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Sparse and Low-Rank Tensor Estimation
via Cubic Sketchings

Botao Hao, Anru Zhang™, and Guang Cheng

Abstract—In this paper, we propose a general framework for
sparse and low-rank tensor estimation from cubic sketchings.
A two-stage non-convex implementation is developed based on
sparse tensor decomposition and thresholded gradient descent,
which ensures exact recovery in the noiseless case and sta-
ble recovery in the noisy case with high probability. The
non-asymptotic analysis sheds light on an interplay between
optimization error and statistical error. The proposed procedure
is shown to be rate-optimal under certain conditions. As a
technical by-product, novel high-order concentration inequalities
are derived for studying high-moment sub-Gaussian tensors.
An interesting tensor formulation illustrates the potential applica-
tion to high-order interaction pursuit in high-dimensional linear
regression.

Index Terms— Finite-sample analysis, non-convex optimiza-
tion, tensor estimation.

I. INTRODUCTION
HE rapid advance in modern scientific technology
gives rise to a wide range of high-dimensional tensor
data [1], [2]. Accurate estimation and fast communication/
processing of tensor-valued parameters are crucially important
in practice. For example, a tensor-valued predictor which char-
acterizes the association between brain diseases and scientific
measurements becomes the point of interest [3]-[5]. Another
example is the tensor-valued image acquisition algorithm that
can considerably reduce the number of required samples by
exploiting the compressibility property of signals [6], [7].
The following tensor estimation model is widely considered
in recent literatures,

yi = (7", Z3) + e, (LD

Here, Z; and ¢; are the measurement tensor and the noise,
respectively. The goal is to estimate the unknown tensor

1=1,...,n.
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Fig. 1.  Illustration for interaction reformulation and tensor image/video
compression.

J* from measurements {y;, 2;}7 ;. A number of specific
settings with varying forms of 2 have been studied, e.g., ten-
sor completion [8]-[15], tensor regression [3]-[5], [16]-[19],
multi-task learning [20], etc.

In this paper, we focus on the case that the measurement
tensor can be written in a cubic sketching form. For example,
2 = x;oxjox; or Z; = u;ov; ow;, depending on whether
J* is symmetric or not. The cubic sketching form of Z; is
motivated by a number of applications.

o Interaction effect estimation: High-dimensional high-
order interaction models have been considered under a
variety of settings [21]-[24]. By writing Z; = x;ox;ox;,
we find that the interaction model has an interesting
tensor representation (see left panel of Figure 1) which
allows us to estimate high-order interaction terms using
tensor techniques. This is in contrast with the existing lit-
erature that mostly focused on pair-wise interactions due
to the model complexity and computational difficulties.
More detailed discussions will be provided in Section V.

o High-order imaging/video compression: High-order
imaging/video compression is an important task in
modern digital imaging with various applications
(see right panel of Figure 1), such as hyper-spectral
imaging analysis [25] and facial imaging recognition [26].
One could use Gaussian ensembles for compression
such that each entry of 2; is i.i.d. randomly genera-
ted [3], [16], [17]. In contrast, the non-symmetric cubic
sketchings, i.e., Z2; = u; o v; o w;, reduce the memory
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storage from O(np1p2ps) to O(n(p1+p2+p3)) (n is the
sample size and (p1, p2, p3) is the tensor dimension), but
still preserve the optimal statistical rate. More detailed

discussions will be provided in Section VL.
In practice, the total number of measurements n is consider-

ably smaller than the number of parameters in the unknown
tensor 7 *, due to all kinds of restrictions such as time
and storage. Fortunately, a variety of high-dimensional tensor
data possess intrinsic structures, such as low-rankness [2] and
sparsity [27]. This could highly reduce the effective dimension
of the parameter and make the accurate estimation possible.
Please refer to (II.2) and (VI.2) for low-rankness and sparsity
assumptions.

In this paper, we propose a computationally efficient
non-convex optimization approach for sparse and low-rank
tensor estimation via cubic-sketchings. Our procedure is
two-stage:

(i) obtain an initial estimate via the method of tensor moment
(motivated by high-order Stein’s identity), and then apply
sparse tensor decomposition to the initial estimate to
output a warm start;

(ii) use a thresholded gradient descent to iteratively refine the
warm start in each tensor mode until convergence.

Theoretically, we carefully characterize the optimization and
statistical errors at each iteration step. The output estimate is
shown to converge in a geometric rate to an estimation with
minimax optimal rate in statistical error (in terms of tensor
Frobenius norm). In particular, after a logagithmic number

of iterations, whenever n > K?2(slog(ep/s))2, the proposed
estimator .7 achieves

H§ _ g Kslog(p/s) k’i@ /9) 12)

2
< Co?
F

with high probability, where s, K, p, and o2 are the sparsity,
rank, dimension, and noise level, respectively. We further
establish the matching minimax lower bound to show that (1.2)
is indeed optimal over a large class of sparse low-rank tensors.
Our optimality result can be further extended to the non-sparse
case (such as tensor regression [3], [17], [28], [29]) — to
the best of our knowledge, this is the first statistical rate
optimality result in both sparse and non-sparse low-rank tensor
regressions.

The above theoretical analyses are non-trivial due to the
non-convexity of the empirical risk function, and the need
to develop some new high-order sub-Gaussian concentra-
tion inequalities. Specifically, the empirical risk function
in consideration satisfies neither restricted strong convex-
ity (RSC) condition nor sparse eigenvalue (SE) condition in
general. Thus, many previous results, such as the one based
on local optima analysis [17], [30], [31], are not directly
applicable. Moreover, the structure of cubic-sketching tensor
leads to high-order products of sub-Gaussian random vari-
ables. Thus, the matrix analysis based on Hoeffding-type or
Bernstein-type concentration inequality [32], [33] will lead to
sub-optimal statistical rate and sample complexity. This moti-
vates us to develop new high-order concentration inequalities
and sparse tensor-spectral-type bound, i.e., Lemmas 1 and 2 in
Section IV-C. These new technical results are obtained based
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on the careful partial truncation of high-order products of
sub-Gaussian random variables and the argument of bounded
1q-norm [34], and may be of independent interest.

The literature on low-rank matrix estimation methods,
e.g., the spectral method and nuclear norm minimiza-
tion [35]-[37], is also related to this work. However, our
cubic sketching model is by-no-means a simple extension
from matrix estimation problems. In general, many related
concepts or methods for matrix data, such as singular
value decomposition, are problematic to apply in the tensor
framework [38], [39]. It is also found that simple unfolding or
matricizing of tensors may lead to suboptimal results due to
the loss of structural information [40]. Technically, the tensor
nuclear norm is NP-hard to even approximate [9], [10], [41],
and thus the method to handle tensor low-rankness is distinct
from the matrix.

The rest of the paper is organized as follows. Section II
provides preliminaries on notation and basic knowledge of
tensor. A two-stage method for symmetric tensor estimation
is proposed in Section III, with the corresponding theoreti-
cal analysis given in Section IV. A concrete application to
high-order interaction effect models is described in Section V.
The non-symmetric tensor estimation model is introduced and
discussed in Section VI. Numerical analysis is provided in
Section VII to support the proposed procedure and theoretical
results of this paper. Section VIII discusses extensions to
higher-order tensors. The proofs of technical results are given
in supplementary materials.

II. PRELIMINARY

Throughout the paper, vector, matrix, and tensor are denoted
by boldface lower-case letters (e.g., x, y), boldface upper-case
letters (e.g., X, Y), and script letters (e.g., X, ), respectively.
For any set A, let |A| be the cardinality. The diag(x) is a
diagonal matrix generated by «. For two vectors « and y, xoy
is the outer product. Define |||, := (|1 |7+ - - - + |z,[9)"/ 2.
We also define the Iy quasi-norm by |x||o = #{j : «; # 0}
and I, norm by maxi< ;< |z;|. Denote the set {1,2,...,n}
by [n]. Let e; be the canonical vectors, whose j-th entry
equals to 1 and all other entries equal to zero. For any two
sequences {an}o2 1, {bn}>2, we say a, = O(by,) if there
exists some positive constant Cp and sufficiently large ng such
that |a,| < Cpb,, for all n > ng. We also write a,, < b,
if there exists C,c¢ > 0 such that ca,, < b, < Ca, for
all n > 1. Additionally, C1,C5,...,c1,co,... are generic
constants, whose actual values may be different from line to
line.

We next introduce notations and operations on the matrix.
For matrices A = [ai,...,a;] € R/ and B =
[b1,...,br] € REXL their Kronecker product is defined as
a (IK)-by-(JL) matrix A® B = [a1 ® B ---a; ® B],
where a; ® B = (aj1B',...,a;;B")". If A and B
have the same number of columns J = L, the Khatri-Rao
product is defined as A ® B = [a1 o by,az0by,--+ ,a 0
b;] € RIEXJ If the matrices A and B are of the same
dimension, the Hadamard product is their element-wise matrix
product, such that (A x B);; = A;; - B;;. For matrix
X =[xy -z, € R™*™, we also denote the vectorization
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vee(X) = (z{,...,z)) € R>™" and column-wise ¢
norms as Norm(X) = (||z1]l2, ..., ||za]|2) € RM*™.

In the end, we focus on tensor notation and relevant
operations. Interested readers are referred to [2] for more
details. Suppose X' € RP1*P2%P3 jg an order-3 tensor. Then the
(1,7, k)-th element of X is denoted by [X];;x. The successive
tensor multiplication with vectors u € RP?, v € RP3 is
denoted by X' xo u x3v = Zje[pz],le[ps] uu AL 5 € RPL
We say X € RP1XP2XPs ig pank-one if it can be written as
the outer product of three vectors, i.e., X = o1 o 3 o T3
or [X]ijx = x1iwa;xsy for all 4,7, k. Here “o" represents the
vector outer product. We say X is symmetric if [X];, =
[(Xlirs = [Xjie = [X]jni = [X]kij = [X]x;e for all 4,5, k.
Then, & is rank-one and symmetric if and only if it can be
decomposed as X = x o« o x for some vector x.

More generally, we may decompose a tensor as the sum of
rank one tensors as follows,

K
X = E MET1k © T2k © T3k,

L1
k=1

where 7, € R,z € SPlixy, € Sy €

SPs—1  This is the so-called CANDECOMP/PARAFAC,

or CP decomposition [2] with CP-rank being defined as
the minimum number K such that (II.1) holds. Then,
{eu Az M {xan S, are called factors along
first, second and third mode. Note that factors are normalized
as unit vectors to guarantee the uniqueness of decomposition,
and 7 = {n1,...,nKk} plays an analogous role of singular
values in matrix value decomposition here. Several tensor
norms also need to be introduced. The tensor Frobenius norm
and tensor spectral norm are defined respectively as

p1 p2 P3
1l =\ DD > X
i=1 j=1 k=1
X
X lop == sup (&, uovow)| (I1.2)

uekrt verrz werrs [[ulla][v]2]w]2’

where (X)) = Zm.?k Xk Vijr. Clearly, |X||%2 = (X, X).
We also consider the following sparse tensor spectral norm,

[ X][s == sup [(X,aoboc). (IL3)
llall=[[b]|=[lc||=1
max{|lallo,l|bllo,llc[lo}<s
By definition, || X||s < ||X||op. Suppose X = x1 0 @3 0 3
and ) = y; o y2 o y3 are two rank-one tensors. Then it is
easy to check that || X||z = ||x1||2]|x2||2]|2s||2 and (X, V) =

(] y1) (25 yo2) (x4 ys).

III. SYMMETRIC TENSOR ESTIMATION VIA
CUBIC SKETCHINGS

In this section, we focus on the estimation of sparse and
low-rank symmetric tensors,

yi = (7", 2i) + e,

%:wiowiowieRpr’xp, i=1,...,n, (ILI)

where x; are random vectors with i.i.d. standard normal
entries. As previously discussed, the tensor parameter .7 *
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often satisfies certain low-dimensional structures in practice,
among which the factor-wise sparsity and low-rankness [16]
commonly appear. We thus assume 7* is CP rank-K for
K < p and the corresponding factors are sparse,

K
T* = niBi o Bi o B,
k=1
with [|B¢]l2 = 1, IB¢llo < s, Vk € [K].  (I12)
The CP low-rankness has been widely assumed in literature
for its nice scalability and simple formulation [5], [18], [25].
Different from the matrix factor analysis, we do not assume
the tensor factors (3; here are orthogonal. On the other
hand, since the low-rank tensor estimation is NP-hard in
general [42], we will introduce an incoherence condition in the
forthcoming Condition 3 to ensure that the correlation among
different factors 3 is not too strong. Such a condition has
been used in recent literature on tensor data analysis [43],
compressed sensing [44], matrix decomposition [45], and
dictionary learning [46].
Based on observations {y;, Z;}"_,, we propose to estimate
Z* via minimizing the empirical squared loss since the
close-form gradient provides computational convenience,

7 = argmin £(.7) subject to .7 is sparse and low-rank,

T
(II1.3)
where
1 n
L(T)=L (B, Br) = — 2; (i = (7. 23))°
1=
1 n K 5 2
==> (yzv = (=] Br) ) (IIL.4)
ni= k=1
Equivalently, (II.3) can be written as,
1 n K 9
st L T ) 3
min ; (yz ;nk(% Br) ) :
S.t. ”ﬂkHQ =1, ||ﬂk||0 <s, for ke [K] (IIL.5)

Clearly, (IIL.5) is a non-convex optimization problem.
To solve it, we propose a two-stage method as described in
the next two subsections.

A. Initialization

Due to the non-convexity of (IIL.5), a straightforward imple-
mentation of many local search algorithms, such as gradient
descent and alternating minimization, may easily get trapped
into local optimums and result in sub-optimal statistical perfor-
mance. Inspired by recent advances of spectral method (e.g.,
EM algorithm [47], phase retrieval [48], and tensor SVD [39]),
we propose to evaluate an initial estimate {771(@0)’ 5120)} via the
method of moment and sparse tensor decomposition (a variant
of high-order spectral method) in the following Steps 1 and 2,
respectively. The pseudo-code is given in Algorithm 1.
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Algorithm 1 Initialization in Cubic Sketchings

Require: response {y;}i-;, sketching vector {x;}i-,, truncation
level d, rank K, stopping error ¢ = 107",
1: Step 1: Calculate the moment-based tensor 75 as (IIL.6).
2: Step 2:
3: Form=1to M
Generate b'Y through Algorithm 3.
4: Repeat power update:

T. x2 b x5 bl
|75 %2 bl x5 bgL)HQ7
Tu(bit)

I Ta(65%)]2

BU+D _

bty = L l=1+1.

5: Until Hbﬁf“ — bst)Hz <e
6: End for .
7: Perform K-means for {bsn)}%zl. Denote the centroids of K

clusters by {B(O)}szl,
8: Calculate 77,20 =T, X1 ﬂl(co) Xo ﬂl(co) X3 ﬂ(o), k € [K].

9: return symmetric tensor estimator {77,20), ko)}szl

Step 1: Unbiased Empirical Moment Estimator. Con-
struct the empirical moment-based estimator 7,

n
171
T, = —|= Y ywiomiow
6Ln <
1=1
P
— E (mloejoej+ejomloej+ejoejoml)},
j=1
n
where mq 1= — E Yix;, e; is the canonical vector.
n
i=1

(I1L.6)

Based on Lemma 4, 7, is an unbiased estimator of .7 *. The
construction of (II[.6) is motivated by the high-order Stein’s
identity ( [49]; also see Theorem 7 for a complete statement).
Intuitively speaking, based on the third-order score function of
a Gaussian random vector x: S3(x) = xoxox — E?Zl(sc o
ejoe; +ejoxoe; +ejoe;o w) we can construct the
unbiased estimator of .7 * by properly choosing a continuously
differentiable function in high-order Stein’s identity. See the
proof of Lemma 4 for details.

Step 2: Sparse Tensor Decomposition. Based on the
method of moment estimator obtained in Step 1, we further
obtain good initialization for the factors {771(60)7 ,(CO)} via trun-
cation and alternating rank-1 power iterations [27], [50],

K
T~ S 080 0 60 0 8.
k=1
Note that the tensor power iterations recover one rank-1
component per time. To identify all rank-1 components,
we generate a large number of different initialization vectors,
implement a clustering step, and choose the centroids as the
estimates in the initialization stage. This scheme originally
appears in tensor decomposition literature [43], [50], although
our problem setting and proof techniques are very different.
This procedure is also very different from the matrix setting
since the rank-1 component in singular value decomposition
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is mutually orthogonal, but we do not enforce the exact
orthogonality here for .7*.

More specifically, we first choose a large integer M > K
and generate M starting vectors {bﬁg) M_ € RP through

sparse SVD as described in Algorithm 3. Then for each bg,?),
we apply the following truncated power updates for [ =0, . ..

(141
winy _ Taoi™)
m - ~(1 ’
1 Za®" )12
where X, X3 are tensor multiplication operators defined in
Section II and Ty(x) is a truncation operator that sets all but

the largest d entries in absolute values to zero for any vector x.
It is noteworthy that the symmetry of 7 implies

pasn _ _Toxabl) xa by
m b)
7% x2 b x5 6],

To x2 b x5 bl) =T, x1 b x50 = T, x; b)) x5 b

This means the multiplications along different modes are the

same. We run power iterations till its convergence, and denote

b,, as the outcome. Finally, we apply K-means to partition

{b,,}M_, into K clusters, let the centroids of the output

clusters be {5120)}15:17 and calculate 77,(60) =T, X1 5120) X
,(CO) X3 5120) for k € [K].

B. Thresholded Gradient Descent

After obtaining a warm start in the first stage, we propose
to apply the thresholded gradient descent to iteratively refine
the solution to the non-convex optimization problem (IIL.5).
Specifically, denote X = (x1,...,x,) € RP*" y =
(yla"'ayn)T € Rn’ n = (nla'~'anK)T € RK’ and B =
(Bi,...,Br) € RP*E_ Since L(B,n) = L(T), we let

VBL(B,m)=(Vg,L(B,n) ..., Vg L(B,m)") € RPK,

be the gradient function with respect to B. Based on the
detailed calculation in Lemma A.1, Vg L(B, 1) can be written
as

6 [ T
“{(BTX) Y-y
{({(BTX)T}Q onH)'e X} T, (11L.7)

where {(BTX)T}3 and {(BTX)"}? are entry-wise cubic
and squared matrices of (BT X)T. Define ¢y (x) as the
thresholding function with a level & that satisfies the following
minimal assumptions:

lon(x) — x| < h,Vz € R,

and ¢p () =0, when |z| < h. (111.8)

Many widely used thresholding schemes, such as hard thresh-
olding Hj(x) = xl(z>pn), soft-thresholding Sy(z) =
sign(z) max(|z| — h, z), satisfy (IIL.8). With a slight abuse
of notation, we further define the vector thresholding function
as on(@) = (pn(31), ., pn () for @ € RP.

The initial estimates 5(®) and B(®) will be updated by
thresholded gradient descent in two steps summarized in
Algorithm 2. It is noteworthy that only B is updated in Step 3,
while 1 will be updated in Step 4 after finishing the update
of B.
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Algorithm 2 Thresholded Gradient Descent in Cubic
Sketchings

Require: response {y;}i—,, sketching vector {x;};—;, step size u,
rank K, stopping error € = 10~*, warm-start {n,(co), ,(CO)}szl,
1: Step 3: Let t = 0.
2:  Repeat thresholded gradient descent
3:  « Compute thresholding level h(B).
o Calculate the thresholded gradient descent update

vee(B") = ¢ unm) (VeC(B(t)) - gVBE(B(t)7 77(0)))7
¢

where ¢ = L S°" 42 The detailed form of Vs £(B,n?)

refers to (IIf7).
4 Until |[BT*Y - BD|p <e
5: Step 4: Perform column-wise normalization and update the weight

as (II1.10). Construct the final estimator 7 = Zk 1 ﬁkﬂk oﬁk o
B

6: return symmetric tensor estimator .7

Algorithm 3 Sparse SVD

Require: tensor 7, cardinality parameter d.

1: Compute 6 = T(8), where 8 ~ N(0, I,). _
2: Calculate u as the leading singular vector of 7, x 6.
3: return Ty(u)/||ull2

Step 3: Updating B via Thresholded Gradient descent.
We update B(®) via thresholded gradient descent,

vec(BUHD) =

@ unis®), (vec(BY) — ngﬁ(B(t) ).
=

(IIL.9)

Here,

o 4 is the step size and ¢ = > I, y?/n serves as an
approximation for (Z§=1 ni)? (see Lemma 15);

e h(B) € R s the thresholding level defined as
4logn :
h(B) = \| =S IHBTX) 0 — g}
{B'X) P on@T)

Step 4: Updating 1 via Normalization. We normalize each
column of B(T) and estimate the weight parameter as

( "aBK)T

( (T) ﬁﬁ?’)
B ||,6£T>H2 187
= (s 1) T

:
(0 T T
= (18115, NBN3) - o)

The final estimator for 7 * is

K
T = B o Br o B
k=1
Remark 1 (Stochastic Thresholded Gradient Descent): The
evaluation of the gradient (I11.7) requires O(npK?) operations
at each iteration and can be computationally intense for large n
or p. To economize the computational cost, a stochastic version
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of thresholded gradient descent algorithm can be easily carried
out by sampling a subset of summand functions (II1.7) at each
iteration. This will accelerate the procedure especially in the
case of large-scale settings. See Section P.2 for details.

IV. THEORETICAL ANALYSIS

In this section, we establish the geometric convergence rate
in optimization error and minimax optimal rate in statistical
error of the proposed symmetric tensor estimator.

A. Assumptions

We first introduce the assumptions for theoretical analysis.
Conditions 1-3 are on the true tensor parameter .7 * and
Conditions 4-5 are on the measurement scheme. Specifi-
cally, the first condition ensures the model identifiability for
CP-decomposition.

Condition 1 (Uniqueness of CP-Decomposition): The
CP-decomposition in (II1.2) is unique in the sense that if there
exists another CP-decomposition .7 * = Zk 1M ,Bk o ,Bk
,Bk , it must have K = K’ and be invariant up to a permutation
of {1,...,K}.

For technical purposes, we introduce the following con-
ditions to regularize the CP-decomposition of 7*. Simi-
lar assumptions were imposed in recent tensor literature,
e.g., [3], [27] and Assumption 1.1 (A4) [51].

Condition 2 (Parameter Space): The CP-decomposition

= Z§=1 N85 © B, o By, satisfies
Hy*”op < Cn:nax;K = O(S),R = n;ax/n;in < C/ (IVl)

for some absolute constants C, C’, where n};,, = ming n; and
Mmax = Maxy 77;. Recall that s is the sparsity of 3}.

Remark 2: In Condition 2, R plays a similar role as a
“condition number.” This assumption means that the tensor
is “well-conditioned," i.e., each rank-1 component is roughly
of the same size.

As shown in the seminal work of [42], the estimation of
low-rank tensors can be NP-hard in general. Hence, we impose
the following incoherence condition.

Condition 3 (Parameter Incoherence): The true tensor com-
ponents are incoherent such that

, 3 1
I (81, B1,)| < min{C" KR53},

max
1<ki#ka <K
where R is the singular value ratio defined in (IV.1) and c’
is some small constant.

Remark 3: The preceding incoherence condition has been
widely used in different scenarios in recent high-dimensional
research, such as tensor decomposition [27], [50], compressed
sensing [44], matrix decomposition [45], and dictionary learn-
ing [46]. It can be also viewed as a relaxation of orthog-
onality: if {87,..., 3%} are mutually orthogonal, I" equals
zero. We can show from both theory (Lemma 28 in the
supplementary materials) and simulation (Section VII) that the
low-rank tensor .7 * induced by (II1.2) satisfies the incoherence
condition with high probability, if the component vectors 3;
are randomly generated, say from Gaussian distribution.
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We also introduce the following conditions on noise
distribution.

Condition 4 (Sub-Exponential Noise): The noise {e;}"
are i.i.d. randomly generated with mean 0 and variance o
satisfying 0 < o < CEkK=1 n;. (€;/0) is sub-exponential
distributed, i.e., there exists constant C. > 0 such that
I(€i/o)ly, = sup,s1p (Elei/o?)/? < Ce. and is
independent of {2} ;.

The sample complexity condition is crucial for our algo-
rithm especially in the initialization stage. Ignoring any poly-
log factors, Condition 5 is even weaker than the sparse matrix
estimation case (n 2 s?) in [48].

Condition 5 (Sample Complexity):

11 §
n>C" K?(slog(ep/s))2 log* n.

B. Main Theoretical Results

Our main Theorem 1 shows that based on a proper initial-
izer, the output of the proposed procedure can achieve optimal
estimation error rate after a sufficient number of iterations.
Here, we define the contraction parameter

0<k=1 —32pK‘2R’§ <1
2 4
and also denote & = 4K ﬂ;?éxff% and & = Con;:f /16 for
some Cp > 0.
Theorem 1 (Statistical and Optimization Errors): Suppose
Conditions 3-5 hold, |supp( ,E,O))| < s, and the initial estimator

0) (0 )
{ﬁ,i ), n,g, )}sz1 satisfy

0 * 0 * —

{118 = Billy I = mil} s K~

with probability at least 1 — O(1/n). Assume the step size
< po, where po is defined in (A.14). Then, the output of
the thresholded gradient descent update in (II1.9) satisfies:

max

max Iv.2)

e Forany ¢t =0,1,2,..., the factor-wise estimator satisfies
S (t+1) 2 o%slogp
S8 = /i s &kt + E———=

Iv.3)
with probability at least 1 — O(tKs/n).
e« When the total number of iterations is no smaller than

T = (log(Lgp

& B
1) +log 21 /1 V.4
SV 1)+ 0g£2)/ ogr~l, (IV4)

there exists a constant Cy (inde/pgndent of K,s,p, ’I’L,*O'Q)
such that the final estimator 7 = Zszl 77,(60) ,(CT ) o
5,(€T )o ,BI(CT ) satisfies

2 < Ci10?Kslogp

H? _ (IV.5)

F n
with probability at least 1 — O(T*Ks/n).

Remark 4: The error bound (IV.3) can be decomposed into
an optimization error &1 (which deca)és with a geometric rate
as iterations) and a statistical error £ %logp (which does not
decay as iterations). In the special case that o = 0, T exactly
recover .7 * with high probability.
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The next theorem shows that Steps 1 and 2 of Algorithm 1
provides a good initializer required in Theorem 1.

Theorem 2  (Initialization Error): Recall T° =
maxi <k, 2k, <k |(Bj,,Br,)|-  Suppose the number of
initializations L > K 03774, where v is a constant defined
in (A.11). Given that Conditions 1-4 hold, the initial estimator
obtained from Steps 1-2 with a truncation level s < d < C's
satisfies

{18 = Billos I = nil} < CoK Rop s+ VET?
(IV.6)

max
1<k<K

and
supp(BL”)| < s

with probability at least 1 — 5/n, where

[ 57 3
5n,p,S:(logn)3< 531ogngep/s)+ /slog(nep/s)). av.7)

Moreover, if the sample complexity condition 5 holds, then
the above bound satisfies (IV.2).

Remark 5 (Interpretation of Initialization Error): The upper
bound of (IV.6) consists of two terms that correspond to
the approximation error of 7, to .7* and the incoherence
among [3;’s, respectively. Especially, the former converges to
zero as n grows while the latter does not.

The proof of Theorems 1 and 2 are postponed to
Section C-D in the supplementary materials. The combination
of Theorems 1 and 2 immediately yields the following upper
bound for the final estimator, which is one main result of this
paper.

Theorem 3 (Upper Bound): Suppose Conditions 1 — 5 hold,
s < d < Cs. After T iterations, there exists a constant C; not
depending on K, s, p,n, o2, such that the proposed procedure
yields

2 2
- Ci0°Kslogp (IV.8)

-

F n

with probability at least 1 — O(T* K s/n), where T™* is defined
in (IV.4).
The above upper bound turns out to match the minimax
lower bound for a large class of sparse and low-rank tensors.
Theorem 4 (Lower Bound): Consider the following class of
sparse and low-rank tensors,

T = Zf:l NeBr © Bi o Br,
where ||Br|lo < s, for k € [K],
T satisfies Conditions 1-3

Fp ks =147 : . (IV.9)

Suppose that { 2;}7_, are i.i.d standard normal cubic sketch-
ings with i.i.d. N(0,0?) noise in (IIL.1), p > 20s, and s > 4.
We have the following lower bound result,

inf

— 2 K 1
sup EHy_yH > o2 sloglep/s)
T TEFp K.s F

n

The proof of Theorem 4 is deferred to Section E in
the supplementary materials. Combining Theorems 3 and 4,
we immediately obtain the following minimax-optimal rate for
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sparse and low-rank tensor estimation with cubic sketchings
when log p =< log(p/s):

inf  sup
T T*€Fp,K,s

Ksl
JQM. (IV.10)

— 2
EHy—y* =
F

The rate in (IV.10) sheds light upon the effect of dimension
p, noise level o2, sparsity s, sample size n and rank K to the
estimation performance.

Remark 6: Recently, Li et al. [29] studied the optimal
sketching for the low-rank tensor regression and gave an
near-optimal sketching complexity with a sharp (1 + ¢)-
worse-case error bound. Different from the framework of [29]
that focuses on a deterministic setting, we study a probabilistic
model with random observation noises, propose a new algo-
rithm, and studied the minimax optimal rate of estimation
errors. In addition, [5], [16], [17] considered different types of
convex/non-convex algorithms for low-rank tensor regression
with statistical assumptions. To our best knowledge, we are the
first to achieve an optimal rate in estimation error based on
polynomial-time algorithms for the tensor regression problem.

Remark 7 (Non-Sparse Low-Rank Tensor Estimation via
Cubic-Sketchings): When the low-rank tensor .7* is not
necessarily sparse, i.e.,

T =Sy B © Br o Br

T* =49 k=1 ’
€ Pk { T satisfies Conditions 1-3 ’

we can apply the proposed procedure with all the trunca-

tion/thresholding steps removed. If n > O(p®/?), we can use

similar arguments of Theorems 1-3 to show that the estimator

T satisfies

Hé\'_y* 2 oKp

F n

av.11)

for any 7* € F, x with high probability. Furthermore,
similar arguments of Theorem 4 imply that the rate in (IV.11)
is minimax optimal.

Remark 8 (Comparison With Existing Matrix Results): Our
cubic sketching tensor results are far more than extensions
of the existing matrix ones. For example, [32], [33] studied
the low-rank matrix recovery via rank-1 projections: y; =
x; Tx;+¢; and proposed the convex nuclear norm minimiza-
tion methods. The theoretical properties of their estimate are
analyzed under a 1 /¢5-RIP or Restricted Uniform Bounded-
ness condition (RUB). However, the tensor nuclear norm is
computationally infeasible and one can check that our cubic
sketching framework does not satisfy RIP or RUB conditions
in general following the arguments in [48], [52]. Thus, these
previous results cannot be directly applied.

In addition, the analysis of gradient updates for the tensor
case is significantly more complicated than the matrix case.
First, it requires high-order concentration inequalities for the
tensor case since the cubic-sketching tensor leads to high-order
products of sub-Gaussian random variables (see Section IV-C
for details). The necessity of high-order expansions in the
analysis of gradient updates for the tensor case also signif-
icantly increases the hardness of the problem. To ensure the
geometric convergence, we need much more subtle analysis
comparing to the ones in the matrix case [52].
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C. Key Lemmas: High-Order Concentration Inequalities

As mentioned earlier, one major challenge for theoreti-
cal analysis of cubic sketching is to handle heavy tails of
high-order Gaussian moments. One can only handle up-to sec-
ond moments of sub-Gaussian random variables by directly
applying the Hoeffding’s or Bernstein’s concentration inequal-
ities. Therefore, we need to develop the following high-order
concentration inequalities as technical tools: Lemma 1 charac-
terizes the tail bounds for the sum of sub-Gaussian products,
and Lemma 2 provides the concentration inequalities for
Gaussian cubic sketchings. The proofs of Lemmas 1 and 2
are given in Section B.

Lemma 1 (Concentration Inequality for Sum of
Sub-Gaussian Products): Suppose X; = (x];,...,xz] )" €

R™*P, i € [n] are n iid random matrices. Here, suppose
x;j, the j-th row of X, is an isotropic sub-Gaussian vector,
ie., Ex;; = 0 and Cov(wx,;;) = I. Then for any vectors
a = (ar...,a,) € R", {B; nyC RP,and 0 < 6§ < 1,
we have

\Zazn zl6;) - (Z%H z56,))|

< CTT 18,1 (Jlall oz 5~ + [lalls(10g ) >)
j=1

with probability at least 1 — § for some constant C'.

Note that in Lemma 1, each X; does not necessarily have
independent entries, even though {X;}” , are independent
matrices. Building on Lemma 1, Lemma 2 provides a generic
spectral-type concentration inequality that can be used to
quantify the approximation error of 7 introduced in Step 1 of
the proposed procedure.

Lemma 2 (Concentration Inequality for Gaussian Cubic
Sketchings): Suppose {@1;}7", ¢ N(0,1,,), {2}, %

id
N(0,I,), {3:}7 z’z‘“ N(O, Ips) B1 € R, By € RP2,
Bs € RP3 are fixed vectors

o Define My = £ 37" (@1;0@2; 03, B10B2083)T1;0
x2; 0 x3;. Then E(Mygy) = B1 0 B2 0 B3 and

53 1og® (ep/s)

HMHSY—E nsy H <C( 1ogn) ( 2

1
1y BN g, 1 o o

with probability at least 1 — 10/n® — 1/p.

o Define Mgy = 2 37 | (z1;0@ 1,014, B10B1061)T1;0
x1;0x1;. Then E(Mym) = 681081081 +3> 0 _(B10
€mn 0 €y + €y o /81 oe€my +€,0€e,o0 /81) and

HMsym - sym H

53 1og ep s slog ep/s
Cllogny (| LA CURA TN

with probability at least 1 — 10/n® — 1/p.
Here, C is an absolute constant and || - ||5 is the sparse tensor
spectral norm defined in (I1.3).
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V. APPLICATION TO HIGH-ORDER INTERACTION
EFFECT MODELS

In this section, we study the high-order interaction effect
model in the cubic sketching framework. Specifically, we con-
sider the following three-way interaction model

P P p
Yy =&+ Z Sz + Z VijZ1izy + Z Mijk 21215 21k + €1,
i=1 i,j=1 i, k=1
(V.1)
for I = 1,...,n. Here &, ~, and i are coefficients for the
main effect, pairwise interaction, and triple-wise interaction,
respectively. More importantly, (V.1) can be reformulated into

the following tensor form (also see the left panel of Figure 1)
y = (B,xi0x0m)) + €, (V.2)

where z; = (1,2)"T € RPT! and B € RPHDxp+)x(p+1)
is a tensor parameter corresponding to coefficients in the
following way:

l=1,...,n,

Bio,0,0 = o,
B[l:p,lzp,lzp} = (Uijk)lgi,j,kgp,
Bio,1:p,1:p) = Biip,0,1:9) = Blusp,1p,0) = (Vig /3)1<ii<p

B[O,O,l:p] = B[O,l:p,O] = B[l:p,O,O] = (&/3)19@-

(V.3)
We provide the following justification for assuming the
tensorized coefficient B is low-rank and sparse. First, in mod-
ern applications, such as the biomedical research [53],
the response is often driven by a small portion of coefficients
and a small number of factors, leading to a highly entry-wise
sparse and low-rank B. Second, [54] suggested that it is
suitable to model entry-wise sparse and low-enough rank
tensors as arising from sparse loadings. Therefore, we assume
B is CP rank-K with s-sparse factors:

K
B=>Y mBroBroBr [Billo<s,
k=1
where K,s < p. Then the number of parameters in (V.4),
K(p + 1), is significantly smaller than (p + 1)3, the total
number of parameters in the original three-way interaction
effect model (V.1), which makes the consistent estimation of
B possible in the high-dimensional case. In this case, (V.2) can
be written as

K
yz:<z7lkﬂk o B Oﬂkawlowloml>+5h (V.4)
k=1

where [ € [n], H,8k||2”= 1, 1Bkllo < s,k € [K].

By assuming z; ~ N,(0,1I,), the high-order interaction
effect model (V.2) reduces to the symmetric tensor estimation
model (III.1), except one slight difference that the first coordi-
nate of x;, i.e., the intercept, is always 1. To accommodate this
difference, we only need to adjust the initial unbiased estimate
in the above two-step procedure. Let

1 n
ﬁ=6—n;ylwlowzowl

1 P
EZ(aoejoej—kejoaoej—kejoejoa), (V.5)
j=1
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where @ = 13" y@;. Then we construct the empirical
moment-based initial tensor 7,/ as

o For i,j,k # 0, Toujny = Tajijrs Zofijo =

7;[1‘,;',0],7;'[0,]‘,1@] = Ts[o,j,k], and Ts'[i,o,k] = 7;[1',0,]@]'
o Fori #0, Ty0,0,i = Torj0,i,0) = Tor(i,0,0) = 3Ts[0,0,i] —
0o Topioe) — (0 +2)as).

o Ty(0,00 = 2,%2(2@1 Tyi0.k,%) — (P + 2)Zg00,0,0))-
Lemma 5 shows that 7,/ is an unbiased estimator for 5.

The theoretical results in Section IV imply the following
upper and lower bounds for the three-way interaction effect
estimation.

Corollary 1: Suppose zi,...,z, are ii.d. standard
Gaussian random vectors gnd BB satisfies Conditions 1, 2 and 3.
The output, denoted as B, from the proposed Algorithms 1
and 2 based on 7, satisfies

2
H1§—8H2 < o2 Kslogp (V.6)
F n

with high probability. On the other hand, considering the
following class of B,

B =31, B o Br o Br
B : where||Bkllo < s, for k € [K],
B satisfies Conditions 1-3,

Fp+1,K,s =

Then the following lower bound holds,

PN 2 2K s1
inf  sup EHB—BHFZCw.

B BeFpii1k.s n

VI. NON-SYMMETRIC TENSOR ESTIMATION MODEL

In this section, we extend the previous results to the
non-symmetric tensor case. Specifically, we have J* €
RP1XP2XP3 gnd

yi = (T, Zi) + €, Zi=wuijoviow;, i€ [n], (VL)

where u; € RP* v; € RP2 w,; € RP3 are random vectors with
i.i.d. standard normal entries. Again, we assume .7 * is sparse
and low-rank in a similar sense that

K
T = Zmﬁﬂﬁx © Bay, © Bz,

k=1
1B1kll2 = lIB2xll2 = 185k ll2 = 1,
max{|Bix o, 182k llo; |85k llo} < s.

(V1.2)

Denote
e By = (B11,---,Bik), B2 = (B21,--- ,B2K), B3 =
(B31,- -, B3K),
e U = (ur,...,up), V. = (v,...,0,), W =
(wi,...,wy,),
77:(7717"'777k)Tay:(yla"'vyn)—r'

Then, the empirical risk function can be written compactly as
L(B1, Bz, B3, n)
1 2
—— @B« (VT By« W By m—y| . (V13)
n 2

Since (VI.3) is non-convex but fortunately tri-convex in terms
of By, By, and B3, we develop a block-wise thresholded
gradient descent algorithm as detailed below. The complete
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algorithm is deferred to Section O.l1 in the supplementary
materials.

Step 1: (Method of Tensor Moments) Construct the
empirical moment-based estimator

1 n
T::—ZyiuioviowieRplxmxm (VL.4)
n <
i=1
to which sparse tensor decomposition is applied for
initialization.

Step 2: (Block-wise Gradient Descent) Lemma 17 shows
that the gradient function for (VI.3) with respect to B; can
be written as

VB, L(B1,Bs,B3,n) =D (C{ 0 U)" e RM*@PK),
(VL5)
where D = (B{U)" * (B V)" % (B W)'n — y and
Ci=B, V)"« (B{W) on'. Fort=1,...,T, we fix
Bét),Bét) and update B%t“) via block-wise thresholded
gradient descent,

vec(BEtH)) =¢,0(BY) (vec(BEt))
@

~2Vn LB B, B m).

where ¢ = >0 y?/n, p is the step size, and h(B) =

\/%{DQ}T{CQ}. The updates of By, B are similar.

The theoretical analysis for the non-symmetric case is
different from the symmetric one in two folds. First,
the non-symmetric cubic sketching tensor is formed by three
Gaussian vectors rather than one, which leads to many dif-
ferences in the calculation of high-order moments. Second,
the CP-decomposition of non-symmetric tensor .7* (VIL.2)
forms a tri-convex optimization. At this point, the standard
convex analysis for vanilla gradient descent [55] could be
applied given a proper initialization.

With the regularity conditions detailed in Section O.1,
we present the theoretical results for non-symmetric tensor
estimation as follows.

Theorem 5 (Upper Bound): Suppose Conditions 6 — 9 hold
and n > (slog(po/s))>/?, where py = max{py,pa,p3}. For
any t =0,1,2,..., the output of Algorithm O.1 satisfies

2 2
‘ g(’)p(mt+0810gp0)
2 n

K 3

>0

k=1 j=1

. t+1 5 %
&, nkﬁj(‘k ) _ \3/ nk/@jk

for some 0 < x < 1. When the total number of iterations is
no smaller than log(——2—V1)/log k!, the final estimator

e o2slog po
T satisfies

%K slog po )
~ .

|77 <o

Theorem 6 (Lower Bound): Consider the class of incoherent
sparse and low-rank tensors ¥ = {7 : J = Zszl B1r0Ba10
Bais |Bikllo < sfori=1,23k=1,...,K}. If {Z;}",
are iid standard normal cubic sketchings, ¢ < N (0,0?),
min{pi, p2,ps} > 20s, and s > 4, we have
Co?sKlog(e - po/s)

n

— 2
inf sup IEH?—?H >
T TeF F

(VL6)
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Fig. 2. Successful rate of recovery with varying sample size.

Theorems 5 and 6 imply that the proposed algorithm
achieves a minimax-optimal rate of estimation error in the
class of F as long as log(pg) < log(po/s).

VII. NUMERICAL RESULTS

In this section, we investigate the effect of noise level,
CP-rank, sample size, dimension, and sparsity on the estima-
tion performance by simulation studies. We also investigate
the numerical performance of the proposed algorithm when
the incoherence assumption required in the theoretical analysis
fails to hold.

In each setting, we generate .7 * = Zkl,{:l By o Bf o B,
where |supp(3;)| = s, the support of 3}, is uniformly selected
from {1,...,p}, and the nonzero entries of 3; are drawn
randomly from standard normal distribution. Then, we cal-
culate n; < |[|B;]|3 and normalize B; «— B;/|B;|l2- The
cubic sketchings { Z;} , are generated as Z; = x;ox;0x;
and z; N(0,1). The noise satisfies {¢;}7 , by N(0,0?)
or Laplace(0,0/+v/2). Additionally, we adopt the following
stopping rules in iterations: (1) the initialization iteration
(Step 2 in Algorithm 1) is stopped if [T — b, < 1076,
(2) the gradient update iteration (Step 3 in Algorithm 2) is
stopped if ||[BT*Y — BTz < 107°. The numerical results
are based on 200 repetitions unless otherwise specified. The
code was written in R and implemented on an Intel Xeon-
ES processor with 64 GB of RAM.

First, we consider the percentage of successful recovery
in the noiseless case. Let K = 3, s/p = 0.3, p = 30
or 50, so that the total number of unknown parameters in
T* is 2.7 x 10* or 1.25 x 10°. The sample size n ranges
from 500 to 6000. Each recovery is called “successful” if the
relative error |7 — 7| /|| 7*||r < 107%. We report the
average successful recovery rate in Figure VII. We can see
from Figure VII that the empirical relation among successful
recovery, dimension, and sample size is consistent with the
theoretical results in Section IV.

We then move to the noisy case. Select K = 3, s/p =
03, p € {30,50}, {e;}, “ N(0,0%). We consider
two scenarios: (1) sample size n = 6000, 8000, or 10000,
s/p = 0.3, the noise level o varies from 0 to 200;
(2) noise level 0 = 200, sample size n varies from
4000 to 10000, p = 30, s/p = 0.1,0.3,0.5. The esti-
mation errors in terms of |7 — J*||p/||.7*||F in these
two scenarios are plotted in Figures 3 and 4, respectively.
These results show that the proposed procedure achieves a
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Fig. 3. Estimation error under different noise levels. Left panel: p = 30,
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panel: initial estimation error, right panel: final estimation error.

o
«
o

1.0

0.6 0.8
0.15

incoherence
relative error
0.10

0.4

0.05

0.2

o
L Gl T

0720 4060 80 110 140 170 200 00 01 02 03 04

0.0
0.00

s incoherence
Fig. 5. Left panel: incoherence parameter I with varying sparsity. Here,

the red line corresponds to the rate /s required in the theoretical analysis.
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good performance — Algorithms 1 and 2 yield more accurate
estimation with smaller variance o2 and/or large value of
sample size n.

Next, we demonstrate that the low-rank tensor parameter
7* with randomly generated factors (3;; satisfies the incoher-
ence condition 3 with high probability. Set the CP-rank K = 3
and the sparsity level s/p = 0.3 with the dimension p ranging
from 10 to 2000. We compute the incoherence parameter I'
defined in Condition 3. The left panel of Figure 5 shows that
the incoherence parameter I' decays in a polynomial rate as
s grows, which matches the bound in Condition 3. Recall
a theoretical justification on this point is also provided in
Lemma 28.

We further examine the performance of the proposed algo-
rithm when the incoherence condition required in the theo-
retical analysis fails to hold. Specifically, we set the CP-rank
K = 3, p = 30, and the sparsity level s/p = 0.3. We construct
enormous copies of tensor parameter .7;* with i.i.d. standard
normal factor vectors 3. For each ﬂj*, we calculate the
incoherence I'; defined in Condition 3, then manually pick
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Fig. 7. Log relative estimation error of initial estimation error (left panel)
and initialization/final estimation error (right panel).

40 9]»7 such that
0.01-(j' —1)<T; <0.01-5 for j ={1,2,...,40}.

In this way, we obtain a set of tensor parameters {7}
with incoherence uniformly varying from 0 to 0.4. The right
panel of Figure 5 plots the relative error for estimating .7 *
based on observations from cubic sketchings of ﬂjf based
on 1000 repetitions. We can see that the proposed algorithm
achieves small relative errors even when the true factors are
highly coherent.

Moreover, we consider a setting with Laplacian noise.
Suppose  {e;}1" w Lap(c) with density f(z) =
L exp(—2[z|/o). With n = 3000, p = 30, and varying values
of o, the average estimation error and its comparison with
Gaussian noise setting are provided in Figure 6. We note that
the estimation errors under Laplace noise are slightly higher
than those under Gaussian noise.

We also compare the estimation errors of initial and final
estimators for different ranks and sample sizes. Set K = 3,
p = 30, s/p = 0.3 and consider the noiseless setting. It is clear
from Figure 7 that the initialization error decays sufficiently,
but does not converge to zero as sample size n grows.
This result matches our theoretical findings in Theorem 2:
as discussed in Remark 5, the initial stage may yield an
inconsistent estimator due to the incoherence among (j’s.
We also evaluate and compare the estimation errors for both
initial and final estimators. From the right panel of Figure 7,
we can see that the final estimator is more stable and accurate
compared to the initial one, which illustrates the merit of
thresholded gradient descent step of the proposed procedure.

Finally, we compare the performance of the proposed
method with the alternating least square (ALS)-based tensor
regression method [3]. We specifically consider two schemes
for the initialization of ALS: (a) {ﬁ,io)} are i.i.d. standard
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TABLE I

ESTIMATION ERROR AND STANDARD DEVIATION (IN SUBSCRIPT)
OF THE PROPOSED METHOD AND ALS-BASED METHOD

Sample size ours warm start | cold start initial
n = 4000 4.020‘13 32.821_79 37-78123 38.03174
n = 5000 1.940.09 32.349.34 36.962.10 33.711.78
n = 6000 1.770.09 22.221 .91 59.973.40 25.571.48

Gaussian (cold start), and (b) {,6',2,0)} are generated from the
proposed Algorithm 1 (warm start). Setting K = 2, s/p = 0.2,
p =30, {&}, #d N(0,2002), we apply both the proposed
procedure and the ALS-based algorithm and record the average
estimation errors with standard deviations for both initial and
final estimators. From the result in Table VII, one can see the
proposed algorithm significantly outperforms the ALS under
both cold and warm start schemes. The main reason is pointed
out in Remark 8: the cubic sketching setting possesses distinct
aspects compared with the i.i.d. random Gaussian sketching
setting, so that the method proposed by [3] does not exactly
fit here.

VIII. DISCUSSION

This paper focuses on the third order tensor estimation via
cubic sketchings. Moreover, all results can be extended to the
higher-order case via high-order sketchings. To be specific,
suppose

yz:<y*7w?m>+€zv i:]-a"'vna

where .7* € (RP)®™ is an order-m, sparse, and low-rank
tensor. In order to estimate .7* based on {y;,x;}}_;, one
can first construct the order-m moment-based estimator using
a generalized version of Theorem 7 and the fact that the
score functions S, (x) = (—1)™V™p(x)/p(x) for the density
function p(x) satisfy a nice recursive equation:

Sm,(ZC) = _Sm,—l(w) o Vlogp(w) — VSm_l(a:)

Then, one can similarly perform high-order sparse tensor
decomposition and thresholded gradient descent to esti-
mate .7 *. On the theoretical side, we can show if mild
conditions hold and n > C(log n)™ (s log p)™/2, the proposed
procedure achieves
H?j_ 9* 2 SO_QKm81Og(p/S)
F n

with high probability. The minimax optimality can be shown
similarly.

APPENDIX

This appendix contains five parts: (1) Sections A-B pro-
vide detailed proofs for empirical moment estimator and
concentration results; (2) Sections C-N provide additional
proofs for the main theoretical results of this paper; (4)
Section O covers the pseudo-code, conditions and main proofs
of non-symmetric tensor estimation; (5) Section P discusses
the matrix form of gradient function and stochastic gradient
descent; (6) Section Q provides several technical lemmas and
their proofs.
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A. Moment Calculation

We first introduce three lemmas to show that the empirical
moment based tensors (II1.6), (V.5), and (VI.4) are all unbiased
estimators for the target low-rank tensor in the corresponding
scenarios. Detail proofs of three lemmas are postponed to
Sections G.1, G.2 and G.3 in the supplementary materials.

Lemma 3 (Unbiasedness of Moment Estimator Under
Non-Symmetric Sketchings): For non-symmetric tensor esti-
mation model (VL.1) & (VI.2), define the empirical
moment-based tensor 7 by

1 n
T :=— E YiU; © V; O W;.
n “
=1
Then 7 1is an unbiased estimator for 7%, i.e.,

K
E(T) = Z MeBik © Bar, © Bay.-
k=1

The extension to the symmetric case is non-trivial due
to the dependency among three identical sketching vectors.
We borrow the idea of high-order Stein’s identity, which was
originally proposed in [49]. To fix the idea, we present only
third order result for simplicity. The extension to higher-order
is straightforward.

Theorem 7 (Third-Order Stein’s Identity, [49]): Let x € RP
be a random vector with joint density function p(). Define the
third order score function S3(x) : R? — RP*P*P a5 S3(x) =
—V3p(x)/p(z). Then for continuously differentiable function
G(z) : R? — R, we have

E[G(z) Ss3(z)] =E [V*G(z)] . (A.1)
In general, the order-m high-order score function is defined
as
mV"P(T)
p(x)
Interestingly, the high-order score function has a recursive
differential representation

Sm(@) = (~1)

Sm (:13) = mfl(a’) oV logp(w) - V'Smfl(w)v (AZ)

with So(xz) = 1. This recursive form is helpful for con-
structing unbiased tensor estimator under symmetric cubic
sketchings. Note that the first order score function S;(x) =
—Vlogp(x) is the same as score function in Lemma 26
(Stein’s lemma [56]). The proof of Theorem 7 relies on
iteratively applying the recursion representation of score func-
tion (A.2) and the first-order Stein’s lemma (Lemma 26).
We provide the detailed proof in Section F for the sake of
completeness.

In particular, if « follows a standard Gaussian vector, each
order score function can be calculated based on (A.2) as
follows,
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Interestingly, if we let G(x) = Y1, ni (2T B8;)3, then

—V3G Z ni B o By o Bi, (A4)

k=1

which is exactly .7 *. Connecting this fact with (A.1), we are
able to construct the unbiased estimator in the following
lemma through high-order Stein’s identity.

Lemma 4 (Unbiasedness of Moment Estimator Under Sym-
metric Sketchings): Consider the symmetric tensor estimation
model (III.1) & (IV.9). Define the empirical first-order moment

= 71) Zz 1 Yiz;. If we further define an empirical third-
order-moment based tensor 7; by

|: § y’Lw’L o wl o w’b

P
— E (mloejoej+ejomloej+ejoejoml)},
j=1

GB|H

then

K
= 0B o Bi o B

k=1

Proof: Note that y; = G(x;) + ¢;. Then we have

(s -

where S3(x) is defined in (A.3). By using the conclusion in
Theorem 7 and the fact (A.4), we obtain

n K
B(T) = B(g; Yusile) = 3 uid o B B

since ¢; is independent of x;. This ends the proof. |

Although the interaction effect model (V.1) is still based on
symmetric sketchings, we need much more careful construc-
tion for the moment-based estimator, since the first coordinate
of the sketching vector is always constant 1. We give such an
estimator in the following lemma.

Lemma 5 (Unbiasedness of Moment Estimator in
Interaction Model): For interaction effect model (V.1),

E(% i(a(wi) +e)Ss (@),

1=

construct the empirical moment based tensor 7y as
following
o For i,j,k # 0, Tk = Tapijkg- And Ty o =
Lsti,j,01 Torto,.00 = Tsto,g.01s Torfi0,0) = Tofiso.h-
. FOT i #0, To0,0,0 = Tsr10,i,00) = Zo10,0,00 = 37500,0,5) —
(Zk 1 Lo, k a— (p+ 2)0%)
. T [0,0,0) = 3p— 72 (o1 Tooen) — (04 2)T500,0,0))-

The 7,/ is an unbiased estimator for B, i.e.,

K
= B 0 B o B
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B. Proofs of Lemmas 1 and 2: Concentration Inequalities

We aim to prove Lemmas 1 and 2 in this subsection.
These two lemmas provide key concentration inequalities of
the theoretical analysis for the main result. Before going into
technical details, we introduce a quasi-norm called ),-norm.

Definition 1 (¢o-Norm [34]): The 1,-norm of any random
variable X and « > 0 is defined as

IX |y, = inf {c € (0,00) : Elexp(|X|/C)] < 2}.

Particularly, a random variable who has a bounded 1)2-norm
or bounded 1)1 -norm is called sub-Gaussian or sub-exponential
random variable, respectively. Next lemma provides an upper
bound for the p-th moment of sum of random variables with
bounded %, -norm.

Lemma 6: Suppose X1,..., X, are n independent random
variables satisfying ||X;[ly, < b with @ > 0, then for all
a=(a,...,a,) € R™ and p > 2,

(IE‘ En: 0 X; — E(i @ X;) p) ;
i=1 =1

{ Ci(a)b(ypllallz + p/|al), if0<a<1;
Ca()b(y/pllalla +p/*llallas), if o> 1.

(A.5)

where 1/a* + 1/a = 1, C1(a),C2(a) are some absolute
constants only depending on .

If 0 < a < 1, (A.5) is a combination of Theorem 6.2
in [57] and the fact that the p-th moment of a Weibull
variable with parameter « is of order pl/a. If a > 1, (AS)
follows from a combination of Corollaries 2.9 and 2.10 in [58].
Continuing with standard symmetrization arguments, we reach
the conclusion for general random variables. When o = 1
or 2, (A.5) coincides with standard moment bounds for a sum
of sub-Gaussian and sub-exponential random variables in [59].
The detailed proof of Lemma 6 is postponed to Section H.

When 0 < a < 1, by Chebyshev’s inequality, one can obtain
the following exponential tail bound for the sum of random
variables with bounded t,-norm. This lemma generalizes
the Hoeffding-type concentration inequality for sub-Gaussian
random variables (see, e.g. Proposition 5.10 in [59]), and
Bernstein-type concentration inequality for sub-exponential
random variables (see, e.g. Proposition 5.16 in [59]).

Lemma 7: Suppose 0 < a < 1, Xi,...,X, are inde-
.. < b. Then there
exists absolute constant C'(«) only depending on « such that
for any a = (a1,...,a,) ER™ and 0 < § < 1/€?,

n n
‘ Z aiXi - E(Z ain)
i=1 i=1

C(a)bllallz(log 6~1)"? + C(a)bllalloc (log 1)/,

with probability at least 1 — 4.
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Proof: For any t > 0, by Markov’s inequality,

IP’(‘ ;aiXi — E(;aiXi) > t)

n n P
4@(‘ ;aiXi - E(;aiXi)
E‘ D @iXi — E( dic1 aiXi) !
<

tP

p
Claptr (yplals + /< al)
<

= tp Y

> tp)

where the last inequality is from Lemma 6. We set ¢ such
that exp(—p) = C(a)PbP(\/pllall2 + p'/*|al/o)?/t?. Then
for p > 2,

‘Zazx E(ZaX)

holds with probability at least 1 — exp(—p). Letting § =
exp(—p), we have that for any 0 < § < 1/e?,

| Zn:aiXi - IE(Zn:aiXi)
< ()(Hall (10g0™)"/2 + |laf| oo (log 6~1)/*).

holds with probability at least 1 — §. This ends the proof. H

The next lemma provides an upper bound for the product
of random variables in 1, -norm.

Lemma 8 (1, for Product of Random Variables): Suppose
Xi,...,X,, are m random variables (not necessarily inde-
pendent) with 1)-norm bounded by ||X;||y, < K. Then the
Yo /m-norm of T2, X; is bounded as

< eC(@)p(vilall+p"*all)

m

1%

j=1

m
<[Ix
Va/m =1

Proof: For any {z;}7>; and a > 0, by using the
inequality of arithmetic and geometric means we have

(T122)™" = (TT12r)' m<ii
i K; e K; - m =

Since exponential function is a monotone increasing function,
it shows that

T 2\ 1S %
e (T ZN) " e (5 X 121)
7j=1 7j=1
m 1/m 1 m T
_ J J
= (Hexp(|? (’)) < p— Z exp <|E|a) (A.6)
7j=1 7j=1
From the definition of ,-norm, for j = 1,2,...,m, each
individual X; has
X;
E(exp(|K |) ) <2 (A7)

J

5939

Putting (A.6) and (A.7) together, we obtain

elew (i) ==l (T )]

Therefore, we conclude that the 1, /,,-norm of H;nzl Xj is
bounded by [}, K. [

Proof of Lemma 1: Note that for any j = 1,2,...,m,
the ¥o-norm of X | 3; is bounded by [|3;|l2 [59]. According
to Lemma 8, the 1y),,-norm of [[7", (X B;) is bounded
by H] 1 11B;ll2. Directly applying Lemma 7, we reach the
conclusion. |

Proof of Lemma 2: We first focus on the non-symmetric
version and the proof follows three steps:

1) Truncate the first coordinate of xy;, x2;, T3; by a care-
fully chosen truncation level,
2) Utilize the high-order concentration inequality in
Lemma 20 at order three;
3) Show that the bias caused by truncation is negligible.
With slightly abuse of notations, we denote a,z,y etc.
as their first coordinate of a,x,y etc. Without loss of gener-
ality, we assume p := max{pi, p2, p3}. By unitary invariance,
we assume 31 = B2 = 33 = e;, where e; = (1,0,...,0)".
Then, it is equivalent to prove

e

S

H_ E T1322;X3L13 © L2 O L3; — €] O €1 O€1

/ 3] 1
< Clogn?(y/* og” p/s /s ogp/s

Suppose x1 ~ N(0,1I,,), ~ N(0,1I,,), ~
N(0,1I,,) and {581“582“5831}1:1 are n mdependent samples
of {x1,x2, x3}. And define a bounded event G,, for the first
coordinate and its corresponding population version,

Gn = {miax{|xu|, |w2:], |z3s|} < M},

G = {max{fa1], |22, [w3]} < M},
where M is a large constant to be specified later. Let || Moy —
E(Masy)||s upper bounded by M; + M, where

n
1
M, = - E T15T2T3;T 15 © T2; O T34
i=1

—E(xlxgxgwl 0 Xy O w3|g) H
S
and
Moy = HE(:legxgwl 01Xy 0 wg‘g) —ejoe;o0 61H .
S

We will prove that M is negligible in terms of convergence
rate of M.

Bounding M;. For simplicity, we define ) = 1|G, xf, =
x2|G, xf = x3|G, and {x;, ), x5} | are n independent
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samples of {x,x}, 4}, According to the law of total prob-
ability, we have

(M > t) <P(g7) + (M > ),
where
1 n
My = Hﬁ Z YT 0 Ty; 0 T T,
i=1
_]E(azr’lsc’1 ozhwh o a:gscg) Hg

According to Lemma 22, the entry of z,x,, xbh,xh,, x5, x%;
are sub-Gaussian random variable with 1)5-norm M?2. Apply-
ing Lemma 20, we obtain

)

P(M = C1M°5,,) <

N =

where 6, = ((slog(p/s))?/n?)/? + (slog(p/s)/n)'/2.
On the other hand,
n
P(Gr) <3 Plaii| = M) < 3ne' =M
i=1

Putting the above bounds together, we obtain
1
P(My = Cy M) < - 4 3nel~OM",
p

By setting M = 24/logn/C3, the bound of M; reduces to
64C1 3 1 3e

P(M > -
S n

(A.8)

Bounding M,. From the definitions of M, and sparse
spectral norm,

Mg = HE($1$2$3$1 O T2 O a:3|g) —e€e10e;o 61H
S

= sup E(xlmgxg(w]—a)(w;b)(sc;c)‘g) — alblcl}.
D(a,b,c)
where
D={Jlalla=bll2=llcla =1, max{lallo. 16l elo} < 5}.

Since x1; is independent of i, for any j # Kk,
E(x1(z{ 0a)|G) = E(x2a;|G). Similar results hold for x2, 3.
Then we have

My = sup |a1b101|‘E(xfx§x§‘g) - 1‘
D
< ‘E(x%x%xﬂg) — 1‘ = ‘E(x%“xﬂ < M)
E<x§‘|x2| < M)E<x§‘|x3| <M)- 1‘.

By the basic property of Gaussian random variable, we can
show

1> E(x$\|xi| < M) >1-2Me M2, j=1,2,3.

Plugging them into M5, we have

3
M, < ‘(1 _ 2Me_Mz/2) _ 1‘
< ‘12M26—M2 — 6Me M /2 _gpie—3ME/2
< ‘26M36_M2/2‘,
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where the last inequality holds for a large M > 0.
By the choice of M = 2./logn/Cs, we have My <
208/03/2(10g n)2 /n? for some constant Cy. When n is large,
this rate is negligible comparing with (A.8)

Bounding A/: We put the upper bounds of M; and My
together. After some adjustments for absolute constant, it suf-
fices to obtain

M, 4+ M, < C(logn)B(W+ \/slognw),

with probability at least 1 — 10/n3 — 1/p. This concludes the
proof of non-symmetric part. The proof of symmetric part
remains similar and thus is omitted here. |

C. Proof of Theorem 2: Initialization Effect

Theorem 2 gives an approximation error upper bound for the
sparse-tensor-decomposition-based initial estimator. In Step I
of Section III-A, the original problem can be reformatted to a
version of tensor denoising:

To =T 4+ &, where &="T,—E(T). (A.9)
The key difference between our model (A.9) and recent
works [27], [50] is that £ arises from empirical moment
approximation, rather than the random observation noise con-
sidered in [50] and [27]. Next lemma gives an upper bound
for the approximation error. The proof of Lemma 9 is deferred
to Section I.

Lemma 9 (Approximation Error of T;): Recall that £ =
Ts—TE(7;), where 7T; is defined in (II1.6). Suppose Condition 4
is satisfied and s < d < Cs. Then

Hg||8+d <
K 3 3
o, [82log"(p/s) [slog(p/s) 1
201;771@( 2 + - )(1ogn) ,
(A.10)
with probability at least 1 — 5/n for some uniform

constant Cf.
Next we denote the following quantity for simplicity,

BB

where R is the singular value ratio, K is the CP-rank, s is the
sparsity parameter, I' is the incoherence parameter and C5 is
uniform constant.

Next lemma provides theoretical guarantees for sparse ten-
sor decomposition method.

Lemma 10: Suppose that the symmetric tensor denoising
model (A.9) satisfies Conditions 1, 2 and 3 (i.e., the iden-
tifiability, parameter space and incoherence). Assume the
number of initializations L > K Cs7™* and the num-

ber of iterations N > Cjlog (7/( L€ |ls+a + \/FFQQ)

Mnin
for constants Cs, Cy, the truncation parameter s < d < Cs.
Then the sparse-tensor-decomposition-based initialization
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satisfies
0 * 0 *
max {181 — Bz, Inf” — i |
C
<€l s+a + VET?, (A.12)
for any k € [K].

The proof of Lemma 10 essentially follows Theorem 3.9
n [27], we thus omit the detailed proof here. The upper

bound in (A.12) contains two terms: -S4~ ||||s+q and vV KT?,
which are due to the empirical momenf”é'ioprommatlon and the
incoherence among different 3, respectively.

Although the sparse tensor decomposition is not optimal in
statistical rate, it does offer a reasonable initial estimation pro-
vided enough samples. Equipped with (A.10) and Condition 2,
the right side of (A.12) reduces to

sra + VET? <2 clc4KR< s log" (p/5)

min

s IOgép/s))(log ’I’L)4 + \/EFQ7

with probability at least 1 —5/n. Denote Cy = 4-2160-C;CYy.
Using Conditions 3 and 5, we reach the conclusion that

max { (181" = Billa, In” — il } < K~ R72/2160,
with probability at least 1 — 5/n. |

D. Proof of Theorem 1: Gradient Update

We first introduce the following lemma to illustrate the
improvement of one step thresholded gradient update under
suitable conditions. The error bound includes two parts: the
optimization error that describes one step effect for gradient
update, and the statistical error that reflects the random noise
effect. The proof of Lemma 11 is given in Section J. For
notation simplicity, we drop the superscript of 77,(60) in the
following proof.

Lemma 11: Lett > 0 be an integer. Suppose Conditions 1-5

hold and {,8,(:), Nk} satisfies the following upper bound

SeBY — i/

max ‘Uk - nZ‘ <ep,

ke[K]
(A.13)
with probability at least 1 — O(K/n), where ¢y =
4
K~'R73/2160. As long as the step size ju satisfies
32R~20/3
0<p<p= (A.14)

3K[220 + 270K ]2’
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1)} can be upper bounded as

\/_ﬁk

then { ,BI(CH

(f+1)

2
— /i,

K
8
< (1 _32uK 2R 3)
k=

Optimization error

R pal
20K 2RS 370 2O8P
n

statistical error

with probability at least 1 — O(Ks/n).

In order to apply Lemma 11, we prove that the required
condition (A.13) holds at every iteration step ¢ by induction.
When ¢ = 0, by (IV.2) and Condition 2,

o) B;
o -5,

holds with probability at least 1 — O(1/n). Since the initial
estimator output by first stage is normalized, i.e., || ,BI(CO)HQ =
185 ]l2 = 1, by triangle inequality we have

S €0,

Nk —77;‘ < o, for k € [K],

) _

0 0 = 20 =
< |l - fﬁ()+Wﬁ£’—€/ﬂ_kﬁk2
< Nk — (O)
Note that

€0 .
= = < €0/
Sy + (/)2 i

This implies

B8 — /. B,

with probability at least 1 —
over k € [K], we have

B - /s,

< 2¢/mzo,

(1 /n). Taking the summation

2
.2
<4 Knmixel,

K 2
L2
3.2
E 4n,.” €p
k=1

O(K/n), which means (A.13)

k=1

with probability at least 1 —
holds for ¢ = 0.

Suppose (A.13) holds at the iteration step ¢ — 1, which
implies

B8y — /nr. ﬁk

k=1

(t )

2
\/—/6k2

K
8
§<1 - 32uK*2R‘3)

8 4 52
p2C K2R~ 53 O_5108P

min

«2 8 42
AKndee? — u(mKR— Y
2K ?R-3nE %)
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Since Condition 5 automatically implies
noo CQO'QR_377m1nK
slogp — 64e2 ’

for a sufficiently large C, we can obtain

\/_,6k

By induction, (A.13) holds at each iteration step.

Now we are able to use Lemma 11 recursively to com-
plete the proof. Repeatedly using Lemma 11, we have for
t=1,2,...,

< 4K77max60

(t+1

\/—/Bk

s\t & 0
< (1 —32/¢K‘2R’§) B _

SIS

COU;;, o?slogp
16 n
with probability at least 1 —
first part of Theorem 1.
When the total number of iterations is no smaller than

+

O(tKs/n). This concludes the

log(an;;f/?’JQS logp) — 10g(6477r*n2a/x3K60 n)

T = - ,
log(1 — 32uK —2R~8/3)

the statistical error will dominate the whole error bound in the
sense that
.4
03771111113 025 Ing
8 n

(A.15)

2
— /1B, , <
k=1

with probability at least 1 — O(T*Ks/n).

The next lemma shows that the Frobenius norm distance
between two tensors can be bounded by the distances between
each factors in their CP decomposition. The proof of this
lemma is provided in Section K.

Lemma 12: Suppose Z and 7* have CP-decomposition
7 = Yhoa B0 B B and T =530 iy 0 B0 B
If [nx — nj| < ¢, then

=

F

(S wm)

k=1

/B

K
§9u+@(
k=1

Denote 7 = Zk 1 Mk ﬁ(T) o ,BIE,T*) o ,BIE,T*). Comb-

ing (A.15) and Lemma 12, we have

Wl

. 2 Oy 3 o251 4

F n
9C3R 02K slogp

4 n
with probability at least 1 — O(T'Ks/n). By setting C; =
9C5 /4, we complete the proof of Theorem 1. |

IN
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E. Proofs of Theorems 4 and 6: Minimax Lower Bounds

We first consider the proof for Theorem 6 on non-symmetric
tensor estimation. Without loss of generality we assume
p = max{pi,p2,p3}. We uniformly randomly generate
{QUmY 1 aras MK subsets of {1,...,p} with cardi-

k=1,...,K
nality of s. Here M > 0 is a large integer to be specified later.

Then we construct {,B(k’m)}m=17,,,,M C RP as
k=1,...K

(kym) VA, if j e Qe

B; = T o (km)

0, if j ¢ Qlem),

A > 0 will also be specified a little while later. Clearly,
|Bkm) — glkma)|2- < 95\ for any 1 < k < K, 1 <
my, my < M. Additionally, |Q(%1) 0 Q(Fm2)| satisfies the
hyper-geometric distribution: P (|Q(Fm1) 0 Qkm2)| =¢) =
(DE=)

P

Let
wikmma) — [k qokm | (A.16)
then for any s/2 <t <s,
s (s—t41)  (p=s)-(p—2s+t+1)
(kymasma) _ 4\ ] (s—1D)!
¥ (w = t) N p-(p—s+1)

s!

< (5 s ¢
“\t) \p-—s+1
t t
<95 s < 4s
- p—s+1) “\p—s+1)

Thus, if n > 0, the moment generating function of
wkmima) — £ gatisfies

t=|s/2]+1
<14+ Y (Us/p—s+ 1) exp(n(t - 5/2))
t=|s/2]+1

4s ls/2]+1
()
p—s+1

s—|s/2]—-1 t
Z (}%) exp (n(t+ [s/2]+1—1s/2))

t=0
(2)1+< 4s >S/23_L§J_l< 4sem )t
- p—s+1 Pt p—s+1
(s Vs (p—s 1)
B p—s+1 1—4sen/(p—s+1)

s s/2 1
<1+ (4s/(p +1)) 1—4s/(p—s+1)-en
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Here, (*) is due to n > 0 and |s/2| + 1 > s/2. By
n=1log((p —s+1)/(8s)), we have

K
3sK
P (k,ml,m2)>
(E w >
sK _ sK
(kym1,mz) _
_IP’(Ew L2 224)

<Eexp (n(szz wkmi,me) _ %))

exp (- 2)

_ HkK:1 Eexp (n(w(k,m,hmﬂ o

exp(n - *)

<(1+ (s/(p— s+ 1) Q)K \

sK p—s+1
exp —Tlog T .

Since p > 20s and s > 4, we have

(1 +2(ds/(p— s+ 1))8/2)K

s/2
<Klog <1 +2 <p/s4— 1) ))
(e (r(2))
(K O 085) < exp (sK log(p/s) - 0.0144),

(e (55)
(

3))

sKlog p/s

log(S 19/20))
<exp ( sKlog(p/s) 008)

Combining the two inequalities above, we have

K o (8p/(p - 5+ 1)))

p—s+1
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settin K 3K
& P(;w(k’ml’mZ)ST,V1§m1<m2§M>
(A.17) M(M -1
2P ML) o (—cosK log(p/s))
> 1 — M?exp(—cosK log(p/s)) >0
which means there are positive probability that
{ﬁ(km }k 1 K satisfy
m= LM
K
sKA 2
< ; (k;my1) _ g(k,mz2)
2 1§m1n<nrlr}2§M Z Hﬂ /6 2
(k} m1 _ k) mz) < 2 K
1<m1<m2<MZ H'B KA
(A.18)
(A.17)
For the rest of the proof, we fix {,B(k’m)} k=1,..,k to be the

m=1,....M

set of vectors satisfying (A.18).

Next, recall the  canonical  basis e =
k-th
=
(0,..., 1 ,0,---,0) € RP. Define
K
g(m) _ Zlg(k,m) ceyoer, 1<m<M.
k=1

For each tensor .Z7(™ and n ii.d. Gaussian sketches
u;, v;, w; € RP, we denote the response

y(m) = { (M)} ’ (Tﬂ) <u1, © vV; © w;, y(m)> + €,
i=1

where ¢; Py N(0,02%), i=1,...,n.Clearly, (y(m),u,v, w)
follows a joint distribution, which may vary based on different
values of m.

In this step, we analyze the Kullback-Leibler divergence
between different distribution pairs:

(1+(4s/(p—s+1))s/2-2)KeXp ( Sf log (
<exp (—cosK log(p/s))

for ¢y = 1/20.
Next we choose M =

8s

))

DKL ((y(ml)a u,v, ’LU), (y(ma), u,v, ’LU))

ply™) u,v, w))

=E om0 ) 108 (p(y(mz)’ w, v, w)

lexp(co/2-sK log(p/s))|. Note that

||,3(k,m1) _ lg(k,mz) ||§ Note that conditioning on fixed values of u, v, w,
=)\ (}Q(’%ml) \ QUema)| 4 ‘Q(kvm2) \ Q) ) K
(m) (k)T o, (BT o, )T aw.). o
y" ~ N <Z(ﬁ u;) - (e v) - (e wy), o ) :
_ k, k,m: k, k,m: i
=\ (‘Q( m)| 4 | kma) _2‘9( m1) A mz)) ]
m (A.16) my,m . . P
=2\ (s — }Q(k’ml) N Qkm2) ) =2\ (s — wm ’"12)) » By the KL-divergence formula for Gaussian distribution,
then we further have p(y"™) u, v, w)
i SK)\ E(yom1) a,v,w) m"wv, w
p(Z |B%m) — glhma) 25 SR oy <m2<M> Y

K
P (Z 2\ (s—w(k’ml’"”Q)) > i

k=1

K T
((Ig(k,ml) _ I@(k,mg)) ui) *
2

e
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Therefore, for any mi # mao,

DKL ((y(WL1)7 u,v, 'lU), (y(MZ)7 u,v, 'lU))

n K
1 s .
=Euvwy 3 (Z(ﬁ(k’ 1) _ gUma))Toy
i=1 k=1
2
(e®Tv,)(e®) T )) o2
_2 n
_ ZZE (k,ml) _ /B(k’,m,g))Tui)Q
i=1 k=1

Ev(e(k)TUi)QEw(e(k)Twi)Q

no 2 al
=273 — BT < o2 s
k=1

Meanwhile, for any 1 < m; <mgy < M,

|7 — 7|
K
— Z(ﬂ(kxml) _ ﬁ(kv"w)) oe® o el
k=1 F
K
= (kym1) _ B(kma)||? (A - SKA,
; I8 I, 5

By generalized Fano’s Lemma (see, e.g., [60]),

_ 79) 2K s\ + log 2
inf sup |7 — T|p > /2 (1—" A SA T log >
T TeF 2 log M

% log(p/s) for some small constant

Finally we set A =
¢ > 0, then

2
inf sup E[| 7 7} > (Af sup E[| 7 9||F)
T TEeF T TEeF

- co? sKlog(p/s)
p— n -

which has finished the proof of Theorem 6.

For the proof for Theorem 4, without loss of general-
ity we assume K is a multiple of 3. We first partition
{1,...,p} into two subintervals: Iy = {1,...,p—K/3}, I =
{p—K/3+1,...,p}, randomly generate {QF*™)} .1

K/3
as (MK/3) subsets of {1,...,p — K/3}, and constru/ct
{BEMY y o CRPE/S g

k=1,....K

gty _ [ VA ¢ Qe
0, i j ¢ Qtm.

With M = exp(esKlog(p/s)) and similar techniques as
previous proof, one can show there exists positive possibility
that

K\ K/3

S

< i (k,m1) _ a(km2)||2
6 1§m1n<nvgllz§1\1 ; H'B '6 ||2

K/3 96K
< (k,m1) _ a(k,m2)||2 < s A
1<m1<mg<1\1 Z HIB 6 H
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We then construct the following candidate symmetric ten-
sors by blockwise design,

(m) K/3 . k .
[[1,02,12] — /8( Doel) o el )
m K 3
[§2,}1,12] = / e®) o glkm) o e(k)7
m K 3 "
T (m) _ [&,m k/ e o ek) o glkm)
(m) (m)
[I1,01,14] “[I1,11,12] -
L,Is,11] *[I2,11,11])" *[I2,I2,12] &€ all zeros.

Then we can see for any u € RP,

K/3

(T wouou) =3 kz::l (ﬂ(k’m)T’uh) . (e(k)TuIZ)Q |

The rest of the proof essentially follows from the proof of
Theorem 6. u

F. Proof of Theorem 7: High-Order Stein’s Lemma

The proof of this theorem follows from the one of Theo-
rem 6 in [49]. For the sake of completeness, we restate the
detail here. Applying the recursion representation of score
function (A.2), we have

E[G(m)sg(x)}
= E[G(w)( — Sa(x) 0 Vg log p(x) — VmSz(w))}
= —E[G(2)8:() 0 Va logp(e)| ~ E[G(2)Vaba(®))].

Then, we apply the first-order Stein’s lemma (see Lemma 26)
on function G(x)Sz(x) and obtain

E[G(a;)sg(;c)}
- E[Vw (G(a;)sg(;c))} —E[G(a;)vwsz(;c))}
- E[VwG(w)Sg(a:) + vmsg(w)a(w)}
E[G(@)VaS: ()]
- E[VmG(w)Sg(a:)]

Repeating the above argument two more times, we reach the
conclusion. [

G. Proofs of Lemmas 3, 4, and 5: Moment Calculation

In this subsection, we present the detail proofs of moment
calculation, including non-symmetric case, symmetric case,
and interaction model.

1) Proof of Lemma 3: By the definition of {y;} in (VL1)
& (V1.2), we have

n

E(% zn:yz’uz o Owi) = E(% zz:;ezuz ov; o'wi)
+B( Zznz’i

i=1 k=1

1k Uz ok ’Uz)(ﬁzﬁkT’wi)Ui ov; 0 wi)-

(A.19)
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First, we observe E(e;u;ov;0w;) = 0 due to the independence
between €; and {u;,v;,w;}. Then, we consider a single
component from a single observation

M =E((B7) w:)(Bsf vi) (B3, wi)uiov;ow;), i €[n], ke[K].

For notation simplicity, we drop the subscript ¢ for i-th
observation and k for k-th component such that

_E((ﬁTTU)( v)(83 ’w)uovow) c RP1XP2XPs
(A.20)
Each entry of M can be calculated as follows

M, = E((IBTTU)( v) (B3 'w)uﬂ)gwk)

= E((ﬁﬁui + Z ﬁfmum)ui)
m#i
m#j
m#k

= ﬂriﬂ;jﬁgk’

which implies M = ) o B2 o B3. Combining with n
observations and K components, we can obtain

1 n K
E Zznlzﬁlk o Bak 0 B3y

i=1 k=1

This finished our proof. |

2) Proof of Lemma 4: In this subsection, we provide an
alternative and more direct proof for Lemma 4. We consider
a similar single component of (A.20) but with a symmetric
structure, namely, M, = IE((,@”"T Yxoxo w) Based on the

symmetry of both underlying tensor and sketchings, we will
verify the following three cases:

e When i = j =k, then

3
m#i
m#i
+36;2:( Y Brrm)” + (Y ﬁ,*na:m)B)x?
m#i m#i
= 1587+ 987 ) B2 =987 + 6577
m#i

The last equation is due to ||3*||2 =1
e When i # j # k, then

M

Sijk

E(8fzi + Ba; + Biay) wiwj,
6615251,

5945

e When i = j # k, then

* * % 3 2
M, E(ﬁz T + Brrr + Z Bmﬂﬁm) T; Tk

m#i,k
= 98726, + 3550 + 365 Y B7)
m#i, k
= 9828 +36; (D B2)
m%#i

= 36 +6576;.

Therefore, it is sufficient to calculate M by

K P
M :3277]:(Zﬁ;oemoenl,"‘emoﬂzoem

k=1 m=1

K
+emoenoBi) + 6 niBio 8o B
k=1

The first term is the bias term due to correlations among sym-
metric sketchings. Denote M; = %22;1 y;x; and note that
E(% > yiwi) =3 Zkl,(:l n;B;. Therefore, the empirical
first-order moment M7 could be used to remove the bias term
as follows

IE(MS — zp: (M1 o€, 0en

m=1

—|—6mOM106m—|—6m06m0M1))

K
= 6 niBioBioB

This finishes our proof. |
3) Proof of Lemma 5: As before, consider a single com-

ponent first. For notation simplicity, we drop the subscript

[ for [-th observation and k for k-th component. Since

each component is normalized, the entry-wise expectation of

(BT z)3x o z o x can be calculated as

BB Tz zozox oo =30 — 26}
E(,@Tm) zomoz|  =3f
E(,@%)% oxog) 0 = 6000} + 30

E(8"Tx)*zoxo a:_ 0is 650/3i3;
E(,@Tm)% owox| =66 +95
{E(gu) zozo w}] = 6620; + 38
{E([)'Tac)% oxo wLM = 603; Bk

Due to the symmetric structure and non-randomness of first
coordinate, there are bias appearing for each entry. For
i,j,k # 0, we could use Y¥ _ (aoceyo0e,+enoaoe,+
e 0e,0a) to remove the bias as shown in the previous proof
of Lemma 4. For the subscript involving 0, the following two
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calculations work for removing the bias,

1 1 &
E(57 = = (O T — (0 + D)aw)) = B35
3 6 —
1
E(Qp — —(p+ 2)75[0,0,0])) =33
This ends the proof. |

H. Proof of Lemma 6

Recall the ||.X ||, is defined in Definition 1. Without loss of
generality, we assume || X;||y, = 1 and EX; = 0 throughout
this proof. Let # = (log2)'/® and Z; = (|X;| — 3)+, where
(x)y = z if z > 0 and (2)y = 0 if else. For notation
simplicity, we define | X||, = (E|X[?)'/? for a random
variable X. The following step is to estimate the moment of
linear combinations of variables {X;}7 ;.

According to the symmetrization inequality (e.g., Proposi-
tion 6.3 of [61]), we have

I3
=1

(A21)

where {g;}!" ; are independent Rademacher random variables
and we notice that ¢, X; and ;| X;| are identically distributed.
Moreover, if | X;| > (3, the definition of Z; implies that | X;| =
Z; + p. And if | X;| < 8, we have Z; = 0. Thus, we have
|Xi| < Z; + 0 at any time and it leads to

. (A22)
P

n
2H E a;€;
i=1

n
< 2> a8+ 2)
i=1
By triangle inequality,
n
2H Zai&'(ﬁ + Zz)
i=1 P

n n
QHZai&'Zz —I—QHZaiEiﬁ
i=1 P i=1

IN

‘p. (A.23)

Next, we will bound the second term of the RHS of (A.23).
In particular, we will utilize Khinchin-Kahane inequality,
whose formal statement is included in Lemma 27 for the sake
of completeness. From Lemma 27 we have

n 1/2
o < o
[, < (5=)" e,
i=1 =1
n
< BB aie (A.24)
i=1
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Since {¢;}}" ; are independent Rademacher random variables,
some simple calculations implies

n 2\ 1/2
(B(3em))
(E(Zef a? +2 Z Eicfjaiaj))l/Q

1<i<j<n

— (ZQQEE + 2 Z aajEeEej)l/Q

1<i<j<n

()" = lal

i=1
Combining inequalities (A.22)-(A.25),

n
pSQHZ:ai i

(A.25)

(A.26)

i+ 26v/pllallz- (A.27)

Let {Y} . are independent symmetrlc random variables
satisfying P(|Y;| > t) = exp(—t®) for all ¢ > 0. Then we
have

P(Z; > t)

<P(|Xi| > t+ B) = P (exp(1Xi|*) = exp((t + 8)*))
<E(exp(| X)) - exp(~(t + 5)°) < 2exp(~(t + £)*)
<2exp(—* — §%) = B(Yi| = 1),

which implies

n n n

H E aie; Zi|| < H E aie;Yi|| = H E a;Y;
) P X p .
i=1 i=1 i=1

since ¢;Y; and Y; have the same distribution due to symmetry.
Combining (A.27) and (A.28) together, we reach

. (A28)

p

(A.29)

For 0 < o < 1, it follows Lemma 25 that

3],

where C1 () is some absolute constant only depending on .
For o« > 1, we will combine Lemma 24 and the method
of the integration by parts to pass from tail bound result
to moment bound result. Recall that for every non-negative
random variable X, integration by parts yields the identity

< Ci()(vollallz + p*/*[lall),

(A.30)

EX :/ P(X > t)dt.
0

Applying this to X =
t = tP, then we have

n
E|ZaiYi|p
i=1
oo n
:/ P(|Zam| > t)ptp_ldt
0 i=1
[e%s) 2 +o
§/ Qexp(—cmin<
0 lall3’ |

| >, ;Y|P and changing the variable

))ptpfldt, (A31)
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where the inequality is from Lemma 24 for all p > 2 and
1/a+ 1/a* = 1. In this following, we bound the integral in
three steps:

(A.31) reduces to

Ha\\% - IIGII“ ’

2

n s "
E|ZaiYi|p < 2p/ eXp(—c—Q))tpfldt.
=1 0 lall2
Letting t' = ct?/||a||3, we have

fe%e] t2 1
2p exp(—c 2))t” dt
0 lall3

P o0
_ PHS/!Q / et /21 gy
& 0

o pHa”ZQ) (B) < pHa”Q ( )p/2

Tow/2 TN T /2 N9 ’
where the second equation is from the density of Gamma
random variable. Thus,

(E|ZazY|p) )1/2f|| all; < \\;\flallz

(A.32)

e

2) If ||a||” , (A.31) reduces to

HaH

«

oo
t
E|Zaly;|p§2p/0 exp(—cH—a
i=1

))tp’ldt.
all%.

Letting t' = ct®/||a||%., we have

o0 t(y
2p/ exp(—c . ))tp_ldt
0 lall&-

P o8] ,
_ «a / eit t/p/afldt/
acl)/a 0

2 pllal

_ ZPblallar P p/a
a cple I‘(oz)*oz c?’/<y (oz) '
Thus,
P -
(E| ZG’Y| ) ca)l/oz
<— A.33
3) Overall, we have the following by combining (A.32)
and (A.33),

1
(BISr, avil)”

< max (/2 i ) (valall + 0/

)

After denoting Cs(r) = max ( 2, W), we reach

HZaz ;

< Ca(a) (vAllallz + 1/ llalla- ).

(A.34)

Since 0 < [ < 1, the conclusion can be reached by
combining (A.29),(A.30) and (A.34). |
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I. Proof of Lemma 9

Firstly, let us consider the non-symmetric perturbation
error analysis. According to Lemma 3, the exact form of
E =T —E(7) is given by

1 n K
_ * Ok * *
= E Yi; © U O w; — § BTk © Bay © B3y
i=1 k=1

We decompose it by a concentration term (£;) and a noise
term (&3) as follows,

E=&+ &, (A.35)

where
n K
1

&1 =3 (w0 v 0w, S iy 0 B o B o v 0w

i=1 k=1

K
— > Bk 0 Biy © B
k=1

1 n
=— E €;U; O V; OwW;.
n <
i=1

Bounding &;: For k-th componet of £, we denote
1 n
Eik = Z<uz o v; 0 w;, B, © B3y, © Bip)ui © v o w;
i=1
—B1k © By © B3y
Define

Onps = (1ogn)3(\/sgloiw+ \/SlognT/S))

By using Lemma 2 and s < d < Cls, it suffices to have for
some absolute constant C'yq,

Hgllc”erd S Cllén,p,sv

with probability at least 1 — 10/n?, where || - ||s+q is the
sparse tensor spectral norm defined in (II.3). Equipped with
the triangle inequality, the sparse tensor spectral norm for &
can be bounded by

K
IEllsra < Cribnps D 1k (A.36)
k=1
with probability at least 1 — 10K /n?.
Bounding &>: Note that the random noise {¢;}} ; is inde-

pendent of sketching vector {u;,v;, w;}. For fixed {¢;}}" ,
applying Lemma 20, we have for some absolute constant C2

1 n
H— E €;U; OV; OwW;
n “ 1 s+d
1=

with probability at least 1 — 1/p. According to Lemma 23,
we have

< Ch2||€]looC110m,p.s,

1 3 4
P(H‘c:2||s+d > C1zologn6n,p7s) <-4+ 2<Z
P n n

(A.37)

Bounding &: Putting (A.36) and (A.37) together, we obtain

K
||8Hs+d < (Cll an + ClQUlogn)(sn,p,s;
k=1
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with probability at least 1 —5/n. Under Condition 9, we have

K

[Ells+a < 2C1 Z 1:0n.p.s logn,
k=1

with probability at least 1 — 5/n.

The perturbation error analysis for the symmetric tensor
estimation model and the interaction effect model is similar
since the empirical first-order moment converges much faster
than the empirical third-order moment. So we omit the detailed
proof here. |

J. Proof of Lemma 11

Lemma 11 quantifies one step update for thresholded gra-
dient update. The proof consists of two parts.

First, we evaluate an oracle estimator {,6',5,“”},{;1 with
known support information, which is defined as

7 ,
<f+1>_%h(ﬂ(,))(ﬁk 5V,Cg( éf))F(,,>), (A.38)

Here,

o h( ,(:)) is the k-th component of h(B
(II1.10).

« VBL(B) = (V1L(B1), -+ , VKL(BK))-

e FO =UK F where F{"” = supp(B;) U supp(B\").

o For a vector ¢ € R? and a subset A C {1,...,p},
we denote x4 € RP by keeping the coordinates of x
with indices in A unchanged, while changing all other
components to zero.

(1)) defined in

We will show that E,E,Hl) converges as a geometric rate for
optimization error and an optimal rate for statistical error. See
Lemma 13 for details.

Second, we aim to prove that ,B(tﬂ and 6,(:“) are almost
equivalent with high probability. See Lemma 14 for details.
For simplicity, we drop the superscript of ,6' 2 ,F®) in the
following proof, and denote ,B(tﬂ), 6<t+1) and FU+D) by
ﬁk ,ék, and F'*, respectively.

Lemma 13: Suppose Conditions 1-5 hold. Assume (A.13)
is satisfied and |F| < Ks. As long as the step size pu <
32 R=20/3 /(3 K[220 + 270K]?), we obtain the upper bound

for {B,j},
3 * 2
-V ﬂkﬂk )
R_§ 2
3
S(l - 32u?) VB — /1B ||,
3 02K

1
+ZC’3M2R 377mm g2 soep ng,
n

k=1

(A.39)

with probability at least 1 — (21K2 + 11K + 4Ks)/n.

The proof of Lemma 13 is postponed to the Section L.
Next lemma guarantees that with high probability, {ﬁk ML is
equivalent to the oracle update { L‘i‘,f},C 1 with high probability.
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Lemma 14: Recall that the truncation level h(8y) is defined
as

(A.40)

If |F| £ Ks, we have B = B,j for any £ € [K] with
probability at least 1 — (n?p)~! and F* C F.

The proof of Lemma 14 is postponed to the Section L.
By using Lemma 14 and induction, we have

FOHD . O« FO = U supp(B;) Usupp(BL).

It implies for every ¢, we have |F(!)| < Ks. Combining with

Lemmas 13 and 14 together, we obtain with probability at
least 1 — (21K2 + 11K + 4Ks)/n,

2
s

By~

\/_ﬂk_\/—ﬂk

272
=5 O K slogp
+2C3u°R™ 377mm‘ST7

This ends the proof. |

< (1 - 32uK*2R‘§)
k=

(A41)

K. Proof of Lemma 12

Based on the CP low-rank structure of true tensor parame-
ter .7*, we can explicitly write down the distance between .7
and .7* under tensor Frobenius norm as follows

2
|7 -7
F
K K )
= Z (Zﬂkﬁknﬁkizﬁkig _anﬁzilﬁzwﬁ;ig) :
i1,i2,i3 k=1 k=1

For notation simplicity, denote 3, = &8k, B,’; = /n; B85
Then

|77,
K

Z (ZB _kl2ﬂk"3 Zﬂk)’blﬂk)’bzﬂkﬂ3)
k=1

=2 (i (Besr = B ) B B
k=1

+ ZBkil (Brin — Brin)Biiy
kK1
+ 2

_ 2
km ﬁklg B;“)) = RHS.
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Since (a + b+ c)? < 3(a® + b? + %), we have L. Proof of Lemma 13

_ _ First of all, we state a lemma to illustrate the effect of
* * * 2 >
RHS <3 4 Z [(Zwk“ ~ Bkir)Biis Bkiy) weight ¢. The proof of Lemma 15 is deferred to Section 15.
“sizts k=1 Lemma 15: Consider {y;}7, come from either
= a S NSk 2 non-symmetric tensor estimation model (VI.1) or symmetric
+(Z Brir (Briz = Briy ) Bis) tensor estimation model (III.1). Suppose Conditions 3-5 hold.
=1 Then ¢ = L 3" | 42 is upper and lower bounded by

K

+(Z Brir Bris (Bris — 5’2‘13))2} b ;

wch (16-6T°—9T) (Y _ 11;) Zyz_ 1646I°+9T) (Y _np)2
k=1

Equipped with Cauchy-Schwarz inequality, RHS can be fur- —

ther bounded by
K with probability at least 1 — (K2 + K + 3)/n, where T is the
RHS < 3 Z {Z(ﬂk“ Bril) Z B2 Bz, incoherence parameter defined in Deﬁnition 3
k=1 According to Lemma 15, TIL =1 y?  approximates

(Zszln,ﬁ)Q up to some constants with high probability.

11,12,i3

+ Z(ﬂkzz »31”2 Z 5k11ﬂk13 Moreover, we know that from (A.13), maxy |nx — 1} < €0
for some small £¢. Based on those two facts described above,
Ko — . we replace n, by 1) and ¢ by (Zkl,{:l n;)? for the sake
+Z Bris = Bris Zﬁkiz ﬁkil} of completeness. Note that this change could only result
) ] ) in some constant scale changes for final results. Similar
At the same time, using 7 < (1 + ¢)ny; for k € [K], simplification was used in matrix recovery scenario [62].
H 7 _ 2 Therefore, we define the weighted estimator and weighted
o true parameter as (B = S MBrs Br = YniBr- Now,
P K p r K Bk © Br o B = Br o By © Br. Recall - is the loss function
< 3{ SO Brin =B’ O DD BB defined in (IIL4). Correspondingly with a slight abuse of
i1=1k=1 iz=11i3=1k=1 notation, define the gradient function V. £(Bx) on F as
p K p p K
+ Z Z(@m 5212)2(2 Z Zﬁk“ﬁmg) 6¢/n K S
ia=1k=1 i1=1i3=1 k=1 ViL(Br)r= Z ( Z zpﬁk’ — yi) (x;,.Br) " Tip,
r K p P K = k=1
30> (B = B BB, )|
1‘322:1 kz::l ’ o 122::1 “z::l ; Falkn and its noiseless version as
K K N
_ _ 3 * 3 *
= s( 18- )(; W’ Vi E(B)r Z ( Z o] B
K K ==l
+ (/i) () + ) 5+ 3
,;1( ; = Z (@, B1)°) @] Be)wir. (A42)
k=1
2 %2 *\4
< 9(1+ C)(Z 18r — 5k||2) (Z( v 771c> ) According to the definition of thresholding function (IIL.8),
k=1 k=1

ﬁ,:r can be written as
For the non-symmetric tensor estimation model, we have

|7 -7 ’ Br =B — EViL(B)r + LB,
F o) 0]

K K
2
) . ) * ok * * h RP isfi X F <1
E ( E MeB1kiy Bokis B3kis — 57 nk’ﬁlkilﬁQk’igﬁBk@) . Z(ES ?s/kdeeﬁned ;satls es supp(vk) C F, [|7kllc < 1 and

i1,in,i3 k=1

Following the same strategy above, we obtain

3 4log(np)
Hy—ﬂ* ’ h(Bx) = - *
F
K K n K 2 2
<301+ ) (X 18uk — Birl3 + Y 118ar — Bl > (Y@l B —w) 0l @l B (a43)
k=1 k=1 i=1 k=1
K K B )
+Z | Bs1 — B§k||§) (Z(‘3/771:)4)~ Moreover, we denote z, = B — B;. With a little abuse of
k=1 k=1 notations, we also drop the subscript F' in this section for
This ends the proof. W notation simplicities.
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We expand and decompose the sum of square error by three
parts as follows:

- s,
B ’“‘Z"_kaﬁ(ﬂw + 2 Wh(mmuz

o
="
S

k=1 ¢ 2
= kf:l sz — U ﬁvkﬁ(ﬁ_k)uz

A: gradient update effect

o3[ g

B: threshoding effect

K 5 LT
+> <Zk - \/—Vkﬁ(ﬂk) \;n_kh(ﬁk)%> - (A44)
=

C: cross term

In the following proof, we will bound three parts sequentially.

1) Bounding Gradient Update Effect: In order to separate
the optimization error and statistical error, we use the noiseless
gradient V1, £(B3;,) as a bridge such that A can be decomposed
as

A Z”Zkuz Z< Sd)??}i Vkﬁ(@k),zk>

k=1

+4” Z H \/_Vkﬁ ﬁk)H

IN

S el -2y (LB, )
k=1 k=1

Ay

Sig, 5|

Az

+24 i H \S/fz—}i (VkE(Bk) - V’“ﬁ(Bk)) Hz
k=1

As

3 *

“(;7’“ (ViL(Br) = Vil(Br))). (A43)

K
+2p Z <Zk;
k=1

Ay

where A; and A quantify the optimization error, A3 quan-
tifies the statistical error, and A4 is a cross term which can
be negligible comparing with the rate of the statistical error.
The lower bound for A; and upper bound for As together
coincide with the verification of regularity conditions in the
matrix recovery case [52].

o2 x—%
KR 3nmas <

One: Lower bound for A;. Plugging in ¢ =
w1 )2, we have

3 *\2 3 *\2 4
( 77k) ( 77k) < K- 2R377m1n'

¢ (Zk 177k)2
(A.46)

According to the definition of noiseless gradient V, L (Br) and
2y, A1 can be expanded and decomposed sequentially by nine

A1 >K2R™ anmx{ Z(Z z; zi)(x] B )?

i=1 k’'=1

=

] >

(@] z0)(@] Bi)?) < A

E
I
—

3] zw) (] Brr)”

_|_

| o>
M-
/N
] =

I
I
—

M= &

22l =)@ B))) « A

=~
Il
_
3

_|_

| o
Ve
] >

3(x z) (2] Br)?

n <
=1 k/'=1
K
Z(a:jzk)?’) = Am
k=1

_|_
o
NE
/N
M=
w
£}
=
3
&
Dy
X

n
=1 k/'=1
K
Z( :zk)( 1:)2) <= A
k=1
6 n K
=3 (Y 8@l =)@l Be)
i=1  k’'=1
K
> 2z z) (@] _Z)) = Ags (A47)

E
I
—

K
Z 3(z; z1)(z] Br)

+

| o
1hgh
~~

n
i=1 k’'=1
K —
> @ =)@ BD) < A
k=1

M~ s
/N
Nk

w

B

S

(2] 22) (@] B)?) <= Auy

=~
Il
_

M~ Ta
NE

/N
M=

w

&

§

=

22 z)2 (@] BY)) < Aus

E
I
—

_|_
| o>
M:
/N
M=
w
B
RS
-

(A.48)

S
S :
ST
N
B
%
~
f
N
e

=~
Il
—
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where Aj; is the main term according to the order of B;,
while A5 to Ajg9 are remainder terms. The proof of lower
bound for Aj; to Ajg follows two steps:

1) Calculate and lower bound the expectation of each
term through Lemma A.2: high-order Gaussian
moment;

2) Argue that the empirical version is concentrated
around their expectation with high probability through
Lemma 1: high-order concentration inequality.

Bounding A;;. Note that A;; involves the product of
dependent Gaussian vectors. This brings difficulties on both
the calculation of expectations and the use of concentration
inequality. According to the high-order Gaussian moment
results in Lemma A.2, the expectation of 417 can be calculated
explicitly as

K K
E(A11) 2362 Z B B (zwze) = I

k=1k'=1

K K
22 Z (B Bi) (21 B3) (21, Biy) <= I

=1k'=1
K K

+108) 0 > (B Bi) (20 Bi) (=i B) < I
k=1k'=1

K K
+54 3 ST (BT B (BT B (k) < L
k=1k'=1
(A.49)

Note that I; to I, involve the summation of K2 term. To use
incoherence Condition 3, we isolate K terms with k = &’.
Then, I, to I4 could be lower bounded as

K K 2
1> 36n;ﬁ£3[2|\zk|\3—PQ(ZuzkHz) ]
k=1
I> 72n;‘§£3[i< LB - (f]zkn )]

k=1 =1
K K
*4/3 T 34612 2
1= 1080 [ DB =T (D lzallz) |
k=1 k=1
4/3 < 2
Lz 542 Yo =0,

where I' is the incoherence parameter. Putting the above four
bounds together, they jointly provide

E(An) >36n:;ﬁ{;°’z 23

IIll n min

- (36 “4/372 4 g0, /3

r)(ézknz)z.

(A.50)

5951

On the other hand, repeatedly using Lemma 1, we obtain
that with probability at least 1 — 1/n,

\— (sc zw)(@! B (@] 2) (] B
Ee el Bt (@l =) (] BY)?),
< LB ) awlalaa

Taking the summation over k, k' €
that for some absolute constant C,

[K], it could further imply

1
A — IE(An)’ < 180( O\g/g

. (Z lzall)

B (A.51)
with probability at least 1 — K?/n. Combining (A.50)
and (A.51), we obtain with probability at least 1 — K?/n,

2 4 4 8 3 8
K2R 31mad Ay > {361(—23*3 K3 (216R’31‘

)} anan,

where R = n}.../nk.,. Here, we use the fact ' < 1 and
K K
(Che 1zell2)? < K (3, [l213).
Bounding A5 to Ai9: For remainder terms, we follow the
same proof strategy. According to Lemma A.2, the expectation
of Aqs can be calculated as

(logn)

+18C (A.52)

A12 = 362 Z zkﬂ k’/élt) < L
k= 11« 1
+72Z Z 2 Bi) (B B (20 20) = I
k=1k'=
K K B - -
+108) > (=] B ) (=1 Bi) (2 Br) < I
k=1k/=1
K K B
1543 3 (B B (LB =) < L
k=1k'=1
Let us analyze I; first. Under (A.13), ||zx|l2 < eod/7;,

it suffices to show that

K K
(z& Br)* (2 B7)
k=1k'=1
K K
20 a*x [|12 / Q%
> = llzkl3185 151111218512
k=1k'=1
g K
> —nm%xao(ankn)

k=1

This immediately implies a lower bound for
bound similarly for I, I3 and Iy,

E(A12) after we

L4 K 2
E(A12) 2 ~270mmdeo( Y 12ll2) (A.53)
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By Lemma 1, we obtain for some absolute constant C,

2 -4
KﬁQR_ 3 nmafé A12
4 i 2(logn)?
>K~ 2R ‘377max|: (A12) 18077111?5)(50( sz’HQ) ( \g/ﬁ):|

M= 10

KR~ 350(270—#180(105;) )(

with probability at least 1 — K2 /n. The detail derivation is the
same as in (A.52), so we omit here.

Similarly, the lower bounds of A;3 to A9 can be derived
as follows

l213), (A54)

x>
Il
—

1 0,4
K~ 277111&)? A14

(logn)

> K3ey (270 +18C

)(an 1)

K_% mafA137Al5;A17

> _Ke (270+180 logn )(ZszH)
K3 ;_afAlﬁvAIB

>_K2e (270+180 )(ZHZ 5 )

4
-

1
K2 nrna)g AlQ

>_ K%ao(270+18c (log n)* )(ZmH) (A.55)

Putting (A.52), (A.54) and (A.55) together, we have with
probability at least 1 — 9K?/n,

8 3 3 3
A > [36K*2R—§ _ K32 (2160R_§F +18C (10%) )

80K 'R™ 3(270+180 (log n)° )}(lezkH )

For the above bound,

o When the sample size satisfies
n > (18CKY2R¥3(logn)?)?,

we have

2 1 3
8o KR 31801987 }

_3 _(logn)3
max{18K 2C N

Vn
8
<K %R 3.
e When gp < K~'R72/2160, we have
2 8
89 K"'R™3270 < K2R 3.

e When the incoherence parameter satisfies [I' <

K~1/2/216, we have

3 8 8
K™22160R™ 3T < K 2R™3.
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Note that those above conditions can be fulfilled by Condi-
tions 3, 5 and (A.13). Thus, we are able to simplify A; by

K
42 30K 7R (X =), (A.56)
k=1

with probability at least 1 — 9K?2/n.
Step Two: Upper bound for As. We observe the fact that

K 9 I
4, =% HE YIEVEB)|,
k=1

= sup
weSKs—1

< i \S/Eka(ﬂk), w> ‘2, (A.57)
k=1

where S is a unit sphere. It is equivalent to show for any w €

SEs=1 Al = |{ K @V;@E(Bk),wﬂ is upper bounded.
Accordlng to the deﬁmtion of noiseless gradient (A.42), A}
is explicitly written as

6 n K B K B
Ay =23 (Y @] Be) = Y (@] Bi)?)
=1  k'=1 k'=1
K 3 /%)\2
(3 VI @l (ol w)
k=1

Following by (A.46) and (A.48), similar decomposition can
be made for A) as follows, where the only difference is that
we replace one z; z; by x w.

_|_
o
]
N
M=
w
D
2
5
=
T

i=1 k'=1
K
> 2] z) (@] w) (@] By))
2:1n K
+EZ(Z3(“’ zi)(z; Br)
i=1  k'=1

_|_
o
]
/N
] =
w
D
u
=
T

i=1  k/'=1
K
> (@] w)(@] Bi)?) < A
2=1n K
20 (X 8@z @] )
i=1 k'=1
K
> 2] z)(@] w)(@] BY)) < Ab,
k=1
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Tw)(@] By)) « A

6 K
+E Z ( Z 3(sc:zk/)3

Tw)(@] B;)) < Aps

Let’s bound A%, first. By using the same technique when
calculating (A1) in (A.49), we derive an upper bound for

E(A5,),
E(A3)

é K
< 367’]m%x(2”zk”2+ _1 ZFszH )
k=1
K
K 1) Zrnzkn )

+ 180773;%(2 Izl + (

k=1

I

K

4 stnd (KX Ialk).

k=1

Equipped with Lemma 2 and the definition of tensor spectral
norm (I1.3), it suffices to bound A}, by

B3 IR AL < K2R {216 + 54K
F2A6KT + 18CK 5] ( Z B
k=1

with probability at least 1 — 10K2/n®, where 6, 5 is defined
in (IV.7).

The upper bounds for A%, to A, follow similar forms.
Combining them together, we can derive an upper bound for
Al as follows

K—2R? [216 + 270K + 180K6n7p7s} (i ||zk||2)
k=1

/
Ay <

< K2R[220 4+ 270K | (EK: I2ll2).

with probability at least 1 — 90K?2/n3, where the second
inequality utilizes Condition 5. Therefore, the upper bound

5953

of As is given as follows

Ay < K~LRY[220 4 270K]? (Z 212 ) (A.58)

with probability at least 1 — 90K?2/n3.
Step Three: Upper bound for As. By the definition of noisy
gradient and noiseless gradient, A3 is explicitly written as

2
Ag ( T,Bk) T 9
= 1
y s K n B 2
< 4R377mm3 Z( smaX—Zei(w:ﬁk)Qxij) ;
i=1

where the second inequality comes from (A.46). For fixed
{e;}!_,, applying Lemma 1, we have

‘ iq(m?g’@)%ij - E(En: Gi(aljgk)Qxij)‘
=1 i=1

3 _
< C(logn)?2|lella]|Bll3,

with probability at least 1 — 1/n. Together with Lemma 23,
we obtain for any j € [Ks],

n

‘Z w,@km”

i=1

, (logn)3/?
\/ﬁ )

with probability at least 1 — 4/n, where o is the noise level.
According to (A.13),

< 6CCoo| B3

e

Z H/@k - /6]@H < Knmuxnf(y

2
which further implies ||3x2 < (1 + K2€0) Nmax. Equipped

with union bound over j € [Ks],

n

6

o (T 3.)2. .
ern[:Ia()i} - ;ez(wz Br) i
\ ] 3/2
< 6CCho(1+ K2eo)2(m)2%v

with probability at least 1 — 4Ks/n. Letting C =
. 1
6Co(Ce)~2/3(1 + K250)2,

1 3
As < O 3R3 2 gc-2208m)°” (A.59)
n
with probability at least 1 — 4K s/n.
Step Four: Upper bound for A,. This cross term can be

written as
K " 1 n _
=23 B () el (el =),
k=1 =1

To bound this term, we take the same step in Step Three which
fixes the noise term {¢;}7 ; first. Similarly, we obtain with
probability at least 1 — 4K /n,

3
2 4 4, 2
Ay < 200%1(15{3 i3, (A.60)
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This term is negligible in terms of the order when comparing
with (A.59).

Summary. Putting the bounds (A.56), (A.58), (A.59) and
(A.60) together, we achieve an upper bound for gradient
update effect as follows,

8
A< (1 — 64uK 2R3

+ 22K RY[220 + 270K] )ankHQ

-z 8 logn)
4 CK 3 R3 L
+ap Tmin n )

(A.61)
with probability at least 1 — (18 K2 + 4K + 4Ks)/n. [ |

2) Bounding Thresholding Effect: The thresholding effect
term in (A.44) can also be decomposed into optimization error
and statistical error. Recall that B can be explicitly written as

2

K *3
n;,° 4y/log(np)
ZH/“—in .

k=1

n 2

)

2 _
(z] Br)? — ) (wjﬁk’)‘l'%‘

z=1

where supp(7x) C Fy and ||yk]lc < 1. By using (a + b)? <
2(a? + b?), we have

<2 64K slogp

B, + B
" (B1 + Ba),

where

Bounding B;. This optimization error term shares similar
structure with (A.57) but with higher order. Therefore, we fol-
low the same idea as we did in bounding (A.57). Following
by (A.46) and some basic expansions and inequalities,

INA
g
3
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The main term is (x; z;)*(x; B;)* according to the order

of B;. We bound the main term first. Note that there exists
some positive large constant C' such that

B(L S0, (@] 22 (@] Bi) (@] Br)?)
< Cllzl3118¢11318w 13-
Together with Lemma 1 and (A.13), we have

i i ( zn: (] z)? (] Bj) " (z ZBk")‘l)

k=1k'=1  i=1
logn)®

§C<1+( NG

with probability at least 1 —3K?/n. Overall, the upper bound
of B; takes the form

K
[y 1
)Kanf;x(l +KZe0) Y ||zill3.
k=1

(IO\g/g) )*

8 1 K
K21+ K2e0)' Y 2]
k=1

8
By <K 2R3y .3 [18C(1+

(logn)?
\/ﬁ

K
1
)0+ K2e0)* Y 2l

k=1

< R4180(1 T
(A.62)

with probability at least 1 — 3K?2/n.
Bounding B>. We rewrite By by

4
77k

By = Z #?

For fixed {¢;}?_,, accordingly to Lemma 1, we have

| el )t (Yol )

< Clogn)?||€* 2| Bell5-
Note that E((z; B1)*) = 3||Bk|/3.

I o T4 v 3% o (logn)? -
- _ (3 : .
n;Ez(w Br)" < (n;el +07n lle ||2)||,5'k||2

From Lemma 23, with probability at least 1 — 3/n,

1
|E Zeﬂ < COJQ;

i=1

n

(5> @@l Bt).

i=1

It will reduce to

1 o2
EHGQHQ <Co—=

NG

Combining the above two inequalities, we obtain

1 o _ _
S el B <6’ IBells, a6y
i=1

n-

with probability at least 1 — 7/n. Plugging in the definition of
¢ and (A.13), B is upper bounded by

wloo

1 i
By <6Co0*(1+ K2¢0)*n, > R

nIIllIl

K3, (A.64)

with probability at least 1 — 7K /n.
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Summary. Putting the bounds (A.62) and (A.64) together,
we have similar upper bound for thresholded effect,

4 3 o?slo
B < Cop*R! Z 2013 + CapPy,? R3 27228

n
k=1
(A.65)

with probability at least 1 — (3K2 + 7K) /n. [ |

3) Ensemble: From the definition of ~g, it’s not hard to
see actually the cross term C' is equal to zero. Combining the
upper bound of gradient update effect (A.61) and thresholding
effect (A.65) together, we obtain

2
— i85 , <

8
(1 _ 64uK 2R3

+3p K T RY[220 + 270K] )(ZI\zkH )

* 2K 251
Loy 2Ry s T sloap
n

As long as the step size p satisfies

0 32 R—20/3
<u< :
H'= 3K220 + 270K]?

we reach the conclusion

2
— /:P% ,

k=1

2
/B

K
< (1 - 32uK‘2R’§)

2
__ QK 241
120y 2R 5y 3 T "slogp, (A.66)
n
with probability at least 1 — 4K s/n. [ |

M. Proof of Lemma 14

Let us consider k-th component first. Without loss of gen-
erality, suppose F' C {1,2,...,Ks}. For j = Ks+1,...,p,

B _2¢ K . o
aﬁk]‘ n ; (;nk’ (wi /Bk) yz)nk’ (wi ,Bk()Ax;:)

and it’s not hard to see the independence between {z, By, vi}
and x;;. Applying standard Hoeffding’s inequality, we have

with probability at least 1 — -,
4log(np)
L ‘ < XY=
aﬂkj (ﬂk) = n *
K
O k(@] Be)? — i) (e (2] Br))? = h(Br).
i=1 k=1

Equipped with union bound, with probability at least 1 —

L(B)] < h(By).

K8+1<j<p

8ﬁk]

5955

Therefore, according to the definition of thresholding function
(), we obtain the following equivalence,

w(gk)(ﬁk - %Vﬁk ﬁ(ﬁk)): w(gk)(ﬁk - %Vﬁk ﬁ(ﬂk)F),
(A.68)

holds for k € [K], with probability at least 1 — n%p (A.68)
also provides that supp(3;) C F for every k € [K], which

further implies ' C F. Now we end the proof. |

N. Proof of Lemma 15

First, we consider symmetric case. According to the
definition of {y;}?, from symmetric tensor estimation
model (III.1), we separate the random noise ¢; by the following
expansion,

1 n
2 _
E;yi =

2
ni (@] BY)* + i

EZ
M x

i=1 k=1
1 n K
= =D Q=B (A.69)
i=1 k=1
I
9 n K 1 n
z x) - 2
I IR
=1 k=1 =1
—
12 13

Bounding ;. We expand i-th component of I; as follows

K
O iz 8p)*)?
k=1
K
=> mi(@! B +2 ) wpi (2] B (=] B, ).
k=1 ki<k;
(A.70)

As shown in Corollary A.2, the expectations of above two
parts takes forms of

E(x, By,
— 681 B + 9B B
E(x] 87)° = 15]|6;3-

Recall that ||3}]]2 = 1 for any k € [K] and Condition 3
implies for any k; # kj, |,6';';T,6'k | < T, where I is the

incoherence parameter. Thus, E(x WJ,B Dzl B ) is upper
bounded by

‘ (; ﬁk)( Tﬂk ‘<6T3+9F for any k; # k;(A.71)

;I

By using the concentration result in Lemma 1, we have with
probability at least 1 — 1/n

1 (logn)
‘— Tﬁk - ng ,Bk ‘_ 1 \/ﬁ s
1 n
}— (@ B (@] B,)" ~ B 3w 81)' @] 8,)°)
3 —
< (10%) (A.72)
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Putting (A.70),(A.71) and (A.72) together, this essentially
provides an upper bound for /7, namely

—ZZn

i=1 k=1

(z] B1)*)?

(logn)

§<15+6F3+9F+2 c . (A73)

)Z

k=

with probability at least 1 — K2 /n.
Bounding /5. Since the random noise {¢; } 2
and independent of {x;}, we have

K
E(e; > ni(z; B;)%) =0
k=1

By using the independence and Corollary 1, we have

', is of mean zero

n 3

P(- > atel g > Czwx/ﬁa)

i=1

IN

(7 oalel B 2 .7 A < o)
+POkH22va%J)
1 3 4

< —4i==
n n n

This further implies that

1; (logn)
< Ym0, (A.74)

with probability at least 1 — 4K /n.
Bounding /5. As shown in Lemma 23, the random noise ¢;
with sub-exponential tail satisfies

1 n
- Zef < C30”.
i=1

with probability at least 1 — 3/n.
Overall, putting (A.73), (A.74) and (A.75) together, we have
with probability at least 1 — (K2 + 4K + 3)/n,

(A.75)

1 n 2 3
= 1Y 1
ez Ui %Hy’ <154 6% + 9T + 2 ¢y 1987
(Zk:l 771:)2 vn
3
2 Cy0 (log n)5 Cs0?

(Ek 1 15) vn (25:1771:)2.

Under Conditions 4 & 5, the above bound reduces to

K
—Zyl < (16 + 617 +90) (> _mp)?,
k=1

with probability at least 1 — (K2 + 4K + 3)/n. The proof of
lower bound is similar, and hence is omitted here.
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Similar results will also hold for non-symmetric tensor
estimation model. Throughout the proof, the only difference
is that
w; B3,)* =1

E(u; Bix)* (v B3)*(

O. Non-Symmetric Tensor Estimation

1) Conditions and Algorithm: In this subsection, we provide
several essential conditions for Theorem 5 and the detail
algorithm for non-symmetric tensor estimation.

Condition 6 (Uniqueness of CP-Decomposition): The
CP-decomposition form (VI.2) is unique in the sense that if
there exists another CP-decomposition .7 * Z o1 M ,Blk
,8% o 6%, it must have X' = K’ and be invariant up to a
permutation of {1,..., K}.

Condition 7 (Parameter Space): The CP-decomposition of
T = Y1 miBik © Bay © By, satisfies

Hy*HC’péclnrnaxﬂ K:O(S), and R = n;‘;lax/n;‘;lin < C2

for some absolute constants Cy, Cs.
Condition 8 (Parameter Incoherence): The true tensor com-
ponents are incoherent such that

max { (81, Bix, ) s | (B3, B, - B B )| |

ki#k;

r

< Cmin{K_ZR* ,s_%}.

Condition 9 (Random Noise): We assume the random noise
{€;}7, follows a sub-exponential tail with parameter o satis-
fy1ng0<a<CZk L

2) Proof of Theorem 5: The main distinguished part of
the proof for non-symmetric update is Lemma 16: one-step
oracle estimator, which is parallel to Lemma 11. For the sake
of completeness, we limit our attention to rank-one case and
only provide the theoretical development for one-step oracle
estimator in this subsection. The generalization to general rank
case follows the exact same idea in the proof of symmetric
update by incorporating the incoherence condition (8).

For rank-one non-symmetric tensor  estimation,
the model (VI.1) reduces to

yi = (n*"B7 o Bio B, u;0ov;ow;) +e€;, fori=1,...,n.

Suppose [supp(B37)[ = s1. [supp(B33)| = s2, Lsupp(6§)| = 53
and denote s = max{si, s2, s3}. Define th = supp(B3;) U

SUPP(/@](-t)), FO = U?ZlF-(t) and the oracle estimator as

1 M t
(t+) 50#}1(,3('5>)<ﬁf (bv L:( gt)v g)a i(’f))F(‘))a
where h( Y)) has the form of
VATognp [ — 2
YBER (N (B (0] B (] ) = i)
i=1

Bl Bl 802) " e

The definitions of B(H_l) and ,éétH) are similar.
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Algorithm 4 Non-Symmetric Tensor Estimation via Cubic
Sketchings

Require: response {y; }i—1, sketching vector {w;, v, w;}i—;, trun-
cation level d, step size u, rank K, stopping error € = 104

1: Step 1: Calculate the moment-based tensor 7 as (VI.4) and
do sparse tensor decomposition on 7 to get a warm-start
(. B0, B0, B}

2: Step 2: Let t = 0.

3:  Repeat block-wise thresholded gradient update

4: o Compute threshold level h(Bjy) as defined in Step Two.

o Calculated block-wise thresholded gradient descent update

vec(B{") =Puns)) (veC(BY))
~5vs,L(8)", By, B))

Vec(BétH)) zww (VGC(Bét))
~5Ve.L(BY, B, B{"))

Vec(B(tH)) QOM (VCC(B?()t))

_k (t) (t) (t)
SVB.L(B .B{)),

where ¢ = 13" 47 The detail form of
VB, L,VB,L, VB3£ can refer (VL5)
5. Until max{||B{""" - B/"||z} <e.
6: Step 3: Do column-wise normalization as
Y
B, = ( . A F
B 1" BT 2
s (B A
B, = ( R —.
1B 11" 1185 2
R (1) (1)
_ ( 31 3K
Ty 70 ) (T
15712 185K 112

And update the weight by
~ T T T
7 = 0«18 121185 1211852,
T T T
LB 185K 121852 112) T

The final estimator is 7 = 35 7. B1x o Bax o Bay.
7: return non-symmetric tensor estimator .7 .

Lemma 16: Lett > 0 be an integer. Suppose Conditions 6-9
hold and {,8(-t), n} satisfies the following upper bound

jmax 1B\ — Y/ Bill2 < Veo, In—17 < eo (ATT)

=1,2,3
w1th probability at least 1 — CO(1/n). Assume the step size
p satisfies 0 < p < po for some small absolute constant /1o
and s < d < Cs. Then {ﬁ§t+1)} can be upper bounded as

Ft+1) 3
J

_ M ) _
12)] 123 \/_ﬁ

3o [3slogp
ﬂt( /)2 no’

with probability at least 1 — 12s/n.
Proof: We focus on 7 =1 first. To simplify the notation,
we drop the superscript of iteration index ¢, and denote
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iteration index ¢ + 1 by 4. Moreover, denote 8; = ¥/13;,

B = ¥/nB;. B; = ¥/ B; for j = 1,2,3. Then, the gradient
function is rewritten as

Vlﬁ(BIaBQaBS)
- Vi, Z( (] B1) (v Ba)(w] Bs)) (0] Bo) aw] B

According to the definition of thresholded function, Bf can
be explicitly written by

By = 80%}1,(61)(,31—gvlﬁ(ﬂ;h,@m@?,)}?)

81— %vlﬁ(/BlvBQaBS)F + %h(,él)ﬁ’

where v € RP, supp(y ) C F and ||7v]|s < 1. Then the oracle
estimation error || /73, —

In*Bi||2 can be decomposed by
the gradient update effect and the thresholded effect,

- i
?V15(51752,B3)F‘ ,

gradient update effect

() |V3s.

thresholded effect

(A.78)

~|8i-8i-n

By using the tri-convex structure of £(31, B2, 33), we borrow
the analysis tool for vanilla gradient descent [55] given suffi-
cient good initial. Following this proof strategy, we decompose
the gradient update effect in (A.78) by three parts,

_M?WE(BMB;’B;)FH?

IA

|1 - 8

I

v L2313 B VB B B

Iz
b n LB B o)~ V1B BB
I3
+ /i%ﬁ‘h(fél)‘\/gv
AL
Iy

where Vlz is the noiseless gradient as we defined in (A.42).
We will bound Iy, I5, I3, 14 successively in the following
four subsections. For simplicity, during the following proof,
we drop the index subscript F' as we did in Section L.
And ¢ = > | y? approximates n*? up to constant due to
Lemma 15.

3) Bounding I;:

IL(Br. B3 55)/6 = £ (B1)
YMVAL(B, Bs, B3) /0 = V(Br),

where supp(Vf(B1)) = F. When B2 and (33 are fixed,
the update can be treated as a vanilla gradient descent update.

In this section, let us denote

(A.79)
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The following proof follows three steps. The first two steps
show that f((3,) is Lipshitz differentiable and strongly convex
on the constraint set F', and the last step utilizes the classical
convex gradient analysis.

Step One Verlfy f(B1) is L-Lipschitz differentiable. For
any ,8 and ,81 %) whose support belong to F,

viBY) - viE?)

- (? 23 (wl (B — B w7 32 ] 35 s

Then, there exist 7 € S*~! such that

|vra®) - v
= WIS (wr s - )
=1

(o] B3] B3 ul x|

Applying Lemma 2 with multiplying (3; 3 — §2)) o B35 03,

it shows

ot

4
81 - 82| s,

2

B (] )(UJBS)Q(“’JB;)Q)H

< (1 F G )

with probability at least 1 — 10/n3, where §,, ;s is defined
in (IV.7). Under Condition (5) with some constant adjustments,
we obtain

[vr@) - vra?)|, < 7|87 - 87| as0

< 5l

with probability at least 1 — 10/n®. Therefore, f(B:) is
Lipschitz differentiable with Lipschitz constant L = 57

Step Two: Verify f (ﬁl) is a-strongly convex. It i 1s equiv-
alent to prove that V2 f(3;) = ml,. Based on the inequality
(3.3.19) in [63], it shows that

Amin (VQ(f(Bl)))

> Amin (E(Vz f(Bl))) - AmaX(VQ f(Bl) - E(V2 f(Bl))

(A.81)

The lower bound of A\pin(V2(f(B1))) breaks into two parts:
an lower bound for A, (E(V? f(B1))), and an upper bound
for Amax(V? f(B1) — E(V? f(B1)). The Hessian matrix of
f(B) is given by

[\)

B uu, .

V2 f(Br) =

'U1 52

3

Since Ui, v, W; are independent with each othgr, we have
E(V2f(81)) = 21, which implies Apin (E(VQf(,Bl))) >2
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On the other hand,
A (V2F(B1) — E(V2 £ (B1) )
= ||v2rBy - B8y
< aT(VQf(Bl)—E(VQf(Bl)))b

= Z a)(u; b)

—E(Z(«J B3 (w] 33)° (u] @) (u]b) )5

(w; B3)*(u;

where a,b € S*~1. Equipped with Lemma 2, it yields that
with probability at least 1 — 10/n3,

N (V2(B1) = E(V?F(B1))) < 2001
1(B0)),

Together with the lower bound of Ay, (E(V?
we have

/\min(VQf(Bl>) Z 2

Under_Condition 5, the minimum eigenvalue of Hessian matrix
V2f(B;) is lower bounded by % with probability at least

1—10/n3. This guarantees that f(31) is strongly-convex with
19

- 25n,p,sv

o=

Step Three: Combining the
strongly-convexity and Lemma 3.11
that

condition,
it shows

Lipschitz
in [55],

(Vf<5'1> Vf(BT)T)(Bl
’,31 51

_B*)
_ _ 2
VI8 — VB,

>

a+L a—i—L‘

Since the gradient vanishes at the optimal point, the above
inequality times 2y simplifies to

—2uV f(B1) " (Br — BY)
2ual | 5 — 12
< B 2 e a

Now it’s sufficient to bound ||31 — 37 —uV f(B1)]|2 as follows

|81 - 85 - wv s
-5, |- 2nv s30T (8
(1- 22 )HBI -5,

+u(u— — HVf B1) H :

)

IN

where L,o are Lipschitz constant and strongly convexity
parameter, respectively. If p < %, the last term can be
neglected and we obtain the desired upper bound,

2 % Vil ~la ar A
|81 - B - w260, 85.59)
<(1-3u)|B - 81 . (A.83)
with probability 1 — 20/n3. This ends the proof. |
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4) Bounding I>: For simplicity, we write 21 = B1 — Bf, with probability at least 1 —4/n. Applying union bound over
= B2 — 35, z3 = B3 — B5. By the definition of noiseless 3s coordinates, it suffices to get
gradient, it suffices to decompose I by

1 _
1 P | o ol Bo)wl By
n73||ViL(Br. B, B5) — Vi L(B, B, B = ;
n _2 (logn)2 12s
1 = 2 = > C(l4e0)’n* 30 2——) < =2,
< |5 YW B! B @] ) (w] By)(w] s )u, 2 CQ+e) o)<
izln Therefore, we reach
+H= (w] B1) (v, B2) (v z2)(w] B3)(w, B%)u; s - L
ni,l( N ) ) ) ) ‘2 ?HV1£(,@1,52”@3)—V1£(51752,53)H2
Q% 2 2 3
+|= Z (w] B1) (0] B3)(w] Bo) (w] Bo) (w] za )| <o0y~3gy /350080
n
1 T T %y T T zey T 4 with probability at least 1 — 12s/n. |
+ n Z;(uz 21)(v; B2) (v z2)(w; B5)(wi z3)u 2 6) Bounding 14: According to the definition of thresholding

level h(B1) in (A.76), we can bound the square as follows,

1, T T
+ ﬁ;(ui 21)(0) B3) (v 22) (] B5) s 2 (\3(/1);) h2(By)
1< _
+ n Z(ujzl)("’i—rﬁ 3)2(w] B3)(w] z3)u; _ ( 4lognp Z( oT Ba) (] fs)
Repeatedly using Lemma 2, we obtain —(uT B (w] B (w] B — Ei) (07 Bo)? (] Bs)’?

nfg HV15(51,55,3§) _ V1£~(B1,BQ,B:3)H2 Based on the basic inequality (a + b)? < 2(a® +b?), we have
< (14 8 [(L 20204 (1 420 (wf B! o)) Bs)

(] B (0] B3) ] ) )
< 2((u] B)(w] Ba)(w] By)

(] (0] B ] B3)) + 262

Denote I; and I corresponding to optimization error and
statistical error,

4
+(1+ €0)* + €3 + 220|n"3 max | 2112
J

5 4
< 5 (14 b )3 max 2 2

for sufficiently small ey with probability at least 1 — 60/n?>.
Under Condition 5, it suffices to get

3 ~ _  _ ~ 1
ﬂHvlaﬁl,ﬁz,ﬁg) ~VAE(B 5585 n o= W tgw Z (CENCYITEY
<5 ,ms, 2 -5, (A5 —<u: B/ B)(w]! B§>) (v B2)? (w] Ba)?
with probability at least 1 — 6/n. [ ] L, = (\3;?4 41(;Lg2np z": (v B2)? (w] B3)%.

5) Bounding Is: I3 quantifies the statistical error. By the
definition of noiseless gradient and noisy gradient, we have  Next, I; is decomposed by some high-order polynomials as

e follows
Vo F(B: By, Ba) — 3,35, 3 o/m)! -
912081, B )~ V1081, 2. ) 11—%? A8 D (3 0] 212 0] 2 0] 2
- B =1
; B2)(w, Bs)u, ) (v B2)*(w; Bs3)°

+3 (] 21) (0] 22)* (w] B3)%(v) B2)? (w] Bs)?

The proof of this part essentially coincides with the proof for

symmetric tensor estimation. Combining Lemmas 1 and 23, n

we have +(uf 1) (v] B3)° (w] 23)* (v Bo)* (w) Bs)*
i=1

2 ¢ ol 2«2 (log”)% - T T Ta5\2(0 T A N\2(0 T A )\2

‘E;ez B2)(w] B3)uij| < C(1 +e0)*n BUT, +;(u z1)% (v B3)*(w; B5)* (v, B2)*(w, Bs3)
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B5)* (w;' z3)* (v;' Ba2)*(w; Bs)*

+Z (ui B)*(
+ Z(UIBI)2(vfzz)Q(wiTBé)Q(viTBz)Q(w?Bz)Q

+Z (u] B7)* (v z2)*(w, z3)*(v] B2)*(w i,@)Q).

(A.85)

Each term contains the product of Gaussian random vectors

form up to power ten. For the first term, by using Lemma 1,

- Z u 21)% (v 22)* (w; 23)* (v] B2)* (w] Bs)?

(log n)°
Vn

with probability at least 1 —1/n. Similar bounds holds for other

terms. As long as n > C'log'® n, we have with probability at
least 1 — 7/n,

Jn'3 max =3
j=1,2,3 17702

< (1+ 50)453(1 +C

Tlogp

I < ‘
n j= 123

‘ﬁj (A.86)

Now we turn to bound I». For fixed {ei}, we have,
w] Bs)? = 3 I BaI318s03)

e

< C(logn)*[l€*]2]1B2113118sl13,

with probability at least 1 —n~'. Combining with Lemma 23,

I, < 40’n

4
<3 1o8p. (A.87)
n

Putting (A.86) and (A.87) together, the thresholded effect can
be bound by

A 7lognp ‘—
N P i =Rs _
5 MBIl </ — jg11§§f3‘ﬁg

20 log np
(V)2 Voo
with probability at least 1 — 8/n, provided n 2> (logn)'°. W

7) Summary: Putting the upper bounds (A.83), (A.84)

and (A.88) together, we obtain that if step size p satisfies
0 < p < pp for some small p,

2

+ (A.88)

é (1 T 12 ]Inla2x3 Hﬂ]
+ 3o 3slogp
NN

with probability at least 1 — 12s/n. This finishes our proof. H

P. Matrix Form Gradient and Stochastic Gradient Descent
1) Matrix Formulation of Gradient: In this section, we pro-
vide detail derivations for (III.7) and (VL5).
Lemma A.l:Let n = (m,...,nx) € REXL X =
(x1,...,x,) € RP*" and B = (B4,...,Bk) € RP¥K,

IEEE TRANSACTIONS ON INFORMATION THEORY, VOL. 66, NO. 9, SEPTEMBER 2020

The gradient of symmetric tensor estimation empirical risk
function (IT1.5) can be written in a matrix form as follows

C(BTX) -y
(BTX)T)?onT) o X7

Proof: First let’s have a look at the gradient for k-th
component,

VBL(B,n) =

VLL(Br) = L Br)z; € RPXL

Zﬂk

for k = 1,..., K. Correspondingly, each part can be written
as a matrix form,

= yi)nk(x

((BTX)T)37] —ye Rnxl
Kxn
(((BTX)T)Q @nT)T @X c ]RpKXn.

This implies that [((BTX)")*y — ¢]T[(BTX)")? ®
nH)T ® X|T € RY™PK, Note that VpL(B,n) =
(VLi(B1)T,...,VLk(BK)T) € R*PE_ The conclusion can
be easily derived. |

Lemma 17: Let n = (n1,...,nx) € REXLU =
(u1,...,uy) € RPNV = (vy,...,v,) € RP2*X" W =
(wl,...,wn) € RP3*™ and Bl = (,611,...,,61}() S
RPXE By, = (Bo1,....0kx) € RP*K By =
(B31,...,B3x) € RP**E_ The gradient of non-symmetric

tensor estimation empirical risk function (VI.3) can be written
in a matrix form as follows

VB, L(B1, By, Bs,n) =D (C o U)"
where D = (B{U)" x (B, V)T %
Ci= (B, V) «(B;W) on'.

Proof: Recall that {*, ®} represent Hadamard product and
Khatri-Rao product respectively. Then the dimensionality of
D, C1,C; ® U can be calculated as follows

(BJW)Tn — y and

D= (B{U) «(ByV) +(B;W)' n—yeR™,
—_——— —— ——
nx K nx K nx K
Ci=B,V) «(BiW) on' e R™*K,

C/| ©U e RFP",
Therefore,

VB, L(B1,Bs, B3, n)
:(vlﬁ(ﬂl)—ra ey

=D'(c/ o))"
VkL(Bk)").

[

2) Stochastic Gradient Descent: Stochastic thresholded gra-

dient descent is a stochastic approximation of the gradient

descent optimization method. Note that the empirical risk

function (II1.5) that can be written as a sum of differentiable

functions. Followed by (II1.7), the gradient of (III.5) evaluated
at i-th sketching {y;, «;} can be written as

VeLi(B,m) = [(B'z:)")’n—yi+
[(BTz:)) ) on")" 0]’ € RVPE,
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Thus, the overall gradient Vg £;(B,n) defined in (II1.7) can
be expressed as a summand of Vg L;(B,n),

1 n
VBLi(B,n) = - > VBLi(B,n).
i=1

The thresholded step remains the same as Step 3 in
Algorithm1. Then the symmetric update of stochastic thresh-
olded gradient descent within one iteration is summarized
by

vec(B(TD)

HsGD
T PEsERR(BO) (VCC(B(t)) - TVBL:i(B(t))).

Q. Technical Lemmas

Lemma 18: Suppose x € RP? is a standard Gaussian random
vector. For any non-random vector a, b, c € RP, we have the
following tensor expectation calculation,

E((aTw)(bTa:)(cTw)sc oxo a:)
:(aoboc—|—aocob+boao

+bocoa+00boa+coaob)

+3 zp: (a oenoen(b c)

m=1

+enoboen(a’c)+enoeno c(aTb)), (A.89)

where e,,, is a canonical vector in RP.

Proof: Recall that for a standard Gaussian random vari-
able z, its odd moments are zero and even moments are
E(z®) = 15,E(z?) = 4. Expanding the LHS of (A.89)
and comparing LHS and RHS, we will reach the conclusion.
Details are omitted here. |

Lemma 19: Suppose u € RPI v € RP2w € RP
are independent standard Gaussian random vectors. For any
non-random vector a € RP1, b € RP2, ¢ € RP3, we have the
following tensor expectation calculation

E((aTu)(bTv)(cTw)u owo 'w) =aoboc. (A90)

Proof: Due to the independence among w, v, w, the con-
clusion is easy to obtain by using the moment of standard
Gaussian random variable. |

Note that in the left side of (A.89), it involves an expec-
tation of rank-one tensor. When multiplying any non-random
rank-one tensor with same dimensionality, i.e., a; o by o ¢,
on both sides, it will facilitate us to calculate the expec-
tation of product of Gaussian vectors, see next Lemma for
details.

Lemma A.2: Suppose * € RP is a standard Gaussian
random vector. For any non-random vector a,b,c,d € RP,
we have the following expectation calculation

E(za)® = 15]|als,
E(za)’(x"b) = 15]al3(a"b),
E(z'a)!(z"b)* = 12[|al3(a’b)* + 3]al3]b]3,
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E(z'a)’(x"b)’ = 6(a'b)’ +9(ab)|al3]b]3,
E(z a)*(x"b)*(z c)

= 6(a'b)?(@"c)+6(a"b)(b c)(a’a)
+3(a’e)(b"b)(a"a),
E(z"a)?(xz"b)(x"c)*(x'd)

= 2(a'¢)?)(b"d)+4(a"c)(b c)(ad)
+6(a’c)(a"b)(c"d)+3(c"x)(b d)(a"a).

Proof: Note that E((xz"a)*(x"b)?) = E((z"a)*(z o
x ox,bobob)). Then we can apply the general result
in Lemma 18. Comparing both sides, we will obtain the
conclusion. Others part follows the similar strategy. |
Next lemma provides a probabilistic concentration bound
for non-symmetric rank-one tensor under tensor spectral norm.
Lemma 20: Suppose X = (xf, - ,2))"Y =
(y!,,yN)",Z = (2],---,2])T are three n x p ran-
dom matrices. The -norm of each entry is bounded, s.t.
[ Xijllw, = Ko, 1Yijllg. = Ky, [|Zijll g, = K-. We assume
the row of XY, Z are independent. There exists an absolute
constant C' such that,

S

1 n
P(Hﬁ > {wz oyiozi—E(zioy;o Zz‘)}
i=1

> CKxKsz(Sn,p,s) < p_l-

S

1 n
IP’(H— E [slr:z ox;ox;—E(x;o0x;0 :cz)}
n
i=1
> CK3bups) <07

Here, || - ||s is the sparse tensor spectral norm defined in (IL.3)
and 6, , s = \/slog(ep/s)/n + /s*log(ep/s)3 /n2.

Proof: Bounding spectral norm always relies on the con-
struction of the e-net. Since we will bound a sparse tensor
spectral norm, our strategy is to discrete the sparse set and
construct the e-net on each one. Let us define a sparse set
By = {x € RP,||z|2 = 1,||z|lo < s}. And let By s be the
s-dimensional set defined by By s = {x € R*,|x|2 = 1}.
Note that B is corresponding to s-sparse unit vector set which
can be expressed as a union of subsets of dimension s by
expanding some zeros, namely By = U By ;. There should be
at most (7) < (£)* such set By,s.

Recalling the definition of sparse tensor spectral norm
in (IL.3), we have

S

1 n
A= HEZ [wioyiozi—E(wioyiozi)}
=1

%Z [<wi,x1><yi7x2><zuxs>

i=1

= sup
X1,X2,X3€Bo

~E({@i, x1) (Wi, X2){21X5))| \.

Instead of constructing the e-net on By, we will construct an
e-net for each of subsets By s. Define N, , as the 1/2-set
of By s. From Lemma 3.18 in [64], the cardinality of N, is
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bounded by 5°. By Lemma 21, we obtain

1
sup ‘ —

L [ e o xs)
X1,X2,X3C50,s —

—E((s, X1 )y X2) (20, X3))] |

sup ‘l z”: [<wi7X1><yi;X2><2i;X3>

X17X2,X3€J\fBQS n -1

<2’

~E((@i,x1) (Wi x2) (20 X3)) | | (A.91)

By rotation invariance of sub-Gaussian random variable,
(®i,x1)s (YiyXx2), (zi,x3) are still sub-Gaussian random
variables with 12-norm bounded by K, K, K, respectively.
Applying Lemma 1 and union bound over Np, ,, the right
hand side of (A.91) can be bounded by '

—1 —1)3
RHS > 8 KxKyKZC(\/IOgT(LS + \/(1°g32 ) )

with probability smaller than (5%)36 for any 0 < 6 < 1.
Lastly, taking the union bound over all possible subsets By s

yields that
5)

-1 —1)3
P(a>s3 KzKyKZC(\/logé + \/(10#
n n

< (Pyeys=(2Tys

Letting p
1-1/p

A< CR KK Slogflp/s) 1y 1052@/5)),

with some adjustments on constant C. The proof for symmetric
case is similar to non-symmetric case so we omit here.  H

Lemma 21 (Tensor Covering Number(Lemma 4 in [65])):
Let N be an e-net for a set B associated with a norm || - ||.
Then, the spectral norm of a d-mode tensor A is bounded
by

= (125767’)35, we obtain with probability at least

sup A X1 ®1... Xg-1 ®Ta—1]|2
x1,...,2q_1EB
1 \d-1
< ( ) sup A Xy @1 Xgo1 Ta—1][2-
l—-e¢ Ty g1 EN

This immediately implies that the spectral norm of a d-mode
tensor A is bounded by

1

H-A||2 < (:)d_l sup ||A X121 Xq—1 wd—1|\2,

T1..q-1€

where N is the e-net for the unit sphere S”~! in R".

Lemma 22 (Sub-Gaussianess of the Product of Random
Variables): Suppose X is a bounded random variable with
|X1| < K; almost surely for some K; and X, is a
sub-Gaussian random variable with Orlicz norm || X2/, Ko.
Then X;X5 is still a sub-Gaussian random variable with
Orlicz norm || X1 Xs||y, = K1 Ko.

IEEE TRANSACTIONS ON INFORMATION THEORY, VOL. 66, NO. 9, SEPTEMBER 2020

Proof: Following the definition of sub-Gaussian random
variable, we have

P(|X1xz| > t) = P(|X:] > 5 |)

< P(\XQ\ > L) < exp (1 —tQ/Kng),
| K1 |

holds for all ¢ > 0. This ends the proof. [ |

Lemma 23 (Tail Probability for the Sum of Sub-Exponential
Random Variables (Lemma A.7 in [48])): Suppose €1, ..., €,
are independent centered sub-exponential random variables
with

0= max |leily, .

Then with probability at least 1 — 3/n, we have

< Cooy/ 10%, ||€||oo < Cyologn,

n
2 1 4
s | T ei
n-
i=1

Eho

1 n

e
n-
i=1
for some constant Cj.

Lemma 24 (Tail Probability for the Sum of Weibull Distrib-
utions (Lemma 3.6 in [34])): Let a € [1,2] and Y7,...,Y], be
independent symmetric random variables satisfying P(|Y;| >

t) = exp(—t®). Then for every vector @ = (a1, ...,a,) € R"
and every ¢ > 0,

" _ 12 o
]P’(|;aiyi| Zt) SQexp(—cmm(HaH%, g))

Proof: It is a combination of Corollaries 2.9 and 2.10
in [58].

Lemma 25 (Moments for the Sum of Weibull Distributions
(Corollary 1.2 in [66])): Let X1, X5,...,X,, be a sequence of
independent symmetric random variables satisfying P(|Y;| >
t) = exp(—t®), where 0 < a < 1. Then, for p > 2 and some
constant C'(«) which depends only on a,

(@) (vPlallz + p*a]s).

p

Lemma 26 (Stein’s Lemma [56]): Let © € R? be a
random vector with joint density function p(x). Suppose the
score function V4 log p(x) exists. Consider any continuously
differentiable function G(x) : R% — R. Then, we have

E|G(x) Vg logp(w)} = —E[VwG(w)]

Lemma 27 (Khinchin-Kahane Inequality (Theorem 1.3.1
in [67])): Let {a;}] a finite non-random sequence, {e;}7_;
be a sequence of 1ndependent Rademacher variables and 1 <
p < q < oo. Then

[$ea, < (1) | $5ee
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Lemma 28: Suppose each non-zero element of {z;} 5, is
drawn from standard Gaussian distribution and ||z || < s for
k € [K]. Then we have for any 0 < 6 <1,

(@, Th, )| <CV's 10gK+10g1/6) >1-6,

where C' is some constant.

Proof: Let us denote Sk, C [1,2,...,p] as an index set
such that for any ¢, j € Sk, k,, we have xy,; # 0 and xp,; # 0.
From the definition of Sk, ,, we know that |Sk,%,| < s and
x) oy, = > Tk kg = Ejesk1k2 Tk, jThyj- We apply
standard Hoeffding’s concentration inequality,

P(l(w, 21.)| 2 ¢)

ct?
= ]P(| Z xkljxk2j|2t)§eexp(—?).

JESky kg

]P( max
1<k)<ka<K

Letting ct?/s = log(1/§), we reach the conclusion.
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