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Abstract

Tensors, which provide a powerful and flexible model for representing multi-attribute data and
multi-way interactions, play an indispensable role in modern data science across various fields in
science and engineering. A fundamental task is to faithfully recover the tensor from highly in-
complete measurements in a statistically and computationally efficient manner. Harnessing the
low-rank structure of tensors in the Tucker decomposition, this paper develops a scaled gradient
descent (ScaledGD) algorithm to directly recover the tensor factors with tailored spectral initializa-
tions, and shows that it provably converges at a linear rate independent of the condition number of
the ground truth tensor for two canonical problems — tensor completion and tensor regression —
as soon as the sample size is above the order of n®/2 ignoring other parameter dependencies, where
n is the dimension of the tensor. This leads to an extremely scalable approach to low-rank tensor
estimation compared with prior art, which suffers from at least one of the following drawbacks:
extreme sensitivity to ill-conditioning, high per-iteration costs in terms of memory and computa-
tion, or poor sample complexity guarantees. To the best of our knowledge, ScaledGD is the first
algorithm that achieves near-optimal statistical and computational complexities simultaneously for
low-rank tensor completion with the Tucker decomposition. Our algorithm highlights the power of
appropriate preconditioning in accelerating nonconvex statistical estimation, where the iteration-
varying preconditioners promote desirable invariance properties of the trajectory with respect to
the underlying symmetry in low-rank tensor factorization.
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1. Introduction

Tensors Kolda and Bader (2009); Sidiropoulos et al. (2017), which provide a powerful and flexible
model for representing multi-attribute data and multi-way interactions across various fields, play
an indispensable role in modern data science with ubiquitous applications in image inpainting Liu
et al. (2012), hyperspectral imaging Dian et al. (2017), collaborative filtering Xiong et al. (2010),
topic modeling Anandkumar et al. (2014), network analysis Papalexakis et al. (2016), and many
more.

1.1 Low-rank tensor estimation

In many problems across science and engineering, the central task can be regarded as tensor es-
timation from highly incomplete measurements, where the goal is to estimate an order-3 tensor!
X, € Rm*m2X"3 {rom its observations y € R™ given by

y~ AX,).

Here, A : R™M1*™2x73 5 R™ pepresents a certain linear map modeling the data collection process.
Importantly, the number m of observations is often much smaller than the ambient dimension
ningng of the tensor due to resource or physical constraints, necessitating the need of exploiting
low-dimensional structures to allow for meaningful recovery.

One of the most widely adopted low-dimensional structures—which is the focus of this paper—is
the low-rank structure under the Tucker decomposition Tucker (1966). Specifically, we assume that
the ground truth tensor X, admits the following Tucker decomposition?

X* == (U*7 ‘/*; W*) 'S*v

where 8§, € R™*"2%" jg the core tensor, and U, € R™*" V, € R™*™2 W, € R™*" are
orthonormal matrices corresponding to the factors of each mode. The tensor X, is said to be low-
multilinear-rank, or simply low-rank, when its multilinear rank r = (1,72, r3) satisfies 1, < ng,
for all £k = 1,2,3. Compared with other tensor decompositions such as the CP decomposition
Kolda and Bader (2009) and tensor-SVD Zhang et al. (2014), the Tucker decomposition offers
several advantages: it allows flexible modeling of low-rank tensor factors with a small number of
parameters, fully exploits the multi-dimensional algebraic structure of a tensor, and admits efficient
and stable computation without suffering from degeneracy Paatero (2000).

Motivating examples. We point out two representative settings of tensor recovery that guide
our work.

e Tensor completion. A widely encountered problem is tensor completion, where one aims to predict
the entries in a tensor from only a small subset of its revealed entries. A celebrated application
is collaborative filtering, where one aims to predict the users’ evolving preferences from partial

1. For ease of presentation, we focus on 3-way tensors; our algorithm and theory can be generalized to higher-order
tensors in a straightforward manner.

2. Other popular notation for Tucker decomposition in the literature includes [S4; U, Vi, W, ] and S, x1 Uy X2
Vi x3 W,. In this work, we adopt the same notation (U,, Vi, W,) - S, as in Xia and Yuan (2019) for convenience
of our theoretical developments.
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observations of a tensor composed of ratings for any triplet of user, item, time Karatzoglou et al.
(2010). Mathematically, we are given entries

X*(i17i27i3)7 (i17i27i3) S Q)

in some index set €2, where (i1,1i2,13) € € if and only if that entry is observed. The goal is then
to recover the low-rank tensor X, from the observed entries in 2.

e Tensor regression. In machine learning and signal processing, one is often concerned with deter-
mining how the covariates relate to the response—a task known as regression. Due to advances in
data acquisition, there is no shortage of scenarios where the covariates are available in the form
of tensors, for example in medical imaging Zhou et al. (2013). Mathematically, the i-th response
or observation is given as

Yi = <A’17X*> = Z Ai(il,iQ,ig)X*(il,iQ,'B), i = 1727 U

11,82,13

where A; is the i-th covariate or measurement tensor. The goal is then to recover the low-rank
tensor X, from the responses y = {y;}7" .

1.2 A gradient descent approach?

Recent years remarkable successes have emerged in developing a plethora of provably efficient algo-
rithms for low-rank matriz estimation (i.e. the special case of order-2 tensors) via both convex and
nonconvex optimization. However, unique challenges arise when dealing with tensors, since they
have more sophisticated algebraic structures Hackbusch (2012). For instance, while nuclear norm
minimization achieves near-optimal statistical guarantees for low-rank matrix estimation Candés
and Tao (2010) within a polynomial run time, computing the nuclear norm of a tensor turns out to
be NP-hard Friedland and Lim (2018). Therefore, there have been a number of efforts to develop
polynomial-time algorithms for tensor recovery, including but not limited to the sum-of-squares
hierarchy Barak and Moitra (2016); Potechin and Steurer (2017), nuclear norm minimization with
unfolding Gandy et al. (2011); Mu et al. (2014), regularized gradient descent Han et al. (2020), to
name a few; see Section 1.4 for further discussions.

In view of the low-rank Tucker decomposition, a natural approach is to seek to recover the
factor quadruple F, := (U, Vi, W,, 8, directly by optimizing the unconstrained least-squares loss
function:

min  L(F) = AUV, W)-8) ~ g2, (1)

where F' = (U,V,W S8) consists of U € R"*" 'V € R"2*"2 W € R"™*™ and & € R"*"2%"3,
Since the factors have a much lower complexity than the tensor itself due to the low-rank structure,
it is expected that manipulating the factors results in more scalable algorithms in terms of both
computation and storage. This optimization problem is however, highly nonconvex, since the factors
are not uniquely determined.® Nonetheless, one might be tempted to solve the problem (1) via
gradient descent (GD), which updates the factors according to

Fiy1=F, —nVL(F), t=0,1,..., (2)

3. For any invertible matrices Qx € R %"k L = 1,2,3, one has (U,V,W)-8 =
UQ:1,VQ2,WQ3)-((Q71,Q;"',Q5")-8).
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where F} is the estimate at the t-th iteration, 7 > 0 is the step size or learning rate, and VL(F') is
the gradient of L(F') at F. Despite a flurry of activities for understanding factored gradient descent
in the matrix setting Chi et al. (2019), this line of algorithmic thinkings has been severely under-
explored for the tensor setting, especially when it comes to provable guarantees for both sample
and computational complexities.

The closest existing theory that one comes across is Han et al. (2020) for tensor regression, which
adds regularization terms to promote the orthogonality of the factors U,V , W:

(0%
Log(F) = L)+ (IUTU = BL R + [VTV = BL IR + [WTW = BL,J}) . ()

and perform GD on the regularized loss. Here, a, 8 > 0 are two parameters to be specified. While
encouraging, theoretical guarantees of this regularized GD algorithm Han et al. (2020) still fall short
of achieving computational efficiency. In truth, its convergence speed is rather slow: it takes an
order of x%log(1/¢) iterations to attain an e-accurate estimate of the ground truth tensor, where
k is a sort of condition number of X, to be defined momentarily. Therefore, the computational
efficacy of the regularized GD is severely hampered even when X, is moderately ill-conditioned,
a situation frequently encountered in practice. In addition, the regularization term introduces
additional parameters that may be difficult to tune optimally in practice.

Turning to tensor completion, the situation is even worse: to the best of our knowledge, there
is no provably linearly-convergent algorithm that accommodates low-rank tensor completion under
the Tucker decomposition. The question is thus:

Can we develop a factored gradient-based algorithm that converges fast even for highly ill-conditioned
tensors with near-optimal sample complexities for tensor completion and tensor regression?

In this paper, we provide an affirmative answer to the above question.

1.3 A new algorithm: scaled gradient descent

We propose a novel algorithm—dubbed scaled gradient descent (ScaledGD)—to solve the tensor
recovery problem. More specifically, at the core it performs the following iterative updates® to
minimize the loss function (1):

U1 = Uy —nVu L(F) (f] fft)_ly
Vig1 = Vi —Vy L(F) (V,' ‘7)71, @
Wi = W, — nVwL(E) (W, W),
Str1 =8 (OO (V)L (W W) ™) - VsL(F),
where VyL(F), Vv L(F), Vw L(F'), and VsL(F') are the partial derivatives of L(F') with respect
to the corresponding variables, and
Ut == Ml ((I’r‘17 ‘/t’ Wt) . St)T - (W/t X W)Ml(st)—ra
Vi = My (Uy, Iy, Wy) - St)T =W, eU)Ms(S)T, (5)
W, = M3 (U, Vi, Iy) - 81) T = (Vi@ Up)M3(81)T

Here, M(8) is the matricization of the tensor S along the k-th mode (k = 1,2,3), and ® de-
notes the Kronecker product. Inspired by its variant in the matrix setting Tong et al. (2021a),

4. The matrix inverses in ScaledGD always exist under the assumptions of our theory.
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Algorithms H Sample complexity \ Iteration complexity | Parameter space
Unfolding + nuclear norm min. 2 loe? n olvnomial oo
Huang et al. (2015) g poly
Tensor nuclear norm min. 3
/2,.1/27.3/2 :
Yuan and Zhang (2016) n*eri=log™  n NP-hard tensor
Grassmannian GD 3/2.7/2 47 .7/
Xia and Yuan (2019) n* =7 R log m N/A factor
ScaledGD 3/2.5/2.31 3 )
(this paper) n/Eroi%e” log™m log 2 factor

Table 1: Comparisons of ScaledGD with existing algorithms for tensor completion when the tensor
is incoherent and low-rank under the Tucker decomposition. Here, we say that the output
X of an algorithm reaches e-accuracy, if it satisfies | X — X .|| < €0min(X ). Here, xk and
Omin(X«) are the condition number and the minimum singular value of X, (defined in
Section 2.1). For simplicity, we let n = maxy—; 23n; and r = maxy—1 237, and assume
rV Kk < nd for some small constant § to keep only terms with dominating orders of n.

the ScaledGD algorithm (4) exploits the structures of Tucker decomposition and possesses many
desirable properties:

o Low per-iteration cost: as a preconditioned GD or quasi-Newton algorithm, ScaledGD updates
the factors along the descent direction of a scaled gradient, where the preconditioners can be
viewed as the inverse of the diagonal blocks of the Hessian for the population loss (i.e. tensor
factorization). As the sizes of the preconditioners are proportional to the multilinear rank, the
matrix inverses are cheap to compute with a minimal overhead and the overall per-iteration cost
is still low and linear in the time it takes to read the input data.

e FEquivariance to parameterization: one crucial property of ScaledGD is that if we reparameterize
the factors by some invertible transforms (i.e. replacing (U, Vi, W, 8;) by

UQ1,V,Q2, WiQs5,(Q11.Q51,Q3") - Sy)

for some invertible matrices {Qk}%zl), the entire trajectory will go through the same reparam-
eterization, leading to an invariant sequence of low-rank tensor updates X; = (U, Vi, W) - S
regardless of the parameterization being adopted.

e Implicit balancing: ScaledGD optimizes the natural loss function (1) in an unconstrained manner
without requiring additional regularizations or orthogonalizations used in prior literature Han
et al. (2020); Frandsen and Ge (2020); Kasai and Mishra (2016), and the factors stay balanced in

an automatic manner—a feature sometimes referred to as implicit regularization Ma et al. (2021).

Theoretical guarantees. We investigate the theoretical properties of ScaledGD for both tensor
completion and tensor regression, which are notably more challenging than the matrix counterpart.
It is demonstrated that ScaledGD—when initialized properly using appropriate spectral methods
—achieves linear convergence at a rate independent of the condition number of the ground truth

5. (Luo and Zhang, 2021, Theorem 3) states the sample complexity n3/2\/rk?||X.||2/0%m(X), where
| X |[E/02:n (X ) has an order of rx?.
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Algorithms H Sample complexity | Iteration complexity | Parameter space
Unfolding + nuclear norm min. 2 lvnomial .
Mu et al. (2014) poly
Projected GD 5 ) )
Chen et al. (2019a) nr K~ log 2 tensor
Regularized GD 32 4 ) )
Han et al. (2020) TR K~ log 2 factor
Riemannian Gauss-Newton 3/2.3/2 4 .
Luo and Zhang (2021) (concurrent)® TR log log - tensor
ScaledGD 3/2.8/2.2 )
(this paper) nerreR log 2 factor

Table 2: Comparisons of ScaledGD with existing algorithms for tensor regression when the tensor is
low-rank under the Tucker decomposition. Here, we say that the output X of an algorithm
reaches e-accuracy, if it satisfies [|X — X, || < €omin(X). Here, k and omin(X) are
the condition number and minimum singular value of X', (defined in Section 2.1). For
simplicity, we let n = maxg—123nk, and r = max_; 237, and assume r V k <K nd for
some small constant § to keep only terms with dominating orders of n.

tensor with near-optimal sample complexities. In other words, ScaledGD needs no more than
O(log(1/¢)) iterations to reach e-accuracy; together with its low computational and memory costs
by operating in the factor space, this makes ScaledGD a highly scalable method for a wide range
of low-rank tensor estimation tasks. More specifically, we have the following guarantees (assume
n = maxXy—123 Nk and r = Maxy—123 ;)

e Tensor completion. Under the Bernoulli sampling model, ScaledGD (with an additional scaled
projection step) succeeds with high probability as long as the sample complexity is above the order
of n?/2r5/213 log3 n. Connected to some well-reckoned conjecture on computational barriers, it
is widely believed that no polynomial-time algorithm will be successful if the sample complexity
is less than the order of n3?2 for tensor completion Barak and Moitra (2016), which suggests
the near-optimality of the sample complexity of ScaledGD. Compared with existing approaches
(cf. Table 1), ScaledGD provides the first computationally efficient algorithm with a near-linear
run time at the near-optimal sample complexity.

e Tensor regression. Under the Gaussian design, ScaledGD succeeds with high probability as long
as the sample complexity is above the order of n®2r3/2x2. Our analysis of local convergence
is more general, based on the tensor restricted isometry property (TRIP) Rauhut et al. (2017),
and is therefore applicable to various measurement ensembles that satisfy TRIP. Compared with
existing approaches (cf. Table 2), ScaledGD achieves competitive performance guarantees in terms
of sample and iteration complexities with a low per-iteration cost in the factor space.

Figure 1 illustrates the number of iterations needed to achieve a relative error [|X — X, || <
1073|| X 4]|f for ScaledGD and regularized GD Han et al. (2020) under different condition numbers
for tensor completion under the Bernoulli sampling model (see Section 4 for experimental settings).
Clearly, the iteration complexity of GD deteriorates at a super linear rate with respect to the
condition number x, while ScaledGD enjoys an iteration complexity that is independent of x as
predicted by our theory. Indeed, with a seemingly small modification, ScaledGD takes merely 17
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Figure 1: The iteration complexities of ScaledGD (this paper) and regularized GD to achieve
|X — X, ||F < 1073||X,||F with respect to different condition numbers for low-rank tensor
completion with ny = ny = ng = 100, r; = ro = r3 = 5, and the probability of observation
p=0.1.

iterations to achieve the desired accuracy over the entire range of x, while GD takes thousands of
iterations even with a moderate condition number!

1.4 Additional related works

Comparison with Tong et al. (2021a). While the proposed ScaledGD algorithm is inspired by
its matrix variant in Tong et al. (2021a) by utilizing the same principle of preconditioning, the exact
form of preconditioning for tensor factorization needs to be designed carefully and is not trivially
obtainable. There are many technical novelty in our analysis compared to Tong et al. (2021a). In
the matrix case, the low-rank matrix is factorized as LR, and only two factors are needed to be
estimated. In contrast, in the tensor case, the low-rank tensor is factorized as (U,V, W) -8, and
four factors are needed to be estimated, leading to a much more complicated nonconvex landscape
than the matrix case. In fact, when specialized to matrix completion, our ScaledGD algorithm does
not degenerate to the same matrix variant in Tong et al. (2021a), due to overparamterization and
estimating four factors at once, but still maintains the near-optimal performance guarantees. In
addition, the tensor algebra possesses unique algebraic properties that requires much more delicate
treatments in the analysis. For the local convergence, we establish new concentration properties
regarding tensors, which are more challenging compared to the matrix counterparts; for spectral
initialization, we establish the effectiveness of a second-order spectral method in the Tucker setting
for the first time.

Low-rank tensor estimation with Tucker decomposition. Frandsen and Ge (2020) ana-
lyzed the landscape of Tucker decomposition for tensor factorization, and showed benign landscape
properties with suitable regularizations. Gandy et al. (2011); Mu et al. (2014) developed convex
relaxation algorithms based on minimizing the nuclear norms of unfolded tensors for tensor regres-
sion, and similar approaches were developed in Huang et al. (2015) for robust tensor completion.
However, unfolding-based approaches typically result in sub-optimal sample complexities since they
do not fully exploit the tensor structure. Yuan and Zhang (2016) studied directly minimizing the
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nuclear norm of the tensor, which regrettably is not computationally tractable. Xia and Yuan
(2019) proposed a Grassmannian gradient descent algorithm over the factors other than the core
tensor for exact tensor completion, whose iteration complexity is not characterized. The statistical
rates of tensor completion, together with a spectral method, were investigated in Zhang and Xia
(2018); Xia et al. (2021), and uncertainty quantifications were recently dealt with in Xia et al.
(2020). Besides the entrywise i.i.d. observation models for tensor completion, Zhang (2019); Kr-
ishnamurthy and Singh (2013) considered tailored or adaptive observation patterns to improve the
sample complexity. In addition, for low-rank tensor regression, Raskutti et al. (2019) proposed a
general convex optimization approach based on decomposable regularizers, and Rauhut et al. (2017)
developed an iterative hard thresholding algorithm. Chen et al. (2019a) proposed projected gra-
dient descent algorithms with respect to the tensors, which have larger computation and memory
footprints than the factored gradient descent approaches taken in this paper. Ahmed et al. (2020)
proposed a tensor regression model where the tensor is simultaneously low-rank and sparse in the
Tucker decomposition. A concurrent work Luo and Zhang (2021) proposed a Riemannian Gauss-
Newton algorithm, and obtained an impressive quadratic convergence rate for tensor regression (see
Table 2). Compared with ScaledGD, this algorithm runs in the tensor space, and the update rule
is more sophisticated with higher per-iteration cost by solving a least-squares problem and per-
forming a truncated HOSVD every iteration. Another recent work Cai et al. (2021b) studies the
Riemannian gradient descent algorithm which also achieves an iteration complexity free of condition
number, however, the initialization scheme was not studied therein. After the initial appearance of
the current paper, another work Wang et al. (2021) proposes an algorithm based again on Riem-
mannian gradient descent for low-rank tensor completion with Tucker decomposition, coming with
an appealing entrywise convergence guarantee at a constant rate.

Last but not least, many scalable algorithms for low-rank tensor estimation have been proposed
in the literature of numerical optimization Xu and Yin (2013); Goldfarb and Qin (2014), where
preconditioning has long been recognized as a key idea to accelerate convergence Kasai and Mishra
(2016); Kressner et al. (2014). In particular, if we constrain U, V', W to be orthonormal, i.e. on the
Grassmanian manifold, the preconditioners used in ScaledGD degenerate to the ones investigated
in Kasai and Mishra (2016), which was a Riemannian manifold gradient algorithm under a scaled
metric. On the other hand, ScaledGD does not assume orthonormality of the factors, therefore
is conceptually simpler to understand and avoids complicated manifold operations (e.g. geodesics,
retraction). Furthermore, none of the prior algorithmic developments Kasai and Mishra (2016);
Kressner et al. (2014) are endowed with the type of global performance guarantees with linear
convergence rate as developed herein.

Provable low-rank tensor estimation with other decompositions. Complementary to ours,
there have also been a growing number of algorithms proposed for estimating a low-rank tensor
adopting the CP decomposition. Examples include sum-of-squares hierarchy Barak and Moitra
(2016); Potechin and Steurer (2017), gradient descent Cai et al. (2019, 2020a); Hao et al. (2020),
alternating minimization Jain and Oh (2014); Liu and Moitra (2020), spectral methods Montanari
and Sun (2018); Chen et al. (2021); Cai et al. (2021a), atomic norm minimization Li et al. (2015);
Ghadermarzy et al. (2019), to name a few. Ge and Ma (2020) studied the optimization landscape
of overcomplete CP tensor decomposition. Beyond the CP decomposition, Zhang and Aeron (2016)
developed exact tensor completion algorithms under the so-called tensor-SVD Zhang et al. (2014),
and Liu et al. (2019); Lu et al. (2018) studied low-tubal-rank tensor recovery. We will not elaborate
further since these algorithms are not directly comparable to ours due to the difference in models.

Nonconvex optimization for statistical estimation. Our work contributes to the recent
strand of works that develop provable nonconvex methods for statistical estimation, including but
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not limited to low-rank matrix estimation Sun and Luo (2016); Chen and Wainwright (2015); Ma
et al. (2019); Charisopoulos et al. (2021); Ma et al. (2021); Park et al. (2017); Chen et al. (2020); Xia
and Yuan (2021), phase retrieval Candeés et al. (2015); Wang et al. (2018); Chen and Candés (2017);
Zhang et al. (2017, 2016); Chen et al. (2019b), quadratic sampling Li et al. (2019b), dictionary
learning Sun et al. (2017a,b); Bai et al. (2018), neural network training Buchanan et al. (2020);
Fu et al. (2020); Hand and Voroninski (2019), and blind deconvolution Li et al. (2019a); Ma et al.
(2019); Shi and Chi (2021); the readers are referred to the overviews Chi et al. (2019); Chen and
Chi (2018); Zhang et al. (2020b) for further references.

1.5 A primer on tensor algebra and notation

We end this section with a primer on some useful tensor algebra; for a more detailed exposition,
see Kolda and Bader (2009); Sidiropoulos et al. (2017). Throughout this paper, we use boldface
calligraphic letters (e.g. X) to denote tensors, and boldface capitalized letters (e.g. X) to denote
matrices. For any matrix M, we use o;(M) to denote its i-th largest singular value, and o ax (M)
(resp. omin(M)) to denote its largest (resp. smallest) nonzero singular value. ||M ||, || M|, || M]|2,00,
and ||M||« stand for the spectral norm (i.e. the largest singular value), the Frobenius norm, the
3 oo norm (i.e. the largest ¢5 norm of the rows), and the entrywise ¢, norm (the largest magnitude
of all entries) of a matrix M. Let Pgiag(M) denote the projection that keeps only the diagonal
entries of M, and Por_diag(M) = M — Pgiag(M), for a square matrix M. Let M (i,:) and M(:,j)
denote the i-th row and j-th column of M, respectively. The r x r identity matrix is denoted by
I,. The set of invertible matrices in R"*" is denoted by GL(r).
We define the unfolding (i.e. flattening) operations of tensors and matrices as following.

e The mode-1 matricization Mj(X) € R™*(273) of a tensor X € R™*"2X"s is given by [M; (X)] (i1, i2+
(is — 1)ng) = X (i1, i2,i3), for 1 < i < ny, k =1,2,3; Ma(X) and M3(X) can be defined in a
similar manner.

e The vectorization vec(X) € R™"2" of a tensor X € R™*"2%"s ig given by [vec(X)](i1 + (i2 —
Dny + (ig — )ning) = X (i1, da,i3) for 1 < iy <mny, k=1,2,3.

e The vectorization vec(M) € R™"2 of a matrix M € R™*"2 is given by [vec(M)](i1+(iz—1)n1) =
M(’il,ig) for 1 S ik S ng, k= 1,2.

The vectorization of a tensor is related to the Kronecker product as
vee((U,V,W)-8) = vec (UMl(S)(W ® V)T) — (W VaU)ve(S). (62)
The inner product between two tensors is defined as
(X1, X)) = Y Xy(ir,in, i3) Xa(in, i, 43).
11,02,13
A useful relation is that
(X1, X9) = (Mp(X1), Mp(X2)), k=123, (6b)

which allows one to move between the tensor representation and the unfolded matrix representation.
The Frobenius norm of a tensor is defined as || X || = /(X,X). In addition, the following basic
relations, which follow straightforwardly from analogous matrix relations after applying matriciza-
tions, will be proven useful:

U, V,W)-((Q1,Q2,Q3)-8) = (UQ1,VQ2,WQ3) - S, (6¢c)
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<(U,V,W)-S,X>:<8,(UT,VT,WT)-X>7 <6d)

1(Q1, Q2,Qs3) - Sl < [|Qul[|Q2[l[|Qs]l[|S]F, (6e)
where Q) € R™ "k = 1,2,3. Define the {o norm of X as ||X||c = max;, 4, |X (i1, i2,13)].
With slight abuse of terminology, denote

O'max(x) = kglla,g(,fi UmaX(Mk(X))a and Umin(X) = kI:nllIngUmin(Mk(X))

14y

as the maximum and minimum nonzero singular values of X. In addition, define the spectral norm
of a tensor X as

1| = sup (X, (u1,u2,u3) - 1)].
up ER™E: [|lug||2<1

Note that || X| # omax(X) in general. For a tensor X of multilinear rank at most r = (r1,72,73),
its spectral norm is related to the Frobenius norm as Jiang et al. (2017); Li et al. (2018)

rrars

| X]e < x|, where r = max 7. (7)

r k=1,2,3
Higher-order SVD. For a general tensor X, define H,(X) as the top-r higher-order SVD
(HOSVD) of X with r = (ry,r2,73), given by

H,.(X) = (U,V,W)-8, (8a)

where U is the top-r1 left singular vectors of M;(X), V is the top-rs left singular vectors of Ma(X),
W is the top-r3 left singular vectors of M3(X), and S = (U"T, VT, W ). X is the core tensor.
Equivalently, we denote

(U,V,W,S) = HOSVD,(X) (8b)

as the output to the HOSVD procedure described above with the multilinear rank . In contrast to
the matrix case, HOSVD is not guaranteed to yield the optimal rank-r approximation of X (which
is NP-hard Hillar and Lim (2013) to find). Nevertheless, it yields a quasi-optimal approximation
Hackbusch (2012) in the sense that

X =M1 (X)|[F<V3_  inf _ [|X - X (9)

X:rank(My (X)) <ry

There are many variants or alternatives of HOSVD in the literature, e.g. successive HOSVD, alter-
nating least squares (ALS), higher-order orthogonal iteration (HOOI) De Lathauwer et al. (2000b,a),
etc. These methods compute truncated singular value decompositions in successive or alternating
manners, to either reduce the computational costs or pursue a better (but still quasi-optimal) ap-

proximation. We will not delve into the details of these variants; interested readers can consult
Hackbusch (2012).

Additional notation. Let a Vb = max{a,b} and a A b = min{a,b}. Throughout, f(n) <
g(n) or f(n) = O(g(n)) means [f(n)|/|g(n)] < C for some constant C' > 0, f(n) 2 g(n) means
|f(n)|/|g(n)| > C for some constant C' > 0, and f(n) < g(n) means C; < |f(n)|/|g(n)| < C for
some constants C1, Cy > 0. Additionally, f(n) < g(n) indicates |f(n)|/|g(n)| < c for some sufficient
small constant ¢ > 0, and f(n) > g(n) indicates |f(n)|/|g(n)| > C for some sufficient large constant
C >0. Weuse C,C1,C9,c,c1,co... to represent positive constants, whose values may differ from
line to line. Last but not least, we use the terminology “with overwhelming probability” to denote
the event happens with probability at least 1 — ¢yn™°2.
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2. Main Results

2.1 Models and assumptions

We assume the ground truth tensor X, = [X,(i1,142,13)] € R™*"2*"3 admits the following Tucker
decomposition

2 73

X (i1, 42, 13) Z 0 Uilin, 1) Vilia, j2) Wilis, 43)Sx (i1, j2, s), 1 <ig <mg, — (10)
J1=1j2=1j3=1

or more compactly,
X* = (U*’V;UW*)'SM (11)

where 8, = [S84(j1,72,73)] € R™*72%"3 ig the core tensor of multilinear rank r = (r1,79,73), and
U, = [U,(i1,j1)] € RM™*" 0V, = [Vi(ig, j2)] € R™*™2 W, = [W, (i3, j3)] € R"™*"3 are the factor
matrices of each mode. Let My (X,) be the mode-k matricization of X, we have

Mi(X,) = UM(S) (W Vi)T, (12a)
Mo(X,) = ViMo(S) (WL @ Us) T, (12b)
MB(X*) = W*MS(S*)(V; & U*)T. (12C)

It is straightforward to see that the Tucker decomposition is not uniquely specified: for any invertible
matrices Qp € R™ "k =1,2,3, one has

(Us, Vi, Wy) - 8y = (U,Q1, ViQ2, W, Q3) -((Q7, Q5 , Q31 - S.).

We shall fix the ground truth factors such that Uy, V, and W, are orthonormal matrices consisting
of left singular vectors in each mode. Furthermore, the core tensor Sy is related to the singular
values in each mode as

Mip(SOMR(S,) " = E*k, k=1,2,3, (13)
where X, ;= diag[o1(Mg(XL)), ..., 0r, (Mi(X,))] is a diagonal matrix where the diagonal el-
ements are composed of the nonzero singular values of My(X,) and r;, = rank(My(X,)) for
k=1,2,3.

Key parameters. Of particular interest is a sort of condition number of X’,, which plays an
important role in governing the computational efficiency of first-order algorithms.

Definition 1 (Condition number) The condition number of X, is defined as

jo UmaX(X*) _ maxg=1,23 Ul(Mk(X*)) (14)
Omin(Xy)  ming—j230r, (Mg(X,))
Another parameter is the incoherence parameter, which plays an important role in governing
the well-posedness of low-rank tensor completion.

Definition 2 (Incoherence) The incoherence parameter of X, is defined as

. n1 2 N2 2 N3 2
ft = max {”U*HQ,om —Villz00r — | W*HQ,OO} : (15)
1 T2 T3
Roughly speaking, a small incoherence parameter ensures that the energy of the tensor is evenly

distributed across its entries, so that a small random subset of its elements still reveals substantial
information about the latent structure of the entire tensor.

11
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2.2 ScaledGD for tensor completion

Assume that we have observed a subset of entries in Xy, given as Y = Pq(Xy), where Pq :
R71Xn2xns |y RMIXN2XN3 g 4 projection such that

o X (in,i2,13), if (i1,12,13) € Q,
[PalX.)](inia, i) = § (170 I 0200 (16)
0, otherwise.
Here, Q is generated according to the Bernoulli observation model in the sense that
(i1,12,13) € Q independently with probability p € (0, 1]. (17)

The goal of tensor completion is to recover the tensor X, from its partial observation Pq(X ),
which can be achieved by minimizing the loss function

1
oy, o L) =5 1Pa(U,V,W)-8) - Y|2. (18)
Preparation: a scaled projection operator. To guarantee faithful recovery from partial ob-
servations, the underlying low-rank tensor X, needs to be incoherent (cf. Definition 2) to avoid
ill-posedness. One typical strategy, frequently employed in the matrix setting, to ensure the inco-
herence condition is to trim the rows of the factors Chen and Wainwright (2015) after the gradient
update. For ScaledGD, this needs to be done in a careful manner to preserve the equivariance
with respect to invertible transforms. Motivated by Tong et al. (2021a), we introduce the scaled
projection as follows,

(U7V7W78> :PB(U+7V+7W+7S+)7 (19)

where B > 0 is the projection radius, and

B
U(ilv:) = (1 A - = ) U+(i1,1), 1< < nq;
ViLl|Uy (i1, )U ||
V (iz, ) (1/\ b )V(' ),  1<ig<
12,:) = : = +22,1), = 12 S N2j
V2||Vi(i2, ) Vi |2
B

W(’i3, 2) = (1 A

8:S+.

: < W, (i3, ), 1 <13 < ng;
Vsl W (is, 1)W+TH2>

Here, we recall Uy, V., W, are analogously defined in (5) using (U, Vi, W,,8,). As can be
seen, each row of U, (resp. V4 and W) is scaled by a scalar based on the row ¢ norms of U+IV]I
(resp. V+‘V/+T and W+WI), which is the mode-1 (resp. mode-2 and mode-3) matricization of the
tensor (U, V4, W,)-8S,. It is a straightforward observation that the projection can be computed
efficiently.

Algorithm description. With the scaled projection Ppg(-) defined in hand, we are in a position
to describe the details of the proposed ScaledGD algorithm, summarized in Algorithm 1. It consists
of two stages: spectral initialization followed by iterative refinements using the scaled projected
gradient updates in (20). It is worth emphasizing that all the factors are updated simultaneously,
which can be achieved in a parallel manner to accelerate computation run time.

12
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Algorithm 1 ScaledGD for low-rank tensor completion

Input parameters: step size 1, multilinear rank r = (rq,r2,73), probability of observation p,
projection radius B.

Spectral initialization: Let U, be the top-r1 eigenvectors of Pofr_diag(p 2M1(Y)M1(P)T),
and similarly for Vo, W,, and 8§, = p‘l(UI,VJ,WI) ‘Y.  Set (Up, Vo, Wy, Sp) =
Pp(Us, Vi, Wy, 8y).

Scaled projected gradient updates: for t =0,1,2,...,7 — 1 do

Uy =U; — %Ml (Pa((Ut, Vi, Wy) - St) = V) ﬁt(ﬁ;l?t)il’

W-‘r = ‘/2 N ]ﬂ)MQ (PQ((Ut7 ‘/27 wft> : St) B y) f/t(f/t-r‘?t)il,

Wiy =W, — gM:’) (Pa((U, Vi, Wy) - 8) = ) Wt(WtTWt)ilv
Siv =8~ g (@ o)™ 0], (VYT (W W)W ) - (Pa (U Vi W) - S1) = D)
(20)

where Uy, V;, and W, are defined in (5). Set (U1, Vig1, Wit1,Si41) = Pe(Ups, Vi, Wig, Syt ).

For the spectral initialization, we take advantage of the subspace estimators proposed in Cai et al.
(2021a); Xia et al. (2021) for highly unbalanced matrices. Specifically, we estimate the subspace
spanned by U, by that spanned by top-r; eigenvectors U, of the diagonally-deleted Gram matrix
of p~tMy (), denoted as

Poft-diag (P " M1 (P)M1 (D)),
and the other two factors V; and W, are estimated similarly. The core tensor is then estimated as
S, =p (U, V] W]).p,

which is consistent with its estimation in the HOSVD procedure. To ensure the initialization is
incoherent, we pass it through the scaled projection operator to obtain the final initial estimate:

(U(]a Vo, WOaSO) =Ps (U+, A WJrvSJr)-

Theoretical guarantees. The following theorem establishes the performance guarantee of ScaledGD
for tensor completion, as soon as the sample size is sufficiently large.

Theorem 1 (ScaledGD for tensor completion) Let n = maxy—;23nk and r = maxg—1 23 7.

Suppose that X, is p-incoherent, ny 2 ealurz/Q/{Q for k=1,2,3, and that p satisfies

pninang = 661\/n1n2n3u3/2r5/2/<;3 log3 n+ 662n,u37“4/<6 log5 n

for some small constant ey > 0. Set the projection radius as B = Cp\/uromax(Xy) for some
constant Cp > (14 €g)3. If the step size obeys 0 < n < 2/5, then with probability at least 1 — cyn ™2
for universal constants c1,co > 0, for all t > 0, the iterates of Algorithm 1 satisfy

(U, Vi, W) - St — Xl < 3eo(1 — 0.60) opnin (X +)-

13
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Theorem 1 ensures that ScaledGD finds an e-accurate estimate, i.e. ||(Ug, Vi, Wy) - 8¢ — X||g <
€0min(X+), in at most O(log(1/¢)) iterations, which is independent of the condition number of X,
as long as the sample complexity is large enough. Assuming that g = O(1) and rV k < n® for some
small constant § to keep only terms with dominating orders of n, the sample complexity simplifies
to

pningng 2 n3/2p5/2 3 log® n,

which is near-optimal in view of the conjecture that no polynomial-time algorithm will be successful
if the sample complexity is less than the order of n3/2 for tensor completion Barak and Moitra
(2016). Compared with existing algorithms collected in Table 1, ScaledGD is the first algorithm that
simultaneously achieves a near-optimal sample complexity and a near-linear run time complexity
in a provable manner. In particular, while Yuan and Zhang (2016); Xia and Yuan (2019) achieve a
sample complexity comparable to ours, the tensor nuclear norm minimization algorithm in Yuan and
Zhang (2016) is NP-hard to compute, and the Grassmannian GD in Xia and Yuan (2019) does not
offer an explicit iteration complexity, except that each iteration can be computed in a polynomial
time.

2.3 ScaledGD for tensor regression

Now we move on to another tensor recovery problem—tensor regression with Gaussian design.
Assume that we have access to a set of observations given as

yi = (A, Xy), i=1,...,m, or concisely, y=A(X,), (21)

where A; € R™*"2X"3 ig the i-th measurement tensor composed of i.i.d. Gaussian entries drawn
from N (0,1/m), and A(X) = {(A;, X)}, is a linear map from R™*"2%"3 to R™  whose adjoint
operator is given by A*(y) = >_", yi A;. The goal of tensor regression is to recover X, from y,
by leveraging the low-rank structure of X’s. This can be achieved by minimizing the following loss
function

. 1 2
F):=~ V.W)-S8) -yl 22
L L(F) QHA((U, W) 8) -yl (22)

The proposed ScaledGD algorithm to minimize (22) is described in Algorithm 2, where the
algorithm is initialized by applying HOSVD to A*(y), followed by scaled gradient updates given in
(23).

Theoretical guarantees. Encouragingly, we can guarantee that ScaledGD provably recovers the
ground truth tensor as long as the sample size is sufficiently large, which is given in the following
theorem.

Theorem 2 (ScaledGD for tensor regression) Let n = maxj—j23n, and r = maxg—123 k-
For tensor regression with Gaussian design, suppose that m satisfies

m 2 661\/7117127137“3/2:‘?2 + €y 2 (nr?kt logn + r*K?)

for some small constant g > 0. If the step size obeys 0 < n < 2/5, then with probability at least
1 —c1n™2 for universal constants c1,co > 0, for all t > 0, the iterates of Algorithm 2 satisfy

(U, Vi, W) - St — Xl < 3eo(1 — 0.60) opnin (X+)-
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Algorithm 2 ScaledGD for low-rank tensor regression

Input parameters: step size 1, multilinear rank r» = (r1,7r9,73).
Spectral initialization: Let (Uy, Vy, Wy, Sg) = HOSVD,.(A*(y)) defined in (8b).
Scaled gradient updates: fort =0,1,2,..., 7 —1
U1 = Uy — pMy (A" (A((U, Vi, W) - 81) — ) U, (
Virl = Vi = nMo (A" (A((U3, Vi, Wh) - S0) — ) Vi (VW)
Wit = Wi — My (A" (A(Us, Vi, Wh) - S1) — ) W
Sur = 80— (UTU) U7 (VTV) VT (W W) WIT ) - A (AU Vi W) - 81) — ),
(23)

where Iv]t, ‘V/}, and W; are defined in (5).

Theorem 2 ensures that ScaledGD finds an e-accurate estimate, i.e. |[(Ug, Vi, Wy) - Sy — Xi[p <
€0min(X4), in at most O(log(1/¢)) iterations, which is independent of the condition number of X,
as long as the sample complexity satisfies

m > n32p3/22,
where again we keep only terms with dominating orders of n. Compared with the regularized
GD Han et al. (2020), ScaledGD achieves a low computation complexity with robustness to ill-
conditioning, improving its iteration complexity by a factor of k2, and does not require any explicit
regularization.
3. Analysis

In this section, we provide some intuitions and sketch the proof of our main theorems. Before
continuing, we highlight an important property of ScaledGD: if starting from an equivalent estimate

U =UQ, Vi=ViQ, W,=WiQs;, 8 =(Q;,Q,.,Q;") -8

for some invertible matrices Qy € GL(rk) (i.e. replacing U; by U;Q1, and so on), by plugging the
above estimate in (4) it is easy to check that the next iterate of ScaledGD is covariant with respect
to invertible transforms, meaning

U1 = Up1Q1, Vig1 = Vir1Qo, Wist1 = Wit Qs Sep1 = (Q71.Q51.Q51) - Sepr.
In other words, ScaledGD produces an invariant sequence of low-rank tensor estimates
Xt = (Uta W) Wt) : St = (ﬁta ‘7t-7 Wt) ° gt

regardless of the representation of the tensor factors with respect to the underlying symmetry group.
This is one of the key reasons behind the insensitivity of ScaledGD to ill-conditioning and factor
imbalance.

A key scaled distance metric. To track the progress of ScaledGD throughout the entire tra-
jectory, one needs a distance metric that properly takes account of the factor ambiguity due to
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invertible transforms, as well as the effect of scaling. To that end, we define the scaled distance
between factor quadruples F = (U,V,W,S8) and F, = (U,, V,, W,,S,) as

dist?(F, F,) = o eiél£( : IUQ1 —U)Zallf + I(VQ:2 = Vi) Zaalf + |(WQs — W) S
k Tk

+1@r Q31 Q5") - S S.; - (24)

The distance is closely related to the fo distances between the corresponding tensors. In fact, it can
be shown that as long as F' and F, are not too far apart, i.e. dist(F', Fy) < 0.20min(X), it holds
that dist(F, Fy) < ||(U,V,W) -8 — X, || in the sense that (see Appendix A.1 for proofs):

WO, v,.W).8 - x,||p < dist(F,F,) < (V2+1)*2|(U,V,W)-S — X, |

3.1 A warm-up case: ScaledGD for tensor factorization

To shed light on the design insights as well as the proof techniques, we now introduce the ScaledGD
algorithm for the tensor factorization problem, which aims to minimize the following loss function:

1 1
L(F) = LUV W)-5 ~ Xl = LM (V. W)-5 - X2 k=123 (29
where the last equality follows from (6b). Recalling the update rule (4), ScaledGD proceeds as

U1 = Uy — M1 (X — X,) ﬁtT (f]tTIjt)i17

Visi = Vi — Mo (X — Xy) ‘ZT(‘ZT‘Z&)_l,
Wi = Wy — npMs (X — X)W, (WtTWt)ilv

S =S —n (U U) 'O (VTVOTV (W W) W) - (& - ),

(26)

where X; = (U, Vi, Wy) - Sy, with lj}, ‘vft, and W, defined in (5).

ScaledGD as a quasi-Newton algorithm. One way to think of ScaledGD is through the lens
of quasi-Newton methods, by equivalently rewriting the ScaledGD update (26) as

VeC(EJrl) = VeC(Ft) - nﬂglvvec(F)‘C(Ft)a (27)
where H; = diag [vzec(U),vec(U)ﬁ(E)7 v\2/ec(V),vec(V)ﬁ(F%)’ v?/ec(W),vec(W)‘C(Ft)’ v\2zec(8),vec(-5)E(F‘t)] :

To see this, it is straightforward to check that the diagonal blocks of the Hessian of the loss function
(25) are given precisely as

vxzfec(U),vec(U)E F) = ﬁt—r t) ® In,,
o T
vxzzec(V),vec(V)‘C F) = v15 li) ® In,, (28)

(

(

Ve wee(w) £ (F
Viee(s)wee(s)L(

Therefore, by vectorization of (26), ScaledGD can be regarded as a quasi-Newton method where
the preconditioner is designed as the inverse of the diagonal approximation of the Hessian.
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Guarantees for tensor factorization. Fortunately, ScaledGD admits a k-independent conver-
gence rate for tensor factorization, as long as the initialization is not too far from the ground truth.
This is summarized in Theorem 3, whose proof can be found in Appendix B.

Theorem 3 For tensor factorization (25), suppose that the initialization satisfies dist(Fy, Fy) <
€00min(Xx) for some small constant €9 > 0, then for all t > 0, the iterates of ScaledGD in (26)
satisfy

dist(F}, Fy) < (1 — 0.7)) €00min(X+), and ||(Us, Vi, Wy) - St — Xllp < 3eo(1 — 0.71) omin (X),
as long as the step size satisfies 0 < n < 2/5.

Intuition of the proof. Let us provide some intuitions to facilitate understanding by examining
a toy case, where all factors become scalars, and the loss function with respect to the factor f =

[u,v,w,s]" becomes
1 1
‘C(f) = §(U’U'IUS - u*v*w*s*)Q = i(uvws — S*)Z,

where u, = v, = w, = 1, and the ground truth is f, =[1, 1, 1, s*]T. The gradient and the diagonal
entries of the Hessian are given respectively as
VL(f) = (vvws — s,)[vws, uws, uvs, uvw]T,
Pd;ag(VQE(f)) = diag[(vws)?, (vws)?, (uvs)?, (uvw)?].
Moreover, the Hessian matrix at the ground truth is given by

v2[’(f*) = [S*’ Sxy Sxy 1]T[5*7 Sxs Sk 1]

With these in mind, the ScaledGD update rule in (26) and the scaled distance in (24) reduce
respectively to

fre1 = i — 1 Paiag "(VEL(£))VL(S),
dist(f, f*) = inf Pdiagl/Q(VQ‘C(f*))(Qf - f*)

Q=diag[q1,92,93,(q19293) 7] 2
Consequently, we can bound the distance between f;11 and f, as
®
dist(fr1, £2) = ||Pang *(V2L(£.)) (Qi (£ = 0 Paiog ™ (VLUFNVES)) = £.)|

(ii)

Paiag 2 (V2L(f.)) (Qtft — 1 Paing "(V2L(Qef:))VL(QLS:) — fr)

.

‘ (I — 0 Paing VHVZL(£))VZL(F) pdiag_1/2<v2£(f*))) Paing 2 (V2L(F)) Qi fr — o) )

= ‘(I — 1711T) Pdiagl/g(VQK(f*))(Qtft — fx)

where (i) follows from replacing @ by the optimal alignment matrix Q; between f; and f,, (ii)
follows from the scaling invariance of the iterates, and (iii) holds approximately as long as Q¢ f; is
sufficiently close to f., which is made precise in the formal proof. The last line (iv) follows from
that the scaled Hessian matrix obeys

Paing 2(V2L(F))V2L(F.) Paing /2 (V2L(F,)) = 117.

By the optimality condition for Q; (see Lemma 7), it follows that Pd;agl/ ZV2L(F(Qifr — fo) is
approximately parallel to 1. Thus, dist(fi11, f«) contracts at a constant rate as long as the step
size 7 is set as a small constant obeying 0 < n < 2/5.

2
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3.2 Proof outline for tensor completion (Theorem 1)

Armed with the insights from the tensor factorization case, we now provide a proof outline of
our main theorems on tensor completion and tensor regression, both of which can be viewed as
perturbations of tensor factorization with incomplete measurements, combined with properly de-
signed initialization schemes. We start with the guarantee for the spectral initialization for tensor
completion.

Lemma 1 (Initialization for tensor completion) Suppose that X, is p-incoherent, ny 2 eglur2/2/$2
for k=1,2,3, and that p satisfies
pninang = 661«/n1n2n3u3/2r5/2/<12 log3 n+ eaznp2r4/{4 log5 n

for some small constant g > 0. Then with overwhelming probability (i.e. at least 1 — cin™2), the
spectral initialization before projection Fy = (Uy, Vi, W4, 8,) for low-rank tensor completion in
Algorithm 1 satisfies

diSt(F+, F*) S EOO-min(X*).

Under a suitable sample size condition, Lemma 1 guarantees that dist(F, F,) < €90min(Xx) for
some small constant €. To proceed, we need to know what would happen for the spectral estimate
Fy = PB (F+) after projection. In fact, the scaled projection is non-expansive w.r.t. the scaled
distance. More importantly, the output is guaranteed to be incoherent. Both properties are stated
in the following lemma.

Lemma 2 (Properties of scaled projection) Suppose that X is pi-incoherent, and dist(Fy, Fy) <
€omin(Xy) for some € < 1. Set B = Cp\/liromax(X+) for some constant Cg > (1 + €)3, then
F=(U,V,W,S) :=Pp(Fy) satisfies the non-expansiveness property

dist(F, F,) < dist(F, Fy),
and the incoherence condition
VAL IUU 200 V V12| VV T a0 V /13 [ WW T |90 < B. (29)

Now we are ready to state the following lemma that ensures the linear contraction of the iterative
refinements given by the ScaledGD updates.

Lemma 3 (Local refinements for tensor completion) Suppose that X, is u-incoherent, and
that p satisfies

pninagng 2 \/n1n2n3u3/2r2/§3 log® n 4+ nu’r* k8 log® n.

Under an event £ which happens with overwhelming probability, for all t > 0, if the t-th iterate
satisfies dist(Fy, Fy) < €omin(Xy) for some small constant €, then ||[(Ug, Vi, Wi) St — X ||p <
3dist(Fy, Fy). In addition, if the t-th iterate satisfies the incoherence condition

vnIHUthtTHZoo \ Vn2||‘/i‘v/;sT||2,oo v Vn3||WtWtT||2,oo < B,

with B = Cp\/iiromax(X) for some constant Cg > (1+€)3, then the (t+1)-th iterate of Algorithm 1
satisfies

dist(Fi41, Fi) < (1 — 0.6n) dist(Fy, Fy),
and the incoherence condition

VrllUe1U ll2,00 V V2] Vi1 Vil 2,00 V /3| Wiga Wil [l2,00 < B
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By combining Lemma 1 and Lemma 2, we can ensure that the spectral initialization Fy =
Pp(F}) satisfies the conditions required in Lemma 3, which further enables us to repetitively apply
Lemma 3 to finish the proof of Theorem 1. The proofs of the above three lemmas are provided in
Appendix C.

3.3 Proof outline for tensor regression (Theorem 2)

Now we turn to the proof outline for tensor regression (cf. Theorem 2). To begin with, we show
that the local linear convergence of ScaledGD can be guaranteed more generally, as long as the
measurement operator A(-) satisfies the so-called tensor restricted isometry property (TRIP), which
is formally defined as follows.

Definition 3 (TRIP Rauhut et al. (2017)) The linear map A : R™"*"2X"3 s R™ 4s said to
obey the rank-r TRIP with 6, € (0,1), if for all tensor X € R™M*"2X"3 of multilinear rank at most
r = (r1,r2,73), one has

(1= o) X[ < M) < 1+ )17

If A(-) satisfies rank-2r TRIP with d9, € (0, 1), then for any two tensors X1, Xy € R™"1*"2%"3 of
multilinear rank at most r = (r1,r2,73), we have

(1= 620)[| X1 — X2|[f < A(XL = X2) [ < (1 + 02p) | X1 — X2|E

In other words, the distance between any pair of rank-r tensors X'; and X5 is approximately
preserved after the linear map A(-). The TRIP has been investigated extensively, where (Rauhut
et al., 2017, Theorem 2) stated that if A;’s are composed of i.i.d. sub-Gaussian entries, TRIP
holds with high probability provided that m > 6,7 2(nr + r3). TRIP also holds for more structured
measurement ensembles such as the random Fourier mapping Rauhut et al. (2017). With the TRIP
of A(+) in hand, we have the following theorem regarding the local linear convergence of ScaledGD
as long as the iterates are close to the ground truth.

Lemma 4 (Local refinements for tensor regression) Suppose that A(-) obeys the 2r-TRIP
with a small constant do < 1. If the t-th iterate satisfies dist(Fy, Fy) < €omin(Xy) for some

small constant €, then ||(Uy, Vi, Wy) - 8¢ — X ||r < 3dist(Fy, Fy). In addition, if the step size obeys
0 <n < 2/5, then the (t + 1)-th iterate of Algorithm 2 satisfies

dist(Fyy1, Fy) < (1 — 0.6) dist(F}, F).

Therefore, ScaledGD converges linearly as long as the sample size m > nr + 73 under the
Gaussian design, when initialized properly. Unfortunately, obtaining a desired initialization turns
out to be a major roadblock and requires a substantially higher sample size, which has been studied
extensively for tensor regression Luo and Zhang (2021); Han et al. (2020); Zhang et al. (2020a).
Under the Gaussian design, we have the following guarantee for the spectral initialization scheme
that invokes HOSVD in Algorithm 2.

Lemma 5 (Initialization for tensor regression) Suppose that {A;}", are composed of i.i.d. N'(0,1/m)
entries, and that m satisfies

m 2 661\/7117127137“3/2:‘?2 + ¢y 2 (nr?kt logn + r*K?)

for some small constant eg > 0. Then with overwhelming probability, the spectral initialization for
low-rank tensor regression in Algorithm 2 satisfies

diSt(Fo, F*) < GOO'min(X*)'
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Combining Lemma 4 and Lemma 5 finishes the proof of Theorem 2. Their proofs can be found
in Appendix D.

4. Numerical Experiments

In this section, we provide numerical experiments to corroborate our theoretical findings, with the
codes available at

https://github.com/Titan-Tong/ScaledGD.

The simulations are performed in Matlab with a 3.6 GHz Intel Xeon Gold 6244 CPU.

We illustrate the numerical performance of ScaledGD for tensor completion to corroborate our
findings, especially its computational advantage over the regularized GD algorithm Han et al. (2020)
that is closest to our design. Their algorithm was originally proposed for tensor regression, nev-
ertheless, it naturally applies to tensor completion and exhibits similar results. Since the scaled
projection does not visibly impact the performance, we implement ScaledGD without performing
the projection. Also, we empirically find that the regularization used in Han et al. (2020) has
no visible benefits, hence we implement GD without the regularization. For simplicity, we set
ny =mno =ng =n, and r; = ro = r3 = r. Each entry of the tensor is observed i.i.d. with probability
p € (0,1].

Phase transition of ScaledGD. We construct the ground truth tensor X, = (U, Vi, W,) - S,
by generating Uy, V, and W, as random orthonormal matrices, and the core tensor &, composed
of i.i.d. standard Gaussian entries, i.e. 8,(j1,J2,/3) ~ N(0,1) for 1 < jp < r, k = 1,2,3. For
each set of parameters, we run 100 random tests and count the success rate, where the recovery
is regarded as successful if the recovered tensor has a relative error | X7 — X4||f/||X|F < 1073,
Figure 2 illustrates the success rate with respect to the (scaled) sample size for different tensor sizes
n, which implies that the recovery is successful when the sample size is moderately large.

L
)
&)
-
[99)
n
(]
[
(]
=]
n
-o-n =100
n = 200
—n = 300|
-=n = 400
1‘0 20 30 40 50 60 70 80
pn3/2

Figure 2: The success rate of ScaledGD with respect to the scaled sample size for tensor completion
with 7 = 5, when the core tensor is composed of i.i.d. standard Gaussian entries, for
various tensor size n.
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Comparison with GD. We next compare the performance of ScaledGD with GD. For a fair
comparison, both ScaledGD and GD start from the same spectral initialization, and we use the
following update rule of GD as

Uii1 = Up = 101 (X)) VU L(F),
Vit = Vi = 1105 (X) Vv L(Fy),
Wit = Wi — o2 (X )Vw L(F),
5t+1 =8 — UVSE(Ft)~
Throughout the experiments, we used the ground truth value opax(X,) in running (30), while
in practice, this parameter needs to estimated; to put it differently, the step size of GD is not
scale-invariant, whereas the step size of ScaledGD is.
To ensure the ground truth tensor X, = (Us, Vi, W,) - S, has a prescribed condition number
Kk, we generate the core tensor S, € R™"*" according to 8, (j1,72,J3) = 05, /vVrif ji+jo+js=0

(mod r) and 0 otherwise, where {0}, }1<j,<, take values spaced equally from 1 to 1/k. It then
follows that omax(Xy) = 1, omin(X%) = 1/k, and the condition number of X, is exactly .

(30)

100

->-ScaledGD k =1

—ScaledGD &k = 2|

—#-ScaledGD k =5
GDkr=1

Relative error

10-10 L

GD k=2

GD k=5

10718 . . hel . . ! ;
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Ul

Figure 3: The relative errors of ScaledGD and GD after 80 iterations with respect to different step
sizes 1 from 0.1 to 0.9 for tensor completion with n = 100, r =5, p = 0.1.

Figure 3 illustrates the convergence speed of ScaledGD and GD under different step sizes, where
we plot the relative error after at most 80 iterations (the algorithm is terminated if the relative
error exceeds 102 following an excessive step size). It can be seen that ScaledGD outperforms GD
quite significantly even when the step size of GD is optimized for its performance. Hence, we will fix
1n = 0.3 for the rest of the comparisons for both ScaledGD and GD without hurting the conclusions.

Figure 4 compares the relative errors of ScaledGD and GD for tensor completion with respect to
the iteration count and run time (in seconds) under different condition numbers k = 1,2,5,10. This
experiment verifies that ScaledGD converges rapidly at a rate independent of the condition number,
and matches the fastest rate of GD with perfect conditioning x = 1. In contrast, the convergence
rate of GD deteriorates quickly with the increase of k even at a moderate level. The advantage
of ScaledGD carries over to the run time as well, since the scaled gradient only adds a negligible
overhead to the gradient computation.

We next examine the performance of ScaledGD and GD when randomly initialized. Here,
we initialize Uy, Vj, Wy composed of i.i.d. entries sampled from N(0,1/n), and Sy composed of

21



ToNG, MA, PRATER-BENNETTE, TRiPP, CHI

10° 10°
1020 1 102 1
o -4 o -4 ]
5 10 5 10
P =
= g
S o6l ] SRS ]
) )
= —~-ScaledGD & =1 = 4 —~-ScaledGD =1
= 10t ——ScaledGD k=2 |3 = 108 ——ScaledGD k=2 |3
& < )
s} —+ScaledGD £ =5 2 d —+ScaledGD £ =5
A o0 —5-ScaledGD & = 10| =BT | —=-ScaledGD & = 10|
GD k=1 { GD k=1
1012 GD k=2 b 102E GD k=2 i
GD k=5 & GD k=5
GD k=10 H GD k=10
-14 I I T -14 L L L T T
107, 500 1000 1500 2000 107, 10 20 30 40 50 60
Iteration count Run time (seconds)

(a) (b)

Figure 4: The relative errors of ScaledGD and GD with respect to (a) the iteration count and (b) run
time (in seconds) under different condition numbers k = 1,2,5,10 for tensor completion
with n = 100, » = 5, and p = 0.1.
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Figure 5: The relative errors of random-initialized ScaledGD and GD with respect to the iteration
count under different condition numbers x = 1, 2, 5, 10 for tensor completion with n = 100,
r=>5,p=0.1.

i.i.d. entries sampled from N(0, |Y||2/(pr?®)). Figure 5 plots the relative errors of ScaledGD and GD
under different condition numbers x = 1,2, 5, 10, using the same random initialization. Surprisingly,
while GD gets stuck in a flat region before entering the phase of linear convergence, ScaledGD seems
to be quite insensitive to the choice of initialization, and converges almost in the same fashion as
the case with spectral initialization.

Finally, we examine the performance of ScaledGD when the observations are corrupted by
additive noise, where we assume the noisy observations are given by Y = Pq(X,. + W), with
Wiy, ia,i3) ~ N(0,02) composed of i.i.d. Gaussian entries. Denote the signal-to-noise ratio as
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Figure 6: The relative errors of ScaledGD and GD with respect to the iteration count under signal-
to-noise ratios SNR = 40, 60,80dB for tensor completion with n = 100, » = 5, and
p=0.1.

2
SNR = 101log;, IL‘:;!F in dB. Figure 6 demonstrates the robustness of ScaledGD, by plotting the

relative errors with respect to the iteration count under SNR = 40, 60,80dB. Here, the ground
truth tensor X', is constructed in the same manner as Figure 2, where its condition number is
approximately x =~ 2.6. It can been seen that ScaledGD reaches the same statistical error as GD,
but at a much faster rate. In addition, the convergence speeds are not impacted by the noise levels.

5. Discussions

This paper develops a scaled gradient descent algorithm over the factor space for low-rank tensor
estimation (i.e. completion and regression) with provable sample and computational guarantees,
leading to a highly scalable approach especially when the ground truth tensor is ill-conditioned and
high-dimensional. There are several future directions that are worth exploring, which we briefly
discuss below.

e Preconditioning for other tensor decompositions. The use of preconditioning will likely also accel-
erate vanilla gradient descent for low-rank tensor estimation using other decomposition models,
such as CP decomposition Cai et al. (2019), which is worth investigating.

o Entrywise error control for tensor completion. In this paper, we focused on controlling the ¢o
error of the reconstructed tensor in tensor completion, whereas another strong form of statistical
guarantees deals with the . error, as done in Ma et al. (2019) for matrix completion and in Cai
et al. (2019) for tensor completion with CP decomposition. It is hence of interest to develop similar
strong entrywise error guarantees of ScaledGD for tensor completion with Tucker decomposition.

e Stable and robust low-rank temsor estimation. In practice, the observations are corrupted by noise
and even outliers Li et al. (2020), therefore, it is necessary to examine the stability and robustness
of ScaledGD in more depths; see some initial efforts in Tong et al. (2022) on extending the scaled
subgradient algorithm Tong et al. (2021b) for robust low-rank tensor regression, and in Dong
et al. (2022) on tensor robust principal component analysis.
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e Random initialization? As evident from the numerical experiment in Figure 5, ScaledGD works
remarkably well even from a random initialization, which requires us to go beyond the local ge-
ometry and pursue a further understanding of the global landscape of the optimization geometry.
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Appendix A. Preliminaries

This section gathers several technical lemmas that will be used later in the proof. More specifically,
Section A.l is devoted to understanding the scaled distance defined in the equation (24), and in
Section A.2, we derive several useful perturbation bounds related to the tensor factors and the
tensor itself. All the proofs are collected in the end of each subsection.

A.1 Understanding the scaled distance
To begin, recall the scaled distance between F' = (U,V ,W,S8) and F, = (U,, V,, W,,8,):

dist®(F, F,) = o eigﬁ( : IUQL ~ U Zualf +II(VQ2 = Vi) Buzllf + (WQs — Wi)Z, 5|7
k Tk

+1@r Q3" QY-S - S.¢, (31)

where we call the matrices {Qp}r=123 (if exist) that attain the infimum the optimal alignment
matrices between F' and Fy; in particular, F' and F} are said to be aligned if the optimal alignment
matrices are identity matrices.

In what follows, we provide several useful lemmas whose proof can be found at the end of this
subsection. We start with a lemma that ensures the attainability of the infimum in the definition (31)
as long as dist(F, Fy) is sufficiently small.

Lemma 6 Fiz any factor quadruple F = (U,V,W,S8). Suppose that dist(F, Fy) < omin(X),
then the infimum of (31) is attained at some Qi € GL(ry), i.e. the alignment matrices between F
and F, exist.

With the existence of the optimal alignment matrices in place, the following lemma delineates
the optimality conditions they need to satisfy.

Lemma 7 The optimal alignment matrices {Qp}r=123 between F and F, if exist, must satisfy
UQ) (UQ - U)E?, = M1 (Q1.Q;1.Q51)-8 - 8.) M (Q71.@;1.Q51)-8)
(VQ2) (VQy = V)32, = My ((Q71,Q71,Q51) - 8 - 8.) Mo ((Q71,Q51,Q51)- ),

(WQs) T (WQs — W)E2, = M3 (Q71,Q;1,Q5Y) -8 —8) Ms (Q71,Q,.Q31)-8)"
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The next lemma relates the scaled distance between the factors to the Euclidean distance between
the tensors.

Lemma 8 For any factor quadruple F = (U, V ,WS8), the scaled distance (31) satisfies
dist(F, F,) < (V2+ 1)*? (U, V, W) -8 — X, |-

A.1.1 PROOF OF LEMMA 6

This proof mimics that of (Tong et al., 2021a, Lemma 9). The high level idea is to translate
the optimization problem (31) into an equivalent continuous optimization problem over a compact
set. Then an application of the Weierstrass extreme value theorem ensures the existence of the
minimizer.

Under the condition dist(F, Fy) < omin(X+), one knows that there exist matrices Q) € GL(7%)
such that

(U@ =Bt + (V@2 = Vo) Suaflf + [|(WQs - W .o
_ _ _ 1/2
+@10:1,Q5") - S-Sl ) T < comn( X,
for some € obeying 0 < € < 1. The above relation further implies that

[UQ - U V[[VQ: ~ Vi v [WQs ~ Wi v (@5 © @) Mi($)T Q1 T=0 - Mu(S.)TSC]

‘Se.

Invoke Weyl’s inequality, and use the fact that Uy, V,, W, M, (S*)TE*_& have orthonormal columns
to obtain

Umin(UQI) A Umin(VQ_Q) A Umin(WQS) A Omin ((Q_;l & Q;l)Ml(S)TQ_l_TZ:’%> 2 1—-e (32>

In addition, it is straightforward to see that the minimization problem on the right hand side of
(31) is equivalent to

Hké8£(rk) H(UQ1H1 * *1HF+H VQQHQ_‘/* *2HF+H WQ3H3_W* *BHF
+|(H'Qr L Hy'Qy H Q3 ) - S~ S|F. (33)

Therefore, it suffices to establish the infimum is attainable for the above problem instead. By the
optimality of QrH} over Qp, to yield a smaller distance than Qy, H} must obey

(H(UQ1H1 - *1HF + |[(VQ2Hy — V) *QHF + ||(WQsH3 — W) *3HF
+|(H'Q ! Hy'Qy  H ' Q) - S — S*Hi) < €omin(Xo).-
Follow similar reasoning and invoke Weyl’s inequality again to obtain

Umax(UélHl) V UmaX(VQZHQ) \ Umax(WQSHB)
V Ormax ((Hg1 ® HyH)(Q5' ® Q;l)Ml(S)TQ;TH;TE;}) <l+e
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Use the relation opin(A)omax(B) < 0max(AB), combined with (32), to further obtain

1
Umax(Hk) < 1+6a k=1,2,3,
— €

1—6
T 1+4e€

Omax (2*,1H1_T2;&> Umax(Hg_l)Umax(H_l) < = Omin (2*,1H12;&> Umln(H2)Um1n(H3)

As a result, the minimization problem (33) is equivalent to the constrained problem:
Hkén(}lil(rk) H(UQlHl _U* *1HF+ H VQ2H2_‘/* *2HF+ H WQ3H3_W* *3H|:
+{l(H QT Hy'Qr H Q5 ) - S - S,

1+4+€
) Omin (Z* lHIE* 1) Umln(HQ)Umm(H?))

1 _
s.t. UmaX(Hk)S 1 ¢

1 7

k=1,23.

—€
Since this is a continuous optimization problem over a compact set, applying the Weierstrass extreme
value theorem finishes the proof.

A.1.2 PROOF OF LEMMA 7

Set the gradient of the expression on the right hand side of (31) with respect to Q1 as zero to see

UT(UQ: - U)E2, - Q7 "M ((Q71.Q;1.Q5) -8 - 8.) M1 ((Q71,Q;,Q351)-8) ' =0.

We conclude the proof by similarly setting the gradient with respect to Q2 or Q3 to zero.

A.1.3 PROOF OF LEMMA 8

We first state a lemma from (Tong et al., 2021a, Lemma 11), which will be used repeatedly for
matricization over different modes.

Lemma 9 (Tong et al. (2021a)) Suppose that X, € R™*"2 has the compact rank-r SVD X, =
UX.V,". For any L € R™*" and R € R™*", one has

nf (|LQ=Y? U3z, < (V2+1)|LR" - X, |}

2 2
+||rR@ B - vis,
QeGL(r) F F

We begin by applying the mode-1 matricization (see (12)), and invoking Lemma 9 with L := U,
R:= W@ V)Mi(S)T, X, =UM;(S,)(W,2V,)" to arrive at

2
IV, W)-8 - 2.t = [UMI(S)W 0 V)T - UM(S)We e V)T

2 2
> (V2-1)  int Uz —uza| +|wevimMs)TQTTER - e vamis)T||
2
= (V21 inf [UQ - U)SlR + (W e VIMIS)T QT — (We e VoMu(s.) |
1€GL(r1) F
. 2
- (\/i_l)QlelélI{(rl H(UQI *1HF+ H Ql 7V W) S_ (If‘lv‘/;aw*)'s*HF7

where we have applied a change-of-variable as Q1 = QX ., 1/ in the third line, and converted back to
the tensor space in the last line. Continue in a similar manner, by applying the mode-2 matricization
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to the second term (see (12)), and invoke Lemma 9 with L == V, R := (W @ Q] )Mz(S)T,
X, =V Ms(8,) (W, ® Irl)T to arrive at

2
[@V.W)-8 = (L, Vi W) - . = [V MaS)W 0 Q)T = ViMa(S) (W 0 1)

2 2
>(V2-1) it V@ - vis,| +]|We@rhmas) QTR - WL e L)M(S.)T |
QeGL(r2) ’ F ’ F
—(V2-1) _ inf  [(VQ:—Vi)Zual? + (@ Q5 , W) -8 = (I, I,, W.) - 8, .
2 * *2||F 1 »¥2 » r1yLros * *||F
Q2€GL(r2)

where we have applied a change-of-variable as Qo = QE:é/ % as well as tensorization in the last

line. Repeating the same argument by applying the mode-3 matricization to the second term, we
obtain

[@.Q3" W) -8 — (I, L, W) - 5.1 = [WMy(8)(Q;" 0 @)~ WMy (8.

F

>(V2-1)  inf  [(WQs— WSl +/(Q1Q;", Q5" -8 - 8.7
Q3€GL(T3)

Finally, combine these results to conclude

(U, V.W)-8 - X.|f > - )(\/5* DIUQ1 ~ U )Zsallf + (V2 -1 [(VQ2 — Vi) Ellf

rEGL(ry
+ (V2= 1P [(WQs - W)Susllf + (V2 - 1?|(@1.Q71.Q5") -8 - 8. ;
> (V2 —1)3dist?(F, F,),

where the last relation uses the definition of dist?(F, Fy).

A.2 Several perturbation bounds

We now collect several perturbation bounds that will be used repeatedly in the proof. Without loss
of generality, assume that F' = (U,V,W,S8) and F, = (U,, V,, W,,S,) are aligned, and introduce
the following notation that will be used repeatedly:

Ay =U-U,, Ay =V -V, Ay =W —-W,, As=8-8,,
U= (WaoV)M(S)T, V= (WoUM:S), W= (VoU)M(s)',
U, = (W, @ V)M (S,)", Vi = (We@U)M2(S.)",  Wi=(VioU)Ms(S.)",
(34)
Tv = U Ay,I,,,1,,) - S, Ty =T,V Ay, I,)- S,  Tw =T, L,, W, Ay)-S,,
Dy =U'U)" U AYE, Dy = (VIV)2VTAyS, 5, Dy =W W) 2WTAyS, 5.

Now we are ready to state the lemma on perturbation bounds.

Lemma 10 Suppose F = (U, V, W S8) and F, = (U, V,, W,, 8,) are aligned and satisfy dist(F, F,) <
€0min (X«) for some € < 1. Then the following bounds hold regarding the spectral norm:

AU VI[AV] VAWV IM(As) TSl <6, k=1,2,3 (35a)
v@w'o) <1 -o7h (35b)

3
HU(UTU)—1 —ul < 1‘{2; (35¢)
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ooy || <a-97% (35d)
)(Tj—ﬁ})ﬁ:& < 3e+ 32+ ¢ (35¢)
UUTU) 'S <(1-e7% (35f)
NV o V2(3e + 32 + €
[o@wTo) s, - Uz < ((1_6)3 ), (35g)
HE*J(IJ‘TIVI)*E*J <(1- ¢S (35h)
(UT0) My <(l—-€ . i
U0 Mi(S 1 > 35

By symmetry, a corresponding set of bounds holds for V, V and W, wW.
In addition, the following bounds hold regarding the Frobenius norm.:

3 e
(U, V,W)-8 =Xl < (1 + Set+ ¢+ =) (|AvZaille + [Av sz

5 1 Ft+[[AwEslle + [Aslle);
(36a)
2
€
1T, V., W) S = Xullp < A+ e+ ) ([AvBaallr + [AvEiz|r + [AwEssle); (36b)
2
v o €
|[o-0.|, <0+t S UAvS.ale + [AwS.ale + [ Aslle). (36¢)

As a straightforward consequence of (36a), the following important relation holds when € < 0.2:
3 3
UV, W)-8 - Xl <201+ Jet &+ %) dist(F, F,) < 3dist(F, F,). (37)

Hence, the scaled distance serves as a metric to gauge the quality of the tensor recovery.

A.2.1 PrROOF OF LEMMA 10

Proof of spectral norm perturbation bounds. To begin, recalling the notation in (34), (35a)
follows directly from the definition

dist (Fy, F) = \/IIAUE*JIIE HllAvElf + [AwSsllf + [AslE < comn(X.)

together with the relation |AB||g > || A||[romin(B).
For (35b), Weyl’s inequality tells omin(U) > omin(Ux) — ||Ay|| > 1 — €, and use that

1
< .
Jmin(U) —1—c¢

Jpw o=
For (35¢), decompose
UUU) U, = - UUU)'AJU, + (Inl - U(UTU)*UT) Ay,
and use that the two terms are orthogonal to obtain
HU(UTU)—1 A

2 2 2
< HU(UTU)‘lAEU* n H (Im _ U(UTU)—lUT) AUH
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lw@ o) Pllavl + Ay

<
<(1-e2+1)é.

It follows from € < 1 that

HU(UTU)—1 _u,| < Y2
1—c¢
For (35d), recognizing that
1
O =wunyHUUYT = OO =IO < g
where the last inequality follows from (35b).
For (35¢), we first expand the expression as
U-U,=WaV)M(S)T — (W, ® VoM(S,)T
=WV -W,VOM(S) + W VIM(8)T —(WeV)M(S,)T
= (W Ay + Ay @ VIM(S) + (W e V)Mi(As)'. (38)

Apply the triangle inequality to obtain

10 - U)W e Ay + Aw @ VM) TS| +||(W e Vima(as) T=0]
< (IWllllAav] + l[AwlVil) IMi(8) T2
<(A+eete+ (1+€)%e=3e+3e* + ¢,

|+ IWIIVIHIM(As) TS5

where we have used (35a) and the fact ||M1(S*)TE:&|| =1 (see (13)) in the last line.
(35f) follows from combining

O—min(sz,:}) > Umin<V)Umin(W)Umin <M1(8)2;1> > (1 - 6)37
‘ _ 1 1
Omin (ffz;j) (1—e)3

VAN

and Hfj(lv]Tlu])AE*’l

=

With regard to (35g), repeat the same proof as (35¢), decompose
UU'0) %1 - U3, |
= -UUT0) (U - U)UE + (Lpn, - UOTO)'0T) (U - U1,
and use that the two terms are orthogonal to obtain
‘2

< Ht”f(t“ﬂfj)*l(fj ~U.) U3}

Hmvw)ﬂzﬂ ~ U3

2 PRI o o <
‘ n H (Lyny — UUTO)OUT)(U - U,)B; !

2
*,1 ‘

<IU@T0)"' S’ Il0 - U)Z 112 + (U - U= 1)
< ((1—e) % +1) (3e+ 36 + €)%
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It follows from e < 1 that

< V2(3e + 3€2 + €3)
’ - (1—¢)3

Hrj(t“ﬂt“])*lz*,l ~ U3

The relation (35h) follows from (35f) and the relation:

o o 2
Hz:*,l(UTU)—lz:*,1 ‘

= |Ea@TO) OTO@TO) s,

] - Ht?(t“ﬂff)—lz:*,l

With regard to (351), we have

|2 @O MS)| = B @TO) T (WwTw) e vivTv) |
<|T@T0) s,

(1-e7,

[[wovtwy vt

IN

where the first line follows from
U =M(S(WaV) =  M(S)=U" (W(WTW)—1 ® V(VTV)—l) . (39)

=

and the last inequality uses (35¢) and (35f).

Proof of Frobenius norm perturbation bounds. We proceed to prove the perturbation
bounds regarding the Frobenius norm. For (36a), we begin with the following decomposition
ou,v,w).s-x,=U,Vv,W).-8§ - (U,,V,,W,)-S,
= (U, Vv, W) -Ag + (AU, Vv, W) -S,+ (U*, Ay, W) .S, + (U*, Vi, Aw) -S,.
(40)

Apply the triangle inequality, together with the invariance of the Frobenius norm to matricization,
to obtain

UV, W)- 8= Xule < (U VW) A + | AvMi(S)HW 0 V)T||

+ HAVMQ(S*)(W ® U*)THF n HAW/\/lg(S*)(V* ® U*)THF
< UV W | AsllF + Ay Mi(S)lE| W[V
+ [Ay M (S FIW UL + [[Aw M3 (S)llFl| Vil [ U]l
< (143 AsllF+ (1 + ) AuZsallr + (1 + o)Ay Zsallr + |[Aw .3

F

where the second inequality follows from (6¢), and the last inequality follows from (13) and (35a).
By symmetry, one can permute the occurrence of Ay, Ay, Ay, Ag in the decomposition (40). For
example, invoking another viable decomposition of (U, V ,W)-8 — X, as

(U,V,W) S - X* = (UaAV7W)'S+ (Ua‘/*?AW) -S + (U7‘/*7W*) 'AS + (AU,‘/;,W*) 'S*

leads to the perturbation bound

U, V. W)-8~ Xillp < 1+ |ArSaalle + (1 + €[ AwSaslle + (1 + ) [Asllr + | AuS.illr-
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To complete the proof of (36a), we take an average of all viable bounds from 4! = 24 permutations
to balance their coefficients as

1 3 1
Z((1+6)3+(1+6)2+(1+6)+1):1+§6+62+163,

thus we obtain
3 1
U, V.W)-8 = Xuflp < (1+ je+ e+ 163)(IIAUE*,1IIF + AV 2llF + [AwZsllF + [ As]lF).

The relation (36b) can be proved in a similar fashion; for the sake of brevity, we omit its proof.
Turning to (36¢), apply the triangle inequality to (38) to obtain

10 = Uille < |7 © An)MUE)T|_+]|(Aw & VOMUS)T|_+ (W & VIMi(AS)]e
(41)
To bound the first term, change the mode of matricization (see (12)) to arrive at

(W & anMUS)T| = 1T, Av, W) Sl = [AvMa(S) W e 1)T||
< Ay Ma(SEIW ] < (1+ )| Ay Ma(S.) e,

where the last inequality uses (35a). Similarly, the last two terms in (41) can be bounded as
[(aw @ VoMUS)T| < 1AwM(Slr, and  [(W @ VMBS < (14 As]lr.
Plugging the above bounds back to (41), we have

1U = Usllr < (1+ | Ay Ma(S,) [l + |AwMs(S)lr + (1 + )| As]le

Using a similar symmetrization trick as earlier, by permuting the occurrences of Ay, Ay, Ag in
the decomposition (38), we arrive at the final advertised bound (36¢).

Appendix B. Proof for Tensor Factorization (Theorem 3)

We prove Theorem 3 via induction. Suppose that for some ¢ > 0, one has dist(Fy, Fy) < €opmin(Xy)
for some sufficiently small € whose size will be specified later in the proof. Our goal is to bound the
scaled distance from the ground truth to the next iterate, i.e. dist(Fy11, Fy).

Since dist(F}, Fy) < €0min(X ), Lemma 6 ensures that the optimal alignment matrices {Qy x }r=123
between F; and F, exist. Therefore, in view of the definition of dist(F;;1, F}), one has

dist*(Fyy1, FY) < [[(Up1Qu1 — U)Zen |2 + | (Vis1Qu2 — Vi) Zsalf + (Wit 1Qr s — Wi) S, 3
2

+ H(Qt_,lla QZ21> Q;?)l) -Sti1— Sy F

To avoid notational clutter, we denote F = (U,V,W,S8) with

U = UtQt,b V= WQt,Qa W = WtQt,37 S = (Q;llv Qt_’217 Qtj‘j}) ° St7 (43)

and adopt the set of notation defined in (34) for the rest of the proof. Clearly, F' is aligned with
F,. With these notation, we can rephrase the consequences of Lemma 7 as:

UTAyS? | = Mi(As)M4(S) T,
VIAyE2, = Ma(As)Ma(S)T, (44)
WTARS2, = My(Ag)M3(S) T,

| 2
E

(42)
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We aim to establish the following bounds for the four terms in (42) as long as n < 1:

[(Ui1Qe1 — U)Zuallf < (1 — )2 AuS,q I
— (L =) (T, To+Tv+Tw) +0* | Tv +Tv +Twl;
+ 2n(1 — n)Credist?(Fy, F,) 4+ n*Coe dist?(Fy, Fy); (45a)
|(Vig1Qr2 — V*)E*,QII,Q: < (1—n)?
=201 —){(Tv, Tu+Tv+Tw)+ ?72 Tv+Tv+ TwH|2:
+ 2n(1 — n)Chedist?(Fy, F,) 4+ n?Cye dist?(F}, F,); (45D)
[(Wi1Qus — W) S, sllf < (1 —n)?|AwE,,
— 2L =) (Tw, To+Tv+Tw)+0*|Tv +Tv +Twli

+ 2n(1 — n)Credist?(Fy, F,) 4+ n*Coe dist?(Fy, F); (45c¢)
2
(@il @3, Qi) - Sev = 5. _ < (1= )2 AsIE = n@ = 59) (I Dol + 1DV + 1 Dwl?)
+ 2n(1 — n)Cedist?(F}, F,) 4+ n°Cye dist?(Fy, F,), (45d)

where C1,Cy > 1 are two universal constants. Suppose for the moment that the four bounds (45)
hold. We can then combine them all to deduce

dist?(Fiun, 1) < (1= )2 ([A0Saalf + | AvE ool + | AwS. sl + | As]?)
=02 = 50) | Tv + Tv + Twlt = (2 = 50) (1 Dul + IDvIE + | Dwl} )
+ 2n(1 — n)Cedist?(F,, Fy) + n*Cedist?(Fy, F.). (46)
Here C' :=4(Cy vV C3). Aslong as n < 2/5 and € < 0.2/C, one has
dist*(Fit1, Fi) < ((1 — )% +2n(1 — n)Ce + n°Ce) dist?(Fy, F.) < (1 — 0.7n)* dist?(Fy, F,),

and therefore we arrive at the conclusion that dist(Fiy1, Fy) < (1 — 0.7n) dist(F3, Fy). In addition,
the relation (37) in Lemma 10 guarantees that ||(Uy, Vi, Wy) - 8¢ — X, ||r < 3dist(F;, F).

It then boils down to demonstrating the four bounds (45). Due to the symmetry among U,V
and W, we will focus on proving the bounds (45a) and (45d), omitting the proofs for the other two.

Proof of (45a). Utilize the ScaledGD update rule (26) to write

(Urt1Qu1 = U)Zus = (U = 2M (U VW) S - X)UUT0) ™ ~ U, ) 2.4
= (1-nAyZ, — U, (U -U)"UUU) '8, ,, (47)
where we use the decomposition of the mode-1 matricization
M (U, V,W)-8-X,)=UM(S)(WaV) —UM(S)W,.aV,)"
= ApMIS)(W & V)T + U, (M(S)W & V)| = Mi(S) (W, 0 V)T)
- AU +U(U-U,)".

Take the squared norm of both sides of the identity (47) to obtain

v

[(Ui+1Qu1 = Ui |f = (1 = )| AvEanf - 201 = 0) (AvEa1, Un(U - U) ' UWUTO)'E,0)

:Zul
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+? |ULU - U)TOUT0) 12,5

— 1l

The following two claims bound the two terms l; and ils, whose proofs can be found in Ap-
pendix B.1 and Appendix B.2, respectively.

Claim 1 8, > (Ty, Tv+ Tv + Tw) — Ciedist?(F,, F,).
Claim 2 $b < | Ty + Tv + Twlg + Cocdist?(Fy, F).

We can combine the above two claims to obtain that

[(Ui41Qe1 — Ul < (1= n)?|AuSaallf = 20(1 = n) (T, To + Tv + Tw)
+ 72 | Tu +Tv + TwllE + 2n(1 — n)Credist?(F;, F,) + n°Cae dist?(F;, F,),

as long as n < 1. This proves the bound (45a).

Proof of (45d). Again, we use the ScaledGD update rule (26) and the decomposition & = Ag+S8.
to obtain

(Q11.Q13.Q13) - Sty1 — 8.
sy (U U (VIV)TVILWIW) W) (U, V, W) - S - X,) - S,

— (1—n)As -7 ((UTU)_lUT, VTv)vT, (WTW)—le) (U, V,W)-S, - X,),
(48)
where we used (6¢) in the last line. Expand the squared norm of both sides to reach
2
|@it.Qi Qi) S =S| = 1 —n?lAsl?
— (1 — ) <A5, ((UTU)*lUT, VTV v, (WTW)*le) (U, V,W)-8, — X*)>

=6

(0T U VYT W W) (v w) s, - x|

=69

We collect the bounds of the two relevant terms &1 and &4 in the following two claims, whose
proofs can be found in Appendix B.3 and Appendix B.4, respectively.

Claim 3 &; > |Dy||2 + | Dv |2 + | Dw||2 — Credist?(Fy, Fy).
Claim 4 &, < 3 (|| Dyl? + |Dv | + | Dw|) + Caedist?(F;, Fy).
Take the bounds on &1 and G» collectively to reach

2
|@1.Qi3.@i) - S = .| < (1= w?|As|E = 12— 50) (IDu | + | Dv |2 + | Dw?)
+ 2n(1 — n)Credist?(Fy, Fy) 4+ 1n°Che dist? (Fy, F)

as long as n < 1. This recovers the bound (45d).
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B.1 Proof of Claim 1
Use the relation (38) to decompose Iy as
$h = (UTAyS,1,(U-U,)"UU'U) 'S, 1)
= (UTAyZ 1, Mi(S) (W Ay + Ay @ V) ' UU'U)'%, ;)
=l 4
+{(UJAyE, 1, Mi(As)(W o V) UU'U)'E,,).

=il 2

In what follows, we bound ; 1 and ;2 separately.

Step 1: tackling i; ;. We can further decompose il 1 into the following four terms

thy = (U AUS, 1, Mi(S) (W, @ Ay + Aw @ V) TO.3; )

—((IMm
=Ty

+ (U AUZ. 0, Mi(S)We 0 Ay)T (UUT0) %, - U3 1))

+ <U*TAU2*,1,M1(S*)(AW @ V)" (I?([?’Tl?)*lz* - I“J*E;j»

+ <U*TAU2*71, Mi(S)(Aw & AN TTTTO) IS,

_.(P:3
_.111:1

where 4%, denotes the main term and the remaining ones are perturbation terms.

Utilizing the definition of U, in (34) and the relation (12), the main term U can be rewritten
as an inner product in the tensor space:

m = <U AuMi(8,), Mi(S,) (I, ® ALV, + AL W, @ Im)>
=(Tv, Tv+Tw).
To control the other three perturbatlon terms, Lemma 10 turns out to be extremely useful. For
instance, the perturbation term 4 1 is bounded by
by < HU*TAUXH
< V2(3e + 3€2 + €3)
B (1—¢)?

Here in the last inequality, we used the upper bound (35g) and changed the matricization mode to
obtain

[MisoWe e AT = I, Av. W) - Sl = | AvMas) W 0 1,)T|| < avs,

] HMl(S*)(W* ® AV)THF Ht?(t“ﬂt?)—lz*,l _U>!

|AUZE 1 ]F||AvEs2|F.

Similarly, the remaining two perturbation terms ()" 11 2 and il obey

f(36+36 + €%)
(1—-¢)?

\5,111 < A allFllAw .,
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€
< —||ApX Ay .
< (1_6)3!! U 1|[Fl| Ay s 2llF

3
47

Step 2: tackling i; 5. Now we move on to 4y o, which can be decomposed as

Ui o = <U:AUE*,17MI(AS)MI(S*)TE:&>

+ (U AUS 0, Mi(A) (W, 2 V)T (UUT0) 'S, - U,E11))

=4l

+ <UIAU2*,1, Mi(ASW RV — W, @ W)TU(ﬁTﬁ)*lz*,1>

=g
[Ch

(P2
*'u1,2

= (U AUS.1, Mi(As)MI(S) TE11) = (UT AuSa, Mi(Ag)Mi(As)TS1E) +485 + 475

::uﬁ’:g
_ <U*TAU2*,1, UTAUE:*,1> +UPy 407 4+ 0

= T Ul + 463 + 13 + 403 + (U] Ay, AT AL ),

_.(P4
—'u1,2

where in the penultimate identity we have applied the identity (44) to replace Mj(Ag)M;1(S)T.
Again, by Lemma 10, the perturbation term illi’% is bounded by

sl < T Au.,

| [MiaswL e v)T| [o@TO) s - Oz

V2(3e + 3e2 4 €3)
B (1—-e)?

In addition, iﬂfﬁ is bounded by

|AUE1llFl|AsllF

b < HU*TAUE*J

| M)W eV - W, o V| [U0T0) 'S

2¢ + €2
< WHAUZ*JHFHASHB

where we have used

IWaV -W,a Vil <Ay @ Vil + W, @ Ay + [|Aw ® Ayl
<[Awll +Av] +Av][[[Aw] < 26+ €.

Following similar arguments (i.e. repeatedly using Lemma 10), we can bound illfjg and 1111):;1 as

Wi < ol Avs., ¥l As]le;

| IMUAs) || Mi(as) T

| <davs.,

SR LAV N F < el AuS., [}

| IaullArS.,
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Step 3: putting the bound together. Combine these results on ;1 and i o to see
= <TU, Tv+Tv+ Tw> +ﬂ§),

where the perturbation term {Y := Z?Zl illf’i + Z?Zl Lllf’; obeys

1+ V2(3 + 3¢+ €2) V2(3 4 3¢ + €2)
P ApX Ay Ay X
0| < F(H vEeallF + e [AVE,2llF + e [Aw X, 3]
2+ e+2(3+ 3¢+ €2)
+ (1t L ) As]e):

Using the Cauchy-Schwarz inequality, we can further simplify it as |{| < Cyedist?(F;, F,) for some
universal constant C7 > 1.

B.2 Proof of Claim 2

Note that
= (U -U)TOUO) 'S,
< | - 0O |2 (OT0) 2,0
<|(U-0)TUS 1201 -2, (49)

where the last relation arises from the bound (35h) in Lemma 10. We can then use the decomposi-
tion (38) to obtain

(U - U, )TUz

*1HF

- H (MiSIW @ Ay + Aw @ V2)T + Mi(As)(W @ V)T ) (W 2 V)Mi(S) =] )F
< H (S ( R ALV, + AL W, ® ITQ) M(8)TE ]+ Mi(As)M1(S) 2] i
=45
s (WTw e ATV - 1, 0 ALV) My TS|

::ﬂp’l

+ M,y (8)<A WaoV,'V-Aj W*®Ir2)M1(S*)TEI&(F

-1
*,1 E

(P2
=5

| M) (WTW 2 ALV + ALW @ VTV My(As) =

_.(P:3
_,ﬂ2

+|Mias) (WTW e VTV - Lo L) Mi(s) 2|

I I
=iy

Here, {5 is the main term while the remaining four are perturbation terms. Use the relation (44)
again to replace M1(Ag)M1(S)T in the main term U5 and see

-1 ’

*,1 F

3 = [ (MuS T @ ATV + AL WL © 1) + UT ApMy(S.)) Mi(8.)S
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HM1 DI, © ALV, + AW, @ L,) + Ul ApM,y(S,)
=Tv+Tv+Twle,

M8 TR

where the last equality uses ||M1(S*)TE;&|| = 1. The perturbation terms are bounded by

U < (140 = DAy, 2|F;
U8 < (1+ )2 = D AwZes|lr;
WP < e(1+ €| AvSiallr + e(1+ )| Aw Sy 3;
W< (14! =11+ e)l|Asllr

IN A

They follow from similar calculations as those in bounding ; with the aid of Lemma 10; hence we
omit the details for brevity. Combine these results to see

(O -U)US 1| < 1To+Tv+Twle +48,
with (5 .= S 2 obeying

(140" = DIAVE.alle + (1 + * — DI AwE.alle + (1 + ) — 1)(1+ )| As]e

b <
5 (||AV2 ) < edist(Fy, F).

Next take the square to obtain
N T
IO =TS F < 1T+ Tv+ Twl + 28 [ Tu + Ty + Twle + (45)°.
Finally plug this back into (49) to conclude

G <A— P NTo+Tv+Twli+200— ) B | Tu+Tv+ Twle+ (1 — ) (L)’
< To+Tv+TwlE+ (1= =1) (|AvSaalr + [AvEeallr + [|[AwS.slF)°
+2(1 = ) U (JArZaallr + [AvZaalle + [AwS.slle) + (1 — o) 2 (45)?

< || To+ Tv + Twlf + Coedist?(Fy, F),

for some universal constant C; > 1. Here in the second inequality, we use the fact that || T||p <
|AUZE1llE, [[Tve < |AvEs2llr, and || Twlg < [|[AwX, 3||r. This finishes the proof of the claim.

B.3 Proof of Claim 3

Use the decomposition
(U) Vu W) ° 8* - X* = (AU7 V7 W) * 8* + (U*y AV7 W) * S* + (U*a ‘/;ca AW) * S* (50)
to rewrite &7 as

&1 = (As,(UTU) U A Iy, Iy) - 8.+ (As, (UTU) UL, (VIV) VT AV, L) - S, )

=61, =612

+{As, (UTU) WU, (VIV) WV, (WTW) W T AR) - S, ).

Vv
=613
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Step 1: tackling &; ;. Translating the inner product from the tensor space to the matrix space
via the mode-1 matricization yields

6171 = <M1(A5), (UTU)flUTAUMl(S*)>
- <M1(A5), (UTU)—1UTAUM1(S)> - <M1(A5), (UTU)_lUTAUMl(A3)> .

=S1, —&t
Again, the identity (44) is helpful in characterizing the main term S1:
= <UTAU23,17 (UTU)”UTAU> = |UTU)VPUT Ay ;-
The perturbation term 65’71 is bounded by
&F 4] < IMi (Al [T @TO) | llAu M (As)F < (1 - )7 Asi,

which follows directly from Lemma 10.

Step 2: tackling &;5. Following the same recipe as above, we can apply the mode-2 matricization
to &1,2 to see

Gip= <M2(AS)7 (VIV) 'V AyMy(S,) (IT‘"’ @ UIU(UTU)_1)>

= <M2(A5), (VTV)flvTAvM2(8)> — <M2(A3), (VTV)flvTAvMQ(A3)>

=G _.ap,1
1,2 =67

+ (My(85), (VTV) VT Ay M(S,) (L, @ (UTUUTO) ! - 1)) ).

_.aP:2
*'61,2

In view of the relation (44), we can rewrite the main term &Y’ as

’2
.

In addition, for the perturbation terms, Lemma 10 allows us to obtain

n= vV TvTAr s,

131 < IMa(As) e [VIVTV) T A Ma(As)F < €1 — )7 A,
Moreover, we can write U] U(U'U)™! — I, = —AJUU'U)™!, and bound 611)7’3 as

&3] < [Ma(AS)IFIV(VTV) Ay Ma(SlIFl AvlIU @ TU) |
<e(l -6 2| AslrlAvE..

IF-

Step 3: tackling &; 3. Similar to before, we rewrite &; 3 by applying the mode-3 matricization
as

S1a = (Ma(As), (WTW)'W Ay Ma(S) (VI VIVIV) e UJUUU)))
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= (Ms(As), (WTW) W AwMs(S)) = (Ms(As),(WTW) W T A Ms(As))

e G _.ap,1
1,3 =673

+ (My(Ag), WTW) W AwMy(S,) (VIVIVIV) e U UUTU) - 1,01, ) ).

—et
The main term obeys (thanks again to the identity (44))
mo= |(WTW) V2w T AR S, 512
As the same time, the perturbation term 6}1)7’3{ can be bounded by
031 < IMa(As) I [W W TW) | A lIMa(As) I < el - ) |As]E
Similarly, we have

S031 < IMs(As) el W (W W) AwMa(S) e [V VIVIV)T e U U@TO) T -1, 9 1,

2¢ + €2
< WHASHFHsz*;&HFa

where we use the decomposition
v,vivivyileUuJuUUu U - L,91, = (V,oU,-VaU)" (V(VTV)—1 ® U(UTU)—l)
and its immediate consequence

|

vivivvyileuluuv'u)yt'-1,91,

<|IVioU,-VaU| HV(VTVYlH HU(UTU)AH

2€ + €2
(1—e)?

<

Step 4: putting all pieces together. Combine results of G11,8512, &3 to see
S = [[(UTU) VU TAuS L+ |[(VTV) V2V T AU S|z + [[(WTW) V2WT A S, 52 + 61y,
where the aggregated perturbation term &Y obeys
67 < ellAsllr (1= [AvEa2llr + 2+ )1 — ) [AwEasllr +3(1 — )7 [ As]) -
It is straightforward to check that |G}| < Ciedist?(F;, F,) for some absolute constant C; > 1.

B.4 Proof of Claim 4
Reuse the decomposition (50) and the elementary inequality (a+ b+ c)? < 3(a? +b% + ¢?) to obtain

2

2
Gy < 3H((UTU)*UTAU,ITZ,ITS)-s* F+3H((UTU)*1UTU*, (VV)VT AL LS.

=621 =:62,2
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2
+3 H((UTU)*UTU*, VIV WV, (WTW) 'WTAy) -8,

2162,3

Apply the mode-1 matricization and Lemma 10 to G2 to see

2

Got = H(UTU)*lUTAUMl(S*) i

<|wTu) |0 PUT AuMi(S)|E
<(1-o?UTu) VU ArS..|;-

Similarly, apply the mode-2 (resp. mode-3) matricization to Gy (resp. G2 3) to see

2
Gos = H(VTV)_IVTAVMQ(S*) (Irs ® UIU(UTU)—l) HF
< VTV Y| VTV)2V T Ay Mo (S, |[ZIUUTO)

<A-o VTV 2V TAE,, |2,

and
2
Go3 = H(WTW)‘leAWMg(S*) (VJV(VTV)—1 ® U*TU(UTU)_l) HF
< [(WTW) T [(WTW) 2w T A Ms(S)|pIu@ o) v v Tv) 2
< (1o S WTW) W AR, 7.
Combine the bounds on &2 1,522,823 to write & as
G2 <31 - 2| (UTU) VU A2 +31 - )| (VTV) 2V TALE, |2
+3(1— ) S| (WTW) 2w T AR, 5|2

By symmetry, one can permute Ay, Ay, Ay, and take the average to balance their coefficients
and reach the conclusion that

&2 <3 (|UTU) PUT AU + [(VIV) TRV T AVE L+ [WTW) W T A7) + 6,
where the perturbation term &) obeys
S < (-9 +(1- "+ (11— °=3) (lAvZa1l + [AvEcallf + AW, 3]7) -

A bit simplification yields &5 < Cae dist?(Fy, F).

Appendix C. Proof for Tensor Completion

This section is devoted to the proofs of claims related to tensor completion. To begin with, we state
several bounds regarding the /3 o norm that will be repeatedly used throughout this section.

Lemma 11 Suppose that X, is p-incoherent, and that F = (U, V , W S) satisfies dist(F, F,) <
€0min (X«) fore < 1 and the incoherence condition (29). Then one has the following bounds regarding
the ly oo morm:

VaLlUM1(S) 2,00 < (1~ €) 2 Ch /I omax (X .); (51a)
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VITIUM(8.)l2.00 = < (1 ) Oyl Oman(X.): (51b)
ViUl < (1~ € *Cary/ar. (510)

By symmetry, a corresponding set of bounds hold for V', V and W, W.

Proof For (51a), we have

[UM(S)|2.00 = [UTT(WW W) 2 VIVIV) T,
S NOU oo [WwTw) || [V VTV
< UT a1 = )72,

where the first line uses (39), the second line follows from [[AB|200 < ||All2,00/|B||, and the last
inequality uses (35c). This combined with condition (29) leads to the declared bound.
Similarly for (51b), we have

||UE*,1 ||2,oo = ”UﬁTﬁ(ﬁT[j)_IE*vl H2,oo

<UUT oo [UOT0)' 5

|

< NUU T a,00(1 =€),

where the last line follows from (35f).
Finally, observe that

UZs 12,00 > [|U ||2,000min (1) > |U ||2,000min (X +)-

Combining the above inequality with (51b), we reach the bound (51c). ]

C.1 Proof of Lemma 2

A crucial operation, which aims to preserve the desirable incoherence property with respect to
the scaled distance, is the scaled projection F = Pp(Fy) defined in (19). For the purpose of
understanding, it is instructive to view F' as the solution to the following optimization problems:

U = argmin (U -U)UL|E st vm||UU] |20 < B,
V = argmln H (V-V,) V_JHF s.t. \/n72||V‘v/_:||2700 < B, (52)

W = argmln H (W —W,) WI s.t. \/n3||WWI||2,OO <B.

e

The remaining proof follows similar arguments as 7. To begin, we collect a useful claim as
follows.

Claim 5 ((?, Claim 5)) For vectors u,u, € R"™ and X > ||u||2/||ul||2, it holds that

[AAMN© = w2 < flu — w2,
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Proof of the non-expansive property. We begin with proving the non-expansive property.
Denote the optimal alignment matrices between F, and F, as {Q; i }r=123, Whose existence is
guaranteed by Lemma 6. Assume for now (which shall be established at the end of the proof) that
for any 1 < i1 < ni, we have

B - HU*(il,i)z*,lH2
U (i )T, ~ UG, 9 Q1 Za ]

(53)

This taken together with Claim 5 immediately implies

U (i1, )Q 41301 — Us(in, ) B ||y < ||U4(i1,9)Q1 101 — Uslin, 1) E, 1<ip <mny,

= UQ1 —U)Zuallp < [[(U+Qu1 = U Bl

Repeating similar arguments for the other two factors, we obtain

I(VQi2 = VoBafle < [[(ViQu2 = VO Zuzlle, [(WQus = Wi)Zus|p < [(WiQy5 — Wi)

Combining the above bounds, we have

dist®(F, F\) < [(UQ+1 — U)Zsallp + [(VQi2 = Vi) Zealf

W Qs - WoS.allf + (@71, Q35 @7h)-

2 2
o = dist* (P F).

Proof of the incoherence condition. Turning to the incoherence condition, it follows that for
any 1 <11 < nq,

UG, )T T || = Z Z (U(ir,)M1(8), W (i5,:) ® V (i2,:))

io=113=1
ng N3 2 2
i) . ) 2 B B
= i1,:)M W, (i3,:) ® Vi(ia,: 1 = 1 S
33wl Wt ) vl (1 ) (1)
LYY W6 M), Wi ) @ Vi (i)

ii B
(I
ig=1143=1 m|’U+(217:)U+“2

2
— (1A B oeanoT Y E
VillUy (ix, YU |2 n

Here, (i) and (iii) follow from the definition of the scaled projection (19), (ii) and (iv) follow from
the basic relations a Ab < a and a A b < b. By symmetry, one has

2
) <U+(i1, :)M1(8+), W+(i37 :) ® V+(i27 :)>2

VI|lUU |20 V V2 [VV T [l200 V /03[ WW T |20 < B.

The proof is then finished once we prove inequality (53).
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Proof of (53). Under the condition dist(FY, Fy) < €omin(X), invoke (35a) in Lemma 10 on the
factor quadruple (U+Q+,1, ViQi 2 W.iQ:3,(Q7,Q75,Q7k)- 5+> to see

:
IViQall VW3 Q] v HM (@ebhah-s.) =1 <1+4e

which further implies that

< (143 (54)

Hf]JrQIIE:&H < ViQ2fl[W4 Q1 3]

T
‘Ml ((Q;lp er,l2a Q;ls) * 8+) 2:&

For any 1 < i; < njp, one has
. N7 T - T =T -1
HU—F(ZL ')U+ HQ < ”U-i-(lb ')Q+712*71H2 HU'FQ—F,IE*,IH
<UL (i1, ) Q1 1Bt [ly (1 + €)%,

where the second line follows from the bound (54). In addition, the incoherence assumption of &,
(15) implies that

\/EHU*(’L.M:)E*,IHz < \/EHU*('L'M :)HQHE*=1H < \//Wo'max(x*) < B(l + 6)_3,

where the last inequality follows from the choice of B. Take the above two relations collectively to
reach the advertised bound (53).

C.2 Concentration inequalities

We gather several useful concentration inequalities regarding the partial observation operator Pgq(+)
for the Bernoulli observation model (17).

Lemma 12 Suppose that X, is p-incoherent, and that pninanz > nur? logn. With overwhelming
probability, one has

nur?logn

{((p™'"Pa—I)(X4),XB)| < Cr X allel| X BlF

pninang
stmultaneously for all tensors X 4, X g € R™M*™2X"3 i the form of

XA - (UA7 ‘/*7 W*) * SA,I + (U*7 VA7 W*) 'SA72 + (U*a Vka WA) 'SA,?);
Xp=(Up,V,,W,)-8p1+ (U, Vg, W,)-Spa + (U, Vi, W) - Sp 3,

where Up,Up € R"*7, V), Vg € R"X72 Wy, Wi € R™*™, and Sak, Spr € RM*"™2X™ are
arbitrary factors, and Cp > 0 is some universal constant.

Lemma 13 ((Cai et al., 2019, Lemma D.2)) For any fired X € R™*"2X"3 yith overwhelming
probability, one has

74P~ D) < O (57 o n e+ - og? e [Mu(3) o).
where Cy > 0 is some universal constant.
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Lemma 14 With overwhelming probability, one has

‘<(p_1'PQ — D) ((Us, Va4, Wy)-84), Up, Vg, Wp) - SB>‘ <Cy <p_1 log3 n -+ \/p_1n10g5 n> N,

simultaneously for all tensors (Ua, Vi, W) -84 and (Up,Vp,Wpg)-Sp, where the quantity N
obeys

N <(JUAM1(8 ) [|2,00 [UBM1(SB)IF A [UAM1(S4) IF[ UM 1(SB)l|2,00)
(IVall2,00 IVBIIE A VAl VEBI|2,00)

By symmetry, the above bound continues to hold if permuting the occurrences of U, V', and W .

Lemma 15 ((?, Lemma 3.24),(Cai et al., 2021a, Lemma 1)) For any fived X € R™M*"2*"3
k=1,2,3, with overwhelming probability, one has

Pattaing (P~ M(Pa(X)Mi(Pa(X))) = Mu(@) M) |
< Oy (17! V1og nll My () 2.0 | M(X T||200+\/ 108 1 O (M()) [M() T 20
+ Car (p " lognl| Koo + v/p~Tlogn| My (X Izoo) logn + || My, ()3 0,
where Cyy > 0 is some universal constant.

C.2.1 PrROOF OF LEMMA 12

This lemma is essentially (Yuan and Zhang, 2016, Lemma 5) under the Bernoulli observation model.
Here, we provide a simpler proof based on the matrix Bernstein inequality. Let €;, ;, ;, be the tensor
with only the (i1,42,i3)-th entry as 1 and all the other entries as 0, and let d;, 4, ;5 ~ Bernoulli(p)

be an i.i.d. Bernoulli random variable for 1 < i, < ng, k = 1,2,3. Define an operator Pr :
Ranann3 — Rn1><n2><n3 as

Pr(X) = (I,,,V,V,), W.W,). x + (UU/, V., V) Ww]).x+UU VvV, W, W) x

where V|, W, denote the orthogonal complements of V,, W,. It is straightforward to verify that
Pr(-) defines a projection, and that

XA=Us,Vi,W,)S41+ (U, V4, W) Sap+ Uy, Vi, Wa) - Sy 3
= PT((UA7 V:ka W*) * SAJ.) + PT((U*7 VA7 W*) * SA,Q) + PT((U*7 .Vka WA) * SA,?))
= PT(XA) = Z <PT(XA)7gil,i27i3>£i1,i2,i3 = Z <XA7fPT(Sihiz,is»gil,iQ,i:s'

11,02,13 11,12,13
A similar expression holds for X 5. Hence, we have

‘<(p_17)9 _I)(XA)MXBM = Z (p_léil,iz,is - 1) <XA7PT(£i1,i2,i3)> <XB>PT(gi1,i2,i3)>

11,12,13

= <V€C(XA), D (P Gininsis — 1) vec (Pr(Ei s i) vec (PT(gil,ig,is))TveC(XB)>

11,02,13
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<Xl Xsle || D (0 Giinis — 1) vee (Pr(Ei i) vee (Pr(Eiy insis)) |

11,12,13

Therefore it suffices to bound the last term in the above inequality, which we resort to the matrix
Bernstein inequality: with overwhelming probability, one has

2,2 2.2
1 T np“r-logn np*rslogn
S —1 Pr(E: - Pr(E: <
Z(p ivinds = 1) vee (Pr(Eiinis)) vee (Pr(Ei inis)) N< P *W )
(55)
< [rrtlogn
~\ pninang

where the second line holds as long as pninsns > nu?r?logn. Plugging the above bound (which
will be proved at the end) in the previous one, we immediately arrive at the desired result:

nu2r?logn

[ X allr X BllF-
pninang

{((p™'"Pa —T)(X4),XB)| <

Proof of (55). By standard matrix Bernstein inequality, we have

Z (p715i1,i2,i3 — 1) vec (PT(gilyiQJ'S)) vec (PT(gil,iz,is))T < Llogn + o+/logn,

11,12,13
where
L= Zr%a}f (p_ldil,iz,is - 1) vee (PT(gi1,i2,i3)) vec (,PT(gihlé»is))T )
1,82,i3

0% = || D Bp 6y inis — 1)? vec (Pr(Eiy in is)) vee (Pr(Eiyinis)) | vee (Pr(Eiy isis)) vee (Pr(Eiy inis)) |

11,02,13

e Here, L obeys

L = max
11,12,13

(0™ 0110 — 1) vee (Pr(Ei iz ia)) vee (Pr(Eiyinia)) || < 271 mas [Pr(Eiyinic)IF

11,12,13

where the last inequality uses [(p™18; 455 — 1)] < p~!. To proceed, first notice that the three
terms in Pr(&;, i,.i5) are mutually orthogonal, which allows

2 2
IPr(Eiinis) g = )‘(Inlv‘QKT’W*W*T) *Eiiagia ||+ H(U*U*T,WLV*LW*WJ) “Eiviais ||
2
+ H(U*U*T, V;V;Tv W*J_W*TJ_) * 82’1,@'271'3 E

Since Uy, V,, W, have orthonormal columns, it is straightforward to see

2

2
| @ VoVT WWT) - Eip || = 100, G, )3 || Vil ) VT

<Vl oo Will3 o5

2
‘2 “W*(i?” :)W*T

2
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T T o 2 N T
U, , V., V*L,W*W* ) Eiliosis e = U, (i1,)U, , Vi (i2,1)V, W, (i3, )W,
< IIU*Ilg,ooHW*H%oo;
2 . -
o PR

< IIU*Ilg,ooHV*Ilz,oo-

2
‘/*(7/27 . ‘

H(U*U*T ViV WA W) i \ HWM (i, )WL |

Finally use the definition of incoherence (cf. Definition 2) to conclude

3npu?r?
L <p ! (VAo Will3 00 + 103 cc W13 00 + U3 00 1 Va3 o) < P
e In addition, o2 obeys
3nu’r?

o <p7t max [Pr(Ei )R] Y vec(Pr(Eiinis)) vee (Pr(Eiyisis) || < ——)\
11,12,13 i1 7o pninang

where we have used the variational representation to conclude

Z vec (Pr(Eiyigis)) vec (PT(gil,iz,is))T = _sup Z <%7PT(£il,i27i3)>2
11,12,13 X:“X||F§1’i1,i2,i3
= s [Pr(A)F< L.
A X|r<1

Plugging the expressions of L and o leads to the advertised bound (55).

C.2.2 PROOF OF LEMMA 14

This lemma generalizes (Chen and Li, 2019, Lemma 8) to the tensor setting, which is a powerful
tool in the analysis of matrix completion Chen et al. (2020); Tong et al. (2021a). We begin by
decomposing (U4, Va, Wy) -S4 into a sum of ror3 rank-1 tensors:

o 3

(UA7 VA» WA) 'SA — Z Z (uag,ag,’,vazawag,) * 17

az=1az=1

where we denote the column vectors ug, q; = [UaM1(S4)](:, (r3 —1)az +as3), ve, = Va(:, az), and
as ‘= Wa(:,a3) for notational convenience. Similarly, we can decompose (Up, Vg, Wg)-Sp as

T2 73

(U37VB7WB) 'SB = Z Z(ubg,bga’ubgawbg)'L
ba=1b3=1

with wp, p,, Vs, and wyp, defined analogously. We further denote J € R™*"2*"3 as the tensor with
all-one entries, i.e. J(i1,i2,13) = 1 for all 1 < iy < ng, k =1,2,3. With these preparation in hand,
by the triangle inequality we have

(0" Pa = I)((Ua, Va, Wa) - 84), (Up, Vi, W) - Sp)|

T2 T3
Z Z ‘<(p_1PQ - I)((U’az,as? Vay, was) * 1)7 (ubz,b3v mewb?,) * 1>‘

az,b2=1 a3z,b3=1
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- Z Z ‘<(p_1PQ - I)(J)v (ull2,ll3 © Uby,b3 5 Vay O] Vpy, Wag ®© ’lUbg) ‘ 1>‘

ag,bo=1asz,bz3=1

72 T3
< D 2 7 Pa = DI [tas,as © Uhs,bsll2lvay © vs, |2 way © wyl2

az,b2=1a3,bz=1

= [(p~"Pa - D)(T)IIN,

where © denotes the Hadamard (entrywise) product, and

T2 T3

N= Z Z Han,as © ub2,b3||2||v112 © Vb, [|2]|way © wpyl|2.

a2,ba=1as,bz3=1
Therefore, it boils down to controlling ||(p~1Pq — Z)(J)|| and N.

e Regarding ||(p~'Pq —I)(J)||, Lemma 13 tells that, with overwhelming probability, it is bounded

by
10~ Pa — T)(T)] < Cy <p1 log*n + /o~ 17 log? n) |

where we use the fact || J [loo = 1 and maxg_1 23 [|M(T) " ||2,00 < V7.

e Turning to M, applying the Cauchy-Schwarz inequality we have

2 3 T2 3
n< Z Z [taz,a5 © ubzﬁ:s”% Z [[Vay © vbz”% Z |wa, © wbs”%
az,b2=1as3,bz3=1 az,ba=1 az,bz=1

ni

= | S UG, YMUS 2)BIUB (i1, ) M1 (SB)I13

i1=1

no n3
D IValiz, BV Gz, N3, | D IWalis, )I3IIWa(is, )13

i9=1 i3=1
(IUAML(S W) 2,00 [UBM1 (S B)[[F A [UAML(S2) |FIUBM1(S 5) [12,00)
(IVall2.00lVBllE A IVAllFI VB l2.00) (IWall2,00 [WllE A lWallel Wi

IN

2,00)-

The proof is complete by combining the above two bounds.

C.3 Proof of spectral initialization (Lemma 1)

In view of Lemma 8, we start by relating dist(Fl, Fy) to ||(Uy, Vi, W) -S4 — X,|f as
dist(Fp, Fy) < (V2412 ||(U, Vi, W) -S4 — Xolg -

With this bound in mind, it suffices to control ||(Uy, V4, W4) -S4 — X,|g. To proceed, define
Py = UJFUJ—Fr as the projection matrix onto the column space of Uy, Py, = I, — Py as its
orthogonal complement, and define Py, Py , Py, Py, analogously. We have the decomposition

X, = (PU,Pv,Pw) <X, + (PUL7PV7PW) <X, + (InlaPVL>PW) <X, + (InlaIngaPWL) X,
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Expand the following squared norm and use that the four terms are mutually orthogonal to see

|(U, Vi, W) -S4 = Xollf = [[(Po, P, P) -(p7') = X,
= ||(Py, Py, Pw)-(p™'Y — X.) = (Py, , Py, Pw) - X — (In, . Py, . Pw) - X — (Iny Iy, P, ) - X
= |(Py, Py, Pw)-(p7'Y = X,)|l¢ + (Pu. Py, Pw) - X[} + || (I, Py, Po) - X2
[ (Tny, Ing, P, ) - X2

— 2
< ||(Pu, Py, Pw) -(p~"Y — X.)[|¢ + [1Pu, Mi (X0 g + [Py Ma(X) 7 + [P, Ma(X)|-
(56)

We next control the terms in (56) one by one.

Bounding ||(Py, Py, Py ) +(Y — X4)||g- For the first term in (56), since (Py, Py, Pyw)-(p™'Y —
X, ) has a multilinear rank of at most r, applying the relation (7) leads to

(P, Py, Pw) -(p7'Y — Xl <7 ||(Pu, Pv,Pw)-(p—'Y — X)| <7 | (p”'Pa—I)(X,)] -

Therefore, it comes down to control ||(p™'Pq — Z)(X.)||. Lemma 13 tells with overwhelming prob-
ability that

7420 = DY) 5 (57 108 0l + /o e M) e

1321321063 n N npu2r2log® n

py/ninang pninans

A

Umax(X*)7

where the second line follows from the following relations in view of the incoherence property of A,
(cf. Definition 2):

3,3
1 lloo < Gmax () [Us 20| Vil .00 [ Wil 2,00 < s ()4 | =
ninansg
T p>r
IMi(X) 200 < IUMUS I Wil2.00] Villoco < Tmax( Xy /-
(57)
T p*r?
IM2(X) 200 < VMaASONIIWs 2,00 [Unllzco < Tmax( Xy [
T p’r?
IM3(Xs) 2,00 < [IWAMs(SONIVll2 00 Unllz 00 < omax(X)y [
In total, the first term in (56) is bounded by
3/2,3/210g3 242 ]og®
_ > r>l<log®n nu?r?log’ n
Py, Py, Py)-(p7'Y — X)) S in(X).
H( v, Py, Py)-(p—"Y *)HF N p/ias pe— TKOmin (X«)

Bounding [Py, M1(X,)|[g.  For the second term in (56), first bound it by

I

1
1Po M) < 5V

Py My(X)My(x)T
| |
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where we use the facts that Py M;(X,) has rank at most 1 and ||AB|| > ||A|/omin(B). For
notation simplicity, we abbreviate

G = Poirdiag(p " Mi(P)M1(Y) 1), and Gy = My (X )M (X,) "

Invoke Lemma 15 together with incoherence conditions (57) as well as

ur
IMUE 200 < [Tsll2e [ M (S (Wi @ V)T || < oman(22)

to conclude with overwhelming probability that

3/203/2, flogn nu2r?logn 3r3log®n nu?r?log’n r
-G < e e osh (T8 R WP 8 R M) g2 (X),
pby/Mina2nsg pningng p ninans pningng n

/2

Under the conditions ny > ¢;" ;u"i’ x? and

pninagng 2 661\/711712713/1,3/27°5/2/€2 log® n + ea2nu2r4/<c4 log® n
for some small constant ey > 0, we have ||G — G, || < €02, (X), which implies that G is positive
semi-definite, and therefore | Py, G|| = o,,+1(G). By the triangle inequality, we obtain
1Py, Gyl < [Py, (G =G|+ |1Pr Gl < |G =Gl +0r,11(G)
<SG =Gl +0r41 (Gy) + |G - G| =2[|G - G,

where the second line follows from Weyl’s inequality and that G, has rank r;. In total, the second
term of (56) is bounded by

2,/?1
< Y - —
”PULMI(X*)HF — O'mln(x*) ”G G*H

< p3/2r2y/logn np2r3logn  pAr72log®n nu2r®?log’n uri’/Q 5
S + +— + + KO min (X ).
by/minang pninang p ninans pnin2ng n1

Completing the proof. The third and fourth terms in (56) can be bounded similarly. In all, we
conclude that

dist(Fy, F.) < (V2 + 1)¥2 Uy, Vi, Wa) - 84 — Xallp < commin(X.):

C.4 Proof of local convergence (Lemma 3)

Define the event £ as the intersection of the events that Lemmas 12 and 14 hold, which happens
with overwhelming probability. The rest of the proof is then performed under the event that £
holds.

Given that dist(Fy, Fy) < €omin(X), the conclusion ||(Uy, Vi, Wy) - Sy — X ||p < 3dist(Fy, F)
follows from the relation (37) in Lemma 10. As in the proof of Theorem 3, we reuse the notations
in (34) and (43). By the definition of dist(F, F}), where F;; is the update before projection, one
has

dist*(Fyp, F2) < [|(Uer Qut — Uo)Zar 7 + 1(Vis Qr2 — Vi) Zia|lf + (Wir Qu3 — W) Zoalf

+ @it @3, @id) - Sis - 8.

2
. (58)
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In the sequel, we shall bound each square on the right hand side of equation (58) separately. After
a long journey of computation, the final result is

dist?(Fry, ) < (1= )% (|AUZaalf + 1AvSaalf + |AwS.slf + | Asl?)

=02 = 50) | Tv + Tv + Twl = n(2 = 5n) (1Dl + IDvIE + |1 Dwl})
+2n(1 — n)C(e + 6 + 6%) dist?(Fy, F,) + n?C(e + 6 + 6°) dist®(F}, F,),  (59)

where C' > 1 is some universal constant, and ¢ is defined as

Inu2r2l [ 304
0:=Cr NPT 08T Cy <p1 log® n + 1/p~1nlog® n) LC’%/{‘O’. (60)
pninang n1n2ng

Under the condition
pranang 2 v/ningnap®*r?k? log® n + npr* s log” n,

J is a sufficiently small constant. As long as n < 2/5 and ¢ is small, one has dist(Fi4, Fy) < (1 —
0.6n) dist(F3, Fy). Finally Lemma 2 implies dist(Fy11, Fy) < dist(Fiy, Fy) < (1 — 0.6n) dist(F, Fy)
and the incoherence condition.

It then boils down to expanding and bounding the four terms in (58). As before, we omit the
control of the terms pertaining to V- and W.
C.4.1 BOUNDING THE TERM RELATED TO U

The first term in (58) is related to

(U Qiq — U)Xy 1 = (U — My (p_lpﬁ(([L V.W)-8-X,))
= (1-nAyZ,.1 — U (U -U,) UUU)'%,
M1 ((p7'"Pa—I)((U,V,W)-8 - X)) UU U) 'S,

Take the squared norm of both sides to reach

|(U+ Q1 — Us) X1

F = H(l —AyE. 1 — U (U -U,) ' UU0)'S,,

:Vn?}’

=pb?
o T 2
0 [ My (7P - DU, V. W) - 5 = 2.) UWTO) 'S |

_.mPs3
_,‘ﬁU

As before, the main term 77 has been handled in the tensor factorization problem in Section B;
see (47) and the bound (45a). Hence we shall focus on the perturbation terms.
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,1

Step 1: bounding ‘B?jl. First, rewrite Y as the inner product in the tensor space:

= ((ArS2,(@TO) LV, W) S, (07 P~ T)(UV, W) -8 - X))

Apply the decomposition

U.V.W)-S-X,=(U,Ay,W)-S+ (U, V,,Ay)-S + (U, V., W,) - S — (U, Vi, W,.) - S,
=U,Ay,W)-§+ (U, V,,Aw) -8+ (U, V., W,) - As + (Ay, V., W,) - S,
(61)

to further expand ‘B%l as

P! = ((Av=2,(0T0) Vo WL) -8, (07 Pa — T) (U, Vi, Wa) - As + (Au, Vi, Wa) - 5.) )

—_.mpb, 1,1
=P

< (AUEEJ([VITIUI)”,AV, W) .S+ <AU23,1(IVITIVI)*1,V*, AW> .S,
+
(™Po—T) (U, Vi, Ws) - S = (U, Vo, W,) - S.) )

::mlz;lﬂ

n <(AU2371(I?T(VJ)_1, v, W) .S, (pPa—T) (U, Ay, W)-8S + (U, V,, Ay) - 5)> .

::&B%’l’s
We shall bound each term in the sequel.

e For the first term ‘B%’l’l, we resort to Lemma 12, which leads to

nu2r?logn NI
P < Oy [ (AR ((UT0) L Ve WL ) -S| (U, Vi W) As + (Au, Vi, W) - Sl

pninagns
Further use (351) to bound that
H (AUEEJ((VJT(VJ)*, v, W*> -sHF - HAUEfjl(IVJ'TfI)_lMl(S)(W* ® v;)THF

< AuS e[S UTO) Mi(S)|
< AuSaar(l—e) 7,

and that

(U, Vi, W) - As|lp < [[UM1(As)|F < (1+€)||AsllF;
Ay, Vi, W) - Sullr < |AuZ, 1]k

Combine the preceding bounds to see

11 np?r?logn [|AuX, 1|
By < Cry P 2)5 ([AZEillr + (1T +e)|AsllF)-
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e For the second term ‘B?]’l’z, our main hammer is Lemma 14, which implies

Py < Cy <p‘110g3n+m> |av=t. @O Mus)||,

(ITM(S) o0 + 1T MUS) .00 ) (IAVIFIW e + [Vallel| Arwlle) [ Vallo.o | W

Use results in Lemma 11, together with the bounds

[AvE.lF _ | [Aw X, 3]lF
A < ! < ; A < iR
H VHF o Umin(z*,Z) o O'min(x*) ” WHF Umin(X*)
Wl < VRIW] < sl +e) IValle = i
T T T
[UMS) oo < 10 M (S € () Vel € 25 [ Wl < /22
ni n2 ns

to arrive at the conclusion that
- / ApyX B r
< Cy <p 1 log3 n+ p—ln]og5 n> H(lU_:)l5”F ((1 — e) QCB + 1) 1/ %O‘max(.)(*)

/ur [ur
——r(1+
< Umin(X*) \[( ) Umln > na2 \y n3
4 (1-e)2Cp+1
=Cy <p_1 log® n + \/p~1nlog® n) pwirt (L= 7C + K
ninaons (1 — 6)

[ArEs1llr (1 + €] )

,1,2
R

e Repeat similar arguments, we can obtain the bound on ‘BI[)]’L3:

5| < Oy <p110g3n+\/p_1nlog5n> |Av=2 ,0TO) T MUS)| ITM(S) 200

| (HAvIElIW e + [[VillellAwllF)

_ ApX C ur
< 11 3 -1 1 5 || v ’ B max X*
<0y (o \fyiniogin ) 19 Eele (0 [ ()
Cgk ur Cprk ur (|| Ay 2llF | Aw X, 3]lF
MR pA AN A St 1 AN A At L
A=V me Ao\ s \omm(y) VIOV %)

3,4 03 3
< Cy [p~tlog®n+/p~inlog’n adll B
ninans (1 — 6)13

[AuZ ]l (T+)|AvE.ollr + [|Aw S 3]lF) -

In total, we have
G < BT B IR < adist® (),
where we recall the definition of § in (60).
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Step 2: bounding ‘BIE)jQ. We begin by rewriting %’2 as

v v

V= (U0 -0)TOUTO) IS, OT0) LV, W) S, (07 P~ T)(UV, W) S - X))

Compared to ‘,Bp’l, the only difference is that the leading term Ay X, 1 in the first argument of the
inner product is replaced by U, (U — U,)'U(U "U)~'%, ;. Note that

HU*(fI —U)TUWUTU) T, \F <|v-u.. "ﬁ(ﬁTU)_lE*,l )F
1+ e+ 3€?
= ﬁ (1AVE.2lF + [[AwZasllF + [[As]lF) -

Omitting the somewhat tedious details, we can go through the same argument as bounding ‘]3?]’1
and arrive at

2.2 1.2
2 npr?lognl+ e+ ze
B < Ony [ S (1 Ay Bl + 8w Sl +14s]6) (180l + (1 + 9 Asle)

3rd (1+e+3€)((1—e)2Cp+1
+Cy <p_1 log®n + \/p~tnlog® n> pirt (Lt et 3e)(l 86) B )/-;
ninang (1—¢)
([AvE. 2l + [AwZasllr + [[Aslle) (1 + e)|AvEcellr + [AwZ.s]lF)
3pd (1 + e+ 1.2V03 .3
+Cy (ptlog®n+1/p~inlog’n pirt (14 et 5e)Cpr
ninong (1—¢)l6

([Ay X,z F+[Asle) (1 + ) lAvEezlr + |[AwZ.s|F)
< o dist?(Fy, F).

F+ [[AwE, s

Step 3: bounding 2]35’3. Use the variational representation of the Frobenius norm to write

VIR = (TS 0T0) LV, W) -8, (7 Pa - T)(U,V,W)-§ - X.))

for some U € Rm*m obeying ”ﬁHF = 1. Repeat the same argument as bounding ‘Bg’l with proper
modifications to yield

2r2logn
P3 < opy [P 8 R B (A 1+6)A
VY < O [PEEEER 1 - 7 (| Al + (149 Asle)
3t (1—€)2Cp+1
Oy (pogPn 4 \fptnlogin ) [T U ER Y L, (4 g ays,,
ninans (1—6)5 ’
_ 3pd C%p3
+ 0y (g ntogtn ) [T B (14 9l ABaale + [AwEaale)

< S dist(F, F,).

F+[AwX, 3

F)

Then take the square of both sides to see

Pr? < 62 dist?(Fy, Fy).
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C.4.2 BOUNDING THE TERM RELATED TO &

The last term of (58) is related to
(Q;}aQ;leQ;?})'St+ _S*
=S (T, (VTV)IIVTL(WTW) W) TP (UL V, W) -8 - X,) - S,
—(1=nAs - (UTOU L (VIV)IVL(WTW)TIWT) (U VW) S, - X,

- ((UTU)*lUT, (Viv)y7tvT, (WTW)*WT) (p7'Pa-T)(U,V,W)-8 - X,).

Expand its squared norm to obtain

-1 -1 -1 2
|@il.Qi @) s -5

- H(1 —)As -7 ((UTU)*UT, Vv v, (WTW)*WT) (U, v, w8, — x|

F

=
—2y(1 =) (As, (UTO) U (VTV) VT WTW) W) (57 P - (U, V. W) - S - X))

UV, W)-S, - X,),
+ 27
((UTU)—lUT, vivy v, (WTW)—le) (p'Po -T)(U,V,W).8S — x*>

+ (@O UT VTV YT T W) e - T, VW) S - &)

-

Recall that the main term B¢ has been controlled in Section B; see (48) and the bound (45d). We
therefore concentrate on the remaining perturbation terms.

Step 1: bounding ‘,Bg’l. Write ‘,Bg’l as
= (UUTU)T L VVTV)TEWWIW) T A, (07 P - T)((U, VW) - S - &) ).

Use the decomposition (61) to further obtain

B
- <(U(UTU)*1, Vi (VTV) L W*(WTW)*) As, (07 Pa — T) (U, Vo, W,) - As + (Ay, Vi, W,) -s*)>

Vv
p,1,1
S

< (U(UTU)‘l,Av(VTV)‘l,W(WTW)‘1> ‘As + <U(UTU)_1,V*(VTV)—l,AW(WTW)—l) ‘Ag,
+
(0P~ 1) (U Ve Wa) - § = (U, Ve, W2) - 5.) )

_.mp:1,2
=PpL
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+ <(U(UTU)—1, vivTv), W(WTW)—1> As, (pYPq — T) (U, Ay, W)-8 + (U, V., Ay) - S)> .

&BpIS

We then bound each term in sequel.

e Regarding the first term ‘,Bp’l’l

we can apply Lemma 12 to see

np?r?logn H(
pninagng

H(U7 V;a W*) : AS + (AUa V;h W*) ‘ S*HF .

P < VTV T W) A

In addition, notice that

R e B
< oo vy, Jov w1
< (1-o)7°lAs]F,

nu2r2logn _
Cry | "5 (10— 7 As e (JAUSaale + (1 + )| As]le)
pninans

e Now we turn to the second term ‘Bp’ 12 , for which Lemma 14 yields

P < Oy <p1 log*n + \/p~'nlog’ n) @ oy M as)|| (ITMUS) 0 + U M(S.) 2.,

(v fwovtwy= + v

which further implies

1.1
B <

Vi V)| aww Ty | ) Vil W

The results in Lemma 11 together with the bounds

Ay, ol
(1 —€)20min(Xs)’

lavvT V)| < gavie[vTv) T < - oA <

F

HW(WTW)_I = \/EHW(WTW)_IH < Vrs(l—e)7h

HAW(WTW)*l < | Aw||F H(WTW)%H < lAwlr(1l—e2 <

VvV | <ivilie [(vTV) | < v - 07

(1 —€)20min(Xy)’

allow us to continue the bound

3rd (1 —€)72 1
<p110gsn+ Vptnlog® n> A A2 OnE LA
n1Nan3 (1—¢)?

(1 =9llavz,, F)

1,2
RUSE
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e A similar strategy bounds %2’1’3 as

p,1,3 —1 3 —1 5 T —1
5 < Oy (5t o n o niog”n ) [T 0) M A IUM S,

[vormvy|, I wovTw A avielW e+ [Vilel Awlle).

Further combine (51¢) and (35d) to see

HV(VTV)”HQ < HVHQOOH vTiv)- H <(1—e) 505, /M k;
,00 n2

< W aoo |[(WTW) 7| < (1= )2 [

[wov 7| "

,O0

These taken collectively with the results in Lemma 11 yield

p,1,3 17,03 1,15 pirt C}k3
B | < Cy |p log”n+1/p~Inlog’n slAslle (1 +O[AvZezlr + [AwZ.s]lF) -
ninaons (1 )

In the end, we conclude that

FE < PG+ 1B+ PSS 9 dist®(F, F),
where we recall the definition of ¢ in (60).
Step 2: bounding ‘J3g2. Write mg’Q as
P = < (U(UTU)_QUT, VVviv)2vT, W(WTW)‘2WT) (U, V,W)-8,. - X,),

(p~Pq — T)((U,V,W)-S — x*)>.

Compared to ‘Bg’l, the only difference is that the quantity Ag in the first argument of the inner
product is replaced by

((UTU)*lUT, VTV v, (WTW)*WT) (U, V,W)-8, — X,),
whose Frobenius norm can be bounded by

H((UTU)—lUT (VTV)—lvT (WTW)—le) (U, V,W)-8, - X,) i

gHU UTu)- H HV vTv)- H HW (WTW)~ H (U, V,W)-S, — X,
1+e+

<7

< )

We can then repeat the same argument as bounding ‘]35’1 to obtain
B2 < o dist?(F, Fy).

For the sake of space, we omit the details.
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Step 3: bounding ‘ng. Use the variational representation of the Frobenius norm to write
VIR = (00 o) v(vTV) L WW T W) )8, (57 P~ T)(U, V. W) - S - X))

for some & € Rm1Xn2xns obeying HS’HF = 1. Repeating the same argument as bounding ﬁg’l with
proper modifications to yield the bound

P? < 62 dist?(Fy, Fy)

then complete the proof.

Appendix D. Proof for Tensor Regression

Before embarking on the proof, we state a useful lemma regarding TRIP (cf. Definition 3).

Lemma 16 ((Han et al., 2020, Lemma E.7)) Suppose that A(-) obeys the 2r-TRIP with a con-
stant o Then for all X1, Xo € R™M*M2XM of multilinear rank at most r, one has

[(A(X1), A(X2)) — (X1, X2)| < dor [ X1 [ X2l
or equivalently,

(A" A= T)(X1), Xa)| < Gor || X1]lF] X2l

D.1 Proof of local convergence (Lemma 4)

Given that dist(Fi, Fy) < €omin(Xy), the conclusion ||(Uy, Vi, Wy) -8 — X,|lg < 3dist(Fy, Fy)
directly follows from the relation (37) in Lemma 10. Hence we will focus on controlling dist(F}, F).

As in the proof of Theorem 3, we reuse the notations in (34) and (43), and the definition of
dist(Fiy1, Fy) to obtain

dist?(Fii1, F.) < [[(U1Qe1 — Ui) S | E

(62)

2 [(Vie1Qr2 — Vi) Zaa|l2 + [|[(Wit1Qr3 — Wi)Ess
2
+ @ @3 Qi) Sea - S|

We shall bound each square in the right hand side of the bound (62) separately. The final result is

dist?(Fyy1, F,) < (1 - n)? (HAUEMHE + | AyEollf + [|Aw S, s

2
2+ 1 As]?)
= (2= 50) | Tv + T + Twl = (2 = 50) (1Dl + 1Dy + | Dwl})

4 2n(1 — 1)C(€ + 2y + 63,.) dist?(Fy, Fy) + 1°C(e + bop + 03,.) dist?(F}, F,),
(63)

where C' > 1 is some universal constant. As long as n < 2/5, and €, dy,. are sufficiently small
constants, one reaches the desired conclusion dist(Fiy1, Fy) < (1 — 0.6n) dist(Fy, Fy).

In the following subsections, we provide bounds on the four terms in the right hand side of
(62). In a nutshell, the bounds that are sought after are reminiscent of those established in (45),
with additional perturbation terms introduced due to incomplete measurements, manifested via
the TRIP parameter do,.. Once established, the claimed bound (63) easily follows. In light of the

symmetry among U, V', and W, we omit the control of the terms pertaining to V' and W.
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D.1.1 BOUNDING THE TERM PERTAINING TO U
The first term in (62) is given by
(Ups1Qu1 —U)E, 1 = (U — My (AA(U,V,W)-S-Xx,)UUU)" - U*)z*l
= (1-n)AyZ,, — U U -U)"UUU) %, ,
— My (AA-T)((U,V,W).8§-X,)UUU)'%,,,

where we separate the population term from the perturbation term. Take the squared norm of both
sides to see

o o N o 2
|(U1Qu1 = UDBeaf = (1= ) AuE.s — U0 = U) OO TO) '8, |
=

— (1 — ) <AU2*,1, M (AA—T) (U, V,W)-8 — X)) I?((?T(?)_12*71>

_.mb,1
=Ry

+ 212 <U*(ff _U)TUWOTU) S, My (A A-T)(U,V,W)-S — X,)) ff(l“ﬂt“])—lz*Q

e
o Ty 2
0 My (A= DO,V W) 8 - X)) OO T0) 8|

—.mP;3
=Ry

The main term R}} has been handled in Section B; see (47) and the bound (45a). In the sequel, we
shall bound the three perturbation terms.

Step 1: bounding DQI(’]’I. Use the definition of ﬁ, we can translate the inner product in the
matrix space to that in the tensor space

RP! = <(AU2371(U'TU')*1, v, W) S,(AA-T)((U,V,W)-S — x*)>

_ <(AU231(1?T1?)—1 v, W) S (AA-D)(U.V,W)-As))

+{(avs? ( VW) S, (A A= T)(Au, V. W)-S.))
+{(avr=2,@ VW), (A A-T)(U., Ay, W) S,) )
+ (A2, 0TO) VW) - S (A A= T)(Un, Vi Aw) - 5.) )
where the second relation uses the decomposition (40). Apply Lemma 16 to each of the four terms
to obtain
RV < 6y (Ayzil(ﬁﬁ)—l,v,w) -SHF

(IO, V., W) - As)lg + (A, V, W) - S))llg + [(Us, Ay, W) - S))lg + [(Us, Vi, Aw) - S4)lg) -
For the prefactor, we have

l(ast. 070w w) o] = st oo o],
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< IAUS.ale [O@TO) S
< [AuZaallr(l €)%,

|

where the last step arises from Lemma 10. In addition, the same argument as in (36a) yields

U, V. W)-As)llg + [(Av, V. W) - Si)lle + [[(Us, Ay, W) - S le + [|[(Us, Vi, Aw) - Sl

3 1
<+ get e+ 1) (1AvSalle + |AvE. e + [ AwSaslle + [ Aslle) -

Take the previous two bounds collectively to arrive at
1+3e+ e+ 368

(1—¢)?
< 8oy dist?(Fy, FY),

IRy pi1] < b2 |AyX, 1

FlAuZEaillr + [AvEe2llr + [[AwZEsllF + | As|F)

with the proviso that e is small enough.

Step 2: bounding 9%%2. Rewrite the inner product in the tensor space to see
2 = (U0 -0) OO0, 00V, W) -8, (A A-T)(UV,W)-§ - X.)).
Similar to the control of 9%‘1’]’1, we have

2
Ry

S 527'

U,(U — t“J*)Tt?(t?Tz?)—lzil(tﬁf])—ltﬁHF

(14 St @ 1) (18rBall + |AvEaale + [ AwS. sl + | Asle).
For the prefactor, we can use (35f) and (36¢) to obtain
|v.@ - vy To@ o), @0 T 0T <10 - Ol [T@T o) s, (2
< L AvSale + 1 AwSasll + 1S

which further implies

(I+3e++13)(1+e+ie?)
(1—¢)°
(I[AUZc 1l + [AvEe2lle + [AwE.sllF + [[As|lF)
< gy dist?(Fy, FY),

IRD| < Goy

(IAVE.2llF + [Aw . 3]lF + |AsllF)

as long as e is sufficiently small.

Step 3: bounding 9%%3. The last perturbation term needs special care. We first use the varia-
tional representation of the Frobenius norm to write

Vo = (2,070 V. W) -5, (L A-T(U.V.W)-§ - X))
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for some U € R™*" obeying |U||f = 1. Repeat the same argument as used in controlling 9‘{%’1 to
see

e g 3 1
R < by |US 1 (UTT) 1UTHF (L4 Se+ e+ 2 (1ArZaille + [|AvSaslle + [AwD.slle + [|Asllr)

1+3e+e+ 368

- (1-¢)?

where the last line uses the bound (35f) in Lemma 10. Then take the square on both sides to
conclude

(I[AUZc1llF + [AvEa2llr + [[AwZssllF + [[As]lF) ,

(1+3e+e2+1e3)?
(1—¢)®
< 05, dist*(F;, F,)

Ry < 6, (AU illF + AV allr + | AwSes]e + [As]F)?

as long as ¢ is sufficiently small.

D.1.2 BOUNDING THE TERM PERTAINING TO S

The last term of (62) can be rewritten as
(Qi1,Q3.Q13) Sty1— S
—s-n(UTU) U (VTIV)VTL(WTW)TIWT ) AUV, W) - S - X,) - S,
= (1-n)As—1 ((UTU>—1UT, (Viv)"vr, <WTW>—1WT) (U, V,W)-8, - X,)
—n (UTO) U, VTV VT (WTW)TIWT) (LA - T)(U,V, W) - S - X,
which further gives
—1 —1 —1 2

|@item e - s - 8|

- H(1 —)As -7 ((UTU)*UT, Vv vT, (WTW)*WT) (U, V,W)-8, — X,)

2

F

—-Rm
=R

— (1 —7) <A5, ((UTU)*UT, Vv vT, (WTW)*WT) (A A-T)(U,V,W)-S — x*)>

_.pPsl
__9{8

. (0T o TV YT W W) W) (U V. W) -, - ),
n

((UTU)—lUT, Vv vT, (WTW)—le) (AA-T)((U,V,W)-S - X*)>

~
_.pP:2
=Rg

2| (T U TV YT W W) W) (4 A - (U V. W) -8 - )|

-

—_.prP:3
=R

Note that the main term 2§ has already been characterized in Section B; see (48) and the
bound (45d). Therefore we concentrate on the remaining perturbation terms.
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Step 1: bounding i)‘igl. Use the property (6d) to write i)“igl as
AL = <(U(UTU)—1, vivTv) W(WTW)—l) As,(AA-T)((U,V,W)-S — x*)> :
We can use the decomposition (40) and Lemma 16 to derive

,1
9%

< 527‘

<U(UTU)*1 V(VTV)*l,W(WTW)“) ‘ASHF

(HSHE +76)( ).
In addition, Lemma 10 tells us that
|[(vwTo)y  vvTv) L wwTw) ) A
< lvwTo)y || |[vvTvyt| [wov Tw) | asle < (- 7 Asle.
Combine the above two bounds to reach
1+ 6 + e+ 4e

(1 —¢)?
< 0y dist?(Fy, Fy)

IRR] < 6y |As]lF (|ATS,,

)

as long as € is a sufficiently small constant.

Step 2: bounding D‘ig’Q. Similarly, we can bound %2’2 by

|mg’2| S 521'

(U(UTU)—2UT, vVIVTV)2yT, W(WTW)_QWT) (U v.w)-s. - x|

3 1
I+ get € + 163) ArZEillr + [[AvZEallr + [AwZ.sllF + [[As]F)

(I+e+ieH)(1+3e++16)
(1—¢)8
(I[AUZ1llF + [AvEe2llr + [AwE.sllF + [[As|lF)
< 8, dist?(Fy, F,).

S 527‘

(AvZEsillr + [[AvZEsallr + [Aw S slF)

Step 3: bounding iﬁg’?’. Apply the variational representation of the Frobenius norm to write
2 = (VWO L VTV L WW W) )-8 (A A-T)((U,V,W)-S - X.))
for some 8 € R"*"2%73 gbeying ||S||f = 1. Repeat the same argument as in bounding 9{?]’3 to see

%273 < (521‘

(U(UTU)—l,V(VTV) W(WTW)~ )s”

3 1
(1+§6+6 + € N (AUSaalle + [AvEc2lF + |[AwSaslF + |AsF)

1+%e+e2+ie3
(1—¢)?

Then take the square on both sides to conclude

S 527’

(lAvZarlle + [[AvZEcalle + [[Aw B sllr + [[AsllF) -

(1+ %e +e2 4+ %63)2
(1—¢)°
< 03, dist?(Fy, Fy).

N2* < 63, (1AUZarllF + | AvEc2lle + [|Aw S slle + | Aslle)?
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D.2 Proof of spectral initialization (Lemma 5)

In view of Lemma 8, we can relate dist(Fy, Fy) to ||(Uy, Vo, Wy) - Sg — X ||F as
dist(Fp, ) < (V2 4 1)3/2||(Uo, Vo, Wo) - So — Xl -

To proceed, we need to control ||(Uy, Vo, W) - So — X||g, where (Uy, Vo, Wy) - Sp is the output
of HOSVD. Similar results have been established in Luo and Zhang (2021); Han et al. (2020);
Zhang et al. (2020a), which involve sophisticated subspace perturbation bounds. For conciseness
and completeness, we provide an alternative proof directly tackling the distance.

Define Py := U()UOT as the projection matrix onto the column space of Uy, Py, = I, — Py as
the projection onto its orthogonal complement, and define Py, Py, , Py, Py, analogously. Similar
o (56), we have the decomposition

(U0, Vo, Wa) - So — X, |7
< (P, Py, Piy) (Y = X7 + [ Pu, Mi(X)IIE + | Py, M2(X0)I + [P M (X7
(64)
Below we bound the terms on the right hand side of (64) in order.

Bounding ||(Py, Py, Py) (Y — X,)|lg. For the first term in the upper bound (64), apply the
variational representation of the Frobenius norm to write

[Py, P, Pr) (9 = X g = (P, Py, Pu) (¥ = X,),T) = (A" A=) X, (Py, Py, Pi) - T ).

for some T~ € R *naxns obeying H’ﬂ!F = 1, where the last equality follows from (6d). Under the
Gaussian design, we know from (Rauhut et al., 2017, Theorem 2) that A(-) obeys 2r-TRIP with a

nr+r3

constant dop =< . Therefore we can apply Lemma 16 to obtain

(P, Py, Py) «(¥ — X.)|lg < 620 | X|l|| (P, Py, Pw) '7'HF < Oor || Xk [|F

nr 4 r3 Inr?2 4+ ré
S HX ”F < m /io'min(x*)-

Bounding [Py, M(X,)|[g.  For the second term in (64), first bound it by

1P, My < -

min

Py, My(X )OMi(X,) T
| |

)

where we use the facts that Py, M;(X,) has rank at most 1 and |AB|| > ||A|/0min(B). For
notation simplicity, we abbreviate

G = ./\/ll(A*(y))/\/ll(.A*(y))—r — ”,‘Uny%(ngng —r1)I,,, and G, := Ml(X*)Ml(X*)T.

We claim for the moment that with overwhelming probability that

/ninong + nlogn nlogn
IG -G s ¥ 121 + ) o X i (X.), (65)

whose proof is deferred to Appendix D.2.1. Under the sample size condition

m 2 € L minangr®?k? + e 2 (nr?ktlogn + rik?)
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for some small constant €y, we have ||G — Gy|| < ego?,,(X), which implies that G is positive

semi-definite. Therefore, the top-r; eigenvectors of G coincide with Uy, the top-ri left singular
vectors of M1(A*(y)), which implies | Py, G|| = 0y,+1(G). By the triangle inequality, we obtain
[Py, G|l < ||Pu, (G = GOl + [Py, G| < |G = Gl + 0r,11(G)
<G = Gil + 0r41(G) + |G = Gi|| =2[|G — G.]],

where the second line follows from Weyl’s inequality and that G, has rank ry. In total, the second
term of (64) is bounded by

2,/r ninang 4 nlogn)r3/? nr?logn
1P, MiE ] < G - Gl £ <(V T Enlos T frrROR R g ().

Jmin(x*) m

Completing the proof. The third and fourth terms of (64) can be bounded similarly. In all, we
conclude that

dist(Fy, Fy) < (V2 + 1)%2 ||(Uy, Vo, Wo) - So — Xollg < €00min(Xy)

under the assumed sample size.

D.2.1 PROOF OF (65)

We start with stating a few useful concentration inequalities.

Lemma 17 Suppose that A; € R™*"2 has i.i.d. N(0,1/m) entries, and y; = (A;, X) for a fized
X € RmXm2 =1, ... ,m. Further suppose that B € R"*"2 has i.i.d. N'(0,02) entries. Then there
exists a universal constant C > 0 such that for any t > 0, the following concentration inequalities

hold:

1. Gaussian ensemble (Zhang et al., 2020a, Lemma 4):

S — (/1 t 1 ¢
IP’(HZyzAi—XH > Ol X e v Tz (\/ og(nitng) +t  log(ni +ng) + )) < exp(—1).
=1

m m
(66)
2. Chi-square upper tail (Laurent and Massart, 2000, Lemma 1):
m 4+ 2vmt + 2t
P (Il > X2 < onp-) (67)

3. Gaussian covariance (Cai et al., 20200, Theorem 5):
P <HBBT - E[BBT]H > Co? ((\/nl + /na + /log(ny Ang) + V)2 — n2>> < exp(—t). (68)

We now proceed to prove (65). In what follows, we take ¢t < logn, and assume m 2 logn to
keep only the dominant terms when invoking the concentration inequalities in Lemma 17.

Let M1 (X,) = U,Z, 1R/ be its rank-r; SVD, with R, € R"2"*™ containing right singular
vectors. Denote R, as the orthogonal complement of R,. We have the following decomposition

M (A (y)) Mi(A*(y)) T = Mi(A*(y)) R R My (A*(y)) T + Mi(A*(y)) Rt R M (A (y)) T
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By the triangle inequality, we bound
|G = Gul| < | Mi(A (1) RARI M (A ()T = Mi(X) M (X.)T

+ HMl(A*(y))RuRLMl(A*(y))T - Hyﬁ‘lb(mns —r1) 1y,

=2z
< ”MI(A*(?J))R* - U*Z*,IHQ +2 HMI(A*(?J))R* - U*E*,l” UmaX<X*) + 2Aa. (69)

=(2A1)2 =2

Here, the second line follows by applying the triangle inequality to the relation
M (A*(y)) R R My (A*(y)) T = My(X )M (X)) = Mi(A*(y)) ReR, My (A*(y)) " — U.Z2,U,]
= Mi(A"(y)) R — U,y 1) (M1 (A" (y)) Ry — U*E*,l)T + U Byt (M1 (A" (y)) Ry — U*E*,l)T
+ (ML ()R, — UZ, ) (U,Zn)
We proceed to bound the terms in (69) separately.

e For the first term 21, we can expand
Mi(A*(Y)Re =Y yiMi(A)R,,
i=1

where M1 (A;)R, € R"*" has i.i.d. N(0,1/m) entries, and
yi = (Mi(A) R, UsZi1) ~ N0, | X[ /m).
Apply inequality (66) in Lemma 17 to obtain with overwhelming probability that

nlogn

™A = S [ (70)

m

> yiMi(A)R, — U, S,
i=1

e Regarding the second term 2y, one has
My(A*(y)) Rt = > yiMi(A) R,y
i=1

By construction, y; is independent of M1 (A;) R, . Therefore, conditioned on y, M1 (A*(y))R., €
R7%(n273=71) 5 a random matrix with i.i.d. A0, ||y||3/m) entries. We can apply inequality (68)
in Lemma 17 to obtain with overwhelming probability that

2
Ay S Hﬂz ((\/7714- Vnang —r1 + C\/@)2 — (nanz — rl))
2
< llylz (\/WJrn\/@) .

~om
Inequality (67) in Lemma 17 tells that [ly[|3 < [|X.||2 with overwhelming probability, which
implies

I
oLy < YIS TIVIOS T b (71)
m

Finally, plug the bounds (70) and (71) into (69) to conclude
G- G| < Vninans + nlogn”x*
~ m

||l2: n nlogn

12 [ Forma (X2,

m
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