gaussian direction, which use N =d + 1
samples and run in polynomial-time. In contrast, Davis, Diaz and Wang [21] leverage the
results of Ghosh et al. [38] show that estimators based on sum-of-squares relaxations fail to
solve these instances when N < d3/2. Since we assume that the non-Gaussian distribution
v has a density with respect to N'(0, 1) and the signal-to-noise ratio A < 1 as d — oo, these
estimators are not applicable to the instances of k-NGCA studied in this paper.

7.3. Connections to other inference problems. By considering particular families of the
non-Gaussian distribution v, we can relate k-NGCA to other inference problems. In the Sup-
plementary Material [32], Appendix G, we provide two constructions of the non-Gaussian
distribution v and leverage them to obtain computational lower bounds for learning Gaus-
sian mixture models and generalized linear models with binary responses as corollaries of
Theorem 3.
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7.4. Computational lower bound. The following is our lower bound for k-NGCA.

THEOREM 3. Consider the k-NGCA problem with non-Gaussian distribution v satisfy-
ing:

1. the moment matching assumption (Assumption 1) with parameter k > 2 and k < 1,

2. the bounded signal strength assumption (Assumption 2) with parameters (A, K < 1);

3. the locally bounded likelihood ratio assumption (Assumption 3) with parameters
A K=x1,kx1).

Suppose that A < d™7 (as d — o0) for any constant y > 2[(k+1)/2]+«. Let V e RY denote
any estimator for this k-NGCA problem that can be computed using a memory bounded
estimation algorithm with resource profile (N, T, s) scaling with d as

N2 =d", T =<d", s=<d*
for any constants n> 1,7 >0, u > 0. If

k+1
peern<[]

then, for any t € R,

V.2 2 12
limsup inf Py (u > —) < 26Xp(——>.
d—oo V€V Ivirgvyz = d 2

Theorem 3 shows that if the signal-to-noise ratio A is sufficiently small, then memory
bounded estimation algorithms using too few total resources (as measured by the product
NA? . T -s) perform no better than a random guess.

7.5. Discussion of Theorem 3. Theorem 3 is quantitatively similar to the computational
lower bound obtained for k-TPCA (modulo the condition on the signal-to-noise ratio), so
most of the implications discussed in Section 5.4 continue to hold. This includes the following
(again, just considering even k).

1. Theorem 3 gives a nearly tight lower bound on the total resources, as evidenced by the
existence of the spectral estimator from (10) that can be implemented by a memory bounded
estimation algorithm with resource profile (N < d*/? - polylog(d)/A%, T = polylog(d), s <
d - polylog(d)).

2. The run-time versus sample-size trade-offs for (nearly) linear memory estimators,
shown in Figure 2 for k-TPCA, also applies to k-NGCA. Nearly linear memory estimators for
k-NGCA include the spectral estimator from (10), the tensor power method on the empirical
order-k moment tensor and gradient descent on natural nonconvex objectives [21, 63].

3. For many nearly linear memory algorithms, stronger iteration lower bounds can be
obtained using Theorem 3 in the low signal-to-noise regime as compared to the low-degree
likelihood ratio framework [44, 47], which only yields lower bounds of the form 7' = log(d).

REMARK 3. The computational lower bound of Theorem 3 applies only when the signal-
to-noise ratio A2 is sufficiently small. This requirement is an inherent limitation of the proof
technique, which derives a lower bound for memory bounded estimation algorithms from a
communication lower bound for distributed estimation algorithms. The Supplementary Ma-
terial [32], Appendix F, Remark F.1, discusses a simple distributed estimation algorithm that
rules out the required communication lower bound in the high signal-to-noise ratio regime.
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8. Proof framework. In this section, we present a general framework used to obtain the
computational lower bounds presented in Theorems 1, 2 and 3, as well as the computational
lower bounds for the canonical correlation analysis problem in the Supplementary Material
[32], Appendix H.

8.1. Reduction to distributed estimation. Although our primary focus is on proving lower
bounds for memory-bounded estimation algorithms, these lower bounds are consequences of
communication lower bounds for distributed estimation protocols in the “blackboard” model
of communication, introduced next.

DEFINITION 2 (Distributed estimation protocol with parameters (m, n, b)). A distributed
estimation protocol with parameters (m,n, b) computes an estimator based on a data set
{xij e X:ie[m],je[n]}of N =mn samples that are distributed across m machines, with
n samples X; = {x; ; : j € [n]} per machine, after each machine writes at b bits to a (public)
blackboard. The execution of the protocol occurs in a sequence of mb rounds; a single bit
is written on the blackboard per round. In round ¢: (1) a machine ¢; € [m] is chosen as a
function of the current contents of the blackboard Y ; = (Y1, Ya, ..., Y;—1) € {0, 1}¥~!; then,
(2) machine ¢; computes a Boolean function of the local data set Xy, stored on machine ¢;,
as well as the current contents of the blackboard Y _;; and finally, (3) the output Y; € {0, 1}
of the function computed by machine ¢, is then written on the blackboard. Each machine is
chosen in b rounds. At the end of the mb rounds, the estimator is computed as a function
of the final contents of the blackboard Y € {0, 1}, A general template for a distributed
estimation protocol is shown in Figure 4.

The connection between the memory bounded computational model and the distributed
computational model is encapsulated in Fact 1, below, formalized by Shamir [58] and Dagan
and Shamir [20]. It is a consequence of a simple reduction of Alon, Matias and Szegedy
[2] that simulates a memory bounded estimation algorithm using a distributed estimation
protocol: the machines take turns to simulate the algorithm’s passes over the data set, with
one machine concluding its turn by writing the memory state on the blackboard so the next
machine can continue the simulation.

FAcT 1 ([2, 20, 58]). A memory bounded estimation algorithm with resource pro-
file (N, T,s) can be simulated using a distributed estimation protocol with parameters
(N/n,n,sT) for any n € N such that N/n € N.

We rely on Fact 1 to convert lower bounds for distributed estimation protocols to lower
bounds for memory bounded estimation algorithms. Note that in the reduction, there is some

Distributed estimation protocol with parameters (m,n,b).

Input: {z; j :i € [m], j € [n]}, a data set of N = mn samples distributed across m machines, with
machine 7 receiving n samples X; = {z; ; : j € [n]}.

Output: An estimator V € V.

Variables: Contents of the blackboard Y € {0,1}™P.

» Forround ¢t € {1,2,...,mb}
— Select machine ¢; € [m], a function of Y.
— Machine ¢; writes bit Y%, a function of (X, , Y<¢), on the blackboard.

¢ Return estimator V, a function of Y.

FI1G. 4. Template for distributed estimation protocols with parameters (m, n, b).
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flexibility in the choice of n, the number of samples per machine. In our use of Fact 1, we
will set 7 in a way that gives us the most interesting lower bounds.

REMARK 4 (Deterministic versus randomized distributed estimation protocols). In Def-
inition 2, we have defined distributed estimation protocols to be deterministic, so they do not
use any additional randomness apart from the data set. However, all of our lower bounds for
deterministic protocols also apply to randomized protocols, in which all computations (of
the ¢;’s, Y;’s and V) are permitted to additionally depend on a (shared) uniformly random
bit vector g € {0, 1}X. This is because, to rule out (e, 8)-accurate distributed estimators, we
study the Bayesian version of the inference problem, in which the parameter is drawn from a
prior V ~ m. In the Bayesian problem, there is no advantage of using a randomized protocol:
one can always use the deterministic protocol corresponding to the bit vector ¢ that achieves
the lowest Bayes risk (averaged over the realization of V ~ ). This deterministic protocol
is guaranteed to perform as well as the original randomized protocol.

8.2. Lower bounds for distributed estimation protocols. As a consequence of the re-
duction from memory bounded estimation to communication bounded estimation, we focus
our attention on proving lower bounds for distributed estimation protocols. We introduce a
general lower bound technique for showing that if an estimator V is computed by a dis-
tributed estimation protocol using insufficiently-many resource (as measured by the parame-
ters (m, n, b)), then it is not (€, §)-accurate (for suitable choices of € and §):

sup Py (£(V, V) > €) > 6.
Vey

To show this, we consider the Bayesian (a.k.a. average-case) version of the statistical infer-
ence problem, in which nature draws the parameter V from a prior 7 on the parameter space
V. Since

sup Py (£(V, V) >€) > /]P’V (L(V, V) > e)m@V),
Vey

it is enough to show that the RHS of the above display is at least 6. In order to do so, we will
rely on Fano’s inequality for Hellinger Information [19], which we introduce next.

8.3. Hellinger information and Fano’s inequality. Recall that in a statistical inference
problem, the N samples {x; j :i € [m], j € [n]} C A are drawn i.i.d. from wy . In the present
distributed setting, the samples are distributed across m = N /n machines, with n samples per
machine. The data set at machine i is denoted by X; € X”. The machines then communicate
via a distributed estimation protocol to write a transcript ¥ € {0, 1}? on the blackboard;
the final estimator V is only a function of Y. Let P(Y = y|X.,) denote the conditional
probability that the final transcript is y € {0, 1} given the data sets X 1.,,. Now define

(11) ny (dX) = [ nvdxi ),
j=l1

12) Py (Y =y) d=ef/P(Y =YX 1) - uyv(dXy) -y (dX2) - py (dXp).

In words, uy(dX;) and Py (Y = y) are respectively the marginal laws of X; (the data set
at machine i) and the blackboard transcript ¥ when the parameter picked by nature is V.
We compare two distributions P; and P, on {0, l}mb using the squared Hellinger distance,
defined by

1
oL By =5 3 (JEr(Y =) = B2¥ = y))’.

yE{O, l}mb
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With these preliminary definitions in place, we now define the Hellinger Information between
the parameter V and the blackboard transcript Y by

(13) Lhei(V: Y) gi%f/dﬁm(lpv, QmdV),

where the infimum is taken over all probability measures on {0, 1}"?.

Fano’s inequality for Hellinger Information (due to Chen, Guntuboyina and Zhang [19])
provides a lower bound on the error of any estimator for V based on the transcript Y in terms
of the Hellinger Information I1¢(V; Y) between V and Y.

FACT 2 (Fano’s inequality for Hellinger Information [19]). Let£:V x V- {0, 1} be an
arbitrary 0-1 loss. Let w be an arbitrary prior on V. Define

Ro(m) £ mig(/ v, u)rr(dV)).
ucy \Jy
Then, for any estimator V: {0, l}mb — 17, we have

/VEV[E(V, ‘7(Y))] w(dV) > Ro(mw) — v2Iha(V; Y).

In the above display, Ine|(V; Y) denotes the Hellinger information between the random vari-
ables: V. ~m and Y ~Py.

PROOF. The above claim is a minor modification of a result proved by Chen, Guntuboy-
ina and Zhang [19], Corollary 7, item (ii). We provide a derivation in the Supplementary
Material [32], Appendix 1.3, for completeness. [

Note that Ro(;r) is the lowest possible estimation error when the transcript Y is not ob-
served. The above fact says that /21 (V; Y) is an upper bound on the reduction in estima-
tion error possible by leveraging information contained in the transcript Y. Since we wish to
lower bound

[Bv(ev. vy = nav),
we will apply Fano’s inequality with the 0-1 loss 7 defined as follows:

T, 9y 0 ife(v,0) <e,
U it e, D) > e

8.4. Information bound for distributed estimation protocols. Next, we present a general
upper bound on I (V; Y) for distributed estimation protocols.

PROPOSITION 1. Let:

1. 7 be a prior distribution on the parameter space V;

2. wo be a reference probability measure on X" such that uy < po forall V e V;

3. @ be a null probability measure on X" such that [ and o are mutually absolutely
continuous,

4. Z C X" be an event such that

di ]
{XeX”:‘—'u(X)—l‘f—} cZ.
duo 2

and let Z; for i € [m] be the indicator random variables defined by Z; &1 X,eZ2-
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Consider a hypothetical setup in which machine i € [m] is exceptional, and the data X .,
are sampled independently as follows:

X))z ~ T, Xi ~ po.

Let F(()i) and E()i) denote the probabilities and expectations in this setup:

By (¥ =) % [ B = y1X 1) o(@X) - [[ X ),
Jj#i
Eé”f(xlzm,ndé/ > f K, ) PY = 31X 1) mo(@Xy) - [T (X ).
ye{0,1ymb i#

Also, let Eg)H-] denote conditional expectations in this setup.

. . . iid. . .
There is a universal constant K such that, if V.~ m, X1., ~ ny and Y is the transcript
produced by a distributed estimation protocol with parameters (m, n, b), then

2
Y, Z,‘, (Xj)j#iiD 7T(dV)1|

m —

() = [duy du
La(V:Y)<K ) E Z~/<E [—X-——X
hel( )_ P 0 |: i 0 dMO( l) dMO( l)

mK : .
+ 25 ([ wviEomav) + (),

PROOF. The proof of this result is presented in the Supplementary Material [32], Ap-
pendix B.1. [

In order to apply Proposition 1, one needs to suitably choose the reference measure (g,
null measure it and the event Z. The considerations involved in these choices are as follows:

1. The reference measure o is chosen so that it is easy to analyze the concentration
behavior of the following likelihood ratios when X ~ po:

duy dm
—X), —(X).
dpo duo
Typically, po will be the standard Gaussian measure over X”.
2. We will often set the null measure & = j1o. However, in some cases, we will be able to

obtain improved lower bounds with the following choice:

() = / wy () T@v),

which is the marginal law of the data set in a single machine after integrating out V ~ 7.
3. Finally, we will typically set Z minimally as

d 1
Z:{XGX":‘—M(X)—I‘ 5—}.
duo 2
However, in some cases, we will find it helpful to enrich Z with other high probability events
that facilitate the analysis of (our upper bound on) Hellinger information.

8.5. Linearization. To use our upper bound on Hellinger information, we develop upper
bounds on

e U d/'L dﬁ 2
W2 (v, 20, (X)) dsz(Eé)[—V(X,-) Y xply =y, zi= 2 (Xj)#iD 7(@V).
duo duo

A useful technique to control \Ill-2 (y,zi, (x ) j=) is linearization, described below.
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LEMMA 1 (Linearization). We have

= [[dry dm

W(y,zi, (Xj)jz)= sup E(l)[<—(Xi)——(Xi),S> ‘Y=.V»Zi=Zi»(Xj)j;éi:|,
“S‘S]ﬁ—ﬂ% duo duo T

7=

where || - ||z and (-, -); denote the Ly norm and inner product with respect to the prior 1 :
ISIZ = [ S*vym@av),

duy diw > (dMV duw )
—X)—-—X),S) = SWV)-|—X)——(X; dv).
<du0( ) d,uo( ) i _/ V) d,uo( ) dMo( ) )7 (@dV)

PROOF. The proof follows from the following identities:

Wy, 2, (X)) & Eé”[—(xi)——(Xi) Y=y,z,-=zi,<Xj>,-¢i]
dpo dpo 7
) —i[duy do
U sup (SES| 00 - S Y =z =20 () )
ﬁ:svfﬂg 0 | i 7 T dp = iz ]
7=

© =(0) duy dr > :|

= E S,—X)——X)) [ Y=y,Zi=zi,(Xj) =i |-
I1Sl=<1

In the step marked (a), we used the definition of W and || - || ;. In the step marked (b), we used

the Cauchy—Schwarz inequality (and its tightness condition). In the step marked (c), we used

Fubini’s theorem to move the inner product (-, -) inside the conditional expectation. []

8.6. Geometric inequalities. In order to upper bound

=0 [[o dny di > D2
14 E S, —X)——X)) Y=y,Zi=z;, X)j= |] »
(14) ( 0 [< dMO( i) d/fLO( i) n’ Y, Zi =2z, ( j)j;&l
we will use the framework of geometric inequalities introduced by Han, Ozgiir and Weiss-

man [40], which shows that the task of upper bounding (14) can be reduced to the task of
understanding the concentration properties of the following function when X ~ uq:

s =(5. 200 - L)

dpo dpo b
Similar results were known in the concentration of measure literature prior to the work
of Han, Ozgiir and Weissman under the name ‘transportation lemma” (see, e.g., [12],
Lemma 4.18). This result has also been used in other works studying communication lower
bounds for distributed estimation [1, 5]. The following proposition summarizes this tech-
nique.

PROPOSITION 2 (Boucheron, Lugosi and Massart [12], Han, Ozgiir and Weissman [40]).
Let f: X" — R be given, and consider X ~ .

1. Foranyé& > 0,
=)
|]E'(()l [f(X,)lY =), Z, =21, (Xj)jyél:H
los(Enlesf X1 v En[e—6f (XD 1 .
< g(Eol 1V Eo[ ) i Liog
‘i: S IP’O (Y:y’zi:ZiKXj)j;é,')
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2. Foranyq>1,

Ey E X) 4 ql
|E(())[f(Xi)IY=y,Z,-=Z,~,(Xj)j#l.]|5 (_(i) ol f(X)] ) .
Py (Y =y,Zi =zil(X;) i)

PROOF. The proof of this result is presented in the Supplementary Material [32], Ap-
pendix B.2. [

We have now introduced all the key elements of our lower bound framework.

8.7. Comparison to prior works. Recent works by Han, Ozgiir and Weissman [40],
Barnes, Han and Ozgur [5], Acharya et al. [1] have developed general frameworks to ob-
tain communication lower bounds for distributed statistical inference problems. The general
information bounds developed in these works yield lower bounds for the simpler “hide-and-
seek” variant of the inference problems [58]. In the hide-and-seek variant, the statistician
knows the entire parameter vector V € {£1}? except for a single coordinate, hidden at an
unknown index i € [d]. The goal is to infer the sign of the hidden coordinate.

A hide-and-seek version inference problem can always be solved in the distributed setting
with the information-theoretic sample complexity as long as each machine is allowed to com-
municate at least Q(d - polylog(d)) bits. To see this, note that because the statistician knows
the entire parameter vector except for a single coordinate hidden at an unknown index i € [d],
the possible parameter space for the inference problem is a discrete set of size 2d—there are
d possibilities for the index of the unknown coordinate, and two possibilities for the sign of
the unknown coordinate. Hence, each machine j € [m] can transmit the likelihoods of all
2d elements of this discrete set given its own data set X ;, using O(d - polylog(d)) bits of
communication. These likelihoods can be aggregated (by taking their product) to obtain the
likelihoods given all of the data; this is a sufficient statistic for any inference problem.

Since the information bounds developed in the previously mentioned works [1, 5, 40]
apply to the hide-and-seek variant of inference problems, we are unable to use them directly
to obtain nontrivial lower bounds for k-TPCA and k-NGCA in the regime where the problems
are information-theoretically solvable (N =m - n 2 d) and each machine is allowed at least
b 2 d - polylog(d) bits of communication. The information bound in Proposition 1 builds on
these works to address this limitation.

9. Proof of computational lower bound for tensor PCA (Theorem 1). As an illustra-
tion, we instantiate the framework introduced in Section 8 to obtain the computational lower
bound for Symmetric Tensor PCA (k-TPCA) claimed in (Theorem 1). The computational
lower bounds for the other inference problems studied in this paper are obtained by follow-
ing the same recipe and their detailed proofs appear in the Supplementary Material [32].

The computational lower bound for k-TPCA (Theorem 1) is obtained by transferring a
communication lower bound for distributed estimation protocols for k-TPCA to memory
bounded estimators for the same problem using the reduction in Fact 1.

In the (Bayesian) distributed setup for k-TPCA, the parameter V is drawn from the prior
¥ Unif({jzl}d), and then X .y are sampled i.i.d. from py; these tensors are distributed
across m = N machines with n = 1 sample/machine. The execution of a distributed estima-
tion protocol with parameters (m,n = 1, b) results in a transcript ¥ € {0, 1}b written on the
blackboard.
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Instantiating Fano’s inequality (Fact 2) in the context of k-TPCA (the Supplementary Ma-
terial [32], Appendix C.2, contains a detailed derivation) shows that for any distributed esti-
mator V(Y):

. (V. VOO _ 2 < rz) ,
(15) ‘}15[9"/(”‘/“2”‘7()/)”2 > d) <2exp 7 4+ V2L (V3 Y).
The main technical result needed to prove Theorem 1 is the following bound on Iy (V; Y) for
k-TPCA in Proposition 3. We obtain this result by instantiating our general information bound
(Proposition 1) and controlling the resulting upper bound using the linearization technique
(Lemma 1) and the geometric inequalities stated in Proposition 2. Applying the geometric
inequalities, in turn, requires sharp variance and concentration estimates for nonlinear func-
tions of Gaussian random variables derived from the likelihood ratio for this model, which
we obtain by exploiting the Hermite decomposition of the likelihood ratio.

PROPOSITION 3 (Information bound for k-TPCA). Let Y € {0, 1}’ be the transcript
generated by a distributed estimation protocol for k-TPCA with parameters (m, 1, b). Then
Inei(V;Y)

1 22V log(m - d)\ 2 A2 Cro 2
§Ck<02'm'b+2+)‘2'b'(#)z+inf7a+m-( ko —I—e‘d>2),

where

G2 Ck-)uz-d_% if k is even,
Cp-22-d=5  ifkis odd:

and Cy, > 0 is a positive constant that depends only on k. In particular, in the scaling regime
(as d — o0)

Ax1, m=<d", b= dP
for any constants n > 1 and B > 0 that satisfy

n+ﬁ<(¥—‘,

we have Ing(V;Y) — 0 as d — oo.

Proposition 3 is proved in the Supplementary Material [32], Appendix C. With this infor-
mation bound in hand, we can complete the proof of Theorem 1.

PROOF OF THEOREM 1. Appealing to the reduction in Fact 1 with the choice n =1,
we note that any memory bounded estimator V with resource profile (N, T, s) can be imple-
mented using a distributed estimation protocol with parameters (N, 1, sT). Applying Fano’s
inequality (15) and Proposition 3 to the distributed implementation of the memory-bounded
estimator immediately yields Theorem 1. [
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SUPPLEMENTARY MATERIAL

Supplement to “Statistical-computational trade-offs in tensor PCA and related prob-
lems via communication complexity” (DOI: 10.1214/23-A0S2331SUPP; .pdf). This sup-
plement provides computational lower bounds for the higher-order canonical correlation anal-
ysis problem, along with the complete proofs and some additional discussion of the results
presented in the paper.
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Organization. This supplement proves the results presented in the main paper. Through-
out the supplement, intermediate results introduced in the supplement are numbered accord-
ing to the section in which they appear. Results numbered without their section number refer
to results from the main paper. For e.g. Fact B.1, Lemma C.1 and Proposition H.1 refer to
results introduced in Appendix B, Appendix C, and Appendix H in the supplement. On the
other hand, Proposition 1 refers to Proposition 1 from the main paper. The supplement is
organized as follows:

1. Appendix A contains a glossary of notations used through out the supplement.

2. Appendix B proves the general information bound stated in Proposition 1 and the Geo-
metric Inequalities from Proposition 2.

3. Appendix C is devoted to the proof of the information bound for Symmetric Tensor PCA
(Proposition 3).

4. Appendix D provides come additional discussion for the Symmetric Tensor PCA prob-
lem. Appendix D.1 discusses the apparent deficiencies in our lower bounds for odd order
Tensor PCA. Appendix D.2 complements Section 5.4.1 in the main paper by providing
additional details to explain how many natural algorithms for Symmetric k-Tensor PCA
(k-TPCA) fit into the template of (nearly) linear memory iterative algorithms and dis-
cusses the consequences of the computational lower bound for k-TPCA (Theorem 1) for
these algorithms.

5. Appendix E presents the proof of the computational lower bound Asymmetric k-Tensor
PCA (Theorem 2).

6. Appendix F provides the proof of the computational lower bound for the order-k Non-
Gaussian Component Analysis problem (Theorem 3)

7. Appendix G shows that computational lower bounds for £-NGCA imply lower bounds for
learning Gaussian mixture models and binary generalized linear models. This appendix
also provides two constructions for non-Gaussian distributions that satisfy our assump-
tions.
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8. Appendix H introduces the order-k£ Canonical Correlation Analysis problem (k-CCA),
states our computational lower bound for this problem and provides its complete proof.

9. Finally, Appendix I contains some background on Hermite polynomials and the Gaussian
Hilbert space along with some additional technical facts and results used in this paper.

APPENDIX A: NOTATION

Important sets. N and R denote the set of positive integers and the set of real numbers,
respectively. No = N U {0} is the set of non-negative integers. For each k, d € N, [k] denotes
the set {1,2,3,...,k}, R? denotes the d-dimensional Euclidean space, S*~! denotes the
unit sphere in R, R?* denotes the set of all d x k matrices, ®k R¢ denotes the set of all
dxdx -+ xd (k times) tensors with R-valued entries, and ®k Ng denotes the set of all
dx d x -+ x d(k times) tensors with Ny-valued entries.

Linear Algebra. We denote the d-dimensional vectors (1,1,...,1), (0,0,...,0) and the
d x d identity matrix using 14, 04, and I; respectively. We will omit the subscript d when
the dimension is clear from the context. The vectors ey, es, ..., ey denote the standard basis
vectors of RY. For a vector v € R?, ||[v||, ||v]|1,||v]|oo denote the £3,¢1, foo norms of v, and
|v|o denotes the sparsity (number of non-zero entries) of v. For two vectors u,v € R?,

(u,v) denotes the standard inner product on R%: (u,v) = Zle u;v;. For two matrices or
tensors U and V', we analogously define ||U]||, ||U |1, ||U ||oo, ||U |0, and (U, V') by stacking
their entries to form a vector. For a matrix A, A" denotes the transpose of A and || A||op
denotes the operator (or spectral) norm of A. For a square matrix A, Tr(A) denotes the trace
of A. Finally, for vectors vy.; € R, v, @ v9 @ - -- ® vy, denotes the k-tensor with entries
(VI ®V2® - ®Vk)iy y,...ir = (V1)iy - (V2)4, - - - (V)i fOriny € [d]. Whenvy =vg=--- =
vi, = v, we shorthand v ® v ® - -- ® v as v®*. Analogously, given two tensors U € ®£ R
and V € @R, U ® V is the (¢ + m)-tensor with entries (U @ V)i, iy iy ivdnrjon =
U)irsinsiic - (V)1 jorojm fOr 410 € [d], j1:m € [d]. This definition is naturally extended to
define the (¢1 +la+ - - - + ¢ )-tensor Uy @ Us ® - - - @ Uy, for tensors Uy, with U; € ®£’i R4
for each i € [k].

Asymptotic notation. Given a two non-negative sequences a4 and b, indexed by d € N, we
use the following notations to describe their relative magnitudes for large d. We say that
aq 5 bgorag = O(bd) or by = Q(ad) if limsupd%m(ad/bd) < oo. If ag S bg and by 5 aq,
then we say that ag =< by. If there exists a constant € > 0 such that aq - d° < by we say that
aq < bg. We use polylog (d) to denote any sequence ay such that ag = log’(d) for some fixed
constant ¢t > 0.

Important distributions. N (0,1) denotes the standard Gaussian measure on R, and
N (0,1,) denotes the standard Gaussian measure on RY. For any finite set A, Unif (4) de-
notes the uniform distribution on the elements of A.

Hermite polynomials. We will make extensive use of the Hermite polynomials {H; : i €
No} which are the orthonormal polynomials for the Gaussian measure N (0,1) and their
multivariate analogs {H. : c € Ng}, which are the orthornormal polynomials for the d-
dimensional Gaussian measure N (0, I;). We provide the necessary background regarding
Hermite polynomials and analysis on the Gaussian Hilbert space in Appendix 1.2.

Miscellaneous. For an event £, I¢ denotes the indicator random variable for £. For z,y € R,
x Vy and x Ay denote max(z,y) and min(z,y), respectively; and sign(x) denotes the sign
function (sign(z) = 1 iff x > 0, sign(x) = —1 iff = < 0 and sign(0) = 0). For = > 0, log(z)
denotes the natural logarithm (base e) of z.



APPENDIX B: PROOFS OF THE INFORMATION BOUND AND GEOMETRIC
INEQUALITIES

This appendix presents the proofs of our general information bound (Proposition 1) and
the Geometric Inequalities (Proposition 2).

B.1. Proof of Proposition 1. In this section, we present the proof of Proposition 1. This
section is organized as follows:

1. In Section B.1.1, we introduce some additional notation used in the proof.

2. In Section B.1.2, we collect some well-known properties of distributed estimation algo-
rithms.

3. In Section B.1.3, we present the actual proof of Proposition 1.

B.1.1. Additional Notation. Recall that in the distributed learning setup, the data

Xim £ py. We use Py and Ey to denote probabilities and expectations, respectively,
when the dataset of each machine is generated i.i.d. from gy . For instance, the marginal
distribution of the transcript in this setup is given by

def

B.1) Pv(Y=y)= /P(Y =y[X1m) pv (dX1)py (dXo) -+ pv (A Xp).

Similarly, the expectation of any function f of the data X.,,, and the transcript Y in this
setup is

(B.2)
By /(X Y) S [ 37 F(Xam ) BY =/ Xrm) v (4X0) oy (0 X,).
yE{O,l}mb

For our analysis, it will be helpful to consider additional hypothetical setups in which the
datasets for some (or all) of the machines are generated from a distribution other than py
(such as the null measure z or the reference measure p introduced in Proposition 1). We
introduce the following three hypothetical setups:

Setup 1: Here, the data samples X7.,, e 7. We use P and E to denote the probabilities and
expectations in this setup:
Er def

(B.3a) PY =y)= /IF’(Y = Y| X 1) 25" (A X 1),

(B3b) Ef()(lzmy Y) déf/ Z f(Xl:mvy) ]P)(Y = y‘Xlzm) ﬁ®m(dX1m)
am ye{0,1}mb

We also use E[g(X1.,,)|Y = y] to denote conditional expectations in this setup.

Setup 2: Here, data samples X7.,, £ o We use Py and Ej to denote the probabilities and
expectations in this setup:
def

(Bda)  Fy(Y =y / B(Y = ] X1m) 5™ (AX 1),

BAD)  Eof(Xim,Y) ™ /X S F (X 9) BY = g X1) (A X 10,
" ye{o,pm

We also use Ey[g(X1.,)|Y = y] to denote conditional expectations in this setup.
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Setup 3: Here, a fixed machine i € [m] is exceptional, and the data X ., are sampled inde-
pendently as follows:

iid —

(X5)jzi ~ 1, Xim~py.
We use IP’( g and E@ to denote the probabilities and expectations in this setup:

(B.5)
FY(Y =) [BY =y/X1n) av(dX0) - [[ (X))
J#i
(B.5b)
EY f(Xim, Y / > F(Xim ) PY =y|X1m) pv (dX) - [ [ A(d X))
" ye{0,1}m JFi
We also use E@ [9(X1.m)|Y = y] to denote conditional expectations in this setup.

Setup 4: Here, a fixed machine i € [m] is exceptional, and the data X ., are sampled inde-
pendently as follows:

iid. —

(X)ji ~ Fy  Xi~ po-
We use @éi) and Eg) to denote the probabilities and expectations in this setup:
(B.6a)
Py (Y =y) ¥ /P(Y Y| X1im) p0(dX5) - [ [ (A X5)

JF
(B.6b)
B f (X, Y) & / S F(Xtims ) PY = 9l X1m) pi0(dX) - [ (A X;).
yeio 1 i

We also use Eéi) [9(X1.m)|Y = y] to denote conditional expectations in this setup.

(Note that Setup 4 is the hypothetical setup defined in Proposition 1.)

B.1.2. Properties of Distributed Algorithms. We recall two well-known properties of
distributed estimation protocols in the blackboard model of communication (Definition 2),
taken from Bar-Yossef et al. [3] and Jayram [22].

FACT B.1 (Bar-Yossef et al. [3]). Suppose datasets X ., are distributed across m ma-
chines. Let Y € {0, 1} be the transcript produced by a distributed estimation protocol.

1. The likelihood of the transcript given the data factorizes as follows:
m
P(Y =y|X1.m) = [ [ Fiwl Xa),

where each F;(y|X;) takes values in [0, 1].
2. Suppose that the datasets X7.,, are drawn from a product measure,

m
Xim ~ Qi
=1



then the conditional distribution of X.,,, given Y = y is also a product measure:

m
Xl:m|Y =Yy~ ®sza
=1

where, for each i € [m],
Fi(y| X)vi(dX)
fX (y|X)vi(dX)"

v (dX) =

We also use the following bound on the Hellinger distance, which is a consequence of the
“cut-and-paste” property of distributed estimation protocols [3, 22]. This result has been used
in several prior works that prove lower bounds for such protocols [e.g., 10, 1].

FACT B.2 (Jayram [22]). Recall the definitions of Py, from (B.1), P from (B.3) and IP’(l)
from (B.5). There exists a universal constant K such that

dpet (Pv,P) <K - Zdhel <PV7 )

We are now ready to present the proof of Proposition 1.
B.1.3. Proof of Proposition 1.
PROOF OF PROPOSITION 1. Recall that:
Ihe (V;Y) = inf / i (Py,Q) 7(dV),
We choose Q = P to obtain the bound
Lhel (V;Y) < /dﬁe| (Py,P) w(dV).

By Fact B.2, we have

&2y (Py,P) <K - /Zdhe, By P) n(av).

Recall that
. ; 2
G F) -5 ¥ (VR -y Fr—y)

ye{0,1}m?

1 —(i
=5 Y B(y=y-
y€{071}mb

Next we observe that, by Fact B.1,

P(Y =y)=[EF;(yX)),
j=1

By (Y = y) = EoFi(y| X)) H i(y1X;),



STATISTICAL-COMPUTATIONAL TRADE-OFFS VIA COMMUNICATION COMPLEXITY 7

FY(Y =y) =EvF(y|X) - [ EF (yIX)).
=1,
jﬁf
Hence,
(i)
Py —y)  ERwIX)  ER(uX) " | X
o —() | d
0 d,uo( ) Yy
P(Y =y) _ EF(y|Xi) 1 [du }
' = = Xi)Fi(y| X,
By —y  ERyIX)  BoRyXo) " [dug XWX

@ 7=(%) dﬁ :|
=K, | —(X; .
P )

In the step marked (a) above, we used the characterization on the conditional distribution of
X given Y = y. Hence, we have obtained

TIhe (V;Y) <7Z > B

i=1ye{0,1}m®

/<\/Eé) [‘i{:’ i)‘Y:y:| - \/]Eé) [(%(XZ)\Y:yDZW(dv)_
|

Xi)lx,ez

We can write

=00 [dpv
Ey | —(X;
P 5 x)

=) | dpy
_— -~V
’ [ dpo (

%
dpo

Y = y] +E(z) [ (Xi)lx,¢z

Y—y},

and analogously for the term involving the likelihood ratio dfi/ d . For any aq, as, €1,€2 > 0,
we have the scalar inequality

(Vai + e —Vas + )2 =€ + e + (Va1 — /az)? + 2/araz — 2v/ (a1 + €1)(az + €2)
§€1+€2+(\/a—\/672)2.

This gives us

K
Ine (VYY) < 5

(I+11),
where

det/zzpo ¥ = )

=1 Yy

dpy
<E(()) [dM(Xi)HX,-gZZ

—@) | di
Yzy] +E(()) [:O(Xi)ﬂxigz
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and

I C‘:“Em:Z@é")(Y —y)x

=1 vy

=) [dpv @ [ di
Ey | —Xi)x,ez|Y =y| —4/E X;)Ix
/(\/ 0 [duo( Mx,cz y] \/ 0 [du (Xi)lx,ez

We simplify | and |l separately below.

2
Y = yD 7(dV).

Analysis of . By the tower property of conditional expectations,
(=) [dpy } =(i) [ dp D
= Ey” |—— I +E, Xi)lx. m(dV
[ 3 (B |G omses | B | g X0z ) mtav)
d dp
/Z (Eo [ PV Xi)lx, ¢z} +Eo [d (X3)Ix, ¢z]> m(dV)

([ av(Emav)+nz).

Analysis of Il.  Note that

d i 7 d —(1

E()[ Y (X Ix,ez|Y =y| =EY | YV (X;) XZ-GZ} P (X ezly =y).
d,uo ] d;“O

Analogously,

=) [ dpg =0 [ di
E —(X;)Ix. Y = =E — (X
0 [duo( )XzeZ Y 0 _d,uo( )

X; e z} PV (X € 2]Y =y).
And hence,

@ [dpv
<\/EO |:d/~40 (X’L)]IXlez

2
P (X, € Z|Y = y)x

) | duy } (Z-)[du
EY | Y x)ly =y, X, e 2| —JED | 2 (x,
<\/0 x|y =y \/o I (x)

Note that by definition of Z,

—(i d

=(0) [ A

Ey' | —(X;
0 _d,LL() ( l)

Note the scalar inequality for any a; > 0,a2 > 1/2,

al —a 2 al —a 2
(=) = e < L <o )

DN |

Y:y,XiEZ] >

This gives us

(1N <
i 3 Pgi)(Y:y,XiGZ)/@(’) [d“"(xz) A X

i=1 ye{0,1}mb dpo dpo

X € ZDZW(dV).
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Recall that Z; = I x,cz, so 3(II) can be bounded by:

> ¥ Pt()i)(Y:%Zz‘=1)/<Eé)[d’uV(XZ) LI

i=1 ye{0,1}m o o

Zi= 1])2 7(dV)

= “r(av)

<Z Y B (Y =y.2i= )/<E§“ [d“V(XZ) 47 x

Y2 Oy dpo dpo

zi- [ (80|42 x0 - %) Z])Qﬂdw] .

Note that, due to the conditional independence property given in Fact B.1 (item 2), we have

XY = Xi|(Y, (X)) ),

where = denotes equality of distributions. Since Z; is a function of X;, we have

(X0, Z)|Y = (X5, Z)|Y (X)) jti = XilZ0, Y = Xi|Z;,Y ,(X)j2i-

Hence
Ui —(i) () | dpy di 2
< v . . ).,
I 2;1E0 /(IEO [ ] (X;) — 1 0(XZ) Z,(X])H,g,]> w(dV) O

B.2. Proof of Proposition 2. In this section, we present the proof of Proposition 2.

PROOF OF PROPOSITION 2. The proof follows the argument from Han, Ozgiir and
Weissman [20]. We prove each item separately. Fix any z € {0,1}, and define Z 0=z
and 2(0) = z°,

1. Consider the following sequence of inequalities:

B | 0x)

Z; =z, (Xj)#,-]

Sy [|f< e
fZ(z)

Y =y, Zi = 2,(X;)i

Xi)|7-P(Y = y|X1m) po(dX5)
(l)(Y =y, Z; = z[(X) i)
o JelFX)I70(dX:)
TR (Y =y, Zi=2|(X))j0)
_ Eol| £(X)|7
By (Y =y, Zi = 2I(X;)j)
In the step marked (a) above, we used Jensen’s Inequality; in the step marked (b), we used

P(Y = y|(X});em]) < 1. Hence,
<< Eolf(X)|? )
= 7(1) 9
Py (Y =y,Z; = 2|(X;) )

B |70

Zi =2z, (Xj)#,-]

as claimed.
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2.

For any n € R,

n ‘Eéi) [f(Xz‘)

(©)
Y =vy,Z =z, (Xj)#l} <logE [e”f(xi)

nf(Xi)
(dS) log ((i) Eole ] )
Py (Y =y, Z;i = 2|(X;) i)

1
PY(Y =y, Zi = 2/(X;) i)

The step marked (c) above uses Jensen’s inequality, and the step marked (d) relies on the
fact that P(Y" = y[(X);e[m)) < 1. Hence, for any n € R,

TI‘E(;) [f(Xi)

Y=y72 =z (Xj)j75i):|

1
(B.7) <logEo[e™ X)) +log — .
Py (Y =y, Z; = 2|(X) i)

Now, fix £ > 0, and set 7 as follows:

n=¢-sign (Eé“ [f(X»

Y=y2% :Z,(Xj)jyéi:|> ,

so (B.7) with this choice of n yields

Ey [f(Xi)

logEglen/(X)] 1 1
< JogBole™ ] 1) —
§ § TP (Y =y, Zi = 2|(X;) )
Ef(X) —£f(X)
- log (o [es/ (] v Egle D, 1 log 1 O
3 & TBNY =y, Zi = 2/(X)) ;)

APPENDIX C: PROOFS FOR SYMMETRIC TENSOR PCA

C.1. Setup. This appendix is devoted to the proof Proposition 3, the information bound

for the distributed k-TPCA problem. Recall that in the distributed k-TPCA problem:

1.
2.

An unknown parameter V' ~ 7 is drawn from the prior 7 = Unif ({£1}).
A dataset consisting of m tensors X7y, is drawn i.i.d. from py-, where py is the distri-
bution of a single tensor from the k-TPCA problem:

)\V®k

€D Xi= "+ W (Wi)jsjorie ~ N(0,1), Y i1, j,.. .,k € [d].

This dataset is divided among m machines with 1 tensor per machine.

. The execution of a distributed estimation protocol with parameters (m,n = 1,b) results

in a transcript Y € {0, 1}™? written on the blackboard.

The information bound stated in Proposition 3 is obtained using the general information
bound given in Proposition 1 with the following choices:

Choice of po: Under the reference measure, X ~ pq is a k-tensor with i.i.d. N (0,1) coor-

dinates.
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Choice of u: Under the measure [z, the sample in each machine is sampled i.i.d. from:

nOE [ av()a(av),

Choice of Z: We choose the event Z as follows:

k _
: dm 1
ZEIX e QR | (X) -1 < - 5.
This appendix is organized into subsections as follows.

1. Appendix C.2 instantiates Fano’s inequality in the context of k-TPCA.

2. To prove the information bound for k-TPCA stated in Proposition 3, we rely on certain
analytic properties of the likelihood ratio for the k-TPCA problem. These properties are
stated (without proofs) in Appendix C.3.

3. Using these properties, Proposition 3 is proved in Appendix C.4.

4. Finally, the proofs of the analytic properties of the likelihood ratio are given in Ap-
pendix C.5.

C.2. Fano’s Inequality for Symmetric Tensor PCA. Instantiating Fano’s inequality
(Fact 2) in the context of k-TPCA yields the following corollary.

COROLLARY C.1 (Fano’s Inequality for k-TPCA).  For any estimator V (Y') for k-TPCA
computed by a distributed estimation protocol, and for any t € R, we have

. A/ £
fPy | L >2 | <2 —— 2Lhe (VY.
vey V(uvwvu?‘ q)=2er(7g) TV V)

PROOF. We apply Fano’s Inequality (Fact 2) with the following loss function:

oV, ,u) < {

t2

v e
1 i o e < @

u
0 otherwise.

To do so, we need to compute a lower bound on Ry(7). By Hoeffding’s inequality, for any
fixed unit vector u, we have

[V w” > )< —— .
[P( WGE 2exp 5

Consequently Ro(w) > 1 — 2e~**/2. The claim is now immediate from Fact 2. O

C.3. The Likelihood Ratio for Symmetric Tensor PCA. In this section, we collect
some important properties of the likelihood ratio for the Tensor PCA problem without proofs.
The proofs of these properties are provided in Appendix C.5. This section requires famil-
iarity with Hermite polynomials and their some of their properties, which are reviewed in
Appendix 1.2.

In order to prove our desired information bound (Proposition 3) we will find it useful to
decompose the likelihood ratio for Tensor PCA in the orthogonal basis given by the Hermite
polynomials. This decomposition is given in the lemma stated below.

LEMMA C.1 (Hermite Decomposition for Tensor PCA). For any X € ®k R?, we have

duy R X (X, VEk)
aw =27 H( VT )

0
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PROOF. See Appendix C.5.1. O

Next, we introduce the following family of functions derived from the Hermite polynomi-
als.

DEFINITION C.1 (Integrated Hermite Polynomials). Let S : {#1}? — R be a function
with ||.S||z = 1. For any i € Ny, the integrated Hermite polynomials are defined as

(X 8) ‘*“/H < V®k>> S(V)x(dV).

Our rationale for introducing this definition is that proving the communication lower
bounds using Proposition 1 requires understanding the following quantities derived from the
likelihood ratio:

Lo [ L) mav)

dpio dpo
dpy w [V ey Sy n
<dM0<X>’S>; [ %) s(v) n(av).

Using Lemma C.1, these quantities are naturally expressed in terms of the integrated Hermite
polynomials:

d,u,o =0 Z
dpy > N
Vi x).8) =S L UH (X S).
(G0.s) =37 Hx:9

The following lemma shows that the integrated Hermite polynomials inherit the orthogonality
property of the standard Hermite polynomials.
LEMMA C.2. Foranyi,j € Ng such that i # j, we have
Eo[Hi(X;S) - Hj(X;S)] =
where X ~ pyg.

PROOF. See Appendix C.5.2. O

Though the integrated Hermite polynomials are orthogonal, they do not have unit norm.
In general, the norm of these polynomials depends on the choice of the function .S in Def-
inition C.1. The following lemma provides bounds on the norm of the integrated Hermite
polynomials.

LEMMA C.3. There is a universal constant C' (independent of d) such that, for any i €
Ny, we have the following.

1. Forany S: {£1}¢ — R with ||S|x < 1, we have Eo[H;(X; 5)?] < (C’kz)% a-151. ‘
2. Forany S :{£1}? = Rwith||S||x <1, (S,1)_ =0, we have Eo[H;(X;5)?] < (C’kz)% .
a1,

where X ~ L.
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PROOF. See Appendix C.5.3. O

As a consequence of the orthogonality property of integrated Hermite polynomials
(Lemma C.2) and the estimates obtained in Lemma C.3, one can easily estimate the second
moment of functions constructed by linear combinations of the integrated Hermite polyno-
mials:

2

> ai-Hi(X;S dﬁdEg(Zai~H,~( ) Za Eo[Hi(X;5)?.
=0 =0

In our analysis, we will also find it useful to estimate the g-norms of linear combinations of
integrated Hermite polynomials for ¢ > 2:

iai F,L( Zaz
=0

The following lemma uses Gaussian Hypercontractivity (Fact 1.7) to provide an estimate for
the above quantity.

2

q
dcf

q

LEMMA C4. Let {«c;:i € Ng} be an arbitrary collection of real-valued coefficients. For
any q > 2, we have

oo 2 >
Do Hi(X;9)|| <> (q—1)"-af Bo[Hi(X;5)%
i=0 q =0

Furthermore, the inequality holds as an equality when q = 2.
PROOF. See Appendix C.5.4. O

C.4. Proof of Information Bound (Proposition 3). In this subsection, we present a
proof of the information bound for distributed Tensor PCA (Proposition 3). We begin by
recalling the general information bound from Proposition 1:

J (3 [ 5x - g

Ihel (V,Y) i —=(4)
K= ZEO

i (Xj)#i] ) 2 m(dV)

+mp(Z°).

In order to analyze the conditional expectation of the centered likelihood ratio, we will ap-
proximate it by a low-degree polynomial. Recall that in Lemma C.1, we computed the fol-
lowing expansion of the likelihood ratio in terms of the Hermite polynomials:

dav ey o A ((XVEE)
duo(X)_;ﬁ Hl( VdF )

Recalling the definition of integrated Hermite polynomials (Definition C.1), and also that

dp / dpy
— = dv
dpo dpo m(dv),

we can express the integrated likelihood ratio in terms of the integrated Hermite polynomials:

di = N
N A H (X,
o~ 2 v T
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For any ¢t € N, we define the degree ¢-approximation to the centered likelihood ratio:

v o d7 w A (VN 5oy
(0 4uX)) =37 (H( - ) HZ<X,1>)

and the corresponding truncation error:

duv 5y 4B e AN (g (VY 5o
(42 x) dﬂo<x>)>t—i§1 - (H( = ) H1<X,1>>.

By choosing ¢ large enough, we hope that:

=) [dpy du
Ey’ | —(X5) — —(Xi
0 [dﬂo (%) duo( )

(duV(Xz‘) (LLL(Xi)) -

(1)
~E —
0 dpio dpo

We estimate the approximation error in the above equation using the following lemma.

LEMMA C.5. Let X ~ pg. Suppose that:

4
t>(A%e?)Viog - V1.
€

Eo [(‘mm - Oi“o(X)) ] <e

Then

PROOF. The proof of this result appears at the end of this subsection (Appendix C.4.2).

Finally to analyze the conditional expectation of the low degree approximation using the
Geometric Inequality (Proposition 2), we need to understand the concentration properties of
the low-degree approximation of the likelihood ratio. This is done using the moment esti-

mates provided in the following lemma.

LEMMA C.6. Let X ~ uq. There exists a finite constant Cy, depending only on k such

that for any q > 2 which satisfies:

1 ds
)‘2 1)< - k—2 9
(4 )_Ck ts
we have
gy 2
d dn !
swp (|| (S0~ £00)) s <(g-1)-0?,
S:{£1}4—R dpo dpo <t -
lIS]|-<1
where

b2% Cp- A2 s if k is even;
Cp-N2-d~"  ifkisodd.
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PROOF. The proof of this result appears at the end of this subsection (Appendix C.4.1).
O]

Finally, we also need to estimate 7z(Z¢) to upper bound the Hellinger Information using
Proposition 1. This is the content of the following lemma.

LEMMA C.7. Consider the event Z:

dej dﬁ 1
zY X —1l<=

Mo
There exists a universal constant Cy, (depending only on k) such that, for any 2 < q <

d/(CxA?), we have
2 2
(29 < <qu>\ +e‘d> .

v dF
PROOF. The proof of this lemma appears at the end of this subsection (Appendix C.4.3).
O

With these results, we are now ready to provide a proof of Proposition 3.

PROOF OF PROPOSITION 3. Recall that in Proposition 1 we showed:

Ine (VYY) 2 :*(i) / —=(i) [dpy di
K = 0 0 duo (X3) = dMo( i)

i (Xj)#i} ) 2 m(dV)

+m(2°)

The centered likelihood ratio can be decomposed as:

% dp ( dpy dp ) ( dpy dp >
IV ixy - Pxy= (Vix) - Hixy)) o+ (Ex) - Hx))
dpo (X) dpo dpo (X) duo( ) <t dpo (X) duo( ) -

Using the inequality (a + b)? < 2a? + 2b? and Cauchy Schwarz Inequality:

% (ng) [d“V(XZ) di M) ” (Xj)#z} )2 <
)2+

dpo dpo

=(0) | (dpv _dm
(e 21m),

2
B | (- gex)|v.z. <Xj>j¢i].

Hence,
Le (V3Y) _

2K -
(C.2)
SE (WY 20 (X)) )] + T [ <‘ff" X) - d"<x>>2]w<dv>,
prt o dpo .




16

where:

def

U (y, 21, () 20) =

/ (Eé“ (S x0 - 32 x0)

dpo ~dpo
Our goal is to show that for any o > 2, we have

k
Vdk d

2
Y =y, Z; = 2i,(Xj) 2 = (mj)#i)] ) m(dV).

<t

oK = d
St;;l Step 2
A2¢2) V1 d)\?
(C.3) +3C’k-)\2-b<< <) dog(m )> +1602-m-b
Step 3 .

The information bound in the statement of the proposition follows by choosing « optimally.
The proof proceeds in several steps. In the above display, we have grouped the terms in the
information bound according to the step they arise in.

Step 1: Controlling 72(Z¢). Note that if A?ac > d/C},, then the claimed upper bound (C.3)
on I (Y; V) is trivial since I (Y; V) < 1. Hence we assume A\2a < d/C}. Applying
Lemma C.7 with ¢ = «, we have

2 5 2 2 3
(C.4) m-u(ZC)gm(C\’“/ZL: +ed> gc’“go‘+m-<0\k/§ +ed> .

Step 2: Controlling High Degree Term. We set:
t = (\%e?) Vlog(m - d).
Applying Lemma C.5, we obtain,

(v ) - 7 ) ] <L

(C.5) E
’ dILLO d,uo >t

Step 3: Controlling Low Degree Term. Next we control U2 (y, z;, (). By lineariza-
tion (Lemma 1) we have:

\Il(yv i) (mj)jii) =

=(i dpy dp
sup E(()) <<d (Xz) — 7d (Xl)> ,S> ‘Y:’y,ZiZZi,(Xj)jii: (m])ﬁgz) .
ﬂS‘S\”/—Qﬂ% Ho Ho <t -

Using the Geometric Inequality framework (Proposition 2) we can bound [ (y, 2;, () ;i)
if we can understand the concentration properties of:

fs(X) % <((f§§<xi>—(f£<xi>) ,s> X ~ o
<t /.,

for any S :V — R, ||S]|z < 1. The concentration properties of fg(X) are studied in
Lemma C.6 which shows that for any ¢ such that:

1 [d\?
, <g-1<——0 (=
©6) 1=q 1_Ck-)\2<t> ’



STATISTICAL-COMPUTATIONAL TRADE-OFFS VIA COMMUNICATION COMPLEXITY 17

we have
sup  (Eo[|fs(X)|%)s <o*(g—1),
S{£1}¢4—R
lS]1=<1
where:

ka2 :
gai | Cp-A2-d™ > : kiseven
o = k41

Cp-N-d 2 : kisodd

In order to apply Proposition 2 we need to choose ¢ appropriately. The choice of ¢ depends
on

(%)
Po (Y =y, Z; = zi|(X) j£i = (x) j£i)-

We define the set of rare and frequent realizations of Y, Z;:
(i) def mb+1 . (0 1
Rfreq: (y,zi)E{O,l} 'PO (Y:y,Z —Zl‘( )]7&@: 93] J#Z g
<4

Riste & { (v, 20) € 0,110 < B (Y =, 25 = 20l (X))j0 = (@)
By the tower property,
Ey [OHY, X0 (X));0)] = B0 By (W3, Ziy (X)) | (X))

— B (X)) + By Ril(X)j20) + By O4((X;) 524).

where:

Fille)im) 2 S Wy (@)0)? By (Y =y, 2= 21|(X)) 1 = (@)).00),
(y,2:)ERe)

Ri((mj);) = Y. U(y, 2, ()40 - B (Y =y, Zi = 2l (X)) = (1) 520),
(y,Zi)eRr(;r)e

def ( )
Oi((x)) i) = > U(y, 2, (@)2)° - Py (Y =y, Zi = 21| (X;) i = (25) j44)-
(4,20) £ Ry URae
We bound each of the terms separately.
Case 1: Frequent realizations. Consider the case when (y, z;) € Rg@ . In this case we set
q = 2. We need to check that this choice obeys (C.6). Indeed if (C.6) is violated for ¢ = 2,
then the upper bound on I (V;Y) in (C.3) is trivial since the term:

2.2 . %
BCk-A2~b<(/\ ¢ )\/iiog(m d)> >1.

Hence we may assume that ¢ = 2 obeys (C.6) without loss of generality and we obtain by
Proposition 2,

Uy, 21, (2)j20)| < 0 B (Y =y, Zi = 2 (X)) josi = (@)j,40) 2, ¥ (4, 20) € RUL.

Note that \Rf,z q\ < e, and hence,

Fi((@j) ) < 20°.
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(4)

Case 2: Rare realizations. Consider the case when (y, z;) € R In this case we set q=
4. It is straightforward to check that if ¢ doesn’t satisfy (C.6),then the claimed bound
on I (V;Y) in (C.3) is vacuous and hence we assume ¢ = 4 satisfies (C.6). Applying

Proposition 2 gives us V (y, z;) € R,
() -
Uy, 2i, (@) )| <V3-0 Py (Y =y, Zi = 2| (X;) i = () i) "+
Hence we can upper bound R;:

ef *(7,)
Ri((@))je) = Y Uy, 2, () 5)° Py (Y =y, Zi = 2| (X;) 0 = () j01)
(y,Z'i)ERSair)e

(1)
< 302 Z Py (Y =y, Zi = zi|(X) j2i = () i)
(¥,2:) ERGL

N

N =

<3027 RY.|.
Recall that we assume that the communication protocol is deterministic, i.e. the bit written

by a machine is a deterministic function its local dataset and the bits written on the black-
board so far. Hence, conditional on (X);-; there are only 201 possible realizations of

(Y, Z;) with non-zero probability. And hence, RE:,L_\ < 201 Hence,
Ri((x) ;i) < 60°.

Case 3: All other realizations. Now consider any realization (y, z;) ¢ R U Rgzq. In this
case, we set g as:

(@)
q=—2logPy (Y =y, Z; = zi|(X) jts = () js4i)-
Since (y, z;) ¢ R U Rggq, we have
2<qg<blog(4) <2b.

1 [(d\:
A< — =
- 20, (t) ’

then (C.6) holds for this choice of ¢. On the other hand, if this is not the case, then the
claimed upper bound (C.3) on I (V;Y') is trivial since

2.2 SN 3
(Ne )\/ilog(m d)> o1,

In particular, if

SCk-AQ'b<

Hence, we have for any (y, z;) ¢ Rgg)re U R&i

U (y, 21, (x5) )| < V20 (—10g@g)(Y =y, Zi = zi|(Xj)ji = (2)) j£i)) 2.
Hence,
Oi((x5);i)
= > U(y, 20, (@) 100> Py (Y =y, Z; = 2] (X)) joti = (@) 522)

(4,2 ERiUR e

freq

<20® ) WY (Y =y, Zi = 2il(X))j0i = (@5)10)),
(y,2:)€{0,1}mb

|-
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where h(-) is the entropy function h(x) = —xzlog(x). We note that the expression ap-
pearing in the above equation is the entropy of (Y, Z;) conditional on (X);2; = (x;) ;-
Since the protocol is deterministic (cf. Remark 4) there are at most 2°+! realizations (y, z;)
such that @((f) (Y =y, Z; = %|(X;) j-: = (x5) j=:) > 0. Since the entropy is maximized by
the uniform distribution:

Oil(@5)52i) <2 ¢ log(2) - 02 - (b+1).

Using the bounds from the above 3 cases, we have:

€1 B WYX (X)) =By By (WA, Ziy (X)) | (X))
(C.8) <80% 4 2elog(2) - 02 - (b+1) < 160°2b.

Substituting the estimates (C.4), (C.5) and (C.7) in (C.2) we obtain (C.3). This proves the
first claim made in the statement of the proposition. Lastly, we consider scaling regime:

A=0(1), m=0(d"), b=0(d")
for some constants n > 1, 3 > 0, which satisfy:

kE+1
n+6< [QW

We set « to be any constant strictly more than max(2,4n/k) and observe that 5 < k/2 +
1 —n < k/2. Consequently, each term in the upper bound in (C.3) is 04(1). This finishes the
proof of the proposition. O

The remainder of this subsection is devoted to the proofs of Lemma C.6 (in Ap-
pendix C.4.1), Lemma C.5 (in Appendix C.4.2) and Lemma C.7 (in Appendix C.4.3).

C.4.1. Analysis of Low Degree Part. In this section, we provide a proof of Lemma C.6.

PROOF OF LEMMA C.6. Recall that,

dpy dm “r " XV x.
(MO(X)—%(X))q—; - <H( gl ) H@<X,1>>,

and in particular,

Hence,

where,
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Consequently,
q
d d
s B || (S0 - 2 x0) s
S:{+1}¢>R dpo dpo <t -
I5]1-<1
q
d
= sup Ey (W(X)> S )
S:{*+1}4—R dpo <t .
lIS]1-<1
(S,1). =0

We can compute:

dHV = t : CH .
<<dﬂo(X)>gt’S>ﬂ_;ﬁ Hi(X;S).

Note that when X ~ 1, X is a Gaussian tensor with i.i.d. A/ (0, 1) entries. Hence by Gaus-

sian Hypercontractivity (Lemma C.4):
q % t )\Qi
S la— 1) Bo[Hi( X 5)?)

(a) ¢ )\2i ki |’k1‘,+1'|
S S a- 1k T,

™

where in the step marked (a) we used the estimate on Eq[H;(X; S)?] from Lemma C.3. We
split the above sum into two parts:

s DOk T = 3 A Cki)s -d~1"5"]
;u'(q_ ) (Cki)= -d™! s E;Z,( 1) (Cki)
= Z;Lsodd

t

el . ki ki1
+ E /\,—-(q—l)l-(Cki)?-d‘f%T

7!
=1
7 1S even

We first analyze the sum corresponding to the odd terms. By estimating the ratio of two
consecutive terms in the sum, one can obtain a constant C, such that if,

)\4 ( )2 tk 2 1
< ~
dk - C
then the sum decays geometrically by a factor of 1/2. Hence,

(C.9)

t

M2 witg  Cr- A2 (g—1) 11
- . ( —‘<A 1 _ _
§ 7 (q—1)" - (Cki)s -d~ < e ( totg T

< Gk A2 ( —1)
The same argument can be used to estimate the sum corresponding to the even terms. Under
the same assumption (C.9), we have

t )
)\22 i it C')\4-q—12 1
o G 1)
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4 2
<Ck'>\ (¢—1)
= pEs]

Hence,

N ; 20 4/ 132
D _GXa=1) | Cg—1)

sup Eg
S:{+1}4—=R

Al dk+1
I5]1~<1 i
Cr-A2-(¢g—1
<A il
d(TW
In the above display, in order to obtain the final inequality, we again used assumption (C.9).
This concludes the proof. O

C.4.2. Analysis of High Degree Part. In this section, we provide a proof of Lemma C.5.

PROOF OF LEMMA C.5. Recall that,

duv oy 0 ws N (g (XVEDY =«
(4 dﬂo<x>)>t—i§1 - (H( = ) H1<X,1>>.

Hence,

dpv do 2
o [( dpo ) ‘dm<X>>>J =
<)(7 VvV ®Fk

o\ > 2 o 2
ol (3 (R | (32 e)

By the orthogonality of Hermite and integrated Hermite polynomials (see Lemma C.2), we

obtain,
v () x))’ = [ (X VEN]
Eo <X —— (X SQ Eo Hz I —— JrEoHiX;l .
[dm( ™) =2 2 e (X1
By Jensen’s Inequality,
_ X, Veky
Eo[H;(X;1)? g/Eo H? <’7 7(dV)=1.
[Hi(X51)7] T (dv)
Hence,
E <d“"( ) dn (X)>2 <4 i aily
o[\ 57— -0 < — <e
dpeo dpeo >t i v
In the last step, we used the hypothesis on ¢ and Fact I.1 given in Appendix I. O

C.4.3. Analysis of Bad Event. In this section, we provide a proof of Lemma C.7.

PROOF OF LEMMA C.7. For any ¢ > 2, we have, by Chebychev’s Inequality:
_ _|dzm q
P(z°) < 2. E ‘“(w) 1
dpo
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dz | dm “
=2 E g e
du q+1 di q
<21 (Eo(:c) dTi‘o(x)—l +Eo d—:}(w)—l

Recalling Lemma C.1 and Definition C.1, we have
dm N
—(X)=1+ —H;(X;1).
g ) =1 2 )

By Gaussian Hypercontractivity (Lemma C.4) we have, for any g > 2:

(=0

We split the above sum into a high-degree part and a low degree part. Let ¢ € N be arbitrary.
Then

(&0

Analysis of the low degree part. Using the bound on Eo[H ;( X ; 1)?] obtained in Lemma C.3,
we have

QN

d

i (r)—1

) s;WEo[Hxx;lﬂ

@)1 q)q <M a4 Y X e xay)

. 7!
=1 1=t+1

t ki

2 (g _1)i _ A (g 1) ok
ZW'EO[Hi(X;l)z]SZA (g' : <C;> '
i1 - ‘

By analyzing the ratio of consecutive terms in the sum, one can find a constant C} depending
only on k such that, if,

< d%

TGk ot

then the sum decays geometrically with a factor of atleast 1/2 and hence,

2 (4 _ 1) - N2 (o 2(g —
ZiA (Z D Eo[H;(X;1)% < Ged g 1) Adk(q D, <1 + % +> < Gela—1) (3 L.
i=1 ’ 2 2

d

(C.10) Mo(g—-1)

Analysis of high degree part. Recall the definition of integrated Hermite polynomials (Def-

inition C.1):

2

Hence, by Jensen’s Inequality,
2
_ X, Vek
Eo[Hi(X;1)%] < /Eo H; <<dk>> m(dV)=1.

Hence,

0 )\2i'(q—1)i - ) 0 /\2i~(q—1)i
O N LA I ED Pl
i=t+1 i=t+1
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Appealing to Fact I.1, we set,
(C.11) t=(2N(g—1))vdVl,
and obtain,
0 A ,
)\21 . — 1) o
S 2D 1y < e,
i=t+1 v

Note that the hypothesis assumed in the statememt of the lemma )\? - ¢ < d/C}, guarantees
that the choice of ¢ in (C.11) satisfies (C.10). Hence, we have shown that for any ¢ > 2

dn > Celg— DN
Eo|—(x) — 1 <L 7 el
( ’ duo( ) YL

for a universal constant Cj, depending only on & provided A\?(¢ — 1) < d/C}. Applying this
with ¢, g + 1 we obtain:

Crad?  1\* [ Crgh? =
(S (5 )

provided A\2q < d/C},. Note that under this assumption, since k > 2, we have Cy\2q/VdF <
CrA2q/d < 1. Hence the above bound can be simplified to:

Crg)\? z

for a suitably large constant CY. O

C.5. Omitted Proofs from Appendix C.3. This section contains the proofs of the var-
ious analytic properties of the likelihood ratio for Tensor PCA, which were stated in Ap-
pendix C.3.

C.5.1. Proof of Lemma C.1.

PROOF OF LEMMA C.1. We observe that,

X,V®k 2
dM—V(X):exp )\.<7>_)‘7 '
d,uo vV dk 2

In particular, the likelihood ratio depends on X only through the projection <X , V®k>. Ob-
serve that when X ~ pg,
(X, Vo)
VdF

Since Hermite polynomials form a complete orthonormal basis for L(A (0,1)), the likeli-
hood ratio admits an expansion of the form:

Qv S (XY

~N(0,1).

The coefficients c; are given by:

i ¥R, [d“V(X)-Hi <W)] ,
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where X ~ 1. We can simplify ¢; as follows:

®k
¢ = Eo K(X)-Hi <<X\7/‘;7 >>]
@ <X,V®k>
Ve
EEo [Hi(A+ Z))
© N
=

In the above display, in the step marked (a), applied a change of measure to change the
distribution of X to X ~ uy . In the step marked (b), we used the fact that when X ~ uy,

(X, Ve
v

In the step marked (c), we appealed to Fact 1.4. O

~A+Z, Z~N(0,1).

C.5.2. Proof of Lemma C.2.

PROOF OF LEMMA C.2. Using Definition C.1 and Fubini’s theorem, we obtain,
Eo[Hi(X;S) - Hj(X;8)] =
/E u, <<Xv®k>> H, VN S(V) - S(V) n(dV) x(dV)
U\ ve ) v |
Since i # j, Fact .6 gives us,

vaE )T\ VaE

Hence, we obtain the claim of the lemma. UJ
C.5.3. Proof of Lemma C.3.

PROOF OF LEMMA C.3. Using Definition C.1 and Fubini’s theorem, we obtain,
Eo[Hi(X;S5)] =
<X,‘/1®k> <X,‘/2®k>

Eo |H | ~——L | H | ~— L
/0 VdF VdF

Fact 1.6 gives us,

-5(V1) - 5(Ve) m(dVy) w(dVa).

o [ (FV)Y () :<<V1,Vz>>’“ﬁ

H;
Vdk Vdk d
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We define V = V] © Vs, where © denotes entry-wise product of vectors and,

Hence,

BalHi(X8)% = [V S(V) - S(Va) n(aVi) n(avi),

Since Vi, V; are independently sampled from the prior m and V = V] © V5, it is straight-
forward to check that V4, V' are independent, uniformly random {£1}¢ vectors and V; =
Vi1 ® V. Hence,

€12)  EEXS) = [TH SV SV 0 Vi) rdVi) m(@v).

Recall that, the collection of polynomials:

d
{V?“d:eva;"i :re{O,l}d},
=1

form an orthonormal basis for functions on the Boolean hypercube {41}¢ with respect to the
uniform distribution 7 = Unif ({il}d). Hence, we can expand S in this basis:

S(WV)= > SV, Srdzef/S(V)-V”w(dV).
re{0,1}4

Substituting this in (C.12) gives us:

Eo[Hi(X;8) = > S”TS”S/VM-VI’"*S-VSTr(dV1)7r(dV).
r,s€{0,1}¢

Noting that, if r # s,
/Ws r(dVi) =0,
we obtain,
Bo[Hi(X;8)= Y S; /v’“’ VT r(dV).
re{0,1}4

Since ||S]|» < 1, we know that 3, 52 < 1. When (S, 1)_ = 0, one additionally has Sp = 0.
Hence,

sup Eo[H;(X;S)? = max /Vki'VT m(dV),
S:|Sl-<1 ref{0,1}¢

sup Eo[H;(X;S)?]= max /Vki V' r(dV).
S:|S]l=<1 re{0,1}9
(S,1)_=0 [lmfl:>1
The right hand sides of the above equations have been analyzed in Lemma I.1. Appealing to
this result immediately yields the claims of this lemma. 0
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C.5.4. Proof of Lemma C.A4.

PROOF OF LEMMA C.4. Note that the result for ¢ = 2 follows from the discussion pre-
ceding this lemma. Hence we focus on proving the inequality when ¢ > 2. Recalling Defini-

tion C.1, we have
V®k
(X 9) "“/H ( >> S(V) w(dV).

Observe that for any fixed V', the quantity

(<)

can be expressed as a polynomial in X of degree 7 (see Fact 1.5). Since,

Hi(X;8)= / H; (W) - S(V) m(dV),

is a weighted linear combination of such polynomials, H;(X;S) is also a homogeneous
polynomial in X' of degree 7. Hence, by the completeness of the Hermite polynomial basis,
H;(X;S) must have a representation of the form:

Y. BleS) - He(X),

ce@®* N
el =i

for some coefficients 5(c;S). While these coefficients can be computed, we will not need
their exact formula for our discussion. Hence,

ZO&Z‘ FZ(X,S) = Z Z (07 B(C,S) : HC(X)
i=0 i=0 cﬁ?’g\{g

By Gaussian Hypercontractivity (Fact 1.7),

o0 2 o0
S o Hi(X:S)|| <30 Y a?-Bes)? (g 1)
i=0 ¢ =0 ce®" N
llefli=i

=Y al-(g-1)" D BleS)
i= ce®" N¢
llelli=i

Observing that,
Eo[Hi(X;9)| = Y B(e;9)?,

yields the claim of the lemma. O
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APPENDIX D: ADDITIONAL DISCUSSIONS FOR SYMMETRIC TENSOR PCA

D.1. Discussion for k-Tensor PCA with odd k. When k£ is odd, our computational
lower bound for k-TPCA (Theorem 1) shows that any iterative algorithm which uses N
samples, makes 1" passes through the dataset, and has a memory state of size s bits fails to
solve k-TPCA if:

(D.1) (NA) - T s < Vdhtl,

On the other hand, there are iterative algorithms [2, 5] for k-TPCA with odd & with a resource
profile:

(D.2) N2 =< VdF - polylog(d), T = polylog(d), s = d - polylog(d),

which succeed in estimating the unknown signal vector V' consistently in the sense that the
estimator V' computed by these algorithms satisfies:
V,V)?

VIV
We believe that the v/d gap between the resource lower bound in (D.1) and the upper
bound in (D.2) arises due to our use of the Hellinger information. Specifically, our ap-
proach relies on showing that the Hellinger Information I,¢; (V'; Y') between the signal vector
V ~ Unif ({£1}) and the transcript Y generated by an iterative algorithm which uses too
few resources (when run in a distributed setting via the reduction in Fact 1) satisfies:

(D.4) Ihel (V; Y) —0as d— oco.

Due to Fano’s Inequality for Hellinger Information (Fact 2, see also Corollary C.1 for its
instantiation for k-TPCA), showing (D.4) not only rules out consistent estimation (cf. (D.3))
but yields a stronger-than-desired result that any estimator \% computed via an iterative algo-
rithm which uses too few resources fails to achieve better-than-random estimation:

7\ 2 €
(D.5) Ve>0,P Mzd— — 0asd— oo.
vVizvi? — d

For better-than-random estimation, the resource lower bound in (D.1) is, in fact, optimal.
Specifically, for any arbitrarily small constant e € (0, 1), there is an iterative algorithm with
the following properties:

1. The algorithm has a resource profile of:
(D.6) NX2 < Vdkte, T =1, s < Vdl+te.

In particular, it uses N - T - s < v/ dk+1+2¢ resources, which matches the lower bound in

(D.1) upto an arbitrarily small polynomial factor of d*.
2. The estimator V, computed by the algorithm satisfies:

(v, v)? >4 with high probability (say, 0.9

[V~ @ e PRty (s B
In particular, this estimator works better-than-random and consequently, the Hellinger
information between the signal V' ~ Unif ({jzl}d) the transcript Y generated by this al-
gorithm in a distributed setting must satisfy Ine (V;Y') 2 1 to avoid contradicting Fano’s
Inequality (Corollary C.1).

D.7)
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The existence of an algorithm with the above properties (described below) shows that the
resource bound in (D.1) is the best possible lower bound that can be obtained using the ap-
proach based on Hellinger information used in our work. In order to improve the lower bound,
one would need to use other information measures. A natural approach would be to show that
the mutual information Iy (V;Y) (based on KL divergence) satisfies Ixy,(V;Y ) < ¢d for a
suitably constant ¢, which would rule out consistent estimation. However, the key challenge
in bounding the mutual information Ixy,(V';Y") is that the analog of the “cut-and-paste prop-
erty” [22] (see Fact B.2), which plays a crucial role in proving the general information bound
that underlies all our results (Proposition 1), is not known for KL divergence. This is why we
chose to use Hellinger information in our analysis.

The algorithm that satisfies the properties (D.6) and (D.7) is as follows. The idea is that
since one is only allowed a memory state of size s < Vd'*¢ < d, one tries to estimate only
the first s coordinates of the unknown signal V. To do so, one uses N =< v/ d*+¢/\? samples
Ti.n (where each T, = \-d~ > - VF + W; where V' ~ Unif ({£1}9) is the unknown signal

vector and W; is the i.i.d. Gaussian noise tensor) to compute the s < v/d!*¢-dimensional
statistic t whose entries are given by:

N
1
VeEs), tr=— ZT Id,Id,...de,ee)“szZ > (Tiiiodonioint

i=1 j1,j2,-..Jq=1
def(k 1)/2 times !

In the above display ¢ = (k — 1)/2 and e, are the standard basis vectors of R®. The above
statistic can be computed in a single pass over the data set, so the algorithm satisfies the
resource requirement in (D.6). The final estimator for V' is obtained by appending d — s
zeros to t to obtain a d-dimensional vector:
V.=(t",0,...,0)"

——

d—s times
To see why this algorithm yields a better-than-random estimate, we observe that the distribu-
tion of the statistic ¢ is given by:

k—1

A dz=
Vi Vi + N 9
In the above display V|, € {4-1}° represents the vector obtained by the first s coordinates of
V. As a result, we have the following lower bound on the dot product:

(Vo V) > \/ (g, Vi |Nf \/ W@A\ﬁ

In the above display, step (a) follows from the fact that (g, Vi) ~ N (0, [ Vi 1?) and hence
satisfies (g, Vis))| < ||[Vigll = /s with high probability. Step (b) uses the fact that NX\* <
VdF+e, s =< v/dF¢. We can also upper bound the norm:

- AlVigl SAMVE O -
IVl = el < =B S el R 255+ VAR S+ A

In the above display, step (a) follows by observing that || Vi,|| = /s and [|g|| < /s (with high

probability). Step (b) uses the fact that NA? < v/dF+e, s < v/dlte. Recalling that | V[|2 =
the above estimates yield the claim in (D.7). While the above discussion focused on k- TPCA
analogous considerations also apply to k-NGCA.
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D.2. Linear Memory Algorithms for Symmetric Tensor PCA. As discussed in Sec-
tion 5.4.1, an important consequence of the computational lower bound for k-TPCA (The-
orem 1) for even k is that (nearly) linear memory iterative algorithms which use a memory
state of size s < d polylog(d) fail to solve k-TPCA using /N samples and 7" iterations if:

(D.8) (NX2)- T < VdF,

This appendix provides additional details to explain how many natural algorithms for sym-
metric Tensor PCA fit into the template of (nearly) linear memory iterative algorithms which
use a memory state of size s < d polylog(d) bits. Consequently, the run-time v.s. sample size
trade-off implied by (D.8) applies to these algorithms. Consider a broad class of iterative al-
gorithms that maintain a sequence of iterates u; € R? and run for a total of T iterations. At
iteration ¢, the iterate u, is generated using the dataset X .y and the previous iterate u;_1 as
follows:

N
(DY) w= S0 X{tiue 1), .
i=1

where 1 : RY — ®" ' R? maps the previous iterate u;_; to an order-(k — 1) tensor; and

for tensors X € ®@"R? and ¥ € "' R, the tensor contraction X {®,-} yields a vector
in R? defined by

X{‘Ila }l = E : le:jzw-,]'k—lJ‘Ijjlzjzw-,jk—l‘
J1sJ2y5Jk—1

One can implement T iterations of the above scheme using a memory bounded algorithm
(recall Definition 1) with a memory state of size s = d - polylog(d) bits and T passes through
the data. In order to see this, let us first consider the situation when the memory bounded
algorithm is allowed a real-valued memory state (instead of a Boolean memory state). In this
situation, the update in (D.9) can be implemented using a memory bounded algorithm that
maintains two d-dimensional state variables PartialSum € R? and iterate € R%. This im-
plementation is shown in Figure 1. By using polylog(d) bits to represent a real number, one
can approximate the real-valued state variables PartialSum and iterate using a Boolean
vector of size d - polylog(d), while ensuring that the quantization error is negligible. Con-
sequently, 7' iterations of (D.9) can be implemented using a memory bounded estimation
algorithm with resource profile (N, T, s = d - polylog(d)). Hence, the run-time vs. sample
size tradeoffs implied by (D.8) of the preceding paragraph also apply to iterative algorithms
with update rules as in (D.9).

By suitably defining the function ¢; in (D.9) one can obtain many algorithms for k-TPCA
that have been proposed in prior works. This means that the run-time vs. sample size trade-off
obtained in (D.8) also applies to such algorithms. Two examples include:

Tensor power method. The tensor power method is given by the iterations:

1 N
k-1
we= g DX {uit )
=1
Hence, the tensor power method can be obtained from the general iteration (D.9) by choos-
ing:

Yr(u) =u® L
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Memory bounded implementation of the iterative algorithm with update rule (D.9).
Input: X ., adataset of N tensors.

Output: An estimator V eR%,

Variables: iterate € R% and PartialSum € R?

* Foriterationt € {1,2,...,T}
— SetPartialSum = 0.
— Forsample i € {1,2,...,N}

X; {¢¢(iterate);-}
N

PartialSum < PartialSum +

— Update iterate < PartialSum.
e Return Estimator V = iterate.

Fig 1: Memory bounded implementation of the iterative algorithm with update rule (D.9).

Spectral method with partial trace. This estimator is given by the leading eigenvector of the
matrix M whose entries are constructed as follows:

N
def
Map= N § : § : (Xi)71ﬁu%ﬂm---ﬁu%%ﬁ'
=1 71,72,...,7¢€[d]

In the above display, we defined ¢ Lk /2 — 1. This estimator is due to Hopkins et al. [21];
see Biroli, Cammarota and Ricci-Tersenghi [5] for a simple analysis. It can be verified that

4
Mé%VVW—\/dN-Z,

where Z € R%*? is a random d x d random matrix with i.i.d. A/ (0, 1) entries. In the regime
when A < 1 and NA2>> d> , the largest eigenvector of M yields a consistent estimator for
V. Furthermore, in this regime M exhibits a spectral gap of size A 2> 1 [see, e.g., 5, for
detailed arguments]. Hence, the largest eigenvector of M can be computed by running
T =< log(d) iterations of the power method beginning from a random initialization. The
power iterations are given by the update rule
Up—1
[ 1]]

Recalling the formula for M, we can express the update rule for the power iteration as

ut:M-

N
1 U1
- E X?ILolLeo -0l o—— .
on N - i d® 1z & &® d®Hut—1H7

£ times
This is an instantiation of the general iteration in (D.9) with
u

¢t(U)ZId®Id®"'®Id®HuH

£ times

APPENDIX E: PROOFS FOR ASYMMETRIC TENSOR PCA

E.1. Proof of Computational Lower Bound (Theorem 2). Similar to Theorem 1, we
prove Theorem 2 by transferring a communication lower bound for distributed estimation



STATISTICAL-COMPUTATIONAL TRADE-OFFS VIA COMMUNICATION COMPLEXITY 31

protocols for k-ATPCA to memory bounded estimators for the same problem using the re-
duction in Fact 1.
In the (Bayesian) distributed setup for k-ATPCA, the parameter V' is drawn from the prior

(E.1) wgumfﬁvﬁieh®ehn-®eu;QJ%.“Jkeuu)

Here, e; denotes the i-th standard basis vector in R%, so V ~ 7 is a uniformly random 1-
sparse tensor. The tensors X . are sampled i.i.d. from py, and are distributed across m = N
machines with n = 1 sample/machine. The execution of a distributed estimation protocol
with parameters (m,n = 1,b) results in a transcript Y € {0, 1} written on the blackboard.

We obtain the following corollary of Fano’s Inequality for Hellinger Information (Fact 2).

COROLLARY E.1 (Fano’s Inequality for k-ATPCA). For any estimator V(Y) for k-
ATPCA computed by a distributed estimation protocol, and for any t € R, we have

. (AL IAPS
fPy | L > | <= e (V:Y).
&VVQWMWW—M StV

PROOF. Asin the proof of Corollary C.1, we apply Fact 2 with the following loss function:

WVOE o
L if poppope <t7/d

0 otherwise.

aVLn“{

We also compute a lower bound on Ry(7): by Markov’s inequality, for any fixed tensor
U € ®"R? with |U|| = 1, we have

NN2%TEN /!VUP U1
HWQ—&-wQ 4k £

Consequently Ro(m) > 1 — 1/t. The claim is now immediate from Fact 2. O

The main technical result is the following information bound for k-ATPCA.

PROPOSITION E.1. Let Y € {0,1}™ be the transcript generated by a distributed esti-
mation protocol for k-ATPCA with parameters (m, 1,b). Then

2
hdafY)<C<ﬂfb+l>,

where

§ Zexp <3;\2 + 2)\\/log(dk) + log(m)> —1.
In the above display C'is a universal constant (independent of m,b,d, \). In particular, in
the scaling regime (as d — o)
Ax1, mx=d, b=d’
for any constants n > 1 and B > 0 that satisfy
n+p<k,

we have Ineg (V;Y) — 0 as d — oo.



32

With this information bound in hand, we first present the proof of the computational lower
bound for k-ATPCA (Theorem 2) and defer the proof of the above information bound to the
following section in this appendix (Appendix E.2).

PROOF OF THEOREM 2. Appealing to the reduction in Fact 1 with the choice n =1, we
note that any memory-bounded estimator V' with resource profile (IV,7',s) can be imple-
mented using a distributed algorithm with parameters (IV, 1,s7"). Applying Corollary E.1
and Proposition E.1 to the distributed implementation of the memory-bounded estimator im-
mediately yields Theorem 2. O

We end this section with the following remark, which discusses the connection between
k-ATPCA and the sparse Gaussian mean estimation problem studied in prior work [10, 1].

REMARK E.1 (Connection with Sparse Gaussian Mean Estimation). Observe that due to
the choice of the prior in (E.1), the instance of k-ATPCA used to obtain the communication
lower bound is also an instance of the 1-sparse Gaussian mean estimation problem in dimen-
sion D = d*. Communication lower bounds for this problem in the blackboard model (cf.
Definition 2) were obtained in prior work by Braverman et al. [10]. This result is sufficient
to obtain Theorem 2. Recent work by Acharya et al. [1] also provides an alternate proof for
the communication lower bounds for sparse Gaussian mean estimation. We present another
proof of these results using the information bound in Proposition 1, which is used to derive
all communication lower bounds presented in this paper.

E.2. Proof of the Information Bound (Proposition E.1). This section is devoted to the
proof of the information bound for distributed k-ATPCA (Proposition E.1). Recall that in the
distributed k-ATPCA problem:

1. An unknown rank-1 signal tensor V' € ®k R is drawn from the prior:
7rd:€fUnif ({\/dk e, Qe Qe i,12,...,10, € [d]}) .

2. A dataset consisting of m tensors X7i.,, is drawn i.i.d. from py, where py is the distri-
bution of a single tensor from the k-ATPCA problem:

(E.2)

A
x, - \WieV- oV

v dk
This dataset is divided among m machines with 1 tensor per machine.

3. The execution of a distributed estimation protocol with parameters (m,n = 1,b) results
in a transcript Y € {0, 1}™? written on the blackboard.

Wi, (Wi jorge ~ N(0,1), Y j1,52, -,k € [d].

We will obtain Proposition E.1 by instantiating the general information bound provided in
Proposition 1 with the following choices:

Choice of j1p: Under the reference measure, X ~ p is a k-tensor with i.i.d. ' (0,1) coor-
dinates.

Choice of i: The null measure is set to & “ 14o-

Choice of Z: We choose the event Z as follows:

zd {X € (RY* 1| X ||oo < A+ v/2(Klog(d) + e)} .
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With these choices, we can write down the formula for the relevant likelihood ratio that
appears Proposition 1. Note that if V = Vd¥ - e;, ® ej, -+ ® e;,, then the likelihood ratio
has the following formula:

duy A2
(E.3) tho(X) = exp (/\(X)jl,yé...,jk - 2> :

Consequently, we define:
d o A2
d—zz(az) < exp ()\a: - 2) .
Note that this is exactly the likelihood ratio between py = A (), 1) and o =N (0,1). Hence,
when V =vdF-e; ®ej, - ® ej,, we have:
d d
LV xy = TEA
dpo dpo

The proof of Proposition E.1 relies on two intermediate results. First, Lemma E.1 analyzes
the concentration properties of a suitably truncated version of the Likelihood ratio.

( jhj?--wjk)'

LEMMA E.1. Let S € (RY)®* be an arbitrary tensor with || S| < 1. Let ¢ > \ be arbi-

trary scalar. Let X ~ g be Gaussian tensor with i.i.d. N (0,1) entries. Define the tensor
T=¢ € (RH®K with entries:

d
def HX
(T§€)j17j27~~-,j1« = (duo(thj%-,jk) - 1) 'H|Xj1yj2,.,.jk\§€

Then,
1. There exists a universal constant C' such that for any q € N,
(Bo| (S, T —EoT=<)|%)s <C-q- 6
In the above display (-,-) denotes the standard inner product:
(8, T —EqT=)= > (T =EoT=Vj, ot (S giarmin-
Jidzs-Jn€ld]

and,

2 2 M2
§ “ max <e’\€_A2 — 1, e+ 2) .

2. Furthermore,

IET=|2 <4-db. e (N7,
PROOF. The proof of this result appears at the end of this appendix (Appendix E.3). [

The second result required to complete the proof of Proposition E.1 is Lemma E.2. This
result provides an estimate on py (Z€) which appears in the information bound in Proposition
1.
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LEMMA E.2. Let € > 0 be arbitrary. Let Z denote the set:
z2={X e ®R)™ | X|lo <A+ /2(klog(d) + ) }.
Then, py (Z2°) < e €. In the above display, || X ||oc denotes the entry-wise co-norm:

def
||XHOO :e maX |le’j27"'7jk:"
Ji:x€[d]

PROOF. Recall that under py-, we have:
AVigVy-- @V
v dk

The claim follows by observing || V;||oo < ||V;|| = V/d along with the standard tail bound for
maximum of Gaussian random variables:

P (Wl > V/2(klog(d) +)) <™,

X = +W7 (W)]h]z,]k lrl\(jN(Oa]-)v vjl)jQ"' 7jk € [d]

O
With these results in hand, we now present the proof of Proposition E.1.
PROOF OF PROPOSITION E.1. Recall that in Proposition 1 we showed:
Lt (V3Y) _
K =
% dHV ? c
> Eo |Iz—1- [ (Eo TM(Xi) — 1Y, Zi,(X)jzi| | 7(AV)| +m [ py(Z2°)m(dV).
i=1
We will choose:
Z {X e (RD)®F ;|| X ||oo < e} , €=\ 4 2¢/(klog(d) + log(m)).
By Lemma E.2, we have, uy (2¢) < 1/m?. Hence,
L (V3Y) & / duy 2 1
S Eo [Iz7,-1 - Eo | —(X;) — 1Y, Z;, (X) 2 —.
% < ; 0 [1z,=1 O | duo (Xi) (X) 5 m(dV)| + m

Next we recall that we chose
= Unif ({x/dk e, ®es, D et ity € [d]}) .

And when V =V dF - e;, @ ej, - - - ® e;,, we simplified the likelihood ratio:

duv dpx dpx | aer ( /\2>
—_ Xz —1=—= Xz 11,72 dk —1, — (X)) =X )\m—— .
dﬂo ( ) d,U/O (( ).7 5J J ) d,LL()( ) p 9

We define the tensors T; € (R?)®* we entries:

dpx
T . R X . ) 1.
J15J254-5Tk d,UO (( Z)]lu]?v-"v]k)
With this notation, the upper bound on Hellinger Information can be written as:

L (V3Y) _ 1 .
N ;Eo Lzmt - |[Bo [TY, 22 (X)) + -
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Truncation of Likelihood Ratio. Recall that Z; = [ x,cz. Consequently, we only need to
analyze the likelihood ratio on Z. Note that on Z, we have, T; = TZ-SE, where:

d
<e def M
(T_ )j17j27~~'7]'k = ((i#(thjz-wjk) - 1> ’ ]I\Xu‘jz...,jﬂﬁé’

def

=\ +2+/(klog(d) + log(m)).
Note that:
[Eo [T=9 Y, Zi, (X)) | < 2|[Bo [T = BoTi=|Y, Zi, (X)) || + 20 BoTi= %

Using the bound on ||EqT'<¢||? obtained in Lemma E.1, we obtain the following bound on
Hellinger information:

4 1

a3

Ihe (VYY)

'16'7 <= ZEO [ o [T — BgT=e|Y, Zi, (X)) HQ} +
Linearization and Geometric Inequality. 'We observe that:

[ Eo [T:= —EoTi =Y, Z, (X;)j24] |

< sup Eo [(S,T;= — EoT;=) |Y, Zi, (X))
Se(R1)er:||S||<1

Using the Proposition 2 along with the moment bounds in Lemma E.1, we obtain:
2
[Eo [T=° — BoTi=|Y =y, Zi = 2, (X;) 4]
C-6%-q

<inf 7
ELPW(Y =y, Z;i = 2| (X)) ji = (x) ji) 7

where

2 2
d = max <exp (2/\\/(klog(d) +log(m)) + )\2> -1, % + 2/ (klog(d) + log(m))>

<exp <2)\\/(k:10g(d) +log(m)) + 3;\2> -1
We define:
Rl = { () € 10,1 Bo(Y =9 2= ()= (@3)5) > -}
Note that \R | <e.Weset q as:

freq

= {1 if (y,2;) € Rérgq,
—2logPo(Y =y, Zi = zi|(X) ji = (®)) ) if (y,2i) ¢ Rfreq

This ensures ¢ > 1. Setting ¢ as above yields:

HEO [Tig6 — ]E0Ti§€‘Y =Y, Z; =z, (Xj)j?fi] H2

_[cw if (4, 2) € Ri;
—206%10gPo(Y =y, Z; = 2| (Xj) ji = (25) ) if (y,2i) & ngfe)zq
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Hence we obtain:

E [HEO [T~ — BT~ |Y =y, Zi = 2, (X) 4] HQ}

freq

02+ CPH(Y, Zi| (X)) j.1)-

In the above display H(Y", Z;|(X;) ;i) denotes the conditional entropy of the (Y, Z;) given
(X)ji- Since we assumed that the communication protocol used to generate Y is deter-
ministic, conditioning on (X );-; determines all but b + 1 bits of the vector (Y, Z;). Hence
H(Y, Z;|(X)2i) < C(b+ 1). This gives us,

E||[Eo [1T=° ~ BoT =Y =y, Z = 2, (X)) | *] < Co%,

which in turn yields:

2 . . 2 4 1
L (V:Y) < K (dk D Ey [Eo [T — EoTi=|Y, 2, (X)) || + i + m)
52mb 1 1
¢ (dk g3 T m>

?mb 1
<C — .
=<(F %)
Finally we observe that in the scaling regime: A = ©(1), m = ©(d"), b= ©(d”), for some

constants 7 > 1, 5 > 0, which satisfy n + /3 < k, the above upper bound on I (V;Y) — 0
as d — oo. O

IN

E.3. Concentration of Likelihood Ratio. In this section, we provide a proof for Lemma
E.1.

PROOF OF LEMMA E.1. We prove the two parts separately.

1. Recall that,
d . A2
ﬂ(aﬁ) = exp <)\x - ) .

duo 2
Observe that,
-/ d A2
< def KX de— 22
(T_e)jl,jz,...,jk = (dMO (le,_h,]k) - 1) : ]I‘leﬁj2,_,$jk|§e § € T2 — 1
Furthermore,
e A2 A2
(T (777 = 1) T iz = A= g

Hence,

2 )\2 .
’(Tge)jl,jg,...,jk‘ < max <6/\6A2 — 1, e+ 2) d:f5
Hence, (1=);, j,..j. are independent random variables in [—d,d]. Consequently, by
Hoeffding’s Inequality <S , T=€ — E0T§€> is sub-Gaussian with variance proxy §2.The
claim follows by standard estimates on the moments of sub-Gaussian random variables.
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2. Since the entries of T'=¢ are identically distributed, we have:

IET=|? = d* (E(T=)11,1....1)*

Recall that:
¢ dpy
(TS J1,1,1,.01 = (duo(Z) - 1) lizj<e Z~N(0,1).
Hence,
€ dﬂ)‘

IE(T=)111,..1] = }E [(dm(z) - 1> ’]IZISe}
=|P(|Z] <€) —P(|Z + X <€)
=[P(|Z 4+ A >€) —P(|Z] > ¢)]
<max(P(|Z + | > ¢),P(|Z| > ¢))
<P(|Z|>e—])
< 26_%

Hence,

|ET=€)2 <4-dF.e (N7,

APPENDIX F: PROOFS FOR NON-GAUSSIAN COMPONENT ANALYSIS

F.1. Proof of Computational Lower Bound (Theorem 3). This appendix is devoted to
the proof of the computational lower bound for the order-k Non-Gaussian Component Anal-
ysis (k-NGCA) problem. Similar to Theorems 1 and 2, we prove Theorem 3 by transferring
a communication lower bound for distributed estimation protocols for k-NGCA to memory
bounded estimators for the same problem using the reduction in Fact 1.

In the (Bayesian) distributed setup for k-NGCA, the parameter V' is drawn from the prior

7 & Unif ({jzl}d), and then x.y are sampled i.i.d. from py ; these samples are distributed
across m = N/n € N machines with n samples/machine. We will obtain Theorem 3 with a
suitable choice of n. As usual, the execution of a distributed estimation protocol with param-
eters (m,n, b) results in a transcript Y € {0, 1} written on the blackboard.

We have the following corollary of Fano’s Inequality for Hellinger Information (Fact 2),

proved in exactly the same way as Corollary C.1.

COROLLARY E.I (Fano’s Inequality for k-NGCA). For any estimator V(Y') for k-
NGCA computed by a distributed estimation protocol, and for any t € R, we have

o (v =) o0 (5)
inf Py | ———F—>— | <2exp|—— | + 2L} (V;Y).
vev (uvu%vuz d 2

The main technical result is the following information bound for k-NGCA.

PROPOSITION F.1. Consider the k-NGCA problem with non-Gaussian distribution v
satisfying

1. the Moment Matching Assumption (Assumption 1) with parameter k > 2;
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2. the Bounded Signal Strength Assumption (Assumption 2) with parameters (A, K);
3. the Locally Bounded Likelihood Ratio Assumption (Assumption 3) with parameters
(N K K).

Let Y € {0, 1}mb be the transcript generated by a distributed estimation protocol for this
k-NGCA problem with parameters (m,n,b). Let ¢ > 2 be arbitrary but fixed constant. Then,
there is a finite constant Cy, k 1.  depending only on (k, K, k,q) such that if

ket 1 1
(F.1) n>CrKpqg b T and na? <
CrK kg
then
L (V3Y) <

CrK g <b cmnA2 - d T e (nA2)? 4 dﬂg +m-n-(m+n) ~e_d/C"~”KW*‘1> :

With this information bound in hand, we first present the proof of the computational lower
bound for k-NGCA (Theorem 3) and defer the proof of the above information bound to a
later section in this appendix (Appendix F.4).

PROOF OF THEOREM 3. Appealing to the reduction in Fact 1, we note that any memory-
bounded estimator V' with resource profile (N, T, s) can be implemented using a distributed
estimation protocol with parameters (N/n,n, sT) for any n € N such that m := N/n € N.
As assumed in Theorem 3, we consider the situation when

k+1 kE+1
(F.2) 77+T+u<[2-‘, ’y>2[2-‘—|—/<a.

We set n = d¢ with

(F3) E57+p+r+ V;ﬂ +;<F€JZFW —(77+7'+,u)) >THp+r+ V;ﬂ

-~

>0

With this choice, we verify that the information bound in Proposition F.1 shows that
Ihel (V;Y) — 0; combining this with Corollary F.1 proves the theorem. We begin by ob-
serving

k+1 E+1
v > {2 w +RE+n+THp+ q 5 1 - (77+T+u)>
1 /[k+1

=n+étg (||~ T +m)

>n+E.
Next, we verify the conditions required for Proposition F.1:
1. Sincen>7+pu+r+[(k+1)/2] wehave n>>b- 45171 as required.
2. Since v > 1+ £ > € we have n\? < 1 as required.

Now, from the information bound of Proposition F.1, for any ¢ > 2, we have:

IheI (VaY)

<CrKnrq- <b cmnA2 - d7 T  m (nA?)? + dﬁg +m-n-(m+n)- e_d/c’“’K*""1>
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= Chirg - <b CNAZ TR (NA2) - (nA2) + dﬁi +m-n-(m+n)- e—d/CMm) .

We now check that this bound on I (V';Y') vanishes with d — oo with a suitable choice of
q:

1. The assumption 5+ 7 + pu < [(k + 1)/2] guarantees b- NA2-d~1""1 0.

2. Since v > 1 + &, we have (N)?) - (nA?) — 0.

3. Observe that m = (N)2)/(nA?) = d"*"~¢ > d?". Hence, choosing ¢ = 2(y + 1) + 7
ensures m,/d?/? — 0.

4. Since n,m scale polynomially with d, we have m - n - (m +n) - e~/ Crrma 0,

This concludes the proof. 0

REMARK F.1. The computational lower bound in Theorem 3 requires that \? is suffi-
ciently small because the information bound in Proposition F.1 holds when n is sufficiently
large and n\? is sufficiently small (F.1). In light of this, a natural question is whether an
information bound of the form:

(F.4) Tne (VYY) <b-mnA2-d 5]

holds without assuming A? is small. Unfortunately, an information of the form (F.4) is ruled
out by a simple distributed estimator unless A\? < d°polylog (d)/ d'*>"1. This distributed
estimator uses the information theoretically optimal sample size of N = mn =< d/\? dis-
tributed across m = N/n machines with n samples per machine. The estimator simply writes
the entire dataset on the blackboard as the transcript and computes the Maximum Likeli-
hood Estimator using the transcript. Since each sample is a d-dimensional real-valued vec-
tor, which can be quantized to a d polylog (d) bit vector, the total bits written on the black
board are mb = Ndpolylog (d) = d? polylog (d)/A2. Since the maximum likelihood estima-
tor is consistent, we must have I, (V;Y) 2 1. This leads to a contradiction to (F.4) unless

n>d1-2 / polylog (d). Since n < N =< d/\?, this means that the information bound (F.4)
cannot hold unless \? < d3 polylog (d)/ d'*3" 1. For sufficiently large k (k > 5), this means
that (F.4) cannot hold unless \? < 1.

F.2. Proof Overview of the Information Bound (Proposition F.1). The remainder of
this appendix is devoted to the proof Proposition F.1, the information bound for the distributed
NGCA problem. Recall that in the distributed k-NGCA problem:

1. An unknown d dimensional parameter V' ~ 7 is drawn from the prior m = Unif ({:l:l}d).

2. A dataset {x;; : i € [m],j € [n]} consisting of N = mn samples is drawn i.i.d. from
uv, where py is the distribution of a single sample from the Non-Gaussian Component
Analysis problem. Recall that this means that:

1 1
(F.5a) Tij = mjﬁV + <Id — dVVT> Zij,

where 7;; € R and z;; € R< are independent random variables with distributions
(E.5b) 2 S N(0,1), i~ v

In the above display, v is a non-Gaussian distribution on R and py- denotes the distribution
of x; described by the above generating process (F.5).
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3. This dataset is divided among m machines with n samples per machine. We denote the
dataset in one machine by X; € R4 where,
Xz' = [.’131'1 ;o ... .’Bin] .
Since x;; £ wy, X; £ u?}".
4. The execution of a distributed estimation protocol with parameters (m,n,b) results in a
transcript Y € {0, 1} written on the blackboard.

The information bound stated in Proposition F.1 is obtained using the general information
bound given in Proposition 1 with the following choices:

Choice of po: Under the measure 119, &;; ® N (0, 1) for any i € [m)], j € [n].
Choice of i: Under the measure 71, the dataset of each machine is sampled i.i.d. from:

pol) = [ () m@v)

Note that the data across machines is independent, but the n samples within a machine are
dependent since the were sampled from the same uy .
Choice of Z: We choose the event Z as follows:

def

(F.62) Z = 21N Zs,

(F.6b) 2 S @1, eRY: ||| < V2dVi € [n]},
: dm 1

E. Zy S, eRY: | (@) — 1| < = 5.

( 6C) ) {331_ c duo (ml. ) < 2}

The proof of the k-NGCA information bound (Proposition F.1) is organized into subsec-
tions as follows.

1. To prove Proposition F.1, we rely on certain analytic properties of the likelihood ratio
for this problem (similar to k-TPCA). These properties are stated (without proofs) in
Appendix F.3.

2. Using these properties, Proposition F.1 is proved in Appendix F.4.

3. Finally, the proofs of the analytic properties of the likelihood ratio appear in Appendix E.5.

F.3. The Likelihood Ratio for Non-Gaussian Component Analysis. In this section,
we collect some important properties of the likelihood ratio for the Non-Gaussian Compo-
nent Analysis problem without proofs. The proofs of these properties are provided in Ap-
pendix E.5.

Recalling the data-generating process for k-NGCA problem (F.5), we can compute the
likelihood ratio (with respect to the standard Gaussian distribution pg) of a single sample
x € RY from the model (E.5) as:

d,uv dv
. = ( ))

(F.7a) T)=—
dpo dyo !

where 7 e <m, %V>. Consequently the /V-sample likelihood ratio is given by:

N

dpy dv (i, V)
E7b Y () =] ), s = _
( ) dMO( I.N) 1l dyg (77) n \/g

Next we compute the Hermite decomposition of the N-sample likelihood ratio. Due to the
product structure of the /N-sample likelihood ratio, it is sufficient to compute the Hermite
decomposition of the one-sample likelihood ratio. We have
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duo 2 [ iz )] 'Ht(n)Zgﬁth(n)

In the last step, we defined,

5 [ 1]yttt

Hence, we obtain the expression for the Hermite decomposition of the likelihood ratio
summarized in the following lemma.

LEMMA F.1 (Hermite Decomposition for Non-Gaussian Component Analysis). We have

d:uV e H. m17‘/> <:B2,V> <wN7V>
ZN ( va Vi v >

where, for any t € NY,

Ht<<w\1/’av>’<$f/’gv>»"" zN,V >dffHHt (

7,

A~ def H A~
Vg = Vg, -
=1

In the above display, Uy, t € N are the Hermite coefficients of the one-sample likelihood
ratio:

I)t = EZN,uo [(;i/j()(Z) . Ht(Z):| = ET]NV [Ht(n)] .

We now introduce an /V-sample generalization of the integrated Hermite polynomials
(Definition C.1).

DEFINITION F.I (N-sample Integrated Hermite Polynomials). Let S: {+1}¢ — R be
a function with ||S||; = 1. For any ¢ € NY¥, we define the N-sample integrated Hermite

polynomials as:
Hy(x1.3: 9 dif/(HHt <“’ )) - S(V) m(dV).

The rationale for introducing this definition is analogous to that for their single-sample
counterparts. We use Lemma F.1 to express important quantities derived from the likelihood
ratio in terms of the N-sample integrated Hermite polynomials:

e ® [TV @) w(@V) = 3 v A1),

dpuo dpo P
0

d o [d e
< PV (21n), S> Y Y (@) S(V) (V) = Y by He(@in: S).
dpg . dpo o

Just like their single-sample counterparts, the N-sample integrated Hermite polynomials
inherit the orthogonality property of the standard Hermite polynomials.
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LEMMA F2. Forany s,t € Név such that s # t, we have
Eo[Hs(x1.n;S) - He(x1.n35)] = 0.

PROOF. Using Definition F.1 and Fubini’s theorem, we obtain,

Eo[Hs(x1.n5;S) - He(x1.839)] =

//ilfIlEo [Hsi <<xi};‘g/>) o, (<wi\,/§'>>] LS(V) - S(V') 2(dV) n(dV).

Since s # t, there must be an ¢ € N such that s; # t;, and for this ¢, Fact 1.6 gives us,

o (2 (7)o

Hence, we obtain the claim of the lemma. O

We have the following N-sample generalization of Lemma C.3. Note that these worst-case
bounds can be much smaller than 1.

LEMMA E3. There is a universal constant C (independent of d) such that, for any t €
N with |||, =t, we have

. When t is odd, Hg(x1.n;1) = 0.

. When t is even, Bo[Hy(z1.5;1)%) < (Ct)z - d 3.

. Forevent <d, Bo[Hy(x1.n;1)%] > (t/C)3 - d 5.

. Forany S : {£1}% — R with ||S||x < 1, we have Eo[Hy(z1.5:5)%] < (Ct)z -d Tz 1.

. Forany S: {£1}¢ = Rwith ||S|| <1, (S,1),_ =0, we have Eg[H¢(z1.n; 5)?] < (Ct)z -
il

[MIES

DN B~ W N -

PROOF. See Appendix F.5.1. O

A limitation of the bound obtained in Lemma F.3 is that it is vacuous when ||t||; > d.
The following lemma provides a bound on the norm of integrated Hermite polynomials with
degree [|t]|; > d.

LEMMA F4. Forany t € N) with ||t||1 =t, we have

I7 _ ,—2t/d
sup  Eo[H¢(z1.n535)%] < 2exp <_(16) .d> .
SillS|l-<1 5

PROOF. See Appendix F.5.3. O

Using the orthogonality of the N-sample integrated Hermite polynomials (Lemma F.2)
and the estimates obtained in Lemma F.3 and Lemma F.4, one can easily estimate the second
moment of functions constructed by linear combinations of these polynomials:

2 2

> arHy(@in:S)| EEo | Y ar-He(@win;S) | = of -Eo[Hi(w1n; ).

teNy 9 teNy teNy

We will also need to estimate g-norms of these linear combinations, for ¢ > 2:
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q q

Z arHi(z1.n;9)|| £ Eo Z at - He(z1.n; 9)

teNy q teNy

The following lemma, generalizing Lemma C.4, again uses Gaussian Hypercontractivity
(Fact 1.7) to provide an estimate for the above quantity.

LEMMA E5. Let {ay:t € Név } be an arbitrary collection of real-valued coefficients.
For any q > 2, we have
2

S aiHy@in: S| < 3 (g DI 6d - Eo[Hy(mrns 5)?)

teNy q teNy

Furthermore, the inequality holds as an equality when q = 2.
PROOF. See Appendix F.5.3. O

In the following section, we present a proof of the information bound for distributed Non-
Gaussian Component Analysis (Proposition F.1) using the results of this section.

F.4. Proof of the Information Bound (Proposition F.1). This section provides a proof
for Proposition F.1, the main information bound for the Non-Gaussian Component Analysis
problem. Recall that the information bound of Proposition 1 is:

IheI (V; Y) <

K
J (B (32 - g x) e

(F 8)
+ mp(Z°),
where Z; = Ix,cz. The following lemma analyzes the failure probability fi(Z€).

Y. Z, (Xj)#z} ) 2 m(dV)

ZE

LEMMA E.6. Suppose that v satisfies the Moment Matching Assumption (Assumption 1)
with constant k > 2 and the Bounded Signal Strength Assumption (Assumption 2) with con-
stants (X, K). Then, for any q > 2, there is exists a finite constant Cy i, ¢ depending only on
(q,k, K) such that, if,

nA? < d )
Cokx

A2\ 2
M(ZC)SCq,k,K‘<(1+)\2)‘n' qu+<nd ) )

PROOF. The proof of this result appears at the end of this section (Appendix F.4.1). [

then,

We also need to analyze:

=(i) /( (i) [(duv dp )
E E X; X)) Iz
0 0 duo( ) — duo( ) ) lz.=1

Y, Z;, (Xj)j#])Qﬁ(dV)] ,
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For any X € R¥™", X = [x1 x5 --- x,], S C [n], we introduce the notation,

2% =[] (95 @0 1),

€S
Z(Xs) " / Ly (Xs) n(dV).

In the special case when S = {i}, we will use the simplified notation .y (x;), £ (x;). We
consider the following decomposition: For any X € R*", X = [:vl T - Ty,

v ) - 200 =TT (14 250 -1) - [ 1T (14 22400 1) riav)

(=1

=) (L) - ZL(@))+ > (Lv(Xs)—Z(Xg)).
=1

SCin], |5|>2

Additive Term Non Additive Term

With this decomposition, using the elementary inequality (a + b)? < 2a® + 2b%, we obtain,

(F9)
(i) @ | (dpv dB ). X ZW .
B | [ (59| (S0 - SE%0) Taa| ¥ 20 (X)) <dv>]§2 (1),
where,
] ) ;
Eiog /(E(()Z) [(Z(fv(ww)—f(ww))> lz,=1 Y,Zi,(Xj)jaéi]> m(dV)|,
/=1

r 2

o / || X <zv<<xl->s>—$<<X1->s>>HY,Zz»<Xj>m m(dV)
i Scln], 1S|>2

In order to control the term (l1), we apply Jensen’s Inequality:

[ 2
1< [E || Y (X9 - Z(Xs)| | m@v)
' scn], |S|>2
[ 2_ 2
:/Eo Y A (Xi)s)| | m(dV) —E > Z((X)s)
SC[n], |S|>2 | ScCln], |S|>2
< [& L (X)s)| | w(@v).
' scn], |S|>2 |

The following lemma analyzes the above upper bound on (I1).

LEMMA E7. Suppose that v satisfies the Bounded Signal Strength Assumption (Assump-
tion 2) with constants (\, K). Suppose that K*n)\?> < 1/2. Let X = [x1 T3 ... T, where

x; ~ N (0, I,). Then,

2

Eo > A ((X)s) 2. (K2nA%)2.

SClnl, |5]>2
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PROOF. The proof of this result appears at the end of this section (Appendix F.4.3). [

In order to control the term (), we will rewrite it as follows:

=5 | [ (xaé” (Z(ﬁfwm —f(w))) Tz

{=1

(e

Ey’ Hzi:r/ (Eéﬁ) [Z(fv(mw)—f(“’if))‘ﬂz,-f||<m

(=1

2
) w(dV)

2
Y, Z, (Xj)j;«éi] ) m(dV)

B
=
e

(=1

(Z(iﬂv(m) ~Z(@a) 'Hmns@> e

~

b)

2
Y, Zi, (X])ﬁéz] ) ﬂ'(dV)

In the step marked (a), we used the identity [7,—1 =lx.cz =Ix,cz - H\\m,-g||<\/ﬁ (ct. (F.6)).
In the step marked (b), we observed that I z,—; is measurable with respect to the conditioning
o-algebra. Next, we linearize the integral with respect to the prior 7 (Lemma 1):

j(e

= sup E()i)
S:Sl=<1

We will apply the Geometric Inequality framework (Proposition 2) to control the above con-
ditional expectation. In order to do so, we need to understand the concentration behavior of
the random variable:

n

T\ 2
Y (L (@) = L (@) 1y <yma Vs Zi (X)ji ) m(dV)
=1 .

n

2
Z <($V($z€) - ?(ww)) 'HHwizHS\/ﬁ’ S>7r Y. Z, (Xj)j;éi] ) .
=1

n

> (S (@) - Z@)) Ly < ymnS) -

s
(=1
This is the subject of the following lemma.

LEMMA E8. Suppose that v satisfies:

1. the Moment Matching Assumption (Assumption 1) with parameter k,

2. the Bounded Signal Strength Assumption (Assumption 2) with parameters (A, K),

3. the Locally Bounded Likelihood Ratio Assumption (Assumption 3) with parameters
(N K, K).

Then, there is a constant Cy,,, that depends only on (k,k) such that if the parameters
(N K, k) satisfy K\ < d~2/Cy, ., we have, for any S : {+1}% — R with ||S||, < 1 and
any ¢ € Rwith |¢| <1/2L,

log E exp <CZ <(.$V(zce) —Z(®0) U, 1 <300 5>7r> < ¢noe” % +nclo?.
=1

In the above display the parameters L,c? are defined as follows:
LELCpp-KX\-d>,

2 Y Ch - K2A2 a5,
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Furthermore,
S <(.$V(a;£) ~Z(@0)) Ly, < ymn S>7r <n-o-ei6 + VLo ni+/no,
/=1 4
where,
n 4
> (B (@) = Z (@) Ly S)._
/=1 4

n 1
ZEo <Z<(iﬂv(w4) —Z(xy)) ‘H||xé||§\/2*a5>ﬂ>

(=1

PROOF. The proof of this result appears at the end of this section (Appendix F.4.2). [

We can now use Geometric Inequalities (Proposition 2) to control:
2

o [Z (S (@ie) = Z(@ie) Ly <ymarS ) ‘Y Tt (Xj)ﬁ“]
=1

We consider two cases depending upon whether y € ng)re ory e Rg:g @ where,

Rige 2 {y e {0,110 < B (Y =, 2 = 1/(X;);) <47},

rare —

Rty 2 {y e (0,13 B (Y =y, 2, = 1/(X;);) > 47}

rare-

Case l:y € R{Y.. In this situation we apply the moment version of the Geometric Inequality
(Proposition 2, item (1)) with ¢ = 4. Using the moment estimate in Lemma F.8, we obtain,

EY [Z <($V(a:iz) —ZL(@it) Ly <vd S>,T ‘Y =y, Zi=1 (Xj)#i]

(=1
n-o-e i 4y O"TLi-f—Uf
Y

(F.10) <L
Py (Y =y, Z; = 1|(X;) )

where L, o are as defined in Lemma F.8.
Case2:y € R . In this situation we apply the m.g.f. version of the Geometric Inequality

freq®
(Proposition 2, item (2)). Using the m.g.f. estimate in Lemma F.8, we obtain, for any

0<(¢<1/2L,

Z<($V(93z€) Z(wip)) - T ng||<\ﬁa ‘Y yaZ—l(Xj)jii]
=1

Ey’

1 1
<noe~ ic +n¢o® + > log —r ,
C R (Y =y, Zi = 1(X);)

where L, o are as defined in Lemma F.8. We set:
1 b log(4)

7 — 2
PO(Y =y, Zi=1|(X >m> no

1
¢ = no? log
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If,
S 4log(4) - b- L?

o2

(F.11)

)

then this choice is valid, i.e. ¢ < 1/2L. With this choice, we obtain,
Ey’

(=1

Z <($V(wz£) — L(xi)) - HllmizHg\/ﬂ’ S>7r 'Y =y, Z;i=1, (Xj)j;éi]

(F.12)

§naeﬂ3+2'o-\/ﬁ‘log;<() ! )
Py (Y =y, 2 = 1/(X;)2)

With these estimates, we can control the term |, which we decompose as follows:

Ey’ Hzi:r/ (Eél) [Z(fv(fm)—f(“’w))‘ﬂw||<@

(=1

2
i (Xj)#z‘] ) m(dV)

= (la) + (Ib)

(la) £ &y > POY =y, Z = 1)(X;) 1) - U2y, (X)) |
| yeRE)

(Ib)gﬁgz) S B (Y =y, 2= 1(X) ) - Uy (X))
R()

freq

In the above display, we defined,
Uy, (X)) =

(e

Z(fv(miz) — Z(xi)) ‘Huwung\/ﬁ
In order to control (la), we rely on the estimate (F.10):

2
Zi = 1, (XJ)]¢Z]> ﬁ(dV)

(=1

(la)< (n-o-e 3 +VIo-nt +ovn)? B | Y B (Y =9, 2 =1|(X;)2)?
YER G
S(TL'O”G_l%+\/LO'-ni+O'\/ﬁ) 270, ]EO HRrare]

Since we assume the communication protocol to be deterministic conditioned on (X);;,
all but b bits of Y are fixed. Consequently, | Rare| < 2°. Hence,

d (©) da
(la) <3- <n2 o2 e +La\/ﬁ+na2) <3 (n2‘02 e s +2na2).

In the above display, in the step marked (c) we observed that the assumption (F.11) guarantees
Lo/n < no?. In order to control (Ib), we rely on the estimate (F.12):

(Ib) < 2n2c2%e § +802n- E(()) Z h(@(() Y =y, Zi = 1|(X;)£i))
yER(i)

freq
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<ono’e i 480t By | Y WEV (Y =y.Zi=2(X))))| -
(y,2)€{0,1}0+1

where h(z) £ —zlog(z) is the entropy function. Since we assume the communication proto-
col to be deterministic (cf. Remark 4), conditioned on (X;);;, all but b + 1 bits of (Y, Z;)
are fixed. Hence conditioned on (X;),;, the random vector (Y, Z;) has a support size of at
most 2°*1. The maximum entropy distribution on a given set S is the uniform distribution,
which attains an entropy of log|.S|. Hence,

i 1
S PO =y, Zi=5(X;) i) log < (b+1)log(2)
(y,2)€{0, 135+ Py (Y =y, Zi = 2(X}) i)
This yields the estimate,
(Ib) < 2n?c%e” § + 8log(2) - o?n - (b+1).

Combining the estimates on the terms la, Ib we obtain, (1) < 5n202e ™% + 1802n - b. Substi-
tuting this estimate on | and the estimate on Il obtained in Lemma F.7 in (F.9), we obtain,

e (ono- ) e

<10n%0%e™5 +360°n-b+4- (K?n)?)%

Ey’

Y, Zi, (Xj)j#] ) 2 W(dv)]

Plugging the above bound in (F.8) we obtain,
L (VY a
hEI(K’) <10mn?c%e™s +360% -m-n-b+4-m- (K*n\*)? +m-u(2°).

Finally, by Lemma F.6, for any ¢ > 2, we have

Ina (VY
hGI(K’) < 10mn2o2e™5 +360% - m-n-b+4-m- (K?nA?)?

2 d TL)\2
+CQ7k,K'm' (1+)\)mne quK+ d )

This is precisely the information bound claimed in Proposition F.1. This concludes the proof
of Proposition F.1. The remainder of this section is devoted to the proof of the various inter-
mediate results used in the above proof.

F4.1. Proof of Lemma F.6.

PROOF OF LEMMA F.6. We begin by observing that by a union bound,

a(Zf) <Y n{llzill > v2d})
i=1

-3 / wy ({121 > V2d}) 7(dV).
=1

When x ~ po = N (0, 1), standard x2-concentration (see for e. g. [37, Example 2.11]) gives
us:

no({llz] > V2dy) < e .
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NGY dMV
pv ({[lz]| > v2d}) = o —— (@) > v3a

(a) dv def Vv
OE, | (2 729 (@,
O[duo( Mjol>vaa) - } <"” ||V||>

< (uo ({lle)l > v2d}) -Eg

(c)
<(1+K2)\%) . e s,

In the above display, in the step marked (a), we used the formula for the likelihood ratio in
(E.7), in step (b) we used Cauchy-Schwarz inequality and in step (c) we appealed to Bounded
Signal Strength Assumption (Assumption 2). Hence, we conclude that,

HZH < (14 K2\2) n-e i,

In order to analyze i(Z5), we recall that,

.
d:O(:cln)—l_ tezN: Dy - Hy(21:031).
1] >1

We decompose the centered likelihood ratio into the low degree part and the high degree part:

i (ot =)+ (Gt 1)
Tip) —1=| —(T1:n) — 1 + | —(T1n) — 1 ,
dﬂo( tn) dﬂo( tn) <t dﬂo( tn)

where,

dz i o
<,u(w1:n) - 1) = Z Up - He(1:m31),
<t

d
Ho teNy
1<t <t
di def
(d (T1m) — E Dt - He(T1:051).
luo >t tEN"
Ht||1>t

With this decomposition, for any ¢ > 1, we have, by Markov’s Inequality,

w(Zs)<pm (‘ ((ii)(ww - 1) - > i) T <<<iﬁ>(”") - 1) " ‘11)

dpm ! dp
(@) ) @) =1)
q

=49E, | — (x n — (1) — 1 +4E Ll:n ——(®1:n) — 1

0 duo( : )‘ duo( tn) <t ’ dﬂo( tn) dNU( tn) >t

dp (du ) ‘ <dﬂ )
<49 ||—/ (1., T1p) — 1 +4—:cn Tin)—1

d#o( tin) d#o( tin) <t dMo tin) d#o( Lin) Stlly

In order to obtain the last inequality, we apphed Cauchy-Schwarz inequality. We also note
that all the norms || - ||, are defined with respect to 119. We now estimate each of the norms in
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the above display. The quantity:
2

( di (T1:N) — 1> ;

‘ duo <ill,

with the choice ¢ = 2 is a central object in the low-degree likelihood ratio framework. In the
arXiv version of this paper [16, Appendix F.4, Proposition 8] we analyze the Non-Gaussian
Component Analysis problem in the low-degree likelihood ratio framework and show that
there is a constant C, x > 0 depending only on k, K such that, for any ¢ > 2, if,

1 d 1 1 d>
P, N2 < C i
Crrx (¢g—1)% S Crx (g—1DF 52

(F.13) t<

then,

? (g—1)F - NAZ 55
<Ck,K (g—1)F-NX -tz

d

We set,
1 d
Crix (20— 1%
The hypothesis on the effective sample size n\? < d/ Cy.k,i ensures the requirement (F.13)
1s met, and we obtain,

t=

On the other hand, by Lemma F.5, we have

2
Li.n)— 1)
H <d,u0 ) >t

= Z Df - Eo[Hy(@1:0;1)%)
In Lemma F.4, we showed that, for any |[|t||; > ¢,

2 teNy
_ 9 d 1 \—1
Eo[Hy(21:0;1)?] < 2exp (—)  Copr =2 (1= FrT)

||tH1>t
q,k,K

Hence,
dz 2 -
H(du(wln) 1) <2-e Carx . Z 2
,LLO >t tGNS'
£l >t
©Y
teNy
(e) d 2\2\n
<2-e Carr - (14 KN)"
<2.e % e TN
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In the above display, the step (e) relies on the Bounded Signal Strength Assumption and in
the step marked (f) we used the effective sample size assumption nA\?<d /(2Cy k.x). Due to
the orthogonality of integrated Hermite polynomials (Lemma F.2), one can compute:

2 d7 2 a7 2
72171” —1 =1+ < Ccln—l) "‘H(mlzn_1>
‘duo 9 dMo( ) <tlly d,uo( ) >tllg
<14+142=4.
Hence,
dz dz !
m(Z25) <47 || ——(x1m ( L1:n _1>
@ = w|gre| | (Gt 1)
di di
+4H L:n ( T1:n _1>
dNO( ) 2 dNO( ) >tllg
2\ 3
S (Cq7k7lzl-n)\ > +16€_d/0q)kﬁk.

Finally, by suitably redefining constants, we obtain, by a union bound,

)\2
M(ZC)SCq,k,K‘<(1+)\2)‘n- ‘le+<nd> >7

as claimed. UJ

FA4.2. Proof of Lemma FS. Let xy.y be generated as: @; ~ N (0,I;). Let S : {£1}% —
R be a real-valued function defined on the Boolean hypercube with ||.S|| < 1. In this section,
we wish to understand the concentration behavior of the random variable:

n J—
(F.14) Z<($v(wz) — Z(x)) 'HHM||§@75>W-
/=1

Since this is a sum of i.i.d. random variables, we will find the Bernstein Inequality useful in
our analysis, and we reproduce the statement of this inequality below for convenience. This
result is attributed to Bernstein. The statement below has been reproduced from Wainwright
[37, Proposition 2.10]

FAacT FE.1 (Bernstein’s Inequality). Let U;,Us---,U, be i.i.d. random variables which
satisfy:

1. EU; <u
2. Var(U;) < o?
3. |U;| < L with probability 1.

Then, for any |(| <1/L,

n 2 2
log E exp (CZUZ> <({nu -+ M.
i=1

We can now provide the proof of Lemma FE.8.
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PROOF OF LEMMA F.8. The proof involves an application of Bernstein Inequality
(Fact F.1) after the computation of relevant quantities, which we compute in the following
paragraphs. Let « ~ o = N (0, I;). We recall that,

Sy () C(li'l;‘()/(a:) 1, Z(@) déf/gv(m) T(dV).

Worst-case upper bound: We begin by computing:

sup [{(L (@) ~ Z(@)) Ty 305 |
zER? T
< sup ||S|lr - |[(Lv(®) = Z(@) - L <y/aa
xrER
<2- sup sup dMVa:)—l’.
Ve{+1}¢ a:||z|2<2d | Ao
Since,
d:U’V dv <<£C,V>>
T)—1=— -1,
dﬂo ) dUO Vﬂ
we obtain,
— dv
sup ((Lv(x) —ZL(x)) 1, ,S) [ <2- sup z)—l’.
xTERY < ( (®)) lell<v2d >7T z:[2|<v2d d,U«O(

Recall that v satisfies the Locally Bounded Likelihood Ratio Assumption (Assumption 3)
with parameters (\, K, k). Furthermore if,

(E15) 3¢ K- A-d2 <1,

Assumption 3 yields,

(F.16) sup
xR

(@)~ Z@) TpeymS) | <287 K- A-ds

def

=L/2.
Upper Bound on Variance: Observe that:

Var (<(.$V(a:) ~2(@) T jye m,s%) <, <(.$V(m) ~2(@) 1<z s>

2
0

2

<Eo ((ZLv(z) - Z(x)),S)
Observe that,

Hence,

sup Var (L (x) - ZL(x))-1 S
S:{:I:l%k)—nR <<( v(z) () |zl <v2d >7r>
[IS]l-<1

2
™

< sup  Eo (L (x) - Z(x)),S)
S:{x1}—>R
[1S]I~<1
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2
s

sup Eo (L (z) — L(x)),S)
S:{£1}—>R
IS]1-<1, (,1),=0

sup Eq <$V(w)75>3r_
S:{£1}—=R
1811, <1, (5,1, =0

Next we recall the Hermite decomposition of the £y (x) computed in Lemma F.1:

:gﬁt-lﬂ <<””\’/g>).

Recalling the definition of Integrated Hermite Polynomials (Definition F.1), we can write:

(L (x),S), = 0y Hi(w; S
t=1

Since the integrated Hermite polynomials are orthogonal,

Eo (L Z -Eo[H,(x;5)?.

Since v satisfies the Moment Matching Assumption (Assumption 1) with parameter k, we
have 7y = 0 for any ¢ < k — 1. Hence,

S:{:stlﬁ)ﬁRVar <<($V(a:) - Z(x))- I i<vaa S > ) Z Eo[Hy(x;9)?]
[1S]l-<1

< (Sup Eo[H(x > Z

t>k

@ —

< K2\?. (supIEg[Ht(:L'; S)Q]> .
>k

In the step marked (a), we appealed to the Bounded Signal Strength Assumption (Assump-

tion 2). In Lemma F.3, we showed that, Eo[H(x1.x: 5)2] < (Ct)3 - d=T1. Hence,

=l

Eo[H, (z: S)2 < (Ck): -d~ 3
kglg;c/c o[Hi(x;5)°] < (Ck)

On the other hand, when ¢ > d/C, Lemma F.4 gives us,

’ 2
2 < 9p-d/C 12
tgl(?/}éEO[Ht( 19)%] < 2e , C' (1= c-2/0)

By suitably defining the constant C (depending on k), we arrive at the following estimate
of the variance:

(F.17a)

Lo Vo (@) - ZE@) By $) )< e Eo( (o).,
: — u : —

[I5l=<1 [S1l=<1, (5,1) =0

(E.17b) < K222 g T

(E.17¢c) &2
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Upper Bound on Expectation: As before (by centering .S) we can argue,

sup E L(x)—ZL(x)) -1 .S
S:{ﬂ%LR 0[<( v(@) (®)) Ty <vad >7r]
[I5]l=<1

= sup Eg [<$V(m)7s>“'ﬂ||m|lﬁm )

ISll-<1
(8,1) =0

Next we observe that since Eqg[Zy (2)] = Eo[Z(x)] = 0, we have
Eo[((Lv (x) — Z(x)),S) ] =0.

Hence, we can write:

Eo [{(Lv (@) = Z(@)),S), T0y<yaa| = Fo [(Lv (@) — Z(@)),S), Ty -
Consequently, by Cauchy-Schwarz Inequality,

(B (v (@) - 2(@)).8), Tigyeya] ) < mollel = 20) - Bal(Zy (@), 5)2)

Standard y2-concentration (see for e.g. [37, Example 2.11]) gives us po({||z| > v2d}) <
e /8, Combining this with the estimate in (F.17), we obtain,

(F.18) . swp  Ep [<($V(x) ~2(x)) gy < v 5> ] < geis,
S:H{x1}->R - ™
[IS]l-<1
Combining the estimates obtained in (F.16), (F.17) and (F.18) with the Bernstein Inequality
immediately gives the claim of the first claim of the lemma. In order to obtain the second
claim, we first define:

o(8) £ Eo |((Lv (@) = Z(@)) 1y cyma:S) |-

We have
; (v (@)= Z(@)) LpycymS) || <
— 4
na($)+ |13 (((v (@) = (@) Ly, jcymaS) —al9)
/=1 4

We can compute:

n 4

2 <<(‘$V(‘”€) - Z(x0)) 'I[Hm£||§\/775>w - a(5)>

/=1 4
=n-E (A (@)~ Z(@0) LjpcvmS)_— a(S))4
+3n(n—1) - Var® (<($V(a;) ~2(x)) Ly < 5 s>ﬂ) .
We recall that,

d

a(S) <oe e,

Var (<(.$V(a;) ~2(@) 1< yaz s>w) <o?
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and that,
E (v (@) - Z@) Ty ey S) ()’

< L2 Var (<(.$V(ac) ~2(@) 1< yaz s>ﬂ> < %52,

Hence,
s JE—
S (A = Z@) Ty <y S) | <neo-e i +VIo 0t +ovi
(=1 4
This concludes the proof of this lemma. O

F.4.3. Proof of Lemma F.7.

PrROOF OF LEMMA F.7. We have

2
Eo Y. H(X)9)| = Y ElA((X)s) A((X)s,)]

Recall that,
of d
Lv(Xs)=]] (({LV(%) - 1) :
jes \ GHO
We observe that, x;., are independent and,

dpy ]
Eg | —(x;) —1| =0.
O[duo( )

Hence if S1 # S2, Eo[Zv ((X)s,) - Zv((X)s,)] = 0. This gives us:

2
Eo > A X)s)

SC[n], |S|>2

= Y Rl (X)s).

SC[n]|S|>2

Recall the formula for the likelihood ratio for the Non-Gaussian Component Analysis prob-
lem (F.7), we obtain,

27\ |1
Eol%y ((X)s)”) = (Eo [( W 2) - 1) D L Z~N(01).

dpo

Since v satisfies the Bounded Signal Strength Assumption, we have

z (K2>\2)|5\

SCln] |S|>2

(o

(K*n)?)%.

2
Eo > A (X)s)

SCnl, |S|>2

IN

I
NE

s

NE

<

||
N

s

The assumption K ?n\? < 1/2 guarantees that the above sum is dominated by a Geometric
series, which immediately yields the claim of the lemma. O
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F.5. Omitted Proofs from Section F.3. This section contains the proofs of the various
analytic properties (Lemma F.3, Lemma F.4 and Lemma F.5) of the likelihood ratio for the
Non-Gaussian Component Analysis problem, which were stated in Appendix F.3.

F5.1. Proof of Lemma F.3.

PROOF OF LEMMA F.3. Using Definition F.1 and Fubini’s theorem, we obtain,

Eo[H¢(z1.3;9)%] =

//ﬁEO [Hti <<mi’/g1>>H“ (<w3§@)] -S(V1) - S(Va) m(dV4) m(dVa).

Fact 1.6 gives us,
ol (22 (25752

We define V = V| © V5, where © denotes entry-wise product of vectors and,

_ 1d
V:dizlw
Hence,
Eo[Hy(w1.x; S //v - S(VA)- S(Va) 7(dV3) m(dV3),

Since Vi, V; are independently sampled from the prior m and V' = V; © V5, it is straight-
forward to check that V4,V are independent, uniformly random {+1}¢ vectors and V; =
Vi ©® V. Hence,

F19)  Eo[Hy(zin:S //V S(V1) - S(V © Vi) n(dV}) w(dV').

Recall that, the collection of polynomials:

d
{V“‘:efl‘[vf re {0,1}d},

1=1

form an orthonormal basis for functions on the Boolean hypercube {41}¢ with respect to the
uniform distribution 7 = Unif ({:l:l}d). Hence, we can expand S in this basis:

SWV)= > SV, Srdéf/S(V)-v%(dV).
re{0,1}4
Substituting this in (F.19) gives us:
Eo[He(z1:n;8)* = > S5 //V VIS VER(dW) 7(dV).
r,s€{0,1}¢

Noting that, if 7 # s,

/V*l'r'-i—s m(dV1) =0,
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we obtain,
Eo[He(w1n: ) = 52/V V" r(dV).
re{0,1}4
With this formula, we can prove each claim of the lemma.

Whel’l S == 1 When S == 1, SO = 1 and ‘5",1. — 0 for any r # 0 Hence’
Eo[Hi(x1.n;9)?] = /Vt 7(dV).

When ¢ is odd, this is indeed zero due to symmetry. This proves item (1). For even ¢, we
recall that /dV is sub-Gaussian with variance proxy 1, and standard moment bounds on
sub-Gaussian random variables (see e.g. [33, Lemma 1.4])

E[Htaclj\h /Vﬂ'dv ) -d” 2

This proves item (2). The lower bound in item (3) is obtained by appealing to Fact 1.3 (due
to Kunisky, Wein and Bandeira [27]):

Eo[H¢(z1.5;59)?] = /Vt m(dV) > (t/e?)s - d 3.

General S with ||S]|» < 1:

Since ||S]|x < 1, we know that ) . 52 < 1. When (S, 1),. = 0, one additionally has So = 0.
Hence,

sup EolTfs(@ni ) < max [TV r@v)
S:||S||l.<1 re{0,1}¢

sup  Eo[H¢(z1.n; 5’)2] < max /Vt VT r(dV).
S:|S|l-<1 re{0,1}¢
(5,1)_=0 ll7ll:=1
The right hand sides of the above equations have been analyzed in Lemma I.1. Appealing to
this result immediately yield claim (5) and (6). ]
F5.2. Proof of Lemma FA4.
PROOF OF LEMMA F.4. Let ||t||; = t. Recall that in the proof of Lemma F.3, we showed:
sup Eo[H¢(x1.n;59)%] < max /Vt V' r(dV).
S:||S)-<1 re{0,1}7

Hence, using the triangle inequality and the fact that |V"| < 1 we obtain,

sup Eo[Ht . N, /‘V’t dV
S:|S)-<1

Let D (V') denote the number of positive coordinates of V. Let D_ (V') denote the number

of negative coordinates of V. We observe that,

\71:1—%-D+(V)AD_(V).
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Hence,
vr=(a D+<V>AD<V>)t
<exp (-2; D+(V)/\D_(V)>
< exp (—th D+(V)> —|—exp< 2 D(V))
Observing that,

/eXP <_2dt-D(V)> W(dv):/exp <_2dt 'D+(V)> (dV) = <H€22t/d>d
= <1_(1—€2_2t/d)>d

< exp <_(1—62”d>.d>.

Hence,

IT 1 — e—2t/d
sup  Eo[H¢(z1.n535)%] < 2exp <_(€) .d> 7
s:lsll-<1 5

as claimed. O
F.5.3. Proof of Lemma F.5.

PROOF OF LEMMA F.5. Note that the result for ¢ = 2 follows from the discussion pre-
ceding this lemma. Hence we focus on proving the inequality when ¢ > 2. Recalling Defini-
tion F.1, we have

Hi(x1.n; S ‘Lf/(HHt (

Observe that for any fixed V' and any i € [N],

can be written as a homogeneous polynomial in x; (see Fact [.5) with degree ¢;. Since,

(i S) —/(HH (= ))-S(V)

is a weighted linear combination of such polynomials, it must have a representation of the
form:

>> -S(V)n(dV)

Hi(zin;S) = Y Blern:S) - He, (1) - He,(w2) - Hey (),

ci.nENG
llei ||1=ti
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for some coefficients 5(c;1.v; S). While these coefficients can be computed, we will not need
their exact formula for our discussion. Hence,

> aHy(@in:S) =Y > ar-BlerniS) He, (1) - He,(w2) - Hey ()

teNyY teNY ¢;.nENE
llei H1=tz‘

By Gaussian Hypercontractivity (Fact 1.7),

2
N aH(@in:9)|| <Y af- Y (¢ plehtlelttlenlh . gie v 5)2

teN}Y teNY c1.nENG
q
lle:lli=t:
E It E
— (q ‘ ”1 . /B Cl N7
teNl c1.vENY
Hcileti
Observing that,

Eo[H¢(z1.n3;9)?] = Z B(ern)?,
c1.nyENG
lleill =t

yields the claim of the lemma. O

APPENDIX G: FURTHER RESULTS FOR NON-GAUSSIAN COMPONENT
ANALYSIS

This appendix provides some additional results for Non-Gaussian Component Analysis. It
is organized as follows:

1. Appendix G.1 describes a connection between the k-NGCA problem and the problem of
learning Gaussian mixture models.

2. Appendix G.2 describes a connection between the k-NGCA problem and the problem of
learning binary generalized linear models.

3. Appendix G.3 provides two constructions for the non-Gaussian distributions.

G.1. Connections to Learning Mixtures of Gaussians. In this section, we describe a
connection between the problem of learning mixtures of Gaussians and the k-NGCA prob-
lem. The following lemma provides a construction where v is a mixture of Gaussian distri-
butions. The £-NGCA problem with this particular non-Gaussian measure provides a hard
instance for the problem of learning a Gaussian mixture model.

LEMMA G.1. For each even k = 20 € N, there are two positive constants A\, > 0 and
K}, < oo (depending only on k) such that for any X € (0, N\ /2], there is a probability measure
v has the following properties:

1. v is a mixture of Gaussians on R with £ components with equal variances:

V_E pl wl7 9

for some probability weights p1,pa2,...,ps, mean parameters wi,ws,...,wp € R, and
variance parameter 0 < o2 < 1.
2. v satisfies the Moment Matching Assumption (Assumption 1) with parameter k.
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3. v satisfies the Bounded Signal Strenth Assumption (Assumption 2) with parameters

4. v satisfies the Locally Bounded Likelihood Ratio Assumption (Assumption 3) with param-
eters (\, K,k = k).

5. v satisfies the Minimum Signal Strength Assumption (Assumption 4) with parameters
(N E).

6. v is sub-Gaussian (Assumption 5) with variance proxy 9 = 1.

7. Furthermore we have \'/* | K}, < min;; |w; — wj| < max;; (w; — wj| < Ky, - A/E

The proof of this result is provided in Appendix G.3.1. This construction also appears in
the work of Diakonikolas, Kane and Stewart [14], who use it to prove computational lower
bounds for estimating Gaussian Mixture Models in the SQ model. We use the above con-
struction to relate k-NGCA to the problem of estimating Gaussian mixture models.

Mixtures of Gaussians and k-NGCA. Consider the problem of fitting a Gaussian mixture
model, where the mixture components have identical but unknown covariance matrices. For-
mally, one is given a dataset x1.y € R? generated i.i.d. from the Gaussian mixture model:

¢
(G.1) TN N> pi- N (1 3),
i=1
where the mean vectors 1.0 and the covariance matrix 3 are unknown. The goal is to esti-
mate the mean vectors pt1.4. Observe that when the dataset 1.y is generated by the k-NGCA
model with the non-Gaussian measure v from Lemma G.1 and non-Gaussian direction V',
then, recalling (F.5), we obtain

Wi
Vd

This is an instance of a Gaussian mixture model (G.1). The parameter A from the Bounded
Signal Strength Assumption (Lemma G.1), which determines the statistical difficulty of the
k-NGCA problem, can be reinterpreted as the minimum separation between the component
means:

(1—0%

V7Id_ d

0
iid.
T1:N ~ Di N(

VVT> .
i=1

AVE = min || — gyl
7]

This is a natural notion of the signal strength for the fitting Gaussian mixture models. The
parameter k from the Moment Matching Assumption (Lemma G.1), which determines the
computational difficulty of the k-NGCA problem, relates to the number of mixing compo-
nents in the Gaussian mixture model instance via the relation k£ = 2¢. In summary, the lower
bounds we prove for the k-NGCA problem automatically yield lower bounds for estimating
Gaussian mixture models.

G.2. Connections to Learning Binary Generalized Linear Models. In this section,
we describe a connection between the problem of learning binary Generalized Linear Models
(GLMs) and the k-NGCA problem. The following lemma provides a construction of a non-
Gaussian measure v designed such that the likelihood ratio of v with respect to the standard
Gaussian measure A (0, 1) is uniformly bounded. We will show that the k~-NGCA problem
with this particular non-Gaussian measure can be reduced to the problem of learning a binary
GLM with a particular link function.

LEMMA G.2. Forevery k € N, there is a positive constant \i, > 0 that depends only on k
such that, for any A € (0, \i|, there is a probability measure v with the following properties:
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. v satisfies the Moment Matching Assumption (Assumption 1) with parameter k.
. v has a bounded density with respect to g =N (0,1):

N =

In particular, v satisfies the Bounded Signal Strength Assumption (Assumption 2) with
parameters (A, K = 1/\y) and the Locally Bounded Ratio Assumption (Assumption 3)
with parameters (A, K =1/\,k =0).

3. v satisfies the Minimum Signal Strength Assumption (Assumption 4) with parameters
(N E).

4. v is sub-Gaussian (Assumption 5) with variance proxy ¥ < C for some universal constant
C.

5. When k is odd, v satisfies

> <§:o(x)+cijo(_$)> —1.

The proof of this result is provided in Appendix G.3.2. We use the above construction
to relate the k-NGCA problem to the problem of learning binary generalized linear models,
which we introduce below. The connection described below is also implicit in the work of
Diakonikolas et al. [15], which studies SQ lower bounds for agnostic learning of half-spaces.

Generalized linear models and k-NGCA. Consider the problem of fitting a binary general-
ized linear model (GLM) with Gaussian covariates. One observes a data set consisting of N
feature-response pairs {(f;,7;) : i € [N]} C RY x {0,1} sampled i.i.d. as follows:

(G.2) fi~N(0,1;), r;|fi~Bernoulli <p< Va )) .

In the above display, V' € R is the unknown parameter of interest with || V'|| = v/d, and
p:R—[0,1] is a known but arbitrary regression function. The goal is to estimate the vector
V.

The GLM learning problem is closely related to the £-NGCA problem, because for cer-
tain non-Gaussian measures v (including those coming from Lemma G.2 with k odd), it is
possible to transform a dataset a1.y sampled from the k-NGCA problem with non-Gaussian
direction V' into a dataset {(f;,7;) : 7 € [IN]} sampled from the GLM (G.2). Consequently,
estimators designed for learning GLMs can be used to solve the k-NGCA problem. Hence,
the lower bounds we prove for k-NGCA immediately yield lower bounds for the GLM learn-
ing problem.

We now describe the transformation that converts a dataset .y for the .-NGCA problem
to a dataset {(f;,7;) : ¢ € [IV]} for the GLM learning problem:

ii.d. 1
(G.3) r; % Bernoulli <2> ., fi=Q@2ri—1) x;.

We verify that (f;,r;) are samples from (G.2). First we observe that conditioned on r;, we
can compute the distribution of f;:

G4 filri=lr~py,  filri=0~puy,

where py is the measure from (F.5), and piy, is the measure defined as follows by its likeli-
hood ratio with respect to po = N (0, I,):

Py oy BV @dV<_ <="”V>)
duo dpo dpo vd )
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If the likelihood ratio of the non-Gaussian distribution v with respect to N (0, 1) satisfies
1 dv dv
(@5) -<x+x>:1,
>\ (@) + 5 m (—2)
then computing the marginal distribution of f; from (G.4) yields f; ~ N (0, I;). The require-
ment in (G.5) is satisfied, for instance, when v is the non-Gaussian measure constructed in

Lemma G.2 for odd k. Under this condition, an application of Bayes’ rule to (G.4) gives the
conditional distribution of r; | f;:

ri | fi Bernoulh(2 d,u0< Nz >>

This verifies the transformation in (G.3) produces an instance of the GLM learning problem
with the regression function

(G.6) p(§)

1 dv
=5 (O

2 dpo
Finally, we estimate the parameters A and k, which respectively determine the statistical and
computational difficulty of the k-NGCA problem in terms of the regression function p. Re-

call that when the non-Gaussian measure satisfies the Minimum Signal Strength Assumption
(Assumption 4) and the Bounded Signal Strength Assumption (Assumption 2), we have

dv dv (Z)-Hg(Z)] #0}, Z~N(0,1).

A2xvar< Z > , k:min{zeN:E [
dpo (2) dpo

Hence, (G.6) shows that the statistical difficulty of the GLM learning problem is determined
by

(G.7) M =< Var (p(2)),
where as the computational difficulty is determined by
(G.3) k=min{l eN:E|[p(Z)- - H/(Z)] #0}.

We note that Var (p(Z)) appears to be a natural notion of signal strength for the GLM learn-
ing problem, since if Var (p(Z)) = 0, we have p(§) = 1/2 almost everywhere. This means
that the feature and response are independent and carry no information about the parameter
V. An analog of (G.8) (for the case when k = 2) appears in the work of Mondelli and Mon-
tanari [29, Theorem 2], who show that if E[p(Z)H2(Z)] = 0, then a broad class of spectral
estimators fail to have a non-trivial performance in the regime /N < d and A < 1. Furthermore,
the hard instance constructed in the work of Diakonikolas et al. [15, Proposition 2.1] to prove
SQ lower bounds for agnostic learning of half-spaces has the property that the parameter k
(as defined in (G.8)) is large.

G.3. Constructions of Non-Gaussian Distributions. In this section we provide the
proofs for Lemma G.1 and Lemma G.2.

G.3.1. Proof of Lemma G.I. The proof of Lemma G.1 relies on the following fact.

FACT G.1 (38, Section 2.7). Let k = 2/ be even. There is a discrete random variable W
with support size ¢ such that

EH;(W)=0 V1<i<k-—1,

and, EHy (W) = —¢!//k!. Furthermore, W is a bounded random variable |W| < v/2k + 2
and is sub-Gaussian with variance proxy 1.
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With this fact, we can now provide a proof for Lemma G.1.

PROOF OF LEMMA G.1. Let W be any bounded random variable from Fact G.1 with the
property that EH;(W) =0 forany 1 <i <k — 1 and EH,(W) #0. Let Z ~ N (0,1) be
independent of W. Define:

k= [EZ"Hy(Z)| - [EHR(W)] > 0.
For any A < Ag, we claim that the law v of the random variable W, defined by

€] €] >\ ;
Wy Zr(\)-W+1-72()\) - Z, 7()\)“< )

Ak

is a non-Gaussian measure with the desired properties.
We begin by computing EH;()). Recall the generating function for the Hermite Poly-
nomials: for any z,w € R, we have

oo
prw— Z il
= f
In particular:
1 dt 22
(G.9) Hi(w)=—=—¢€"""= .
\/H da? =0
Hence,
1 dt o2
EH;(W)) = —=—Re">~%
f d x=0
- idiEemWch/wZ—%
\ﬁ (L‘ x=0
_ LA et
\/H dwt x=0
1 dpd dt LTIW— 2242 '
\/> dl‘t =0

Applying the differential identity in (G.9) after making the change of variables z = vz, we
obtain,

1 d 222
—E— W= =~ () - EH (W).
\F dz £ =0

Recalling the properties of W stated in Fact G.1, we obtain,

EH (W)y) =

0 ift <k—1,;
(G.10) EH,(W)) = A\ T
SVl EH,(W) ift=k.
Furthermore, Bonan and Clark [9, Theorem 1] have shown:
C = sup sup {|Ht(w)] : 6_%} < 00.
Consequently, we have

G11) EH, (W) < Ce™ 2= (;)
k

Using (G.10) and (G.11), we can now establish the desired properties of v:
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1. By (G.10), we see that EH,(Z) = EH;(W)) for any ¢t < k — 1. This immediately yields
EZ' = EW} for any ¢ < k — 1. Hence, v satisfies the Moment Matching Assumption with
parameter k.

2. We expand the likelihood ratio in the Hermite basis:

o0

dy dv
tho(Z) = tz:; <EHt(Z) : d,uo(Z)> Hy(2)

t=0

t=k

In the above display, in the last step, we used the fact that EH;(WW)) =0 forany 1 <t <
k — 1. To verify that the second moment of the likelihood ratio is bounded, we note that,

dv 2 X

E(—(Z2)—-1) =Y |EH,(W))>

(G 1) =)

Using the estimates in (G.10) and (G.11) and the assumption A/ A\ < 1/2, we obtain,
dv 2 02. WL 22/k

G.12 E(—(2)-1) < : A2,

( ) <d,u()( ) ) = )\% 22/k _ 1

This verifies the Bounded Signal Strength Assumption.
3. In order to verify that the likelihood ratio is locally bounded, we begin with the estimate:
dv > Wiz o= [ A x
tho(Z)_l SZ\EHt(W/\)|'|Ht(Z)’§C€ 2 Z W | Hi(2)].
=k t=k

Fact 1.2 shows that | Hy(z)| < (1 + |z|)!. Hence,

g(z)—l SC’e%Z A k-(l—l—]z])t.
A

dpuo

Under the assumption:
A 1
G.13 = .1 k< =
(G.13) " A+]z])" =3,
we obtain,
w2

dv Ce = o1/k
G.14 —1< : ‘A (1 k.
(G.14) @ -1 < E e a a D)

Inspecting (G.13) and (G.14), we obtain that the Locally Bounded Likelihood Ratio As-
sumption holds with

w2y

Ce = 21/k
e 2k 7

4. Recall that the monomial w” can be written as a linear combination of { H;(w)}s<:

k=k, K=

k
wb =Y "aH(w), a=EZ'H/(2).
t=0
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Hence,

\ [EZ8H(2)] - [EH (W),
Ak

This verifies the Minimum Signal Strength Assumption (Assumption 4).

5. Observe that Ee'"» = E[et"MW] . e*(1-7*(V/2_ Since W is 1 sub-Gaussian, Ee!"» <
et’/ 2 which verifies that v is 1 sub-Gaussian.

IEZ* — EWY| = |ap - EHp(Wy)| = =\

This concludes the proof of this lemma. O
G.3.2. Proof of Lemma G.2.

PROOF OF LEMMA G.2. Consider the vector space of polynomials on R. On this vector
space, define the inner product:

%WAgéﬂ@ﬂ@N@Mmﬂ

where the weight function A(z) is defined as:

Alz) = 1 if|z| <1,
o iffzf>1.°

Let (H Z-A)ieNO denote the orthonormal polynomials obtained by the Gram-Schmidt orthog-
onalization of the ordered linearly independent collection (z');en,. In particular, for all

i,J € No,

b <HZA,HJA> 2(51']',
A .
. Span({l,x,...,a:’}):Span({HOA,HlA,...,HiA}),
* The degree of H” is exactly 1.
Define

| (2" Hi?) A |
H2  Alloo Esup |HY (2)A(z)], A= K/1AL
Since polynomials are uniformly bounded on compact sets, we have ||HS - Alloo =
SUp|g<1 | H, A(x)| < oo. Furthemore, we observe that A, # 0 (otherwise z* lies in the span
of H(]A:k,l, which is not possible since z* has degree k). With these definitions, we are ready
to construct the measure v as follows:
d o AN HP(z)-A
(G.15) () 2R 2 (f) ()
Ae ([ H - Alloo

dpo
We first check that the above v is a valid probability measure. The density defined above is
non-negative for any 0 < A < ). Furthermore,

/dy A HR YN A VDA HEH )N W

dTm(l")

=14+ —"- =
Mo HR Al Ak IH2 - Allo

In the step marked (a), we used the orthogonality property <H A,HOA> A =0 forany k €
N. Hence v defines a valid probability measure. Next, we verify each of the claims in the
statement of the lemma.
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1. For any ¢ < k — 1, since 2" lies in the span of HlA:k_l, we have <xi, HkA>A = (0. Conse-
quently,

/xiu(dx) = /:t:Z : ﬂ(x) - po(dz) =EZ° + A (" A>A =EZ'.
dro N THS A

2. This claim is immediate from the formula in (G.15).
3. Following the same steps as in the proof of item (1), we obtain

k HA
'/a:ydx —EZF| = A 7|<I >A|
4. Observe that

N R Al
i i dv i
[ 1alt vida) = [lal' £ @) poldo) < 28|21, 2 ~ A (0,1).
0

Hence, v is sub-Gaussian with variance proxy ¥ < C for some universal constant C'.
5. An inductive argument shows that H# is an odd function for odd 7 and an even function
for even 7. Hence when £ is odd, (G.15) gives:

=\

dv dv
—(z) + —(—x) =1,
dpo dpo (=2)
as claimed.
This concludes the proof of this lemma. 0

APPENDIX H: CANONICAL CORRELATION ANALYSIS

This appendix presents introduces the order-k Canonical Correlation Analysis (k-CCA)
problem and presents a computational lower bound for this problem. The appendix is orga-
nized as follows:

1. Appendix H.1 formally defines the k-CCA problem inference problem. The computational-
statistical gap in k-CCA is discussed in Appendix H.2

2. A formal statement of the k-CCA computational lower bound appears in Appendix H.3.

3. Appendix H.4 formalizes a connection between k-CCA and the well-studied problem
problem of learning parities with noise. This allows us to obtain a computational lower
bound for learning parities with noise.

4. The proof of the k-CCA computational lower bound is provided in Appendix H.5. The
proof relies on an information bound for the distributed k-CCA problem, which is proved
in Appendix H.6.

H.1. Problem Formulation. In the order-£ Canonical Correlation Analysis (k-CCA)
problem, one observes a dataset of N i.i.d. samples 1.y, in which each x; € R*? consists
of k “views” (or “modes”):

€T = (m’i(l))mi@)v ce 7mi(k))T'

The correlation structure between the different views is such that

A
(H.1) E :Bi(l) ®mi(2) ®"‘®$i(k) - v,
N

where V' € ®k R9 is the rank-1 cross-moment tensor:

V=Vd-v1008 - Quy,
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for some unit vectors vy, vy, ..., vy € R% Note that |V = Vd*. The parameter A > 0 is the
signal-to-noise ratio parameter. The goal is to estimate the cross-moment tensor V.

Note that we have not explicitly specified the probability measure py of x;, as the goal
of estimating correlation structure is often considered in a non-parametric setting. However,
our lower bounds will consider a particular measure v specified by its likelihood ratio with
respect to g =N (0, Iig):

We...0z® v
(H.2a) d'uv(a:)dzﬁl—l—)\-sign<<w goer, >),

duo Ak Vdk
where
et [ 2 B k
(H.2b) Akd:f<> =(E|Z))>, Z~N(0,1).
T

This is a valid probability distribution that satisfies (H.1) as long as 0 < A < \.
Finally, our computational lower bound for k-CCA will hold even under further restric-
tions on V', namely

(H.3) V=vd.e, ey, Qe

for some {i1,i2,...,ix} C [d], where e, es, . .., eq are the standard basis vectors in RY. This
restriction is relevant to the connection between k-CCA and the parity learning problem.

H.2. Statistical-Computational Gap in k-CCA. The k-CCA problem exhibits the
same computational gap as the other inference problems studied in this paper. Depending
upon the effective sample size N A2, the k-CCA problem exhibits the following three phases:

Impossible phase. When the effective sample size N \? < d, there is no consistent estimator
for V. This follows from standard lower bounds based on Fano’s Inequality.!

Conjectured hard phase. In the regime d < NA? < d*/2, there is a consistent, but compu-
tationally inefficient estimator for the cross-moment tensor V'; see [16, Theorem 7, Ap-
pendix G.1] for details. We believe that no polynomial-time estimator can recover V' in
this phase. In the arXiv version of this paper [16, Proposition 10, Appendix G.2], we give
evidence for this conjecture using the low-degree likelihood ratio framework.

Easy phase. In the regime NA? > d¥/?, there are polynomial-time estimators for the k-CCA
problem. The correlation structure in (H.1) suggests that V' can be estimated by the rank-1
approximation to the empirical cross-moment tensor:

N
. 1) o (2 (k)
T—N;a}i Kz, -z, .

However, computing a rank-1 approximation to an order-% tensor is non-trivial for & > 3.
For even k = 2/, we can reshape T to a d> x d> matrix Mat(T"), as was done for k-
ATPCA, where the matricization operation Mat(-) was defined as follows:

(H.4) Mat(T')( ) ST i iviis oo G120 € [d], 10 € [d].

Zl’ZQ"“»7’1’.);(.71?.727.]37"'7.71’.

I'This follows from similar arguments as those used to prove the corresponding result for k-NGCA in arXiv
version of this paper [16, Proposition 7, Appendix F.2].
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To estimate V', we first estimate Mat(V') by computing the best rank-1 approximation to
Mat(T') using SVD:

(H.5a) (UD, UMY E arg max <U(L), Mat(T") - U(R)> .
U =1
U ]=1

We then construct an estimate V of V' by reshaping UL U into a tensor:

(H.5b) VEMat 1 (UD @ U).

Under an additional concentration assumption, we analyze this spectral estimator in the
longer arXiv version of this paper [16, Theorem 8, Appendix G.3] and show that when
N2> d*/2) V is a consistent estimator for V.

H.3. Computational Lower Bound for k-CCA. The following is our computational
lower bound for k-CCA.

THEOREM H.1. Consider the k-CCA problem for k > 2 with signal-to-noise ratio \*> <
d=7 (as d — o0) for any constant v > 3k /2. Let Ve ®k R? denote any estimator for this
k-CCA problem that can be computed using a memory bounded estimation algorithm with
resource profile (N, T, s) scaling with d as

NN =d" Tx=d, sx<d*
for any constantsn > 1, 7> 0, u > 0. If
n+74+p <k,
then, for any t € R,

. . NV VY2 2 1
limsup inf P —— > — | < .
doso VeV <||V||2|V|2 dr | =P

These results hold even when V' and py are promised to satisfy (H.3) and (H.2).

Theorem H.1 shows that if the signal-to-noise ratio A is sufficiently small, then memory
bounded estimation algorithms using too few total resources (as measured by the product
N2 .T - s) perform no better than a random guess. Given the close relationship between k-
CCA and k-ATPCA (analogous to that between k-NGCA and k-TPCA), it is not surprising
that Theorem H.1 and Theorem 2 are quantitatively similiar (modulo the condition on the
signal-to-noise ratio). So, most of the implications discussed in Section 6.4 regarding k-
ATPCA continue to hold for £-CCA.

H.4. Connections to Learning Parities. Learning parity functions from labeled exam-
ples is a well-studied problem in computational learning theory with numerous connections
to cryptography and coding theory [4, 7, 8, 6, 28, 17, 36, 26, 24, 32, 19, 18]. In our gen-
eralization of this problem, one observes a data set consisting of N feature-response pairs
{(fi,r:): i € [N]} CRP x {0,1} sampled i.i.d. as follows:

1 A £
(H.6) fi~N(0,Ip), ;| fi~ Bernoulli >t35 'ESlgn(@jafi))
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In the above display, v1,vs, . ..,v;, € RP are unknown parameters with ||v;]| = 1, and A €

[0, 1] controls the signal-to-noise ratio of the problem. The goal is to estimate the parameter
V:

V:\/Dk"01®’l]2®"'®’vk.

Depending on the assumptions made on k£ and vy., one obtains the following different vari-
ants of the original parity learning problem:

1. If vy =e;,,v2 =e€,,,...,v = e;, for some unknown subset {i1,is,...,ix} C [D], then
this is the problem of learning k-sparse parities with noise (k-LPN). Here, e1,es,...,€ep
are the standard basis vectors in R, and we typically consider & = 1.

2. The generalization of k-LPN where k € [D] is arbitrary (possibly growing with D, and
also possibly unknown) is called the problem of learning (non-sparse) parities with noise
(LPN).

3. If v, v9,...,v; is an unknown collection of mutually orthogonal unit vectors, then this is
the problem of learning k-sparse parities with noise in an unknown basis.

The computational lower bounds for k-CCA derived in this paper have interesting implica-
tions for each of the three variants of the parity problem introduced above. This is because it
is possible the hard instance of k-CCA used to prove the computational lower bounds in this
paper can be transformed into an instance of k-LPN (for odd k). Since £-LPN is the simplest
of the three variants of the parity learning problem introduced above, an estimator for any of
the three variants can be used to solve a k-LPN instance. This means that the lower bounds
for k-CCA derived in this paper immediately yield computational lower bounds for each of
the variants of parity learning problem mentioned above. To make this connection precise,
we give a reduction from the hard instance of k-CCA studied in this paper to k-LPN.

Reduction to k-LPN. In the hard instances of k-CCA considered in Theorem H.1, the
cross-moment tensor has the form V = \/dik'vl ® v2 ® -+ ® vy where v; = e;; for some
i1,12,...,i) € [d], as per (H.3). The dataset 1. € R*® is sampled i.i.d. from the probability
distribution v defined via the likliehood ratio in (H.2)

We transform a k-CCA dataset ;. into the k-LPN dataset {(f;,r;) : 4 € [N]} € R* x
{0,1} as follows:

id . 1
5 S Bernoulli <2> . fi=2ri—1)z;.

Since this specifies the joint distribution of (r;, f;), one can compute the marginal distribution
of f; and the conditional distribution of r; given f; using this information. When k is odd

and ifmlzN i}i\'g' Hny forV = \/dk - e, ® e, ® e, : il:k: c [d], we find that
1 A L
fi~N(0,Iq), 7i|fi ~Bernoulli 3 + N .jl;[lsign(@j’fj» ’
where

v;=(0,0,...,0,e;,0,0,...,0 | ¥j e [K].

7 — 1 times k — j times

This verifies that {(f;,7;) : i € [N]} € R*¥ x {0, 1} is an instance of the k-LPN in dimension
D = kd with signal-to-noise ratio A = \/\.
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Implications for Learning (Non-Sparse) Parities with Noise. To discuss the implications of
the computational lower bound in Theorem H.1, we focus on the problem of learning non-
sparse parities. Recall that in this problem, one is given a data set consisting of N feature-
response pairs {(fi, ;) : i € [N]} C RP x {0,1} sampled i.i.d. as follows:

H.7) fi~N(0,Ip), r;~Bernoulli 1 + % . H sign(fi;) |,

2 jes
where S C [D] is the unknown parameter of interest. While this problem can be solved effi-
ciently with N = D samples using Gaussian elimination when A = 1 (the noiseless setting),
this problem is believed to exhibit a large computational gap when A < 1 (the noisy set-
ting). The MLE for this problem consistently estimates S with a sample size N > D/A?,
but requires an exhaustive search over all 2P possible subsets of [D]. No estimator with a
poly(D,1/A) sample complexity and poly(D,1/A) run-time is currently known. Some no-
table algorithms? that improve over the run-time of exhaustive search include the following.

1. An algorithm due to Blum, Kalai and Wasserman [6] that solves LPN with N =
20(D/10g(D)) samples and run-time in the regime A > 2-9(2°) for any § < 1.3

2. An algorithm due to Lyubashevsky [28] that solves LPN using N < D'*€ and run-time
20(D/loglog(D)) ip the regime A > 9-0(log’ (D)) for any € >0 and § < 1.

3. An algorithm due to Valiant [36] that solves k-LPN using N < DU+e)2k/3 /A%t and run-
time O((D(F9k/3 /A%+€)) for any € > 0, where w < 2.372 is the matrix multiplication
exponent. Note that the exponent on D in the run-time is less than 0.8%.

The SQ framework has been used to provide evidence for the hardness of learning parities
in the work of Kearns [23] and Blum et al. [8]. The latter work shows that any SQ algo-
rithm which learns noisy parities with a sample size N < 2°/3 must make at least 2°/3 /2
queries. Using the reduction between k-CCA and k-LPN outlined previously, we can obtain
the following corollary for learning (non-sparse) parities.

COROLLARY H.1. Consider the problem of learning non-sparse parities in dimension
D with signal-to-noise ratio N> < D™ (as D — o). Let S be any estimator of S computed
using a memory bounded estimation algorithm with resource profile (N, T, s) scaling with D
as

DH
NA’<D" Tx=D", s=<-—
Aa
for any constantsn>1, 7 >0, p >0, a <4/3. If
2 2
s m+r+p+2)
4/3 — «

then

lim inf Pg(S=S)=0.
Dgnoo slcn[D] o ( S)

2These works in fact study the Boolean version of the (non-sparse) parity problem where the features are drawn
from Unif ({:I:l}D ) However, the Gaussian and Boolean parity problems are statistically and computationally
equivalent. Given a sample (f,y) from the Gaussian parity problem, (sign(f),y) is a sample from the Boolean
parity problem where sign(-) acts entry-wise on f. Likewise, given a sample (b,y) from the Boolean parity
problem, (b ® |g|,y) is a sample from the Gaussian parity problem where g ~ N (0,Ip) and |g| is the entry-
wise absolute value of g and b ® |g| is the entry-wise product of b and |g|.

3Though Blum, Kalai and Wasserman only state their result in the regime A < 1, their algorithm works in the

s
regime A > 9=0(D%) for any ¢ < 1, as stated in Lyubashevsky [28, Propsition 4].
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Informally, the above corollary shows that for any « < 4/3, there is no memory-bounded
estimation algorithm which solves the parity problem with an effective sample size NA? =
poly (D), amemory state of size s = poly(D)/A“ after making 7" = poly (D) passes through
the data set, provided the signal-to-noise ratio A is sufficiently small.

PROOF OF COROLLARY H.1. Let k € N be a parameter to be determined. Consider an
arbitrary memory bounded estimation algorithm for LPN with signal-to-noise ratio A which
has a resource profile (N, T, s) where,

DH
A2=<D 7" NA’<D" T=D7, s —,

Aa
for arbitrary constants n > 1, 7 > 0, u > 0, < 4/3. As a consequence of the reduction from
k-CCA to k-LPN, we obtain using Theorem H.1 that, if we choose k odd such that

2
(H.8) ke<n+7+u+0‘;,g>,
then
lim inf Pg (s - S) —0.
D—00SC[D]
|S|=k

Under the assumptions on 7, « stated in the corollary, the interval in (H.8) is non-empty and
has a width > 2. Hence, one can indeed find an odd k& € N which satisfies (H.8). Hence, the
claim of the corollary follows. O

H.4.1. Comparison to Prior Works. A recent line of work initiated by Steinhardt, Valiant
and Wager [34] and Raz [32] has obtained memory vs. sample-size lower bounds for single-
pass memory-bounded estimation algorithms for learning parities:

1. Raz [32] showed that 1-pass (1" = 1) memory-bounded estimation algorithms for learning
noiseless (A = 1) parities require either a memory state of size s > D? or an exponential
sample size N > 28UD), proving a conjecture of Steinhardt, Valiant and Wager [34].

2. Garg et al. [19] studied the problem of learning noisy parities (i.e., A € (0,1)) using the
techniques of Raz and showed that 1-pass (1" = 1) memory-bounded estimation algo-
rithms for learning noisy parities require either a memory state of size s > D?/A or an
exponential sample size N > 24D),

3. Garg et al. conjectured that 1-pass (1" = 1) memory-bounded estimation algorithms for
learning noisy parities require either a memory state of size s > D?/A? or an exponential
sample size N > 2D)_ The information-theoretic sample complexity of learning noisy
parities scales as NV < D/A2. Hence, an interpretation of this conjecture is that any esti-
mation algorithm which learns noisy parities with N = poly(D) sample complexity must
have the capacity to memorize a dataset of size N =< D/A? (the information-theoretic
sample complexity).

In comparison to the results discussed above, a key weakness of the lower bound in Corol-
lary H.1 is that it requires the signal-to-noise ratio A to decay as a sufficiently large power of
D. In contrast the results of Raz and Garg et al. can allow any A € (0, 1]. This is a limitation
of the proof approach which relies on the connection between estimation with limited mem-
ory and estimation with limited communication in a distributed setting (recall Fact 1). The
techniques used by Raz and Garg et al. are very different and do not rely on this connection.
On the other hand, an advantage of the lower bounds obtained using communication com-
plexity is that they apply to multi-pass estimation algorithms whereas it seems challenging
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to extend the approach of Raz to the multi-pass setting. The work of Garg, Raz and Tal [18]
is the current state-of-the-art result in this direction and shows that 2-pass (7' = 2) memory
bounded estimation algorithms for noiseless parity (A = 1) require a memory state of size

s > D3/2 or a sample size of N > 2UVD)

H.5. Proof of Computational Lower Bound (Theorem H.1). As with the other main
theorems of this paper, we prove Theorem H.1 by transferring a communication lower bound
for distributed estimation protocols for k-CCA to memory bounded estimators for the same
problem using the reduction in Fact 1.

In the (Bayesian) distributed setup for k-CCA, the cross-moment tensor V' is drawn from
the prior

(H.9) < Unif ({\/cﬁ- i @i, @ eyt i1yine.. iy [d]}) .

Here, e; denotes the i-th standard basis vector in R soV ~7isa uniformly random 1-
sparse tensor. Then, .y are sampled i.i.d. from the distribution py, specified in (H.2) and
then distributed across m = N/n € N machines with n samples/machine; n will be suit-
ably chosen to yield Theorem H.1. The execution of a distributed estimation protocol with
parameters (m,n, b) results in a transcript Y € {0, 1}™" written on the blackboard.

The following corollary is proved in exactly the same way as Corollary E.1.

COROLLARY H.2 (Fano’s Inequality for k-CCA). For any estimator V (Y') for k-CCA
computed by a distributed estimation protocol, and for any t € R, we have

. AL
fPyv| =275 254 (V3 Y).
vey V(vauvu?—d’f St VI (V)

The main technical result is the following information bound for k-CCA.

PROPOSITION H.1. Consider the k-CCA problem with vy as defined in (H.2). Let Y €
{0, 1}mb be the transcript generated by a distributed estimation protocol for this k-CCA
problem with parameters (m,n,b). There is a finite constant Cy, depending only on k, such
that if

k 1
n>Cy-b-d2 and n/\2§—,
Ck
then

b-m-n-\2
L (V;Y) < O <w+m~n2-)\4>.

Proposition H.1 is proved in Appendix H.6. We can now complete the proof of Theo-
rem H.1.

PROOF OF THEOREM H.1. Appealing to the reduction in Fact 1, we note that any
memory-bounded estimator V with resource profile (IV,T,s) can be implemented using
a distributed estimation protocol with parameters (N/n,n,sT’) for any n € N such that
m := N/n € N. As assumed in Theorem H.1, we consider the situation when:

3k
(H.10) 77+T+u<k:,v>7.
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We set n = d¢ with

ef k ]- :IC
(H.11) §2¢+u+§+§w—aﬁw+wﬁ>r+u+5

>0

With this choice, we verify that the information bound in Proposition H.1 shows that
Ihel (V;Y) — 0. This will yield the claim of the theorem. We begin by observing

(k—n—7—p)

3k k
HI12) v> ——=-+n+7+p+(k—n—7—p)=n+&+ 5

2 2
Next, we verify the conditions required for Proposition H.1:

>n+&.

1. Since > 7 4 pu + k/2 (cf. (H.11)) we have n.>> b - d*/? as required.
2. Since v > 1 + & > £ (cf. (H.12)) we have nA\? < 1 as required.

Now, from the information bound of Proposition H.1,
b-m-n-\2

Ihe (V3Y) < Cg - ( T

+m-n2‘)\4>.

= - <b CNAZ-d7F 4 (n)2) - (NA2)) .
We now check that this bound on I (V';Y) vanishes as d — oo:

1. The assumption 1 + 7 + p < k (cf. (H.10)) guarantees b - N2 - dF 0.
2. Since v > 1+ &, we have (NA?) - (nA2?) — 0.

This concludes the proof. 0

REMARK H.1 (Connection with Correlation Detection). Observe that due to the choice
of the prior in (H.9), the instance of k-CCA used to obtain the communication lower bound
is an instance of the correlation detection problem. In this problem, the goal is to find a
k-tuple of coordinates (i1,is,...,i) C [d]* in the k vectors (1), 23 ... x(*)) such that
xz(ll),ar,gf)7 . ,ng) are k-wise correlated using N i.i.d. realizations of (), 2, ... z®).
Communication lower bounds for this problem in the blackboard model (cf. Definition 2)
were obtained in prior work by Dagan and Shamir [13]. This result is sufficient to obtain
Theorem H.1. In this paper, we present another proof of this result using the information
bound in Proposition 1, which is used to derive all communication lower bounds presented
in this paper.

H.6. Proof of Information Bound (Proposition H.1). We now present the proof of
Proposition H.1, the information bound for the distributed k-CCA problem. Recall that in the
distributed £-CCA problem:

1. The unknown rank-1 cross moment tensor V = vV dF - v; @ v ® - - - ® vy, (the parameter
of interest) is drawn from the prior 7:

VNWd:ernif ({\/CTk-eil ®e;, Qe i1 € [d]}) .

2. A dataset consisting of N = mn samples is drawn i.i.d. from py, where py is
the distribution of a single sample from the k-CCA problem. Recall that for x =
(M, 2@ . x®)) e RF and V = VdF - v; @ v3 @ -+ @ vy, py was defined using
its likelihood ratio with respect to the Gaussian measure 119 = N (0, Ixq):

(H.13a)
(3;;;0/(:1:) 1+ )i\k -sign (<m(1),’01>> -sign (<m(2),vz>) -+ -sign <<$(k)"”k>) )
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where,

(H.13b) )\kdéf(i>2:(E\Z\)5, Z~N(0,1).
3. This dataset is divided among m machines with n samples per machine. We denote the
dataset in one machine by X; € R4 where,
Xi= [z xi2 ... Tin
with T;j v ny .

4. The execution of a distributed estimation protocol with parameters (m,n,b) results in a
transcript Y € {0, 1} written on the blackboard.

The information bound stated in Proposition H.1 is obtained using the general information
bound given in Proposition 1 with the following choices:

Choice of jio and Ti: We set pig = 7i = N (0, Itg). That is, under uo = 7, @;; ~ N (0, I;)
for any i € [m], j € [n].

Choice of Z: We choose the event Z as the unrestricted sample space Z = R¥¥¥"_ Since
1o = I, this choice of Z satisfies the requirements of Proposition 1.

With these choices, appealing to the information bound provided in Proposition 1, we obtain:

d 2
[ (5] (S0 - 1) v X)) w(dV)] .
Ho
Hence, we need to analyze:

/(Eo [(?{;‘;(Xi) - 1) ‘Ya(Xj)#i: )277((1‘/)] ,

For any X € RF*" X =[xy x5 --- x,], S C [n], we introduce the notation,

Lv(Xs)=]] (duv(fﬂz‘) - 1) :

ics \ dio

m

Ihel (V,Y)
H.14 —_— < E
( ) % < ;1 0

Eo

In the special case when S = {i}, we will use the simplified notation £y (x;). We consider
the following decomposition: For any X € RF¥*" X = [z x5 --- x,,),

W(X)—1—f[<1+(if"(mg)—1)—1

dpo P 1o

=> @)+ Y, LX),
=1

5cnl, |5]=2

Additive Term Non Additive Term
With this decomposition, using the elementary inequality (a + b)? < 2a® + 2b%, we obtain,

[ (B (2 x-1) \Y,<Xj>#i])27r<dv>] <2.()+2- (M),

(H.15) E
’ dpo
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where,

=N /(Eg

> Ly (i)

=1

2
Y, (Xj)#z‘] ) m(dV)],

r 2

EE, / Eo Y A(X)) Y (X)jzi| | w(dV)
sclnl, 1S1>2

In order to control the term (1), we apply Jensen’s Inequality:

IIS/IEO

The following lemma analyzes the above upper bound on (I1).

2
m(dV).

> HA((X)s)

5c[n], |5]>2

LEMMA H.1. Let X = @) @3 ... x,] where z; ' N (0, Ijq). Suppose that n\*/\3 <

1/2. Then,
2 2\ 2
A
]EO <2 <n2) )
)\k

Y A(X)s)

5cinl, 15|12

where A\, is as defined in (H.13).

PrROOF OF LEMMA H.1. We have

2

Eo Y. H((X)9)| = Y ElA(X)s) A((X)s,)]

Recall that,
. d
Lv(Xs) d:fH (dﬂv(wz) - 1> :
jes \ GHO
We observe that, x;., are independent and,

dpv ]
Eo | —(x;)—1| =0.
O{d/ﬁo( )

Hence if S1 # Sa, Eo[Zv ((X)s,) - Lv((X)s,)] = 0. This gives us:

2
Eo

S A(X)s)

5cin], |5]>2

= Y ELA(X)s).

SCln][5|=2

iy NE]
E [(duo(x)_l> ]) , x~N(0,1),

We can compute:

Eo[Zv ((X)s)]

I
7N
()
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In step (a), we recalled the formula for the likelihood ratio from (H.13). Hence, we have

1= = (&)

Scn]|S|>2 Nk

(0 G)

S

£y

s=2

Eo Y. H((X)s)

Scin], 5|22

IN

IN

The assumption nA?/ )\i < 1/2 guarantees that the above sum is dominated by a Geometric
series, which immediately yields the claim of the lemma. O

In order to control the term (1), we recall that when V' ~ 7, we have
V=Vd-ej @ej, - Dej, jix ~ Unif ([d]) .

Consequently, for any = = (), 2®) ... z*)) c Rk
A
Py (w) = £ sign(a)) sign(ag?) - sign(ay)
For each machine ¢ € [m] we can define n i.i.d. tensors Tj1, Tja, . .., Tjy, as:

2 : k
Ty, = sign(zly)) @ sign(z(})) - @ sign(a)),
where the sign(-) operation is understood to act entry-wise on a vector v € R? to produce
another vector sign(v) € {#1}%. With this notation in place, we observe that we can rewrite

(1) as:

2
A2
(I):Yzik 0 E0 ZT'M j;éz] 5
Linearizing || - || we obtain (c.f. Lemma 1):

Eo

ZTw

n
]#'L = sup ]EO <TM,S> ‘Y, (XJ)]7£'L .
Se®" R =1
ISl<1

We will apply the Geometric Inequality framework (Proposition 2) to control the above con-
ditional expectation. In order to do so, we need to understand the concentration behavior of
the random variable:

n

> (T, S).

(=1

This is the subject of the following lemma.

LEMMA H.2. LetT,T,...,T, beii.d. random tensors distributed as:

T =sign(z™M) @ sign(x?) - -- @ sign(z®)),
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where x = (a:(l)’x(?)...,:c(k)) ~ N (0,11.4). Then, we have, for any S € ®de with
|S|| <1 andany ¢ € R with |¢| < d’§/2,

log Eg exp (Cz (Ty, S)) <nc2

(=1

Furthermore,

(T, S)|| < V3kn.

(=1

4

where,

(Tv, S)
(=1

1 n 4
ZEo (Z <TZ,S>>

4 /=1

PROOF. The first claim follows from Bernstein’s Inequality (Fact F.1) by observing that
(T;,8) < ||T;||||S|| = V/d* and that Eq (T}, S) = 0, Eq (T}, S)* = 1. In order to obtain the
moment bound, we observe that:

n

> (T3, 8),

(=1

is a polynomial of degree k in the kdn i.i.d. Unif ({£1}) random variables (z,(/)); where
j € [k], £ € [n], i € [d]. Hence by Boolean Hypercontractivity (see for e.g. O’Donnell [31,
Theorem 9.21]) we have

n

Z<T€75>

(=1

2 n 2
<3k . Ry (Z (Tg,S>) = 3*n.

4 (=1

We can now use Geometric Inequalities (Proposition 2) to control:

n
> Ty = sup R
Sc@* R4

/=1
Isl<t

n

> (T S) ‘Y =Y, (Xj)j¢i] ) .

/=1

Eo

Y =y, (Xj)#z‘]

(4)

We consider two cases depending upon whether y € Rr;re ory € R

freq® where,

Risre £ {y € (0.1 :0 < Bo(¥ = y|(X;);) <47}

Riky & {y € {0, 1} Po(Y = y|(X;) ) > 4—b} :

Case l:y € ng)re In this situation we apply the moment version of the Geometric Inequality
(Proposition 2, item (1)) with ¢ = 4. Using the moment estimate in Lemma H.2, we obtain,

"~ V3k.n
ZTM
— Po(Y = y|(X;)j2i)

<

(H.16) Ey

e

Y=y, (Xj)jséz’]
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Case2: y € R]E ) In this situation we apply the m.g.f. version of the Geometric Inequality
(Proposition 2 item (2)). Using the m.g.f. estimate in Lemma H.2, we obtain, for any
0<(<d=/2

- 1 1
Eo Ty |Y =y,(X;)j-i ||| <nC+ < log ;
; 7z ¢ O P(Y = yl(X)) )
We set:
1 1 b-log(4)
CZ = . ]og < .
n U Po(Y =y[(X;) i) n
If,
(H.17) n>2log(4) - b-dz,
then this choice is valid, i.e. { < d_§/2. Hence,
(H.18) Eo [ Tu|Y =y.(X;)jz||| <4 nlog .
E_Zl s Po(Y = y[(X;))

With these estimates, we can control the term (1), which we decompose as follows:

2
(l):i\\; “Eo | [|Eo ZTM J;Az]
~ o g (4 00,
n 1112
(la) £ Eo | Y Po(Y =y|(X;)) - |Eo | Y Tue| ¥ (X;)ji :
| yeRG) Le=1 -0
] - o
(IB) L Eo | > Po(Y =yl(X;)j) - |[Eo | D Toe| Y, (X;)
yeR() Le=1 |

freq

In order to control (Ia), we rely on the estimate (H.16):

(la) <35 n-Eo | > Po(Y =y|(X;)j)>
yeRg;r)e
< 3% n- 270 B[R ell.

Since we assume the communication protocol to be deterministic conditioned on (X;);;,
all but b bits of Y are fixed. Consequently, | R,are| < 2°. Hence,

(lay<3¥-n

In order to control (Ib), we rely on the estimate (H.18):

1
(Ib) < 4n - Eg Po(Y = y[(X);ji) - log
y%i) i# Po(Y = y|(X;) )
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Since we assume the communication protocol to be deterministic conditioned on (X);;,
all but b bits of Y are fixed. Hence conditioned on (X);-;, the random vector (Y") has a
support size of at most 2°. The maximum entropy distribution on a given set S is the uniform
distribution, which attains an entropy of log | S|. Hence,

1
Yo Po(Y =y[(X;);) - log <b-log(2)
(y,2)€{0,1}v+1 Po(Y = y|(X )J;«éz)

This yields the estimate,

(Ib) <4log(2)-b-n.

Combining the estimates on the terms la, Ib we obtain, (I) < Cj - b-n - A\?/d*, where Cj,
is a constant depending only on k. Substituting this estimate on (I) and the estimate on (I1)
obtained in Lemma H.1 in (H.15), we obtain,

/(Eo [(i“‘o’(x —1) ‘Y mDQw(dV)] <Gy <b'z,;A2 +n2-/\4>.

Plugging the above bound in (H.14) we obtain,
Ihe|(V;Y) <0 <bmn/\2

Eo

K dk

This is exactly the information bound claimed in Proposition H.1.

+m~n2-)\4>.

APPENDIX I: MISCELLANEOUS RESULTS

1.1. Additional Technical Facts and Lemmas.

FACT I.1 (Estimates on Partial Exponential Series [25]). We have, for any A > 0 and for
any t € Ng such that ¢ + 1 > A, we have

AN 1 b\
< .

FACT 1.2 (A Bound on Hermite Polynomials). For any k € Ny, we have
[Hiu(2)] < (1+]2])".

PROOF. Hj, has the following Taylor series expansion around z = 0 (see for e.g. [12,
Section 2.4]):

Hp(2) :;; (’;) \/\/; - H;(0) - 2.

The values H;(0) are known explicitly (see for e.g. [12, Section 2.10]):

Hi(= |<Z<) i = (1+ J2])".
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FACT 1.3 (27, Equation 12). Let V' ~ Unif ({£1}¢). Define,

d
>
=1

V=

ISHN

We have, for any ¢t € Ny, ¢t <d,
o (28) (d 2 t\'
EV™ > . >=.-=) .
— 2td?t (t —\e? d

LEMMA L1.  Let V ~ Unif ({£1}?). Define,

Then for any t € N,

re{0,1}4

ﬁﬁﬁﬁiﬁd ield):ri=1

Furthermore if t <2(d — 1) and d > 3,

sup E v H Vi Z57t't§-d*[ﬂ/2,
re{0,1}¢ ieldlor—
il >1 cldr=1

sup E |V H Vil =57tttz .a 1512,

re{0,1}¢ ; o
el >1 i€[d]:r;=1

PROOF. Due to coordinate symmetry, degree, and parity considerations, we have

sup E v H Vil= sup E v H Vil,
€{0,1}4 i £€{0,1,2....t A
relo i€ldiri=1 | tifiseven} l<ist

sup E v H Vil= sup E v H \%
€{0,1}¢ o Le{1,2...,t} ;
7ﬂ||1"{||12}i L €ldmi=1 ] t+£ is even =izt

Hence, we focus on proving upper and lower bounds on:

We decompose V' as
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where S1=Vi+Vo+ -+ Vp, So=Vpi1 + Veso + - -+ + V. By the Binomial Theorem,

HV :i@ ES?ES“HV

1</ 1=0 1<i<e

Observing that when ¢t — ¢ < ¢, we have

E|si I vi| =0,

1<4<e

and thus
— L\ ESE
_ =2 t—1
E|V . ||Vz _E <7,> 7 -E | 5] ||V
1<i<¢ i=0 1<i<e

We now prove an upper bound and lower bound on the above expression.

Upper Bound: Since S, is sub-Gaussian with variance proxy d — ¢, we have (see, e.g.,, 33,
Lemma 1.4)

ES, <2 i3 (d—0)3.

By an analogous argument,

E ST vi| <EISi[ <2t —a)5 05

1<i<e

Hence,

Hence,
L i t—i
B Vt v S(tt) (t) (d_,£)2 6;
1<i<t i—0 \! dz d
(5 ()= ()
< =) (3) .
i—0 \!
166\ (02
<[ — =
—\d d
Hence,
sup]EVt. H Vil = sup EVt'HVi
re{0,1}4 ield)ri=1 0€{0,1,2....t} 1<i<t

t+/ is even
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() [, G
—\d 0ef0,1,2..,6} \d

t+£ is even

If ¢ < t < d/e, the function (¢/d)* is decreasing, and hence,
sup E Vt- H Vi §4t-t%~d_(5.
re{0.1} i€ld)ri=1

On the other hand, when ¢ > d/e, the same upper bound holds since,

t t 4t6_%
qt s g s >
T Wte

whereas, since |V| <1, we always have the trivial upper bound,

>4le™ >1,

sup E v H Vil <1.
re{0,1}¢ i€ld]ir;=1

With an analogous argument, we also obtain,

rc{0,1}¢ ; .
7]l >1 €ld]:ri=1

Lower Bound: Recall that,
— L\ ESE
_ 2 t—i ‘
EV-llW—§<i>~dt -E 51’”‘/Z
1<i<e i=0 1<4<8

For proving the claim of the lemma, it will be sufficient to lower bound the above ex-
pression under the assumption ¢ + £ is even and ¢ € {0,1,2}. We observe that each of the
terms in the above sum is non-negative. This is because, ES5 = 0 when i is odd and, by
expanding Sf*i using the Multinomial Theorem, one sees that:

E|si ] vi| =o.

1<i<e
Hence, retaining the term corresponding to ¢ = (¢ — ¢) we obtain,
E(V .- ]] vi| = ) —7FE st [ v
1<i<e 1<i<e

Expanding S{ using the Multinomial Theorem and comparing the coefficient of Vi - Va - - - -
Vi, we observe,

E|si [[ vi| =1

1<i<t



STATISTICAL-COMPUTATIONAL TRADE-OFFS VIA COMMUNICATION COMPLEXITY 83

Hence,

—¢ t ESE_Z
eV 1L v 2(@)' v
1<t
Since t+ ¢ is assumed to be even, so is t — . Furthermore since we assume that ¢ € {0,1,2}
and t <2(d — 1) we have t — ¢ < 2(d — ¢). Hence using by Fact 1.3, we have
d—1? t—20)!
ES;KZ < . > u

t—4

2
This give us,

—t 1 ¢ [d—¢ 1
EV'HVi 22”2@.5!‘<t_£>.dt
1<i<t

In the step marked (a), we used the standard lower bounds for the Binomial coefficient
(Z) > (n/ k:)”C and factorial n! > n"*e™"™. In the step marked (b), we used the fact that £ < 2
and d > 3. Hence,

—t
—t —t 5 Py
S{up}E V. || Vi| = {sup }IE V. || Vi Zé?up}—-té-dtZ.
re{0,1}4 o £e{0,1,2....t » €{0,1,2
i€ld):ri=1 t—+{ is even lsi<t t+/ is even

Choosing £ =0 if t is even and £ = 1 if ¢ is odd gives us:

sup E v

[T vi| =5 t:-alil)2
re{0,1}4

i€[d]:r;=1
Choosing ¢ =2 if t is even and £ = 1 if ¢ is odd gives us:

sup E v H Vi 257t't§-d7[%1/2.

€{0,1}4 Ll
1‘”7‘{”12}1 i€ld]r;=1
This concludes the proof of this lemma. ]

L2. Analysis on Gaussian Space. Consider the functional space Lo (N (0, 1)) defined

as follows:

£2(N(0,12) £ { [ RT = R:Ey(o,1,)/%(2) < oo}

The multivariate Hermite polynomials for a complete orthonormal basis for Lo (N (0, 1y)).

These are defined as follows: for any ¢ € N¢, define

d
He(z) & [ He,(20).
=1
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where, for any k € Ny, the H}, are the (probabilist’s) orthonormal Hermite polynomials with
the property

0 ifk#L

Enr,1)Hk(Z)H|(Z) = {1 Fhol

The orthonormality property is inherited by the multivariate Hermite polynomials:

0 ifcd;

Exo.1)He(Z)Ha(Z) = {1 ifc=d.

Since these polynomials form an orthonormal basis of Lo (N (0, 1)) any f € Lo (N (0, 1))
admits an expansion of the form:

&= 3 fle)Hd(=).
ce(NU{0})?

In the above display, f(c) € R are the Hermite (or Fourier) coefficients of f. They satisfy the
usual Parseval’s relation:

> F2(e) =Eno1)*(2).
ceNg
A particular desirable property of the univariate Hermite polynomials is the following: for
any p € R, k € Ny we have
Lk

Eno,yHe(p+ 2) = Vi

This implies the following property of multivariate Hermite polynomials which will be par-
ticularly useful for us.

FACT 1.4. For any p € R? and any ¢ € N¢, we have,

C

u
E Hy(p+ 2Z)= .
N(0,1,)11k (N ) \/a
In the above display, we are using the following notation:
m m
(L.1) peE us =]
i=1 i=1

FACT 1.5. For any vector u € R? with ||u|| = 1 we have,

Hillwa)) = 3 = Hela),

ceNd
llefli=1

for any € R%. In the above display, the notations «¢ and c! are as defined in (I.1).

FACT1.6. Let Z, Z' be p-correlated standard Gaussian random variables:
A 0] [1p
7= () L1)

p'ifi=j;
EH:(2)H;(2") = {o ifij

Then, for any ¢, j € Ng,
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We will also rely on the Gaussian Hypercontractivity theorem which is usually attributed
to Nelson [30]. Our reference for this result was the book of O’Donnell [31].

FACT 1.7 (Gaussian Hypercontractivity [30]). Let Z ~ N (0, I,). Then, for any ¢ > 2,
q

E| Y caHa(Z)| < ( > (g—pleh -ci)

aeNd acWd

q

The inequality is tight for ¢ = 2.

L.3. Fano’s Inequality for Hellinger Information. In this section, we provide a deriva-
tion of the Fano’s Inequality for Hellinger Information quoted in Fact 2. This result is a minor
modification of a result due to Chen, Guntuboyina and Zhang [11]. Although these authors
derive a version of Fano’s Inequality for Hellinger Information [11, Corollary 7, item (iii)],
it has a slightly more complicated form than the claim of Fact 2. The simpler form stated
in Fact 2 (which suffices for our results) is derived by combining Fano’s Inequality for the
Total Variation (TV) Information proved by Chen, Guntuboyina and Zhang [11, Corollary 7,
item (ii)] with standard a comparison between Hellinger and total variation distances. Specif-
ically, Chen, Guntuboyina and Zhang [11, Corollary 7, item (ii)] show that for any estimator
V:{0,1} =V, we have

(12) [ BV VY )] a(av) = Ro(m) - Ty (ViY),
v
where Ity (V;Y') denotes the Total Variation Information which is defined as:
Iy (ViY) Zinf [dry (B, Q) n(@V).

In the above display, dtv (Py, Q) denotes the total variation distance between the probability
measures Py and Q. Since dty (Py,Q) < (QdﬁeI (Py, Q))1/2 (see fore.g., [35, Lemma 2.3])
the Total Variation Information can be bounded in terms of the Hellinger Information:

2 1/2 s 2 2
Iy (Vi) < int [ (2 (Py.@)V2n(@v) £ (2inf [ &y By, @) n(av))

2/ 2L (V,Y).

In the above display step (a) follows from Jensen’s Inequality and step (b) follows from the
definition of Hellinger Information. Substituting the bound Ity (V;Y) < /24 (V;Y) in
(I.2) immediately yields the claim of Fact 2.
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