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Abstract

In this paper, we consider the tensor-on-tensor association detection problem, where the goal is to
detect whether there is an association between the tensor responses to tensor covariates linked via
a low-rank tensor parameter. We first develop tight bounds on the signal-to-noise ratio (SNR) such
that the detection problem is statistically possible. We then provide testing procedures that succeed
when the SNR is above the threshold. On the other hand, the statistical optimal tests often require
computing the largest singular value of a given tensor, which can be NP-hard in general. To com-
plement that, we develop efficient polynomial-time testing procedures with provable guarantees.
We also develop matching lower bounds under the Statistical Query model and show that the SNRs
required by the proposed polynomial-time algorithms are essential for computational efficiency.
We identify a gap that appears between the SNR requirements of the optimal unconstrained-time
tests and polynomial-time tests if and only if the sum of the tensor response order and the tensor
covariate order is no less than three. To our best knowledge, this is the first complete characteriza-
tion of the statistical and computational limits for the general tensor-on-tensor association detection
problem. Our findings significantly generalize the results in the literature on signal detection in lin-
ear regression and low-rank matrix trace regression. Finally, the connection on the computational
hardness of the detection problem and the corresponding estimation problem is discussed.
Keywords: Hypothesis testing, minimax separation rate, computational separation rate, statistical
and computational gap, tensor

1. Introduction

The analysis of tensor or multiway array data has emerged as an active topic of research in machine
learning, statistics, applied mathematics, and signal processing. A general class of problems in
tensor learning aims to characterize the association between covariates and responses in the form of
scalars, vectors, matrices, or high-order tensors. These tasks can be incorporated in the following
tensor-on-tensor regression model (Lock, 2018; Raskutti et al., 2019):

yi:<XZ‘,A>*+£Z‘, i:1,...,n. (1)
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Here, X; € RP1**Pd 4 = 1, ..., n are the known order-d (or d-way) tensor covariates. Y;, E; €
RPa+1%XPa+m gre both order-m tensors and are observations and unknown noise, respectively.
A € RPYXPaXPa+1XXPd+m ig an order-(d + m) tensor parameter of interest. (-, ), is the con-
tracted tensor inner product defined as (X, A), € RPd+1%""XPd+m

P
(X ) gd = D itk Ak i

k=1,

1=1,...d
We also stack all responses and errors to Y, £ € RPa+1*Pdrm>n where Y. .01 = Vi
and . .75 = &;. Then the tensor-on-tensor regression model can be written succinctly as

Y =2(A)+ E, where 2 : RP1*""*Pdim —y RPd+1X"XPd+m*" jg g |inear map such that
L (A, = (X A)e for i=1,...,n. )

Under different choices for covariate order d and response order m, the generic tensor-on-tensor
regression model covers many special regression models in the literature, such as

e Scalar-on-tensor regression (Zhou et al., 2013; Mu et al., 2014): m = 0,d > 3;

e Tensor-on-vector regression (Li and Zhang, 2017; Sun and Li, 2017): d = 1, m > 3;

e Scalar-on-matrix regression (or matrix trace regression) (Recht et al., 2010): m = 0,d = 2;
e Reduced-rank regression (Izenman, 1975; Reinsel and Velu, 2013): m = 1,d = 1.

There has been a surge of interest in estimating the model parameter A under the generative model
(1) (Lock, 2018; Raskutti et al., 2019; Llosa and Maitra, 2022; Luo and Zhang, 2022b; Gahrooei
et al., 2021; Liu et al., 2021). A natural question prior to estimating .A is whether the signal A is
significant enough to detect, i.e., detecting whether A is zero or not. When m = 0 and d = 1 or
2, the statistical limits of the corresponding detection problems have been studied in Ingster et al.
(2010); Verzelen (2012); Arias-Castro et al. (2011) and Carpentier and Nickl (2015), respectively.
However, to our best knowledge, the tensor-on-tensor association detection problem with generic
choices of m and d is still largely unexplored in the literature.

In this paper, we aim to make a first attempt at this problem. Specifically, we focus on testing
whether the observed response tensors and covariate tensors are associated by a rank-one tensor:
i.e., given { X}, Y;}7 ,, or equivalently (Y, Z"), generated from model (1), consider the hypothesis
testing problem

Hy: A=0 versus H;: Aec (N, 3)
where for A > 0,
AN ={ N Qu®- - @uipmXN > X\u; €Sy, _1for j=1,....,d+m}.

Here S,,_1 denotes the set of all unit vectors in RP.

Following the existing literature on signal detection in linear regression and low-rank matrix
trace regression (Ingster et al., 2010; Verzelen, 2012; Arias-Castro et al., 2011; Carpentier and Nickl,
2015), we assume the design and the noise are independent Gaussian, i.e., X; has i.i.d. N(0,1)
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entries and &; has i.i.d. N(0,0?) entries. As usual, our results can be extended to the sub-Gaussian
design and noise setting. Moreover, we assume o is known.
Given any testing procedure ¢ : (Y, Z") — {0, 1}, we define its risk as

R(¢) =Po(o(Y, 2) =1)+ sup Pa(s(Y,2)=0),
Acd/ ()

where Py is the probability under Hy and IP 4 is the probability under H; with the signal tensor
A. Given A > 0, we say ¢ reliably detects in (3) if for any error tolerance « > 0, R(¢) < « for
sufficiently large n and p;s.

In this work, we aim to study the statistical and computational limits of A such that reliable
detection for (3) can be achieved by an unconstrained-time algorithm or a polynomial-time algo-
rithm. In particular, in studying the computational limits, we consider the class of Statistical Query
(SQ) algorithms (Kearns, 1998). Denote AllAlgD the class of unconstrained-time algorithms that
includes all testing procedures with unlimited computational resources and PolySQAlg” the class
of SQ testing algorithms that must finish in poly(q) time, where ¢ is the size of the input. As
min{n, p1, ..., Pd+m} — 00, we call \* the statistical separation rate of the testing problem (3) if

inf  R(¢) -0 when A/A° — o0 and inf R(¢) -1 when M/A° —0.
peAllAlgP peAllAlgP

Similarly, we call A° the computational separation rate of the testing problem (3) if

inf R(¢) -0 when A/X°— oo and inf R(¢) — 1 when M/X\°— 0.

$ePolySQAIgP ¢€PolySQAIlgP

1.1. Summary of Contributions

In this paper, we identify the statistical and computational separation rates for the generic tensor-
on-tensor association detection problem (3) with every pair of response order m and covariate order
d. See Table 1 for a summary of our results. To the best of our knowledge, this is the first complete
characterization of the statistical and computational limits for the general tensor-on-tensor associ-
ation detection problem. On the statistical side, we extend the statistical lower bounds in Ingster
et al. (2010); Carpentier and Nickl (2015) for m = 0, d = 1, and d = 2 cases to the general setting.
In the reduced-rank regression setting, i.e., m = 1,d = 1, to our knowledge, this is also the first
result on the corresponding detection problem despite its estimation problem has been widely stud-
ied (Izenman, 1975; Reinsel and Velu, 2013). In addition, we find that the statistical lower bounds
form = 0, m = 1, and m > 2 cases are all different and they require different proof techniques.
We also develop optimal tests which can achieve the corresponding statistical limits in all different
scenarios. These optimal statistical tests require computing the largest singular value of a given
tensor, which is in general computationally intractable (Hillar and Lim, 2013).

Next, we study the computational separation rates for tensor-on-tensor association detection.
We first develop efficient algorithms with optimal guarantees. These tests are based on computing
the moments and U-statistics of the parameter of interest. We also develop matching computational
lower bounds under the Statistical Query (SQ) framework (Kearns, 1998) to show that the SNRs
required by the proposed efficient algorithms are essential. When m and d are even orders, we also
provide the matching SQ upper bounds.

Table 1 shows there is a significant gap between the statistical and computational separation
rates if and only if d + m > 3, i.e., in the setting X;s and Y;s are associated by a tensor parameter
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N /o X¢/o Stat-Comp Gap
sz,d:l p'/t —-1/4 pl/4 —1/4 No
(Ingster et al., 2010) © ( v A ) © ( v A )
m:O,d:2 P —1/4 D —1/4 No
(Carpentier and Nickl, 2015) © ( n AT ) © ( n AT )
m=0,d>3 @(\/%/\Tl_l/Al) C] #/\n‘l/‘l Yes
m=1,d=0 o () o (%) No
m=td=1___ [6(®" A BT 6 (@& No
m=1,d>2 [e) ((%)1/2 A (%)1/4) e} ( /p(d+nl)/2 A (%)1/4) Yes
m=2,d=0 @< %) @( %) No
m=2,d>1lorm>3 @( %) @(,/MA(%)1/4> Yes

Table 1: Summary of statistical and computational separation rates for the tensor-on-tensor asso-
ciation detection (3). For simplicity, we consider the setting p; = -+ = pg+m = p and
n,p — oo.

of order three or higher. This echo with a series of results in the literature that a statistical and com-
putational gap shows up in the high-order tensor problems (Richard and Montanari, 2014; Zhang
and Xia, 2018; Brennan and Bresler, 2020; Luo and Zhang, 2022a; Dudeja and Hsu, 2021; Han
et al., 2022a). But different from these existing works, we consider a supervised problem and both
the response and covariate tensors’ orders are relevant to the statistical-computational gap. It is also
worth noting that although the statistical separation rates for m = 0, m = 1, and m > 2 cases
are different, the computational separation rates under these scenarios share the same expression
S} < pld+m)/2 [y A (pm/n)1/4> for every (m, d) pair.

Finally, on the technical side, we find truncation is critical in proving both sharp statistical and
computational lower bounds. In particular, we develop a new truncation strategy in applying the
second-moment method to show the sharp statistical lower bounds in the m = 1,d > 1 case. The
new strategy involves truncating away a rare “bad” event depending on both covariates and the prior
on the parameter tensor. For the computational limits, we developed the first SQ lower bound for
truncated distribution. Specifically, we demonstrated that “large” y? correlations are rare events and
are dominated on average by the “small” ones in computing the statistical dimension.

1.2. Additional Related Work

The tensor-on-tensor association detection problem is also related to several other detection prob-
lems studied in the literature. For example, when m = 1 and d = 0, our problem is related to
the classic signal detection in the Gaussian sequence model (Ermakov, 1991; Ingster et al., 2003;
Baraud, 2002). The difference is that here we also have a scalar covariate in the model. Similarly,
when m > 3,d = 0, our problem is closely related to the widely studied tensor PCA detection
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problem (Montanari et al., 2017; Perry et al., 2020; Jagannath et al., 2020; Kunisky et al., 2022;
Dudeja and Hsu, 2021; Brennan and Bresler, 2020; Brennan et al., 2021). Comparing to these re-
sults in the literature, we find that in both m = 1,d = 0 and m > 3,d = 0 cases, the statistical
and computational separation rates do not change even after introducing an extra random scalar
covariate.

Statistical Query is a common framework for providing rigorous evidence for the computational
barriers in high-dimensional statistical problems (Feldman et al., 2017b; Diakonikolas et al., 2017,
2019; Feldman et al., 2018; Fan et al., 2018; Kannan and Vempala, 2017). The SQ model was in-
troduced by Kearns (1998) in the context of supervised learning as a natural restriction of the PAC
model and has been extensively studied in learning theory. A recent line of work Feldman et al.
(2017a); Feldman (2017b); Feldman et al. (2017b) generalized the SQ framework for search prob-
lems over distributions. The SQ lower bounds have also been established for several tensor-related
problems, such as tensor PCA (Dudeja and Hsu, 2021) and multi-sample hypergraphic planted
clique (Brennan et al., 2021).

2. Notation and Preliminaries

Let [r] = {1,...,r} for any positive integer r. Lowercase letters (e.g., a), lowercase boldface letters
(e.g., u), uppercase boldface letters (e.g., U), and boldface calligraphic letters (e.g., .A) denote
scalars, vectors, matrices, and order-3-or-higher tensors, respectively. We use bracket subscripts to
denote sub-vectors, sub-matrices, and sub-tensors. For an order-d tensor, the Frobenius norm of

1/2
tensor A is defined as || A|lp = (Z A? ]) . The mode-k product of A € RP1*"*Pa

i1yeesia Y Vi1
with a matrix B € R"**Pk_denoted by AX;B,isapy X+ - Xpg_1 X1 X P41 X - - - X pg-dimensional
tensor, and its definition is given as (A X B) i, iy 1 diin1,ia] = ’i’:zl Aji ig,...ig)Bljin)- In
addition, we let A x¢_, Uy := A x1 Uy x -+ x4 Uy,

For any two sequences {ay}, {bn}, we say a, = o(b,) if lim,_,~ a, /b, = 0; we say a, =
O(by,) if limy, o0 log(ay)/ log(n) = log(b,)/log(n); we say a,, 2 by, if a, > Cb, for all n with
some large constant C, this C can depend on m, d or some other constants but it do not depend on n
and p. Given any real numbers a, b, denote a A b = min{a, b} and a V b = max{a, b}. Throughout
the paper, let ¢, C' be some absolute constants and Cy, cg be constants that depend on d only, whose
actual values vary from line to line; ¢, €4, Cd,m, are noted similarly.

The pairwise correlation of two distributions with probability density functions Dp, Do
R? - Ry = {u € R : w > 0} with respect to a distribution with density D : R? — R,
where the support of D contains the supports of D; and Dy, is defined as xp(Dj,D2) :=
Jgm D1(x)D2(x)/D(x)dx — 1. We remark that when Dy = Dy, the pairwise correlation is identi-
fied with the x?-divergence between Dy and D, i.e., x*(D1, D) := [gm Di1(x)?/D(z)dx — 1.

3. Statistical Lower Bounds

In this section, we provide statistical lower bounds of the tensor-on-tensor association detection
problem (3) separately for m = 0, m = 1, and m > 2 cases as they are all different and require
distinct proof techniques. Since the results for m = 0, d = 1, or 2 have been established in Ingster
et al. (2010); Carpentier and Nickl (2015), we omit the proof here for simplicity. Throughout this
section, we let p = min; p;.
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Theorem 1 (Statistical Lower Bound (m = 0,d > 2)) If /o = o((p/n)/? A n=Y/%), we have
limy, p—yo0 infy R(¢) = 1.

Theorem 2 (Statistical Lower Bound (m = 1))
e (d=0)IfA= 0(@1/4/\/5), we have limy, o infy R(¢) = 1.

o (d>1)IfN= 0((]3/71)1/2 A (B/n)l/‘l), we have limy, o infy R(¢) = 1.

Theorem 3 (Statistical Lower Bound (m > 2)) If Mo = o((p/n)'/?),  then
limy, o0 infy R(¢) = 1.

Remark 4 (Truncated Second Moment Method) We prove the statistical lower bounds by reduc-
ing the minimax testing risk to a Bayesian testing risk with a uniform prior over the set of param-
eters. Typically, to show the lower bound, one studies the second moment of the likelihood ratio
under the null and proves it tends to 1 when the SNR is below the threshold. However, the second
moment of the likelihood ratio can be dominated by an extremely rare “bad” event, causing it to be
unbounded. In our problem, such bad events exist when proving the lower bounds in the m > 1 and
large X settings while do not exist in the m = 0 setting considered in Ingster et al. (2010); Carpen-
tier and Nickl (2015). To tackle this challenge, we apply the truncated second-moment technique
(Butucea and Ingster, 2013; Arias-Castro and Verzelen, 2014; Perry et al., 2020) to peel away a
rare “bad” event in computing the second moment of the likelihood ratio and show the truncated
version tends to 1. When m = 1,d = 0 or m > 2, we are able to prove sharp statistical lower
bounds by peeling away a rare bad event depending on the covariates tensor only. While in the
m = 1,d > 1 setting, the existing truncation strategy fails; to obtain a sharp lower bound, we
perform truncation on both the covariates and the prior on the tensor parameter. To our knowledge,
such a truncation strategy on both covariates and the prior on parameters is new. We provide a
proof sketch for Theorem 2 in Section 7 to illustrate this new truncation strategy.

4. Statistical and Computational Upper Bounds

In this section, we introduce the testing procedures that achieve the statistical and computational
upper bounds. We first introduce two search statistics that will be critical in developing the statistical
optimal tests. Let

* T T .
T = sup 2 Y) X1V X Xdgm Vipms
Vjespj_1,j:1,...,d+m
T T T
Ty = sup Y X1y X X Vi Xl Vg q-
Vjespd+j71»j:17~~~7mzvrn+168n71

Here 27" : RPd+1X""XPatm XN _y RP1LXXPd+m denotes the adjoint operator of 27, i.e., Z7*(Y) :=
Z?:l y[:,...,:,i} ® X;.

Based on 77 and 75, we introduce the following two testing procedures. Given any pre-specified
error tolerance o > 0, define

¢ Y. 2) = 1(T0 2 Zia /(ST ) )

6
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o (Y, 2)=1 <T2 > Zaar/n + Z?Iﬁlpj)

where 714, Z2, are some sufficiently large constants that depend only «.. Next, we provide guaran-
tees for these testing procedures separately.

Theorem 5 (Guarantee of ¢1) Suppose n 2> Z;H:'{n pj). Then for sufficiently large Z1q, if
No > 4721, (E;lg” p;)/n, we have R(¢1) < a.

Theorem 6 (Guarantee of ¢o) Suppose n 2> 1. Then for sufficiently large Zo, if \/o >
2v2Z54 \/M’ we have R(¢2) < a.

We note that the test ¢ utilizes the information on Y only while test ¢9 utilizes the informa-
tion on the interaction between Y;s and X;s. We will see later that each of them individually is
suboptimal; but the combination of them, ¢; V ¢2, achieves the statistical upper bound.

On the other hand, when d +m > 3 (or m + 1 > 3), the statistic 73 (or 73) relies on computing
the leading singular value of the tensor 2 *() (or ), for which is NP-hard in general (Hillar and
Lim, 2013). Thus, computing ¢; or ¢ can be computationally infeasible. This motivates us to
develop the following two computationally efficient tests analogous to ¢; and ¢2:

o 03V, 2) =I5 > Zsa/\/n 120, pi), where Ts = S0y | Vil3/ (n T1020y pi) — 1s

o (Y, Z)=1 <T4 > Z4a(]‘[§.li{”pj)1/2/n>, where Ty = o5 310 i, (Vi@ X3, Vi@
Xj).
Here the Kronecker product “®” between two tensors satisfies (Y; ®@ A;)

(215 s Zd-m]
yi[2d+1,--- VZdtm] Xilzy 24
We note that 73 can be viewed as a moment estimator for A\? and T} is a Hy-centered U-statistic

for estimating the tensor parameter A. Next, we provide guarantees for testing procedures ¢3 and

G4
Theorem 7 (Guarantee of ¢3) Suppose n 2> 1. Then for sufficiently large Zso, if \/o >

~y

8 Z3a(([52441 2j)/n)/*, we have R(¢3) < o
Theorem 8 (Guarantee of ¢,) Suppose n 2, (]_[;l:1 pj)/2. Then for sufficiently large Zyq, if
Ao > \/2Z4Q(H;-lfln p;i)'/2/n, we have R(¢4) < a.

The testing procedure ¢4(Y, Z) has appeared in the literature for solving the detection prob-
lems in the linear regression and low-rank matrix trace regression (Ingster et al., 2010; Carpentier
and Nickl, 2015), but analyzing ¢4(Y, X) in tensor-on-tensor association detection is much more
involved as the response Y; here is a tensor with highly correlated entries. In addition, it is crucial
to emphasize the significance of leveraging the tensor structure present in ;. Tests that treat each
entry separately often result in reduced power for hypothesis testing. Specifically, tests ¢1, ¢2, ¢4
effectively utilize the tensor structure of Y; and remain invariant to shuffling the entries within ;.
On the other hand, test ¢3 maintains validity when considering each entry of Y; independently, but
it alone may provide suboptimal results.

Next, we show that combinations of tests ¢;-¢4 can achieve the statistical and computational
upper bounds listed in Table 1. In the following, we assume n 2> 1.
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Corollary 9 (Optimal Unconstrained-time and Polynomial-time Tests for m = 0,d > 3) (1) If
Ao 2 ((Z;li% pj/n)l/2 An~Y4), the unconstrained-time test ¢y V o V ¢3 satisfies R(¢1 V ¢o V

03) < a; (2)if\o 2 (n_1/4 A ((H;-lzlpj)l/z/n)l/2>, the polynomial-time test ¢3 \/ ¢4 satisfies
R(gbg Vv ¢4) < a.

Corollary 10 (Optimal Test for m = 1,d =0) If\/o 2, \/p%m/n, R(¢4) < cu.

Corollary 11 (Optimal Test for m = 1,d = 1) If\/o > (((p1p2)*/?/n) 2 A(p2/n)/4), R(¢3V
o4) < o

Corollary 12 (Optimal Unconstrained-time and Polynomial-time Tests for m = 1,d > 2) (I)
If o 2 ((Z;lill pi/1)Y% A (pay1/n)*), we have the unconstrained-time test ¢y V ¢ V ¢3

satisfies R(¢1 V ¢2 V ¢3) < a; (2) if Ao 2 ((pd+1/n)l/4 RVAQ ks Pj)l/Q/Tl)J we have the
polynomial-time test g3 \V ¢4 satisfies R(¢p3 V ¢4) < .

Corollary 13 (Optimal Test for m = 2,d =0) If Mo = +/(pip2)/2/n, we have the
polynomial-time test ¢4 satisfies R(¢4) < a.

Corollary 14 (Optimal Unconstrained-time and Polynomial-time Tests for m > 2,d > 1 or m > 3)
(1)If\o 2 (Zji;n pj)/n, the unconstrained-time test 1 N ¢o satisfies R(¢1 V ¢2) < o

(2)if Mo 2 (((H?*Zilpj)/n)”‘* AL pﬂ”?/n), the polynomial-time test ¢3 \/ ¢4 sat-
isfies R(¢p3 V ¢4) < au.

For readers’ convenience, we provide a summary of statistically and computationally optimal
testing procedures for different (m, d) pairs in Table 2. From Corollaries 9, 12 and 14, we can see
that the efficient test procedures we develop here require a strictly stronger SNR than the statistical
optimal tests to solve the tensor-on-tensor association detection problem if and only if d + m > 3.

5. Statistical Query Lower and Upper Bounds

5.1. Statistical Query Lower Bound

In this section, we demonstrate that the stronger SNRs required by the proposed polynomial-time
tests when d + m > 3 are also required by a fairly broad class of Statistical Query (SQ) algorithms.
We start by providing some preliminaries.

Definition 15 (Decision Problem over Distributions) We denote by B(D, D) the decision (or hy-
pothesis testing) problem in which the input distribution D' is promised to satisfy either (a) D' = D
or (b) D' € D, and the goal of the algorithm is to distinguish between these two cases.

We define SQ algorithms as algorithms that do not have direct access to samples from the
distribution but instead have access to an SQ oracle. We consider the following standard oracle.
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Statistically Optimal Test | Computationally Optimal Test
m=0,d>3 O1V 2V P3 ¢3V ¢y
m=1,d=0 ¢4 2!
m=1,d=1 ¢3V @4 ¢3V @4
m=1,d>2 P1V 2V P3 ¢3V P4
m=2,d=0 ®4 b4

m=2,d>1lorm >3 ¢1V o $3V ¢4

Table 2: Summary of optimal testing procedures for different (m,d) pairs. In the Statistically
Optimal Test column, we provide the optimal unconstrained-time testing procedures that
achieve the statistical upper bounds and in the Computationally Optimal Test column, we
provide the optimal polynomial-time testing procedures (supported by matching SQ lower
bounds given in Section 5) that achieve the computational upper bounds.

Definition 16 (VSTAT Oracle) Let D be a distribution over a domain X. For a sample size
parameter n > 0 and any bounded function f : R? — [0,1], VSTAT(n) returns a value v €

[Evnnlf ()] = 7, Earplf(2)] + 7], where 7 = max{1, |/ Bl oI -Eexplflo]y

One can prove lower bounds on the complexity of SQ algorithms via an appropriate notion
of Statistical dimension. Such a complexity measure was introduced in Blum et al. (1994) for PAC
learning of Boolean functions and has been generalized to the unsupervised setting in Feldman et al.
(2017a); Feldman (2017b). For technical reasons to be mentioned in Remark 22, here we use the
definition of statistical dimension from Brennan et al. (2021).

Definition 17 (Statistical Dimension) Suppose the distributions in D are indexed by u € U. Let
w be a uniform distribution on U. The statistical dimension SDA(n) for the B(D, D) is defined as

follows:
1 1
SDA(n) = max{q € N: Ey v~y UXDO (Dy, Dy) — 1] !8] < Efor all events & s.t. Py vplE] > ?

If one can bound below the SDA of the given problem, then it implies an unconditional lower
bound on the complexity of any SQ algorithm for the problem using the following standard result.

Lemma 18 (Theroem 1.3 in Brennan et al. (2021) and Theorem 2.7 in Feldman et al. (2017a))
Let B(D, D) be a decision problem, where D is the reference distribution and D is a class of dis-
tributions. Any SQ algorithm for solving B requires at least SDA(n) queries to the VSTAT (1/3n)
oracle.

Next, we provide a lower bound on the SQ dimension for the tensor-on-tensor association de-
tection problem.

Theorem 19 (Statistical Query Lower Bound) Given any 0 < € < 1/4 and sufficiently large p.
Suppose \Jo < 1/2 form =0, \Jo < 0131/4_€f0rm =1land \/o < 01B1/2_2€f0rm > 2 with
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sufficiently small constant ¢; > 0. Then if n < co((o/X)?p1/2729(dHm) 1 (g /\)tpL=4m) for
some sufficiently small constant co > 0, we have the statistical query dimension of tensor-on-tensor
association detection problem is at least exp(cp®®) for some ¢ > 0.

By Lemma 18 and the interpretation for the VSTAT oracle, Theorem 19 shows that for any
0<e< g ifn < 02((0/)\)2]_9(1/2_26)(d+m) + (a/)\)4g(1_46)m), then we need at least super
polynomial many queries to solve the tensor-on-tensor association detection problem via the SQ
algorithm. Since the number of queries is a proxy for runtime, this is equivalent to say efficient

SQ algorithms require SNR at least \/o > C (, [pld+m)/2 [n A (Qm/n)l/‘l). Finally, our SQ
lower bound also implies a computational lower bound for the detection problem restricted to the

class of low-degree polynomial algorithms based on the recent work Brennan et al. (2021). For
completeness, we provide details in Appendix A.

Remark 20 (Optimality of the SQ Lower Bound) Our SQ lower bound is proved under the SNR
condition \fo < 1/2 form = 0, Ao < 0131/4_€f0rm =1land \/o < clBI/Q_QEform > 2.
This is the best we can hope for as when A > 1, A > p* and X > p'/? form =0, m =1and
m = 2, respectively, we can query the statistical optimal test given in Table 2 via VSTAT(4), then SQ
can solve the detection problem with only O(1) samples as suggested in statistical separation rates
given in Table 1, while these test can not be computed efficiently in general as we have mentioned
in Section 5.2. Such a restriction (also termed “one-shot problem” versus “multi-sample problem”
issue in Brennan et al. (2021)) has also appeared when we try to prove SQ lower bounds for planted
clique and tensor PCA problems (Brennan et al., 2021) for the same reason that when the SNR is
large, SQ algorithms can query a high-degree function and solve the problem with only one sample,
but that high-degree function can not be computed efficiently.

Remark 21 (Proof Techniques) 7o prove the sharp SQ lower bound, we again apply truncation
technique. This choice is motivated by the fact that the pairwise correlation between different dis-
tributions tends to escalate rapidly for large values of \. To our best knowledge, this work is the
first SQ lower bound specifically designed for truncated distributions. To bound the statistical di-
mension, we embark on a two-step process. lInitially, we identify the set that attains the largest
SDA and subsequently illustrate that occurrences of “large” x? correlations are infrequent and are
predominantly overshadowed by the prevalence of “smaller” correlations on average. We believe
that these techniques can be adapted and applied effectively in other contexts, particularly when
instances of pairwise correlation intermittently exhibit substantial amplification.

Remark 22 (Comparisons on Different Statistical Dimensions) We also investigated a more
straightforward way to show SQ lower bounds via other statistical dimension notions based on
the averaged pairwise correlation or pairwise correlation, as suggested in the seminal paper Feld-
man et al. (2017a). However, we succeeded in proving the sharp SQ lower bound only when
Ao = O(Poly(logp)), which is strictly suboptimal compared to the ones in Theorem 19 when
m > 1. It is interesting to explore whether there is some gap between the notion of statistical
dimension in Definition 17 and the ones in Feldman et al. (2017a). For readers’ reference, in Ap-
pendix B, we provide a simpler proof for the SQ lower bound based on pairwise correlation when
Ao <1/2.
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5.2. Statistical Query Upper Bound

In this section, we assume d and m are even numbers and the class of tensor parameters of interest
has the form &7 = {Au®(@+™) u € S, }. Then we show that we can provide a matching SQ
upper bound for the corresponding tensor-on-tensor association detection problem.

In showing the SQ upper bound, we will use the following two statistics:

o TV, X)) =320 =1 Vil
® TG(y17 Xl) = Z.Z;lvvjm:l(yl ® Xl)[jhjl’jQ:ij'“’jd_«Eﬂmjﬁgﬂ}'
2

Notice that T5(Y1, X1 ) and Ts(Y1, X)) are one-sample versions of statistics 73 and 7). The target
quantity we would like to estimate via the SQ algorithm is ¢5 V ¢g, Where

¢5 = L(T5(P1, X1) = p™ +A%/2)  and ¢ = L(Ts(P1, X1) > A/2).
Then we have the following guarantee on the SQ upper bound.

Theorem 23 (Statistical Query Upper Bound) Suppose

2, (d4+m)/2 4,m
n_0<<ap)\2 /\J)\{)l )vl)loan 4)

for large C > 0.Then there exists a statistical query algorithm that distinguishes Hg from Hq
by estimating ¢5 \V ¢g with O(log(nB/(A\2 A A\*))) number of queries to VSTAT(n), where B :=
max (2% + p?/2\2 4 p(dtm)/2 2pm 4 opmAZ 4 4N 4 31,

Theorem 23 shows that when d and m are even and A = Mu®@*™) for some u € S,_1, there
exists an efficient SQ algorithm for solving the tensor-on-tensor association detection problem (3)

if \/o =0 ( pldtm)/2 [p A (pm/n)1/4).

Remark 24 We note the current SQ lower and upper bounds are only matched in the special setting
considered in this section. When d or m are not even, we conjecture the actual SQ lower and upper
bounds might be slightly higher than the one in (4), even though we believe the computational
separate rates given in Table 1 are still correct, i.e., SQ algorithms are suboptimal when d or m are
not even. Similar issues have also appeared when we try to provide tight SQ lower and upper bounds
for tensor PCA, where Dudeja and Hsu (2021) showed that SQ algorithms require an unnecessarily
larger SNR when the tensor order is odd and provided a matching SQ lower bound based on the
Fourier analytic approach (Feldman et al., 2018; Li et al., 2019).

5.3. Connection of Detection and Estimation

In this section, we establish a connection between the testing problem (3) and its corresponding
estimation problem, which revolves around the estimation of .A. We aim to investigate how and
under what conditions we can effectively estimate A. Typically, the computational hardness of an
estimation problem is studied by examining the computational hardness of its corresponding testing
problem. However, in the case of hypothesis testing problem (3), we find that it is actually easier
than the corresponding estimation problem. As the noise level o approaches zero, the hypothesis

11
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testing problem (3) becomes trivial, while the estimation problem remains highly nontrivial. This
disparity arises due to the varying entrywise variances of ) under the null and alternative hypothe-
ses, which allows simple tests to succeed.

Given this intriguing observation, it becomes compelling to explore the computational limits
when we match the first two moments of the null and alternative distributions. How does this
modification impact the computational complexity? In the subsequent discussion, we present an SQ
lower bound for a variant of the testing problem (3) where the first two moments of Y are matched,
specifically considering the case when m = 0.

Without loss of generality, we assume o2 € [0,1) (see Appendix E.3 for an explanation) and
consider the following hypothesis testing problem for m = 0:

Ho : (X, p0)iy "= (N(0,1)%P° N (0,1))

Hy (X, y:)i, ey yi = (A, X)) + ¢, with A=a%! ||A||E =1—-0%acRP, ande; s N(0,02).

(&)

Note that for the testing problem in (5), the first and second moments of y;s under null and alterna-

tive are matched. Then we have the following SQ lower bound.
Theorem 25 (SQ Hardness for (5)) For any 0 < € < %, any SQ algorithm with VSTAT(n)
oracle distinguishing Hy and Hy in (5) needs either 2*P°) number of queries or requires a query

2 2
withn > C (%pd(lm_d) for some C > 0.
F

=¥

We also have the following matching SQ upper bound when d is even.

Theorem 26 (SQ Upper Bound for (5)) Suppose n||A||%/ ((|A||% + 02)p?/?log?(n)) — oo
Then there exists a statistical query algorithm that distinguishes Hqo and H1 in (5) with vanish-
ing type I+II error by estimating Ts(y1, X1) = Zjh.--,jd/QE[p} (ylxl)[jl7j17j27j27---7jd/27jd/2] with
O(log(nBlog? n)) number of queries to VSTAT(n), where B = p%/? 4+ 2(1 — o).

Notably, the computational lower bound of the sample complexity predicted by the SQ argu-
ment for solving (5) matches the existing upper bound of efficient algorithms for the corresponding
estimation problem, as demonstrated in (Zhang et al., 2020; Han et al., 2022b; Luo and Zhang,
2021). This alignment between the predicted lower bound and the existing upper bounds provides
further support for the validity and accuracy of the SQ argument.

When comparing the sample complexities of the SQ lower bounds for two testing problems,
namely (3) with m = 0 and (5), we observe a significant increase in the required sample complexity.

d/2 2 4 . .
]TIAHE- A H:‘TKII%)’ while for (5), it

Specifically, the sample complexity for (3) is on the order of ©(
| Allf+o? d/2)
= o : .
When m > 1, the situation becomes more intricate since the variances of each entry in the tensor
response differ, making it challenging to determine which null hypothesis should be considered. As
a result, we leave this aspect as a topic for future exploration and investigation.

becomes O(

6. Conclusion and Discussions

In this work, we study the tensor-on-tensor association detection problem and provide the first
complete characterization of the statistical and computational separation rates for it with all different

12
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(m, d) pairs. We show a gap between the statistical and computational separation rates appears if
and only if d + m > 3. These results significantly extend the results in the literature on signal
detection in linear regression and low-rank matrix trace regression.

7. A Proof Sketch for Theorem 2

Preliminaries. To prove the statistical lower bound for a hypothesis testing problem, such as the
one in (3), a common strategy is to first reduce it to a Bayesian hypothesis testing problem, then
apply the classic Neyman-Pearson Lemma.

Lemma 27 (Neyman-Pearson Lemma, e.g. see Theorem 6.1 in Shao (2006)) Let 11 be a proba-
bility measure on <, and let {P4 : A € o/} be a family of probability measures indexed by
A € o on the domain X. Then, for any probability measure Py on X,

inf (Pow — 1)+ sup Pa(6 = o>) > 1 TV(E, B,
@ Aco/

where P,, the mixture probability measure P, = [ P au(dA) and infy is the infimum over all
{0, 1}-valued statistics.

Oftentimes, working directly with TV distance can be hard and a common strategy is to further
bound it by the x?-divergence:

2TV (P, Po) = Epy(|D,/Do — 1)) < (Be, ((D/Do — 1)?))* = \/X2(Dy, Do), (6)

where D, and Dy denote the density function of [P, and [Py, respectively. Thus, we can see it
suffices to choose a suitable measure ;. on <7 to bound 2 (Dy, Do) by a small enough value in order
to obtain a desirable lower bound on the minimax risk. Since x*(D,, Do) + 1 = Ep, ((D,/Do)?),
the second moment of the likelihood ratio under the null, this strategy is also called “second-moment
method” in the literature.

For proving our lower bound, we consider the special parameter space &7 = {A: A = \u; ®
o+ ® Uggm, UL, ..., Udpm € Sp—1}. Moreover, without loss of generality, we assume the noise
tensor has i.i.d. N (0, 1) entries. This is because o is assumed to be known, we can rescale the data
by dividing o and replace A by \/o in the end.

Naive second-order moment method fails even in m = 1,d = 0. Inm = 1,d = 0, we
have y; = awx; + e; for i € [n], or compactly Y = ax' + E € RPX", where a = Au and

x = (z1,...,2,) . LetC :== {u € R? : w; € {1/,/p,—1/\/p},i € [p]}, a natural prior, 11, on
the parameter space would be a = Au where u is generated uniformly at random from C. Then by
Lemma 38 Eq. (47) in Appendix F, we have

X*(Dy, Do) = Eyyeunitic) (Ex(exp(X*(u, v)[[x]13)))

1 1
~ Euemir ([ s (0¥ v) = Dl - d ).

Notice that the inner expectation Ex (exp(A2({u, v)||x||3)) is infinite if A*(u,v) > 1/2. To avoid
this, we peel away a rare “bad” event when ||x||3 is large. By the property of TV distance, truncating
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away a rare event only affects TV(PP,,Py) by o(1). In this example, we let the good event be
A= {||Ix|3 — n| < n/2}. By the concentration of 2, we know the “bad” event A¢ happens with
probability at most exp(—cn) for some ¢ > 0. Finally, condition on the good event A, we are able
to show x%(D,,, Do) = o(1) when X = o(p'/*/,/n) and the conclusion follows by (6).

Truncation on both covariate and prior is needed when m = 1,d > 1. In this setting, we
first show that to prove the lower bound in m = 1,d > 1, it is enough to show it for the special
m = 1,d = 1 case, i.e., y; = A\(Xj,u;)ug +e; fori = 1,...,n or compactly Y = )\ugulTXT +
E € RP*", A natural prior on the parameter space would be A = Auju, , where u; and uy are
independently drawn from Unif[C]. Similar to the m = 1,d = 0 case, we find a bad event exists
here as well. Moreover, since the x;s and u; are entangled together, we need to truncate away a bad
event depending jointly on X and u;. Specifically, we find a proper good event is the following:

A=A (A2 ={X, w : [XTX|f < Ci(nVp)*(n Ap), X < Cov/nVp, [Xu|lz < Csv/n},

where A1 = {X: | X" X5 < C1(nVp)*(nAp), [|X|| < Coy/nVp}, As = {||Xui |2 < C3v/n}
and (', Cy, C3 are some sufficiently large constants. Here the motivation of this good event comes
from the latter part analysis when we apply the Hansen-Wright inequality. By the concentration
theory for random matrices, we have A happens with probability at least 1 — exp(—c(n A p)). By
Jensen’s inequality and (6), we are able to show

TV(Py,Py)

1
“(E
4<X

where A := \/plog z/(c\*). Next, we apply the Hansen-Wright inequality

A2p2 Ap
Cxrxz N XX
I Iz |l |

Cn2)4

exp
1a, (1 +/ ’ Py, (Ju] XTXuy| > A) dz)] —Px (A)) + exp(—c(n A p)),
1

IN

Pu1~Unif[C] (‘UIXTXull > A) < exp <_

and with this we can show condition on event Ay, when X\ = o((p/n)'/2 A (p/n)*/*), we have

cn?r

P plog z
/1 ]P)ulenif[C} <|HIXTXU1| Z C)\4 ) dZ = 0(1)

This further implies TV (P, Pg) = o(1) as Px (A1) — 1, Px yu, ~unific](4) — L asn,p — oo.
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Appendix A. Hardness Against Low-Degree Polynomials

In this section, we leverage the recent result on the connection of SQ model and low-degree poly-
nomials (Brennan et al., 2021) and give the low-degree hardness of the tensor-on-tensor association
detection problem in the conjectured hard regime. To this end, we consider a simpler tensor-on-
tensor association detection problem with a uniform prior under the alternative.

Problem 28 We consider the following hypothesis testing problem:

Hy: (X;,Y:) i Dy := (N(0, 1)®p®d, N(0, 1)®P™) and Y; is independent of X;.

H: First, a vector u is chosen uniformly at random from Sp_1. X; € RP™ has i.i.d. N(0,1)
entries. Y; = (A&, )\u®(d+m))* + &;; E has i.i.d. N(0,0?) entries. We denote this distribution by

Dy,.
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Next, we introduce a few preliminaries about low-degree polynomials and we refer readers to
Brennan et al. (2021) for more details.

Notation. For a distribution D, we denote by D®™ the joint distribution of n independent samples
from D. For f : R —+ Rand g : R — R and a distribution D on R, we define the inner product

(f;9)p = Ex~pl[f(X)g(X)] and the norm [|f[[p = \/(f’ ) p-

Definition 29 (n-sample c-distinguisher) We say that the polynomial p : (de+pm)®” - R
is an n-sample e-distinguisher for the hypothesis testing Problem 28 if ’EX~D89" p(X)] —

EupEypen [p(X)]] = 6\/VG/TXND(()®7L [p(X)]. We call € the advantage of the distinguisher. If

€ > 1, we call p a good distinguisher.

Let V be the linear space of polynomials with degree at most k. The best possible advantage
achieved by polynomials in this class is given by the low-degree likelihood ratio (see (Brennan et al.,
2021, Fact 2.1))

e P05 PO = BB 00| = B [0 =1
XeDg™ -

pEV,E pen’
where D, := Dy/Dg denotes the likelihood ratio and the notation f <k denotes the orthogonal
projection of f onto V.

Another notation we will use regarding a finer notion of degrees is the following: we say that
the polynomial f({X;, YV}l ) : (RP*FP™)®n _ R for Problem 28 has samplewise degree-(r, k)
if it is a polynomial, where each monomial uses at most k different samples from {X;, Y;}I"
and uses degree at most 7 for each of them. Note that a function of samplewise degree-(r, k) has
degree at most rk. In analogy to what was stated for the best degree-£ distinguisher, the best unit
norm distinguisher of samplewise degree-(r, k) achieves advantage HEHNu [(Dgm)srk] —1 H pens

where the notation f=<"* now means the orthogonal projection of f onto the space of all samplewise
degree-(r, k) polynomials.

A.1. Hardness of Tensor-on-tensor Association Detection Against Low-degree Polynomials

In this section, we establish the following result.

Theorem 30 Consider the hypothesis testing Problem 28 with sufficiently large p. Given any 0 <
€ < 1/4 and sufficiently large p. Suppose \Jo < 1/2 form =0, A\/o < 01£1/4_€f0rm = 1and
Ao < c1p' %72 for m > 2 with sufficiently small ¢, > 0. Then if n < 02((0/)\)213(1/2726)(d+m) +

(o/ A)4]_9(1145)m) for some sufficiently small co > 0, then there is no n-sample good distinguisher
with samplewise degree-(r, k) for any r € N and any even integer k < p°.

Since evaluating a degree 7k polynomial with n samples is a proxy for running time O((p®t™n)"*),
Theorem 30 provides strong evidence for the hardness of solving the hypothesis testing Problem 28.
To prove Theorem 30, we need the following two results from Brennan et al. (2021).

Fact 31 (Brennan et al., 2021, Fact 2.2) If HEUNM [(D?”)Sr’k] — 1HD®n < ¢, then the hypothesis
0

testing Problem 28 has no n-sample e-distinguisher in polynomials with samplewise degree-(r, k).
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Theorem 32 (Brennan et al., 2021, Theorem 4.1) Let S be a hypothesis testing problem on RN

with respect to null hypothesis Dy. Let n,k € N with k even. Suppose that for all 1 < n' <n,
SDA(S, jt,n') > 100* - (n/n/)*. Then for all v € N, }Euw# [(D{?")ST’Q(’“)] — 1HD®” <1
0

Proof [Proof of Theorem 30] First notice SDA(S, u,n') > SDA(S, u,n) for n’ < n. So by
taking ¢ = 100%(n/n/)*¥ with k < p¢, n < co((0/X)2p1/2729(d4m) 1 (5 /A)4p(1=4)m) e have
SDA(S, jt,n’) > 100¥(n/n/)* by Theorem 19. This further implies

u

o 720] 1.

for all » € N by Theorem 32. Thus the result follows from Fact 31. |

Appendix B. A Simpler Proof of Statistical Query Lower Bound via Pairwise
Correlation with Suboptimal Dependence on \

In this section, we provide a simpler proof of the statistical query lower bound via the statistical
dimension defined by pairwise correlation comparing the proof of Theorem 19, but we will see the
dependence on A is suboptimal.

Definition 33 We say that a set of s distributions D = {Dy, ..., Ds} over R is (v, 3)-correlated
relative to a distribution D if |xp(D;, D;)| < vy forall i # j, and |xp(D;, D;)| < B fori = j.

We are now ready to define the SQ dimension based on pairwise correlation. To distinguish it
with the one in Definition 17, we use notation SD for it.

Definition 34 (Statistical Query Dimension Based on Pairwise Correlation) For 3,7 > 0, a
decision problem B(D, D), where D is a fixed distribution and D is a family of distributions over
RY, let s be the maximum integer such that there exists a finite set of distributions Dp C D such
that Dp is (7, B)-correlated relative to D and |Dp| > s. We define the Statistical Query dimension
with pairwise correlations (v, ) of B to be s and denote it by SD(B,~, ().

If one can bound below the SD of the given problem, then it also implies an unconditional lower
bound on the complexity of any SQ algorithm for the problem using the following result.

Lemma 35 (Corollary 3.12 in Feldman et al. (2017a)) Let B(D, D) be a decision problem,
where D is the reference distribution and D is a class of distributions. For ~v,8 > 0, let
s = SD(B,~, 8). For any v' > 0, any SQ algorithm for solving B requires at least s - ' /(8 — )
queries to the VSTAT(1/(3(v +4/))) oracle.

Next, we provide a lower bound on the SQ dimension for the tensor-on-tensor association de-
tection problem when \/o < 1/2.

Theorem 36 (Statistical Query Lower Bound) Suppose A/ < 1/2. Givenany 0 < ¢ < 3, the

statistical query dimension of the tensor-on-tensor association detection with pairwise correlation
(co(()\/a)2g(c_1/2)(d+m) + ()\/0)4Q2(c_1/2)m), (1—2()\/0)?)~Y2 1) for some constants cy > 0
is at least O(2¥%)), where p = min; p;.
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Proof We consider a subclass of parameters 7 = {A = Au™™ u € S,_1} and without loss of
generality assume o = 1. Recall we use notation Dy, to denote the joint distribution of (Y;, X;)
with tensor parameter &/ = Au®@+m). and notation Dy to denote the distribution of (Y;, X;) under
Hy. Our goal is to bound the y2-divergence between D, and Dy and to find a large collection of
distributions { Dy, }ueys with weak pairwise correlation.

First by Lemma 38, we have

X2(Dyu, Do) +1 = (1 —2X3)71/2,

as A < 1/2 by assumption.
Moreover, for u # v, we have

X Do (Du(Yis i); V(i &) +1
Du(¥i, X)) Dy (s, X
DO y’u 1,)

Lemm 38 v exp <)\ (u,v)™(X;, u®) (X, V®d>)

) dY;dX;

)

—

a

—-1/2
< <1 _ <u’ V>d+m)\2) / . (1 _ )\2<u,v>d+m _

N

/\4<u V>2m —-1/2
1-— )\2<u,v>d+m>

% (1+c0()\2<u,v>d+m+)\4<u,v>2m)>,

—~
=

where (a) is because of Lemma 38 Eq. (49) and the fact when A < 1/2, we have A <1 /4,
so 1 — 14— X2tm(1 — 24) = (1 — D) (1 — N2™(1 4+ t%)) > 0 and ¢4 + N2 (1 — %) + 1 =
(14t (1 4+ X2t (1 —t9)) > 0, i.e., |t¢ + N2t™(1 — t24)| < 1, where t = (u, v); (b) is because
A <1/2 and Lemma 41.

By Lemma 45, forany 0 < ¢ < 1/2 we can construct at least N = 2(r°) number of unit vectors
U={u® u? . u®} such that maxy,syey [u'v| < O(p~'/%+¢). This further implies that

ugélaé( XD()( u(y7 %),Dv(y, %)) < Co()\2p(_l/2+c)(d+m) +)\4p(—1/2+c)(2m)).

This shows the statistical query dimension of the tensor-on-tensor association detection with pair-
wise correlation (co((\/c)?p(c=1/2d+m) (X /o)p2e=1/2m) (1 —2(\/0)?)~1/2 — 1) for some
constants ¢g > 0 is at least O(22(P)). [

We note that no truncation is performed in the proof of Theorem 36. If we perform truncation, then
we can improve \/o to be of scale up to Poly(log p), but it is unclear for us how to show the sharp
SQ lower bound when A /o scales up polynomially in p.

Appendix C. Proofs in Section 3
C.1. Proof of Theorem 1

Consider the special class of parameters &/ = {Au®@t™ u € (C} and we consider the
following prior on «/: A = Au®™™ with u uniformly at random chosen from C. Then
based on Lemma 27, it is enough to show x*(D, (¥, Z"), Do(Y, Z)) = o(1), or equivalently
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(D (Y, Z), Do(Y, Z7)) +1 = 1+ o(1), to prove our results, where D,, and Dy denote the
density function under the mixture model and null, respectively.
Then

XZ(Du(yy %)7D0(y7 %)) +1
B / [Eytmitic) Du (Y, 2)]?
B D()(ya f%>

Dll y; % Dv y, e%‘
= Eu~unif(c],v~Unif[C] / ( Do()>7, Qﬁ) )dyd%

n
L 38
T Euunitcl v Uniticl B2 exp (AQ > (X, u®h) (A, V®d>>
=1

dydx

(a)

< Eyuatnific]v~Uniflc] €Xp(nAZ(u®?, vE4)) (1 4+ Coc?)
= By tnific),v~uUnific) ©Xp(nA* (1, v)4) (1 + Coc?)

®)  nA?

< 9=+ Coc®) = 1+ o(1),

where in (a), we use the fact A < en~ Y4 for some small enough ¢ > 0 and Lemma 39, moreover
Co > 0 here is some universal constant; (b) is by Lemma 40 as d > 2 and A = o(1/p/n); the final
conclusion follows from the assumption that A\ = o(y/p/n), the function g satisfies g(0+) = 1 and
the fact we can let ¢ goes to zero as \ = o(n_l/ ) by assumption. This finishes the proof of this
theorem.

C.2. Proof of Theorem 2

We divide the proof into two steps, in Step 1, we prove the lower bound for m = 1,d = 0 case and
in Step 2, we prove the lower bound form = 1,d > 1.

Step 1. We follow the idea described in Section 7. Recall, we have model Y = Aux' +
E € RP*". Denote D,(Y,x) and Dy(Y,x) as the density function of the data (Y,x) under
distribution I, and IPy, respectively. Similarly, let D, (Y |x) and Dy (Y |x) to denote the conditional
density of Y given x. For notation simplicity, we use notation TV (D,(Y,x), Do(Y,x)) to mean
TV(P,,, Po), similarly for TV(D,, (Y |x), Do(Y|x)).

First, recall the good event is A := {|||x||3 — n| < n/2}, then

TV(D,(Y.%). Do(Y.x)) = 5 [ IDAY,%) = Do(Y, x)|aYdx

= ExTV(D,(Y[x), Do(Y][x))
= Ex (14 + 14¢)TV(D,(Y|x), Do(Y|x)))

(a)
< exp(—cn) + Ex14TV(D,(Y|x), Do(Y|x)),

®)

here (a) is because TV distance is at most 1 and the probability of event A is at most exp(—cn).
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Next, we show condition on A, TV(D,(Y|x), Do(Y|x)) is small:

TV(DL(Y ), Do(Y 1) € 53/ (DY [x), Do(Y )
1 Dyu(Y|z)Dy(Y|2)
<= .
=9 \/Eu,VNUnlf[C] |: DO (Y’X) dY
(i) L E ; exp()@(i 22){u,v)) — 1 ©)
=5 u,v~Unif[C] — i ’
® 1

< 5\/]Eu,v~Unif[C] exp(3n)\2 <11, V>/2) -1

(© 1
< \/exp Cn?\/p) — (d) = o(1),

here (a) is by Lemma 38 Eq. (46); (b) is because we condition on event A; (c) is because (u,v)
follows a sub-Gaussian distribution with sub-Gaussian norm 1/,/p and the bound for the moment
generating function for the sub-Gaussian random variable, see (Vershynin, 2010, Eq. (5.12)); (d) is
because A*n?/p = o(1) by assumption.

By plugging (9) into (8), we have TV(D,,(Y,x), Do(Y,x)) = o(1) when A*n?/p = o(1) and
the result follows from Lemma 27.

Step 2. First, we claim that to prove the lower bound for m = 1,d > 1, it is enough to consider
the m = 1,d = 1 case. The reason is the following: suppose under H;, the model is

G

= (M @ @ Ugpr, X + & = (Mg @ ugyr, X <20 ul ), + &

if there is an oracle tells us uy, ..., ug 1, then X x¢=! u/ still has i.i.d. N(0,1) entries. So we
can view X xf 11 u;-r as the new covarlate, and the model is the same as the model in H; when
=1,d =1 case.

To prove the result in the m = 1,d = 1 case, we assume the following prior A = Aujug,
where up, us are generated independently and uniformly at random from C. We denote this prior
by p1. By stacking {y;,X;}s together, we have Y = Augu] X 4+ E € RP*", where each column
of Yisequaltoy; fori =1,...,n

We also need the truncation argument as in Step 1, but now we not only need to truncate X, but
also u;. Denote the good event as

A=A ﬂAg ={X,u; : |X"X|Z <Ci(n V) (nAp),|X| < Cov/nVp, || Xuy s < Csv/n},

where A; = {X : | XTX||Z < Ci(nVp)2(n Ap), || X| < Coy/nVp}and Ay := {||Xuy |2 <
Cs3+/n}. Then

Px u, (A9)
< Px,u (IXTX[E > Ci(n v p)*(n A p)) + Pxu, (IXI] > Cov/n VD) + Pxu, (I Xut |2 > C3v/n)

< exp(—c(n Ap)),
(10)
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here we use a few facts to prove this inequality, the first two quantities are bounded by the fact
that | X|| > C/n V p with probability at most exp(—c(n A p)) by Corollary 5.35 of Vershynin
(2010) and X "X has rank at most n A p; the final quantity is bounded by the fact Xu; has i.i.d.
N(0,1) entries, || Xui|3 ~ x2 and the concentration bound for the x?2 distribution (Vershynin,
2010, Proposition 5.16).

Next, we bound TV (D, (Y,X), Dyo(Y, X)).

TV(D,(Y,X), Dy(Y, X))
=ExTV(D,(Y|X), Dy(Y|X))
= IEXIEulenif[C] ((114 + lAC)TV(Dul#D (Y|X)7 DO(Y|X)))

(10) (11)
< ExEy,~unifie] (1aTV(Duy 1, (Y[X), Do(Y[X))) + exp(—c(n A p))

= ExEu,~tnir] 14 (TV (D s (YIX), Do(Y[X))) + exp(—c(n A p))
= ExLa, Euy ctmitic) 1y (TV/(Dag, s (YIX), Do(Y[X))) + exp(—c(n A p),

here the notation Dy, ,, denotes the distribution of the data (Y, X) when u; is fixed while uy ~
Unif[C].

Then we have

© 1
TV (Duya (Y1X), Do(Y1X)) = 5 /3 (e (Y1), Do(Y X))

(@) 1
< 5\/Eu2,u’2~Unif[C] exp(A2(ug, uh)u XTXu) =1 (12

®) 1 4
< 5\/exp <i(u]—XTXu1)2> -1,
p

where (a) is by a similar argument as in (50) and (b) is because (ug,u}) follows a sub-Gaussian
distribution with sub-Gaussian norm 1/,/p

Based on (12) and the Jensen’s inequality, we have

(ExE, ~Unife] {141 145 (TV(Duy iy (Y]X), Do(Y[X)))})?
SEXEulenif[C] {1A1 La, (TV(DULNQ (Y[X), DO(Y|X)))2}

)
)

(12)1

o 13
2 ZEXEulenif[C]1A11A2 <exp (T(UIXTXm)?) -1 (13)

1 0%
= Ex L4, By wunitie) L4, <6Xp (7(U1TXTXH1)2> —1
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. 4 . . . .
Since exp (% (ulTXTXul)Q) is a nonnegative random variable, we have given on X,

A r ot 2
Ey, ~uUnific) 14, | exp 7(111X Xuy)

)\4
/ u1~Un1f[C <1A2 €xp <%(UIXTXU1)2> > z) dz

%
i / u1~Un1f[C] <1A2 exp <7(UIXTXU1)2> > Z> dz
exp Cn A4 C)\4 o )
/ Py, ~Unif[c] (exp <?(u1 X' Xuyp) ) > Z> dz (14)
exp C’ﬂ—)\4 CA4
=1 +/1 ’ Py, ~unit(c] <9XP <7(U1TXTXU1)2> > Z) dz
cn2x4
exp 1
plogz
=1 +/1 Py, ~unit(c] <|U1TXTX111\ 2\ o ) dz
2,4
(b) exp 72 A2p? Ap
<1 — VAN d
e [T e (et )
here (a) is because on event Az, we have [u] X Xu;|? = ||Xu;||3 < Cn?; (b) is by the Hanson-

cAd

Wright inequality (Rudelson and Vershynin, 2013) with A := /2% and entries of u; are i.i.d.

sub-Gaussian random variable with sub-Gaussian norm 1/, /p.

Thus condition on event A1, from (14) we have

)\4
EU1~Un1f[C}1A2 <€‘Xp ( ( XTXul) >>

Ap >
A ) ) dz
HXTXHF IXTX]|

p?
A Ap dz
n\/p (n/\p) nvVvp
(a) eXan)\ 2
§1+ ex dz
1 p< (an (n/\p)>>
p>log z
_1+/1 eXp< <n\/p (nAp)A‘*))d'z

4
o2 (- (i)

=1 +/ 2 (nVp)=(nAp)A dz
1

21+ 0(1),

< 1+ exp

< 1+ exp
1
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here (a) is because when z < exp(C” AL ), we have % < an—\f;; (b) is be-
cause when A = o((p/n)'/? A (p/n)'/*), we have —¢ (Mﬁ) — —oo and thus

Ccn2x% ( /( p3 ))
exp -\ 37
fl p P (nVp)=(nAp)A dZ — 0(1)

By plugging (15) into (13), we have

(ExEu, ~Unitic) s Lz (TV(Duy s (V| 2), Do(¥12))))°

(1 )1 a
<1 (Ex1a, (14 0(1)) — ExEy, ~Unific]14) “ o),

here (a) is because both event A and A; holds with probability goes to 1 when n,p — oo by
(10). This concludes that ExEy, ~unirc)1a, 14, (TV(Duy e (VIZ7), Do(Y|Z7))) = o(1) when
A= o((p/n)"? A (p/n)"/*) and the result follows by considering (11) and Lemma 27.

C.3. Proof of Theorem 3

We first consider an easier hypothesis testing problem. Suppose other than the data {X;, Y;}l- 4,
the oracle provides the following additional information: under Hy, it provides {z;}?_,, where
z; := (X, v®%) for some arbitrary v; under Hy, suppose A = A\u®(@*+™)  then the oracle provides
{x;}7_, where z; := (X;,u®). Since under Hy, Y; = A\u®"(X;, u®?) + &, given z;, Y is
conditionally independent of &, an easier hypothesis testing problem comparing the original one
is the following: given i.i.d. data {¥;, z;} |, Vi = z; A’ + &; where x; and &; has i.i.d. N(0,1)
entries, we would like to test

Hy: A =0 versus Hy: A €.\, (16)

where for A > 0, &/(\) = {Mu®™ : u € S,_1}. This is the original testing problem with
m > 2,d = 0. In summary, to prove the original statement, we only need to show there is no
reliable testing procedure when \/o = o((p/n)/?) in the d = 0, m > 2 case.

Let the good event be A := {|>"  2? — n| < n/2}, where z; b N(0,1), and by the
same argument as in (8), if we can show TV(D,(Y|Z"), Do(Y|Z")) is small on event A when
Mo = o((p/n)*/?), where p is the prior on &/ chosen in the same way as in the proof of Theorem
1, then we are done.

Given A,

TV(D.V12), DoV 2) < 512DV 2), DoD].2)

(a) 1 "
< 5 Eu,vanif[C] exp()\Q(Z a:?)(u, v>m) -1
i=1 (17)
)1
§§¢memm%M%V@NWﬂ%4
(91

5V 9 (CnA2/p) — 4;

here (a) is by Lemma 38 Eq. (46); (b) is because we condition on event A; (c) is by Lemma 40 and
Mo = o((p/n)'/?). This finishes the proof of this theorem.

<
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Appendix D. Proofs in Section 4

Throughout the proof in this section, we will again assume ¢ = 1 without loss of generality and
we consider A = MNu; ® -+ ® ugy,y, with ' = X as detection only gets easier as A’ increases.
Moreover, the following representation for the model (1) is used a lot in the proof. By Lemma 44
Eq. (53), wehave Y; = M(Xj,u1 ® - - @ ug)ugy1 @ - - - @ Ugq, + &;. So under Hy, we can write
Y =A|w|ag1 ® -+ @ Ugin @ W/||W] + € where

w= (X, m® - Qug),-, (X, m @ Dug)) (18)

D.1. Proof of Theorem 5

First, we control the type I error,

d+m Lemma 43(b) d+m
Po (1Y, 2) =1) =Py | Ty = Z1ay | n( D 1)) < exp(—ca( Y pi) < a/4,
=1 =1

here the last inequality holds by picking Z,, to be large enough.

Now, let us compute the type II error. Suppose A = Au; ®- - -®@Ugyym,. Recall Y = 7/ (X)+E,
then

Pa(d1(Y, 2)=0)=Pa

T T
=Py sup ZH(Y) Xi=1 V] X Xdgm Vipm < Zla
V]'ESpjfhj:l ..... d+m

=Pa sup (Z7(Y), Vi ® - @ Vatm) < Z1a
VjGSpj_l,j=1,.,.,d+m

<PA [ (Y, Z (01 ® - ®@Ugim)) < Z1a

d+m
(> py) + (€ 2 (w @ @ )]

Jj=1

(b)
SPA(Z2 (0@ @ugpm)f/n—1< -1/2) + a4

()
< 2exp(—cn) + o/4 < 3a/4,
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where (a) is because we have shown in the Hj case that Z1,, is chosen such that

d+m

n(Y_ pj)
j=1

’<87 %(U1 (RIS ®ud+m)>| S Zla

d+m
holds with probability at least 1 — «/4; (b) is because A\ > 47,1/ w by our assumption; (c)
is because by Lemma 44 Eq. (53), we have

n

n
12 (@ @ ugn)llE = S X w @ - @ g llp = S (X @ @ ug?,

i=1 i=1
and by the fact of Lemma 42. The last inequality holds by choosing n to be large enough. This

finishes the proof of this theorem.

D.2. Proof of Theorem 6

First, we have

d+m Lemma 43(a) dtm
Po (62(Y, Z) =1) =Py | T2 > Zoay|n+ D> pj < exp(—ca(n+ Y pj)) < o/d.
j=d+1 Jj=d+1

Here the last inequality can be hold if we take Z,, to be large enough.
Under the H;, we use the representation Y = A\||w||ug41 ® -+ - @ Ugym @ W/||W]|| + € where
w is presented in (18). Then

Pa(02(¥,2)=0)

T T T
=Py sup Y XV X X Vi Xl Vi < Z2a
Vjespd+j—17j:17---7mavm+168n—1

<P [ ¥ 51wl % xm ul Xmr w/||W]) < Zaa

=P | MWl + & x1 gy X X U X1 W/ [ W]| < Zoa

(a)
<Pa

d+m

n+ Z pj | +2exp(—cn)+ /4
j=d+1

()
<P4 [ AWn/2 < 2754

()
<0+ 2exp(—cn) + a/4 < 3a/4.
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Here (a) is because under Hy, Zaq is chosen such that [ x1ug, ;X -+ Xy, Xmpaw ! /[|wl]| <
n+ Z;th p; holds with probability at least 1 — «/4; (b) is because ||w|| > |/n/2 with

probability at least 1 — 2 exp(—cn) by Lemma 42; (c) is because A > 2v/2Z5,/1 + 2?2211 %
by our assumption. The last inequality holds by taking n to be large enough. This finishes the proof

of this theorem.

D.3. Proof of Theorem 7

First, with a little abuse of notation, we let the entries of £; tobe &;; for [ = 1,.. (H?Jrgil Dj)-
Under Hy, we have

d+m
Po(g3(¥, 2) =1) =P Z 1Yill#/ (v TT i) =12 Zsa/y|n ] ps
j=d+1 j=d+1

d+
n Hg d+1p]

=Py Z Z l—l > Z3a
=1 =

where in the last inequality, we use the Bernstein inequality for the sum of sub-exponential random
variables and let Z3,, to be large enough.

Now let us compute the type II error. Denote A; = Y1 (X, 11 ® --- ® ug)? and Ay =
Do (X @ @ ug) (€, W1 @ - @ Uggm).

Let A be the event A := {|A;/n — 1| < 1/2}. By Lemma 42, we know event A holds with
probability at least 1 — 2exp(—cn). And we assume 2 exp(—cn) is less than «/6 by taking large
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enough n. Then we have

A(d3(Y, Z) =0)

d+m
=Pa ZHyZHF/ H pj) =1 < Zza/,|n H by
J=d+1 j=d+1
1927 ps
A2 Z3a —2) Doic1 21=h s ](8221 - 1)
nlliZdps n 152041 pj nlliZdps n]liZa v
| sy
p 22 Z3a —2) i oy E, - 1) 4 6
—A 9 TT¢+™ d+m < drm 52 d+m ’ +a/
mdﬂﬁ nlli a1 pj n]liZai s n]1jZa P
Hd+'m P
@P A2 T30, —2) S ](82 1) A
=TA 4 d+m + dtm < d+m =2 d+m ) + a/6
[T s n 152041 pj nll; 2P n]li a4 v
| A
(QJP’ A2 2\ Al A Z3a POHID Dy J(gQ -1
=5A d+m 2| +Pa < d+m
41152 d+1pj HJ a1 ,/nH] g1 D nlTiid 1 pi

+ a/6.

2Z3a

Here (a) is because l_[d + = -
j= d+1 J ”HJ d+1Pj

19)

by the assumption on \; (b) is by the union bound.

Next, we bound the last two probabilities at the end of (19) one by one. First,

17 ps
P Z3a Z? 1241 ]1 o ](8121 1)
A d+m < an+m
nIlZas P j=d+1Pj

by the choice of Z3,, and n discussed in Hy case.
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Second,

2\

d+m

Ay
nH] d+1 Py

)

Pa

]P’A<
d+
II;= cﬁ—lpﬂ

An
— A A
8 2l )

<
Ex (P (5 <180l 4) [t

s T 1/ . @1
<EX Pa | Zsan™*( [] p))"* <1As], A ‘{Xi}izl

J=d+1

d+m
< B (Pa | Zan T )" V2R Gn) < 1] | {2002,

j=d+1
() 72 p3/2(TTd+m /29N, /(3
9o <_ 2 /20 d;im YCOA

1

where (a) is by the assumption on A; (b) is by the property of event A ;(c) is because condition on
{ X}, we can apply the Hoeffding inequality on the weighted sum of Gaussian random variables
{{& 1441 ® - @ugym) 1y in Ag with weights { (&, u; ® - - - ®ug)}7"_;, and the last inequality
holds if we take n to be large enough.

By plugging (20) and (21) into (19), we prove that the type II error is bounded by 5c/6 and this
finishes the proof of this theorem.

D.4. Proof of Theorem 8

The proof is long and involved. The main idea of the proof is to compute the expectation and
variance of the statistic 74 under both Hy and H; and then use the Chebyshev inequality to bound
the type I and type II errors. We decompose the proof into several steps. In Step 1, we compute
EoT4, EATy, VargTy and bound the type I error; in Step 2, we prepare for bounding Var 47%; in
step 3, we compute a few key quantities in bounding Var 47}; in the last step, we get the bound for
Var 4T, and the type II error. In this proof, we assume A = Au; ® - - - @ Ugipm,.

Recall

(yl ® Xi)[zlv~~7zd+'nJ = yi[zdjtlv“vqutm}Xi[zlwwzd}
(Vi @ A, Y ® Xj) = Z yi[zd+17-~-7zd+m]yj[zd+17~--7zd+m]Xi[zla-~-7zd]Xj[zl7--~7zd]' 22)

Z1y--3%d+m
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Step 1. It is easy to check EgTy = 0 and E4Y; ® X; = A. So we have E4T), = A2, Next

2
4
VCLT()T4 = H‘E()T42 = mEQ Z<yz & Xi, yj X Xj)
1<j
2 2
= —<Eo (Vi ® X, Y; @ X
201 s
onn—1)"
Then by Chebyshev inequality, we have
d+m / E0T2
Po (44(Y, 2) =1) =Py | Ta > Zaa( || pj)"?/n | < P < /2,
H (Zaa (17" )12 /)2

where in the last inequality, we take Z,, to be large enough.
Step 2. In this step, we do preparation for computing Var 47}. For simplicity, we introduce a
few new notation. Given any k. € [pg..] for z = 1,...,m, let AF1km) — Ai ko] €

RP1>XXPd, yi(kl’m’km) = Yilk1,....k,) and 81-(k1""’km) = Eilky,...,kn,]- With this notation, we have

y(lﬂ,...,kﬁrﬂ) — <A(k’1,...7k‘m)’ Xz> + gi(kf17---,krn)’ fOl‘i — 1’ . 7n.

)

17~--’km)

Also we use notation .Al(k and A& ; to denote the [th entry in the vectorization of A1, Fm)

and A, respectively.

Denote
(1), (25, 0p) = 30 (i) — Albveeko) il g — Alteto)
ki, skm
S, V) = D (Yt ag - Ak gk,
ki, skm

Notice that K ((X;, V), (X;,Y;)) and §(X;, Y;) are centered, moreover simple calculation yields

2
Ty=—-— Z (K((X:, %), (X, D)) + 6(X:, Vi) + 6(X;, V) + | AlR)
n(n—1) 1<i<j<n
2 2 O
= K({(A&,Yi), (X, Vi) + — 5(X:, i) + M2
n(n_DISZ;Sn (X5, 1), (X5, Y5)) n; (X, Vi)

Notice that K ((Xj;,Y), (X;,Y;)) for different (i, j) pairs are uncorrelated under H;; similarly
K((X:,Y:),(X;,Y;)) is uncorrelated with 6 (X5, ;) and §( X, ;) is uncorrelated with §( X, Y;)
for i # j. Thus the variance of T} has the following formula:

4 n(n

Vara(Ty) = n2(n —1)2 ’ 2_ 1)E(K((ley1)7 (X2, yQ))2) + %HEA@Q(XM AZ9)

= n(n2_1)Va7’A(K((XL V1), (X2,I%))) + %VarA(é(Xl, ).

(23)
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Next, we bound Var 4(6(X1, V1)) and Var 4(K((X1, V1), (X2, Y2))) separately. We will use
the notation Ex and Varxy to denote the expectation and variance computed under the marginal
distribution of the covariate tensor X and notation Efi and Vari{ to denote the expectation and
variance taken under the conditional distribution of Y given X with parameter .A. Finally, we will
also use the notation p? to denote H?:l pj for simplicity.

The key formula in bounding the variance of Vara(6(X1,Y:)) and
Var o(K((X1, Y1), (X2,Y2))) is that for any random variable f(X,)),

Vara(f(X,¥)) = Ex(VarX(f(X,¥))) + Varx (EX(f(X.D))). (24)

Next, we bound Var4(6(X1,Y1)) and Var 4(K ((X1, Y1), (X2,Y2))) separately in Step 3.1 and
Step 3.2.

Step 3.1 (Bound for Var 4(0(X1,Y1))). Let 6;; be the Kronecker delta. Then

6((X1, 1)) Z ZAkl’ o) | gkt km) 1.j +2Akl’ v X1,3X1z — dj1)
k17 7km] 1
(25)

Then we have

p? P
EXO(&L,Y)) = Y SN Ak gtk s - oy)
i,k j=1 =1
p¢ p?
— Z Z A(k‘h ) ‘"L)A(k17 5 'm) (XL]X;[ - 6][)
j=11=1 \ki,...km

and

pd
Varg (6((A, ) =VarE( Y S Albknlglfiem)

kl»“-:k"m .]:1

k1yeoskom K. kL, 5=11=1
@) rZ (B1seeskm) g (F1yeenkim)
= D DD AT X
k1 -7k37n ]:1 =1
A (k15ekm) Ak )
:Z Z A IR mA 1y-esim XLJX”,
j=11=1 k1,....km
where in (a) the nonzero part appears when (k1, ..., k) = (K}, ..., k},).
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et k k k k
:Z Z A§ Tyeers m)Al( Lseeoskm) Z Agkl,...,km)Agkl,...,k‘m)
j=11=1 r=1s=1 \ki,..km Fevoikm
X EX(XL]'XLZ — 5jl)(X1,TXLS — 5rs)
d 2 9
(@ &

<2 ' Z A§k1,...,km)2 +9 Z Z Ag'kl’m’km)Ayﬁl""’k’”)

1<jr<pj#r \Ki,-.km

2
(b) P
<9 Z Z A§k1,..-,km)2 19 Z ( Z A§k1,...,km)2)( Z Agkl,...,km)z)
‘j lk‘l’” km lgj,TSpd,j;éT klv---vkm k17- 7k'7n
p? 2
E1yookm)2
<AF+2 (> D AP )~ g A,
j=1ki,..km
(26)
where in (a), we use the fact
2, ifj=l=r=s
Ex (X1 X1 —0j) (X1, X1 —0ps) = 1, ifj=r#l=sorj=s#l=r 27

0, otherwise.

In (b) we use the Cauchy-Schwarz inequality.

Finally,
p? pd
ExVCLT‘fX((;((Xl, M) =Ex Z A§k1,...,km)Al(k1,...,km) XX,
]:1 =1 kl, ,
d (28)
p
a) k yeoskm)2
= oAl Al
]:1 kl’ 7km

Here (a) is because the nonzero part appears when j = [.
Based on (26), (28) and (24), we have

Vara(6((X1,21))) < 4| Allg + AlIE = 4X" + A%, (29)
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Step 3.2 (Bound for Var 4(K ((X1, Y1), (X2,Y2)))). First, we have the following decompo-

sition for K ((X1, Y1), (X2, Y2)) under Hy,

K((&X1, 1), (X2,Y2))

pd
Sy (el ,km>xj+z,47k17 R (X ;X0 — 6r)

k“lr"vkmj:]‘

pd

E1,....km

% 52( 1yeeoy )XZJ+2Agk1,..-,km)(xzij27s_5sj)

s=1

p? pd
(k k1, km k1,....km ke,

Y Tt e Y e b A 2,2,
k1,....km j=1 kiyeeoskm 3=1 s=1

+ 2 ZZAwkl k) (25201, — 0,5)ES ) 2

kiyeeskm j=17r=1

p? [ p? p?
+ Z Z Z-Avkh - (Xl,gxl . — 5rj) ZA (k1,....k XQ,jXQ,s _ 55;’)
k1, kom j=1 \r=1 s=1

(30)

Thus we have

EX(K((X1,)1), (X2,I2)))

QL

P
= NSNS Ak (2 20— 6) AR (R Xy s — 6g)
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By noticing that each summation term in the last equality of (30) are uncorrelated to each other
given {X;}7 |, we have

Varg (K((X1, Y1), (X2, 2)))

d d
p p
X o(bkm) ok kim) ok k) @k, okl
= > > YN EXEM e gt gt e s s 26)
kiyeskm K.k, =1 1=1
d d d d

ki, km k.. kb, §=1 s=

1
Eﬁ(gl(kl7-~~7km)g£k17“'7km Xl jXLlA(kl ..... k‘m)AlE‘kl“'ﬂkm)(Xz’jXZ,S _ 5sj)(x2,lX2,r _ 67‘[))
p
HDIND DS

k/7".7k’/fn e
XQ,jXQ,lAg ! )A,(ﬂkl’ k) (A ;0 — 00i) (X011 X0 — 041))

r’ p
(g Z ZZXL]'XQJXLIXQ,Z

klv"'7k7n ]:1 =1

p p p
0NN AR AR k) (X 20— 64)) (Xa X — 011))

pd
D Xy Xy AR A (20 520 = 6,5) (XX 6 — Ba1)),

where in (a) the nonzero part appears when (k1, ..., ky) = (K}, ..., k},).
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Thus, we have

j=1r=1s=11=1 u=1v=1 \ki,..km ki,....,k

X Ex (X1, X1, — 0r) (X1,uX1) — 0u)Ex (Xo oy Xo ) — 5yy) (Ao ]XQS — 0s5)

e 2 2
@n (ks skim)2 (k1seeskim) g (ks ki)
S IS P IR SN I S

j=1 k1yeeeskm j=u=l=r#s=v \ki,....,km

E1yeekm)2 K1,eokm)2
SR D o R | I ST
s=r=l#u=j=v \ki,....km k1yeeskm
2

+ Z Z A&kl,...,km)Agkl,...,km)

j=l#r=u,s=v#l \ki,....,km

(a)
<4||Algp+3 Z Z A km)2 Z AlkLkm)?2
1§j75§pd7j#5 kl’ 7km kl7--~7km
e
+2) 0 > 3 Al S A2
J=1s#jr#j \ki,..., km k1yeooskm
pd pd
S4HAH%‘+3(Z Z A§k1,---,km)2)2+pd(z Z A&kl,.‘.,kmp 2
J=1k1,...km r=1ky,....km

d d
<3([IeollAlE =3([[p)X
j=1 j=1

i Z A(kl, . kl, Kkm) Z Akl, . ,)Agkl,...,

km)

D

Here in (a) we apply the Cauchy-Schwarz inequality to the second and fourth summation terms and

combine the second summation term with the third summation term.
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Moreover
Ex(Vark (K ((Xl,yl) (X2,)2))))
d+m pd
H pj)Ex( ZZXUXZJXLJX?Z)
Jj=d+1 j=11=1
pt pt p? p?
19 Z Z Z Agk17...,km)A£k1,-..,km) EX(XLJ'XLl(XQJXZS — 55]‘)(.)(27[)(2’7, — 571))
j=1s=11=1 r=1 \ki,...km
( )d+m p? p? pd
a
=TI p+2>. D Al AFbn) | B (X, Xgs — 655) (Ko Xy — 6r5))
j=1 j=1s=17r=1 \ki,..km
p) dm p? pd
S IR 3 SO
] 1s=1 k17 ,k‘
d+m d+m

= Hp;+4 Hpk A% = Hpg +4( Hpk
(32)

Here (a) is because the nonzero part appears when j = [ and (b) is because the nonzero part appears
when s = r and Ex((X27jX275 — (55]‘)(X27j/¥275 — 55]')) < 2.
Combining (31), (32) and (24), we have

d+m
Var a(K (X1, 21), (X2, I2))) < 3( Hp] X+ H P+ 4( Hpk : (33)
Step 4. By plugging (29) and (33) into (23), we have
d+m
Var 4(Ty) < H PNt + H p; + 4( H PR)AZ) + 4)\4 +A%). (3
By Chebyshev inequality, we have
d+m
Pa(@s(Y. /) = 0) =Pa | Ty < Zial [ 0)"/?/n
j=1
d+m
<Pa|Th—EaTs < Zua([] 9))"/?/n — EATy
j=1

(a)
<Pa (Ty— N < —X?/2)
Var4(Ty) ©
— K .
S g =92

Here (a) is by the assumption on A and (b) is by (34) and the assumptions on A and n >
C’Q(sz1 pr)'/2. This finishes the proof of this theorem.
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D.5. Proofs for Corollary 9 - Corollary 14

The proofs for these corollaries are similar. Here we provide the proof for Corollary 14 and omit
others for simplicity.
Let us first consider the guarantee for ¢; V ¢9. First,

Po (01, Z)V ¢2(¥, 27) = 1) <Po (01(Y, 27) = 1) + Po (62(Y, 27) = 1) < /2
for proper choices of C?, as we have shown Theorems 5 and 6.

Under Hy, when n > Ca7d7m(z;-li§" pj), by Theorem 5, we have if A satisfies the condition in
the statement, then

Pa(@1 (Y, Z27)V ¢2(Y, 27) =0) <Pa(61(Y, Z) =0) < /2.

Whenn < Ca’d’m(z:?i{” p;), then we have Z?i{” Pj/M > Ca,dm- So by picking C/, large enough.
The assumption on A implies that the requirement of A in Theorem 6 holds. So we have

Pa(@1 (Y, Z)V ¢2(Y, Z7) =0) <Pa(¢2(Y, 27) =0) < /2.

This finishes the proof for the statistical upper bound part.
Now let us consider the guarantee for ¢3 V ¢4. Under Hy, we still have

Po (93(Y, Z)V a(Y, 2) =1) <Py (¢3(¥, 27) = 1) + Po (¢4(Y, Z) = 1) < /2

for proper choices of C!, as we have shown Theorems 7 and 8.
Under Hq, when n > C,, H;ligilpj, we have \/(H?J:F?”ij)lﬂ/n < Ca((H?igil pj) /)4,

by Theorem 8, we have if A > C/, \/(H?ﬂn p;)'/2/n, we have

Pa(¢3(Y, Z)V ¢s(Y, Z) = 0) SPa(¢s(Y, 27) =0) < /2.

When n < Co []524, p;» then we have \/(H?:ln pi)?/n > co(([1520 pi)/n)M/*. So when
A > C’;((H?igﬁrl p;j)/n)'/4, by Theorem 7, we have

Pa(@3(Y, Z)V (Y, 27) = 0) <Pa(¢3(Y, 27) = 0) < /2.

This finishes the proof for the computational upper bound part.

Appendix E. Proofs in Section 5

We will follow the convention introduced at the beginning of Appendix C and consider the special
setting p; = p2 = - -+ = Pg+m and o = 1 without loss of generality.
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E.1. Proof of Theorem 19

Here we provide a unified proof for m = 0, m = 1 and m > 2 together, although we note the
truncation strategy we introduced below is actually not needed in the m = 0 case.

We consider a subclass of parameters &/ = {A = Au%*™ u ¢ Sp—1}. The prior we put
on the alternative is u ~ Unif(S,_1). Recall we use notation D,, to denote the joint distribution
of (Y, X;) with tensor parameter &7 = Au®(@+"); and notation Dy to denote the distribution of
(YVi, X;) under Hy. Based on the definition of the statistical dimension, it is critical to understand
the behavior of |y p,(Dy, Dy)|. By Lemma 38 Eq. (49), we can see this term can easily blow up
when A > 1, which will happen in m = 1 or m > 2. Thus, here we need to perform truncation
under H. Given (Y;, X;) ~ Dy, we keep the data if [ (X;, u®?)| < M := C/log p for sufficiently
large C and resample otherwise. Let C, be the normalization factor 1/C, := P (|(;, u®?)| < M).
Notice that C, == 1 for large enough C'. Let us denote this truncated distribution as Dy. Itis easy to
check TV (Dy,, 15u) = p~¢, which goes to zero as p — oc. If we denote the risk for this modified
hypothesis testing problem

Ho: (Vi, X)) ~ Dy vs. Hy : (Y, &;) ~ Dy for u ~ Unif(S,_;) (35)

as R, then we have for any test ¢, R(¢) > R'(¢) 4+ o(1) as p — oo. Thus to show the SQ lower
bound for the original hypothesis testing problem, it is enough to show the same lower bound hold
for the hypothesis testing problem (35).

We divide the rest of the proof into two steps. In step 1, we provide a good bound for
|XDy (Dy, Dy)| based on different values of |u'v| and in the second step we bound the statisti-
cal dimension.

Step 1. Given any u,v € S,_1,u # v, lett := u'v. If [\2#™| < 1/4, then we can easily
check (1 — t2)N2t™ + 19 < (1 — [t4)2)/4 + |t < 1 as [t?| < 1, and we have |\2t4+™| < 1/4.
Then by Lemma 38 Eq. (49), we have

‘XDo(EVaEU)‘ < CE‘XD()(DV:DU)‘

((1 _ td+m)\2)2 _ >\4t2m)_l/2

< C?

_1‘

Lemma 41

C2|1 — (¢ dTmI Nt _gpd+m )2 _ \42m) _
<C ‘t‘”mAQ + )\41527”‘ :
At the same time, for any u, v € S,_1,u # v, we also have the following bound by truncation:
[X00 (Dys D) | ™ C2 B oy < ey <ar (XD O™ (X, 0 (2, vE1)))
<C?exp (A2M2]tlm) :
In summary, we have

-~ CltHmAZ + XY2m | f (N2 < 1/4
< ’ e
|XDO (Dv, Du)| — { C’f exp ()\2M2|t|m) R otherwise . (36)

Step 2. By the definition of the statistical dimension, we find given any positive integer ¢, and

event A such that Py v unit(s,_,)(A) > 1/¢?, to maximize Eu,vatnif(S,_1) (|XDO(1~7V, 1~)u)||A):
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(1) incorperating positive ¢ is better than negative ¢ where ¢ = u'v; (2) for positive ¢, the upper
bound of |x p,(Dv, Dy)| is an increasing function with respect to ¢, i.e., choosing large positive ¢ is
better than small positive ¢.

Given any 0 < € < 1/4, let the event A* := {u,v € S,_1 : u' v > p~1/2+<}_ First by Lemma
46, we known (u'v +1)/2 ~ Beta (p%l p%l) Then by Zhang and Zhou (2020) Theorem 8, we
have there exist C’ > ¢ > 0 such that

exp(~C'p*) < Pyymunit(s, 1) (A") < exp(—cp™). (37)
We set 1/q% = Py younif(s,_1)(A%), i.e., ¢ > exp(—¢'p*/2). If we can show

N 1
IEuvamf ‘XD0<DV7D “A ] < E (38)

then we are done as for any other event A with Py, v unif(s,_;) (A) > 1/¢?, we will have

|

for the reason we have mentioned before and this implies the statistical dimension is at least ¢ which
is greater or equal to exp(—c'p?¢/2).

IE’u,vr\«Unif(Sp_l) |:|XD0(‘5V7-5U)|’A*:| > IEu v~Unif(Sp—1) |:’XD0(DV7D )

Next, we show (38). Let us define two more events

A™ = {U,V|U.TV > pil/ZHE} and A" = {u,v]]fl/%re <u'v< p*1/2+26}.

Then
IEu,vrvUnif(‘S‘,,,l) |:‘XD0 (INDVa ﬁu)‘ ‘A*i|
= IEu,vanif(Sp_ﬂ |:’XDO (EV7 Eu)llA*} /Pu,VNUl’lif(Sp_1) (A*) (39
= IEu,VNUnif('Sp,l) [’XDO (Ew Eu)’(lA** + 1A***)} /Pu,VNUnif(Sp,l)(A*)-
Next, we bound Eu ,v~Unif(S, |:|XD0 (DV7 D )|1A**} and IEu ,v~Unif(S, [|XD0 (DV7 D )|1A***]

separately below.
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First,

EU,VNUnif(Sp71) |:|XD0 (EV7 Eu) | lA**}

(36)
< By vatnit(s, 1)C2 [exp(A*[t]™ M?)1 4--]

b1 — ) T(p/2)
CI/2N(p—1)/2)

() 1
<COptm / exp(A20™/2M?) (1 — b)P=3)/2ap
p

db

1
@ e / exp(A2"/2 012
p—1+4e

—1-+4e

1 —
—Cpi% / exp(O2™ 202 — P =3 106 Ly
p

—144e 2 1-9b
40)
(© 1 3 (
<Cpl-2 / exp(AZ™2 M2 — P2y ap
p—1+4e 2
W Cp' =2 exp(A2M?) fp{% exp(—252b)db, ifm =0
<{ (Cpl fp{M exp(A20Y/2 M2 — cpb)db,  ifm =1
Cpl—2¢ f;_1+4€ exp(A2bM? — cpb)db, ifm>2
© s o [
<Cp~p / exp(—c'pb)db
p—1+4€
o _ Al y—144e ()
SCpCH*zG exp()\QMz) <6Xp_( /Cp) - eXp( C_p/p )) < exp(—cp4€).
cp cp
here (a) is because B := (u'v)? ~ Beta(3, ’%1) by Lemma 46 and we change the integration

variable to B; (b) is because I'(p/2)/(I'(1/2)I'((p — 1)/2)) < C,/p by the property of Gamma
function and we bound b—1/2 by pl/272¢ (¢) is because log ﬁ > b; (d) is because b € (0, 1); (e)
is because

_ A2pl/2p2 A2 M2 N2M2 . NAM2 1/4—
o (form =1) b cpbl/? < cpp-1/2F2 = pljatze — o(l)as A <cip /A=e,

[ (form Z 2) )xibp]\fQ = )\20];{2 = 0(1) as \ S Clp1/2_26;

and (f) holds when p is sufficiently large.

Next, on event A***, let us first check |A\%t™| < 1/4 holds inall m = 0, m = 1 and m > 2 cases.
First, it is true in m = 0 case as A < 1/2. When m = 1, |\%¢| < 0%101/2_26 -10_1/2“€ <c<1/4
as long as ¢; < 1/2. Finally for m > 2, |\2t™| < |\%t2| < 2pl=4€ . p~1+4¢ < 1/4 as long as
c <1/2.

Thus on event A***, we can bound |y p, (Dy, Dy)| via C[t* A2 + X42™| by (36). Thus

IEu,VNUnif(Sp_l) [‘XDO (Ew Eu)‘lA***:|
SEU,VNUnif(Sp,l) [C’|td+m)\2 + )\4t2m‘1A***}

Sc(p(*1/2+26)(d+m))\2 4 )\4p2m(71/2+2e))P

41
u,v~Unif(Sp—1) (A***)

So(p(71/2+25)(d+m))\2 + )‘4p2m(71/2+2€))Pu,vanif(Sp,l)(A*)-
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By plugging (40) and (41) into (39), we have

I['Eu,vanif(‘S'p_l) [|XDO (ﬁva ﬁu) | ’A*}

(37
< C. exp(—cp4€) . eXp(C/p%) + C(p(71/2+26)(d+m))\2 + )\4p2m(71/2+2€)) <

)

S|

where the last inequality holds as p is sufficiently large and n < c3 (/\Qp(l/ 2-2€)(d+m) 4 )\4p(1_45)m)

for some sufficiently small co. This finishes the proof of this theorem.

E.2. Proof of Theorem 23

One key property regarding the SQ algorithm we will use is the following one.

Lemma 37 (Theorem 1.4 of Feldman (2017a)) Let D be a distribution over the domain X. There
exists a statistical query algorithm that given n, &, B > 0, ¢ : X — R satisfying E,.p [¢%*(z)] < B
and access to VSTAT (n), outputs an estimate of E,.p|p(z)], denoted by Ey.p[p(z)], such that

Ez~plp(x)] — Eznp [SO(QU)]‘ < 8log(n) Varyp(p(r))

n

+¢
after making at most 3log(4nB /&%) queries.

Recall we use the following two critical statistics to design the test:

o sV, X1) =3 i Vil

= Z (yl ® Xl)[j17j17j27j27~--7jd+m J dtm ]
o

p p

- Z yl[j(d+1)/27j(d+1)/2v~-'7j(d+m)/27j(d+m)/2] ’ Z Xl[j17j17~~-7jd/27jd/2]
J(d+1)/25 I (d+m)/2=1 Jisesdaj2=1

Under H, we have

Eo(T5(Y1, X1)) = p™,  Vare(T5(Y1, X1)) = 2p™,  Eo(pi(d1, X1)) < 3p°™
Eo(T6(P1, 1) = 0, Varg(Ts(D1, X1)) = p " ™/%, Eo((V1, A0)) = p*.
Under Hi, we have Y1 = A(&7, u®)u®™ + €. We use the notation E x, and Var x, to denote
the expectation and variance computed under the marginal distribution of the covariate tensor X

and notation Eﬁl and Varil to denote the expectation and variance taken under the conditional
distribution of Y; given X with parameter A.
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Since T5(Y1, X1)| X1 ~ xZm (A2(X1, u¥%)?), we have
EA(T5(D1, X1)) = Ex, (p7 4+ X (X1, u®)?) = 3 + p™;
Var o(T5(V1, X1)) = Ex, (Varg (T5(V1, X)) + Varx, (BE (T5(V1, &1)))
= EX1 (2(pm + 2)‘2<X1> U®d>2)) + Vark& (pm + )\2<X1> U®d>2)
=2p™ + 407 + 2%
Ea(@i(V1, X1)) < p*™ + 2™ A% 4+ 2p™ + 407 + 301 < 3p™™ + 2p™ A% + 4X7 4 3x%.

p . . . . =
jl?"'7jm/2:1 yl[]17]17'~~7.7m/27]m/2] and €2

1 redags=1 Flirteiaadap then TV, X1) = &&. &]X ~ N(AXy,u®d), pm/2), so

fl ~ N(O, >\2 + pm/z) In addition 52 ~ N(O7pd/2) and
Ea(Ts(V1, X1)) = Ea(&1&) = A,

Moreover, under H;, denote & =

.. .. . T )\2 + pm/2 A
thus &7, & follow the joint normal distribution (£1,£2) " ~ N | 0, \ »12| ) So we can

write £, = Ao /p¥? + Z where Z ~ N(0,p™/? + X2 — X2 /p%?). Thus
Ea(p§(V1, X1)) = E(16) = E(\eo/p"? + 2)%€3) = 20° + p™2 N + plT™)/2,

Var a(eg (Y1, 21)) = Ea(pg(V1, X)) — (Ea(Ts(V1, X1)))? = A2 + p¥2A2 4 pldtm)/2,

Take B := max(2A% + p#/2\2 4 pld+m)/2 3p2m 4 9pmA2 4 422 4 3)\*), by Lemma 37, we
have if

max(Varo(T5(Y1, X1)), Var a(T5(Y1, X1)))

n>C 5

(EA(T5(Y1, X1)) — Eo(T5(Ih, &1)))

ie,n > CW\# log? n, and set € = (EA(T5(Y1, X1)) — Eo(T5(Y1, X1))) /4, we have the
test g5 = 1(T5(Y1, X1) > p™ + A\2/2) can detect by calling O(log(nB/A*)) number of queries to
VSTAT(n). Similarly, if

log? n,

max(Varg(Ts(Y1, X1)), Var a(Ts(Y1, X1)))
(Ea(T6(Y1, X1)) — Eo(T6(1, &1)))?

i, n > O 1002 and set & = (Ea(Ts(D1, X)) — Eo(T6(D1, X1))) /4, we
have the test ¢g = 1(T5(Y1, X1) > A/2) can detect by calling O(log(n.B/\?)) number of queries
to VSTAT (n).

. m 2 4 2 d/23\2_ 1, (d+m)/2
In summary, if n > C ((27’ “;%; 207 N\ AP ’\)\;p )V 1) log? n, the test ¢5 V ¢

achieves reliable detection by calling O(log(nB/(A? A A%))) number of queries to VSTAT(n).
Finally,

n>C

log2 n,,

. m 2 4 2 d/2y2 (d+m)/2 m (d+m)/2
.lf)\§192p +4/\+2/\/\)\+p /\A;&-p = P" AR .

A4 — )4 22 )
. m 2 4 2 ,d/2y\2 (d+m)/2 m (d+m)/2
e if1l < A < pm/4, 2p +‘§\)‘\1 +2X A Actp /\Ajp = 1;\_4 AR = :

. m 2 4 2 .d/23\2 (d+m)/2
o if \ > pm/4’ 2p —H;\L +2X A A +p )\/\;‘P <1

m 2 4 2 d/2y2 (d+m)/2 m (d+m)/2 .
thus (22 +‘f\ﬁ“ 200\ A ’\)\;p > V1x <pT[ A pT> V 1 for all ranges of \ and this

finishes the proof of this theorem.
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E.3. An Equivalence Formulation For Scalar-on-tensor Regression

In this section, we show without loss of generality, we can assume €; "< N (0, 02) with 0 < o2 <
1, x "N (0,1) and || A||r + 0® = 1 in establishing the computational lower bound for the
testing problem (5). Consider y; = (A, X;) +¢; and suppose we are in a simpler setting that || A||g
and o are known. Then we can rescale the problem by multiplying 1/1/(||.A||r + c2) on both sides

of the equation and get

yi= (AL X)) +el, i=1,...,n, 42)

where v/ = yi/\/|Allr +02 ~ N(0,1), A = A has iid. N(0,1) entries and A =
A//||Allp + 02, € follows iid. N(0,02/\/|Alr + o2) satisfying | A'||Z + Var(e}) = 1.

Then the new null and alternative are exactly the ones in (5). Thus, without loss of generality, we
can assume &; <" N(0,0?) with0 < 0? < 1, &; Hi N(0,1) and || A||g + 0 = 1.

E.4. Proof of Theorem 25

We will first show the claim: forany 0 < € < %, the pairwise-correlation-based statistical dimension

(see Definition in (34)) with pairwise correlation (O((1—0?) p(e_%)d), % —1) of the testing problem

(5) is at least 2°(*°). The Theorem 25 follows from Lemma 35 by picking 7/ = ~.

Next we prove the claim. Take the distribution of (X, y) generated from Hj as the reference
distribution and denote it by Dy. Denote the distribution of (X, y) generated from H; with tensor
parameter A = a®? as D,.

First, it is easy to check for (X,y) ~ Da, we have (vec(X),y) ~ N(0,X,) with 3, =

L vec(a®?)
vec(a®?) T 1
(a®)
0

1. ,+ea +ael = , where vec(-) denotes the vectorization of the
pi+1

input tensor, € = [01{1] and a = [Vec ] . Notice

Sat Xy -2 Y, =1I+ea' +ae' +I+eb' +be' —(I+ea' +ae')I+eb' +be')
—TI+eb' +be' —eb' —be' —ab' — (a,b)ee’

=I—-ab' — (a,blee’,
(43)

and

det(I—ab' — (a,bee’) = (1 — (a,b)) - det(I — vec(a®)vec(b®) ")
(Meyer, 2000,Eq.6.2.2) (44)

(1- (b))

At the same time, we have 0 < X,, 3, < 2Ipd+1, the first “<” is because X, and Xy, are
covariance matrices and they are full rank as o < 1; the second “<” is because 20y — Xa s
also a covariance matrix of (vec(X’), y) where their correlation is specified by —vec(a®), similarly
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for 21,a,; — X¥p. Then by (Diakonikolas and Kane, 2021, Lemma 4),

XDo(Da; Dv) = Xn(0,1)(N(0,2a), N(0,Xp))

Lemma 4 of DiakonikolasandKane (2021) (det(E 43, -8 Eb)),l/g _1
= a a

2 (det(1-ab" - (a,bjee’)) /2 ~1
Ca-@b) T -1=01-@bB)H -1

This implies X p, (Da, Da) = 1/0% — 1 since |[a®¢||% = ||a||3? = 1 —o2. Moreover, by Lemma
45, we can construct N = 2°4P°) vectors {ay, ..., ay} such that ||a;||¢ = 1 — o2, Vi € [N] and for
any distinct 4, j € [N], [a] a;| < O((1 — o?)p~1/2). Thus for distinct 4, j € [m)],

( K2 .])

To estimate the quantity Tg(y1, X1) via SQ, we need to compute the mean and second moment of
this quantity under the null and alternative hypothesis. First, under Hy, we have E[T4(y1, X1)] = 0
and

2

2 2 2 d/2
E[T§ (41, X1)] = E Z (ylxl)[jl,j1,~~~7jd/2,jd/2} = Z E(yi (Xl)[j1,j1,.--7jd/27jd/2]) =P 2.
J1seday2€lp] J1s-ddy2€lP]

Under the alternative, we have

E[Tﬁ(yl’ Xl)] =E Z (ylxl)[h,j17--~7jd/2,jd/2}

Jseday2 €]
= Z E ((ylxl)[jhﬁ ----- jd/27jd/2})
J1sesday2€[p]
= Z E (((A, X1) +¢) Xl[jl:jlv--vjd/%jd/Q])
J1yesday2€[P]
= Z A[j17j17---7jd/27jd/2]
J1sesday2€[p]
=Y aa?, = ald = e = VI— o2,
J1ssday2€[p]

and Ts = y1&2, where & = ?1,.‘.,jd/2:1 Xl[jhjlw-,jd/z:jd/z]‘ Notice y1 ~ N(0,1), & ~

N(0,p¥?) and E4(Ts(Y1, X1)) = Ea(&1&) = V1 — 02, thus y;, & follow the joint normal

distribution
1 V1-— 02} )

.
(y1,€2) ~ N (O, [ T2 pif?
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So we can write y; = /1 — 028 /p%? + Z where Z ~ N(0,1— (1—02)/p%?) and is independent
of &. Thus E[T§ (y1, X1)] = E(y1€3) = E(V1 — 0%6/pY? + 2)2¢3) = p¥/2 + 2(1 — o?).

By setting B = p%? 4+ 2(1 — ¢2) and ¢ = 1/log(n) in Lemma 37, we have when
n(1 — o2)/(p??log?(n)) — oo, with O(log(4nB/£?)) queries to VSTAT(n), there exists an
SQ algorithm such that ‘EwND[Tg(yl, X)) — Eup[Ts(y1, Xl)]‘ /V1—02 = 0asn — oo un-
der both null and alternative hypothesis. So the test l(I@l(yx)ND(T(g(yl, X)) > V1 —02/2) can
achieve vanishing type I+II error in solving the hypothesis testing problem (5).

Appendix F. Technical Lemmas

In this section, we collect a series of technical lemmas to be used in the main technical proofs of
this paper.

Lemma 38 (y%-divergence and pairwise correlation) Consider the tensor-on-tensor regression
model (1) with A = X -u®(@™) e Y, = (X;, X-u®@Hm)) 1 & whereu € Sp—1. Suppose X;
and &; are independent and have i.i.d. N (0, 1) entries. Denote the joint density of (Y, X;) as Dy
and the joint distribution of (Y;, X;) with A = 0 as Dy. We also use Dy (Y;|X;) and Do(Y;|X;) to
denote the conditional density of Y; given X; when (Y;, X;) ~ Dy or Dy, respectively. Then given
any u,v € §,_1, we have

X*(Du(Yil &), Do (Wil X)) + 1 = exp(A*(&;, u®?)?),

Do (DalV1120), Dy (V110)) + 1 = exp(R26™ (2, ) (X, vo1). o
where t :=u'v. Thus

X2(Du, Do) +1 =Ex, <exp()\2<Xi, u®d>2)> , .
XDy (Du, Dy) + 1 = Ex, (exp(/\ztm<Xi, u®d)()(i,v®d>)) : )

In particular, if A < 1/2, we have
x2(Du, Do) +1 = (1 —2X%)71/2, (48)

IF[(1 — 2HN2™ + ¢4] < 1, we have

/1 — +2d

xo(Du, Dv) 1 = V1I-(1- t%)?(lvtni /(1 - 29))2 o)

-1/2 Adg2m -1/2
d+m 2 2,d+m
= (1- ) '(1_“ _1—)\2td+m> '

Proof of Lemma 38. Let us first prove the result for x p, (Du (Y, X;), Dv(Yi, X;)) + 1 in (46), the
expression for x?(Dy(Ys, X;), Do(Y;, X;)) + 1 can be obtained by setting u = v. By Lemma 44
(53), we know Y; = A(X;, u®Hu®™ + ;. Thus, vec(Y;|X;) ~ N (vec(A(A;, u®)u®m) Im).
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Then

XDO (yh Z)7 (ylv z)) + 1
Du(Yi| Xi) Du(Yi| X;)
dy;
DXy
:/ 1 exp(—3ll¥i = M, u®)u" 5 — 3P = M, vE)vE™" [})
(2m)P™/2 exp(—3 | Vill})
— exp(\ ()™, vO) (2, u®).

(50)

dy;

Next let us prove (48). Let us do a change of variable, set
vec(Z) = [v1,v11] vec(X;),

where v = vec(u®?) ¢ RP” and Vil € RP* X (" =1) is the orthogonal complement of v;. By doing
so, we have

X*(Day Do) +1 = Ex, (exp(\(X;,u®)?))

1 9~ ~
= / Nor exp(\2Z2 — T3/2)d7,
= (1—22%)712,

where 7 is the first element in Vec( ;) and in the last inequality, we use the fact A?> < 1/2 and the
integral of a Gaussian random variable.

Finally, we compute X p, (Dy, Dyv) + 1. Notice that |(1 — t?)A2t™ 4 t¢| < 1 implies ¢ < 1.
Again we perform the change of variables in the integration

vec(X;) = [vi, va, viai] vec(X;),

where vi = vec(u®?) ¢ R vy = vec(v®?) ¢ RP" and viz; € RP"*(®"=2) ig the orthogonal
complement of [vy, va]. Then

XDy (D, Dy) + 1 = Ex, (exp()\th(Xi, u®d) (X, v®d>))

~ 1 1,0 ~ ~
= /exp()\thmxz)’E‘—l/Q eXp(—§<I‘1,.I'Q)E_l(l‘l,:(}Q)T)dl'lde
1 =1~ ~ T\ o~ o~
\/7]52 (xl,.%Q)E (xl,xg) dl‘ldwg
@ |Z[V? V1 -2
\/1 —¢2d \/1 752d ()\th 4 td/(l _ t2d))2
-1/2
_ (1 - td+m/\2)_1/2 ) <1 _\Zpd+m _ Atgem ) /
1 — \2¢d+m
d
here | - | denotes the determinant of a given matrix, ¥ = { vd tl } is the covariant matrix between

71 and 7o and

<1 1 —(1 =2 (A2 4 t7/(1 — t24))
o= |: — (1 — $2)(A2¢m 4 ¢ /(1 — £24)) 1 ] /(l—th).
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In (a), we use the fact that 3 is a positive definite matrix when |(1 — t24)A2t™ 4 t4| < 1 and the
integration for the multivariate Gaussian random variable. This finishes the proof of this lemma.
O

Lemma 39 (Lemma 11 of Carpentier et al. (2019)) Assume that the matrix X € R™*P has i.i.d.
N(0, 1) entries. Then for any n > 1, there exists a universal co > 0 such that for all 6,6’ € RP with
10]12, 1€/l < en~Y* and ¢ € (0,cy) we have Ex exp((X6,X0")) < exp(n(,8))(1 + Coc?),
where Cy > 0 is also a universal constant.

Lemma 40 (Lemma 8 of Luo and Zhang (2022a)) Let C denotes the set of all unit vectors in RP
with {1/\/p,—1/\/p} entries. Then for d > 2, there exits a function g : (0,co) — (1,00) with
co > 0 is a fixed small constant and the left limit of g at 0 is 1, i.e., g(0+) = 1, such that for any
¢ < co, we have By ycunir(c) exp(h(u, v)4) < g(c) given h = cp.

Lemma 41 Forany 0 < § < 1, then

1 2 1 T
< d <exp(———) VO<z <4
1—x—exp( 1—5””)’ and g Sep(pg) V0ses

Proof of Lemma 41 . We first prove the first inequality. By Taylor expansion, we have

1
—— =14a+t+ 2P+t
1—2

2 (i)1+ N x?
1l—z — Ty

<l+z+

Here (a) is because 0 < x < §. At the same time,

2 2 -5 2 T 1
exp( 1 5x>:1+ z+ +---2>14 z+ >

1-946 2! - 1—-946 1-6 " 1—-=x

To show the second inequality, we just need to show 1 + x > exp(laﬁ). By Taylor expansion,
we have

xT T T

T N x T N2gr < 2 3 ...
(i 5) =1+ gt () At sl s () H ()
5
<1+ (/0 1) S 1+ (/O = 1)
=1+=z.

[l
Lemma 42 Suppose X; € RP1Y**Pd for i = 1,...,n are independent and has i.i.d. N(0,1)
entries. Then for any fixedv; € S, 1 forj =1,...,d, we have P(| > i | (X}, vi®- - C®Vaym) —

n| > n/2) < 2exp(—cn) for some ¢ > 0 and every positive integer n.
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Proof Notice that {(X;, v{ ® -+ @ Vgym)} are i.i.d. with N(0,1). So (X, vi ® - @ Vgim)? — 1

for i = 1,...,n are i.i.d. centered sub-exponential random variables. Then the results follow
by applying Bernstein’s inequality for the concentration of the sum of sub-exponential random
variables, see (Vershynin, 2010, Proposition 5.16). |

Lemma 43 (Concentration for Random Tensors) (a) Suppose £ € RP1*"*Pd js an order-d ran-
dom tensor with i.i.d. N (0, 1) entries. Then

P sup ij 1v; =>C ij < exp(— Zp]
VjESpj_1,j:1,...,d j=1

(b) Suppose Z'* is the adjoint operator of the linear operator Z defined in (2) and X; for
i =1,...,n has i.id. N(0,1) entries. If & € RPa+1>*Pitm>" hgg jid N(0,1) entries and
n > C’dm(Z?i{n p;) for some sufficiently large Cq ,, then

d+m
< exp Z pj

* d+m
P ~sup ZHE) X" v > ¢
v;,j=1,....d+m

Proof Part (a) can be found in (Zhang and Xia, 2018, Lemma 5) and part (b) is proved in (Luo and
Zhang, 2022b, Theorem 4, part 1). [ |

The next lemma 44, which reveals a few useful properties of the contracted tensor inner product
defined in (1).

Lemma 44 (Properties of Contracted Tensor Inner Product (Lemma 12 of Luo and Zhang (2022b)))
Let X € ]Rpl><'”><Pd><Pd+1><"‘><Pd+m, Z c Rplx"’xpd’ W e RP1XXPr—1 X0k XPk+1 X" XDPd be tensors
withd > k > 1, m > 0. For any A € R%*Pk_we have

(X X, AW), = (X W x; AT),. (51)
For any B € R%4+i *Pa+i with 1 < j < m, we have

(X, Z), x; B=(X xq4; B, Z),. (52)
In particular, given u; € RP for 1 < j < d+ m, we have

<u1®- . -®ud,Z>'ud+1®- QUi = <u1®' . -®ud,Z>* X;‘liﬁﬂj = <u1®- : '®ud+m,Z>*.
(53)

The following lemma is important in showing the SQ hardness for tensor-on-tensor association
detection.

Lemma 45 ((Diakonikolas et al., 2017, Lemma 3.7)) For any 0 < ¢ < 1/2, there is a set S’ of
at least 2°°°) ynit vectors in RP such that for each pair of distinct u,u’ € S', it holds luTu/| <
O(pe1/2).
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The next lemma provides the distribution for the inner of two unit vectors drawn uniformly from
the sphere.

Lemma 46 Let u, v be two random vectors drawn uniformly at random from S,,_1. Then (uTv +

1)/2 follows Beta (1%1, 1%) and (u'v)? follows Beta (%, ’%1)

Proof Let Z = u'v, then by Cho (2009) Theorem 1, we have fz(z) o (1 — 22)("=3)/2, this
implies that fy (y) o« (y — y*>)™®3/2 for Y = (u'v 4 1)/2. This is the density function for

Beta <p;1 p;l> up to the normalization constant. This proves the first statement.

2 0 2
For the second statement, since the distribution of u ' v does not change if we rotate them by the
same orthogonal matrix. Without loss of generality we can assume v = (1,0, ...,0)". Moreover,

it is well known that u follows the same distribution as Z; /1/(>-Y_; Z?) where Z; "N (0,1).

Thus (u'v)? ~ Z2/(3°F_, Z?) and this is Beta (%, Z%) as Z7/(3-F_, Z?) can be written as
X/(X +Y)where X ~x2,Y ~ X;Q;—1 and X is independent of Y.
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