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Abstract

We consider two problems that arise in machine learning applications: the problem of
recovering a planted sparse vector in a random linear subspace and the problem of decomposing
a random low-rank overcomplete 3-tensor. For both problems, the best known guarantees
are based on the sum-of-squares method. We develop new algorithms inspired by analyses
of the sum-of-squares method. Our algorithms achieve the same or similar guarantees as
sum-of-squares for these problems but the running time is significantly faster.

For the planted sparse vector problem, we give an algorithm with running time nearly linear
in the input size that approximately recovers a planted sparse vector with up to constant relative
sparsity in a random subspace of R" of dimension up to Q(+/n). These recovery guarantees
match the best known ones of Barak, Kelner, and Steurer (STOC 2014) up to logarithmic factors.

For tensor decomposition, we give an algorithm with running time close to linear in the input
size (with exponent = 1.125) that approximately recovers a component of a random 3-tensor
over R" of rank up to Q(n*/3). The best previous algorithm for this problem due to Ge and Ma
(RANDOM 2015) works up to rank Q(n%/2) but requires quasipolynomial time.
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1 Introduction

The sum-of-squares (50S) method (also known as the Lasserre hierarchy) [Sho87, Par00, Nes00,
Las01] is a powerful, semidefinite-programming based meta-algorithm that applies to a wide-range
of optimization problems. The method has been studied extensively for moderate-size polynomial
optimization problems that arise for example in control theory and in the context of approximation
algorithms for combinatorial optimization problems, especially constraint satisfaction and graph
partitioning (see e.g. the survey [BS14]). For the latter, the SoS method captures and generalizes the
best known approximation algorithms based on linear programming (LP), semidefinite program-
ming (SDP), or spectral methods, and it is in many cases the most promising approach to obtain
algorithms with better guarantees—especially in the context of Khot’s Unique Games Conjecture
[BBH"12].

A sequence of recent works applies the sum-of-squares method to basic problems that arise in
unsupervised machine learning: in particular, recovering sparse vectors in linear subspaces and
decomposing tensors in a robust way [BKS14, BKS15, HSS15, BM15, GM15]. For a wide range of
parameters of these problems, SoS achieves significantly stronger guarantees than other methods,
in polynomial or quasi-polynomial time.

Like other LP and SDP hierarchies, the sum-of-squares method comes with a degree parameter
d € N that allows for trading off running time and solution quality. This trade-off is appealing
because for applications the additional utility of better solutions could vastly outweigh additional
computational costs. Unfortunately, the computational cost grows rather steeply in terms of the
parameter d: the running time is 7°® where 7 is the number of variables (usually comparable to
the instance size). Further, even when the SDP has size polynomial in the input (when d = O(1)),
solving the underlying semidefinite programs is prohibitively slow for large instances.

In this work, we introduce spectral algorithms for planted sparse vector, tensor decomposition,
and tensor principal components analysis (PCA) that exploit the same high-degree information as
the corresponding sum-of-squares algorithms without relying on semidefinite programming, and
achieve the same (or close to the same) guarantees. The resulting algorithms are quite simple (a
couple of lines of maTLAB code) and have considerably faster running times—quasi-linear or close to
linear in the input size.

A surprising implication of our work is that for some problems, spectral algorithms can exploit
information from larger values of the parameter d without spending time n°@. For example, our
algorithm for the planted sparse vector problem runs in nearly-linear time in the input size, even
though it uses properties that the sum-of-squares method can only use for degree parameter d > 4.
(In particular, the guarantees that the algorithm achieves are strictly stronger than the guarantees
that SoS achieves for values of d < 4.)

The initial successes of SoS in the machine learning setting gave hope that techniques developed
in the theory of approximation algorithms, specifically the techniques of hierarchies of convex
relaxations and rounding convex relaxations, could broadly impact the practice of machine learning.
This hope was dampened by the fact that in general, algorithms that rely on solving large semidefinite
programs are too slow to be practical for the large-scale problems that arise in machine learning.
Our work brings this hope back into focus by demonstrating for the first time that with some care
SoS algorithms can be made practical for large-scale problems.



In the following subsections we describe each of the problems that we consider, the prior
best-known guarantee via the SoS hierarchy, and our results.

1.1 Planted sparse vector in random linear subspace

The problem of finding a sparse vector planted in a random linear subspace was introduced by
Spielman, Wang, and Wright as a way of learning sparse dictionaries [SWW12]. Subsequent works
have found further applications and begun studying the problem in its own right [DH14, BKS14,
QSW14]. In this problem, we are given a basis for a d-dimensional linear subspace of R" that is
random except for one planted sparse direction, and the goal is to recover this sparse direction.
The computational challenge is to solve this problem even when the planted vector is only mildly
sparse (a constant fraction of non-zero coordinates) and the subspace dimension is large compared
to the ambient dimension (d > n®@®).

Several kinds of algorithms have been proposed for this problem based on linear programming
(LP), basic semidefinite programming (SDP), sum-of-squares, and non-convex gradient descent
(alternating directions method).

An inherent limitation of simpler convex methods (LP and basic SDP) [SWW12, dGJL04] is that
they require the relative sparsity of the planted vector to be polynomial in the subspace dimension
(less than 1/Vd non-zero coordinates).

Sum-of-squares and non-convex methods do not share this limitation. They can recover
planted vectors with constant relative sparsity even if the subspace has polynomial dimension
(up to dimension O(n'/?) for sum-of-squares [BKS14] and up to O(n'/#) for non-convex methods
[QSW14]).

We state the problem formally:

Problem 1.1 (Planted sparse vector problem with ambient dimension n € IN, subspace dimension
d < n, sparsity ¢ > 0, and accuracy 1 > 0). Given an arbitrary orthogonal basis of a subspace
spanned by vectors vg, v1, ..., v4-1 € R", where vy is a vector with at most e7 non-zero entries and
v1,...,04-1 are vectors sampled independently at random from the standard Gaussian distribution
on R", output a unit vector v € R" that has correlation (v, vo)? > 1 — 1 with the sparse vector vy.

Our Results. Our algorithm runs in nearly linear time in the input size, and matches the best-
known guarantees up to a polylogarithmic factor in the subspace dimension [BKS14].

Theorem 1.2 (Planted sparse vector in nearly-linear time). There exists an algorithm that, for every
sparsity ¢ > 0, ambient dimension n, and subspace dimension d with d < \n/(log n)°Y, solves the planted
sparse vector problem with high probability for some accuracy 1 < O(eV/*) + 0,,00(1). The running time of
the algorithm is O(nd).

We give a technical overview of the proof in Section 2, and a full proof in Section 4.

Previous work also showed how to recover the planted sparse vector exactly. The task of going
from an approximate solution to an exact one is a special case of standard compressed sensing (see
e.g. [BKS14]).



Table 1: Comparison of algorithms for the planted sparse vector problem with ambient dimension 7, subspace dimension
d, and relative sparsity ¢.

Reference Technique Runtime | Largest d | Largest ¢

Demanet, Hand [DH14] linear programming poly any Q(1/Vd)
Barak, Kelner, Steurer [BKS14] SoS, general SDP poly Q(«/n) Q1)
Qu, Sun, Wright [QSW14] alternating minimization On2d® | Qn'/*) Q(1)
this work SoS, partial traces O(nd) Q(\n) Q(1)

1.2 Overcomplete tensor decomposition

Tensors naturally represent multilinear relationships in data. Algorithms for tensor decompositions
have long been studied as a tool for data analysis across a wide-range of disciplines (see the
early work of Harshman [Har70] and the survey [KB09]). While the problem is NP-hard in the
worst-case [Has90, HL13], algorithms for special cases of tensor decomposition have recently
led to new provable algorithmic results for several unsupervised learning problems [AGH"14,
BCMV14, GVX14, AGHK14] including independent component analysis, learning mixtures of
Gaussians [GHK15], Latent Dirichlet topic modeling [AFH"15] and dictionary learning [BKS15].
Some previous learning algorithms can also be reinterpreted in terms of tensor decomposition
[Cha%96, MR06, NR09].

A key algorithmic challenge for tensor decompositions is overcompleteness, when the number
of components is larger than their dimension (i.e., the components are linearly dependent). Most
algorithms that work in this regime require tensors of order 4 or higher [LCC07, BCMV14]. For
example, the FOOBI algorithm of [LCC07] can recover up to Q(d?) components given an order-4
tensor in dimension d under mild algebraic independence assumptions for the components—
satisfied with high probability by random components. For overcomplete 3-tensors, which arise in
many applications of tensor decompositions, such a result remains elusive.

Researchers have therefore turned to investigate average-case versions of the problem, when the
components of the overcomplete 3-tensor are random: Given a 3-tensor T € R% of the form

n
T:Zai@)ai@ai,
i=1

where a1, ...,a, are random unit or Gaussian vectors, the goal is to approximately recover the
components ay,...,ay,.

Algorithms based on tensor power iteration—a gradient-descent approach for tensor
decomposition—solve this problem in polynomial time when n < C - d for any constant C > 1 (the
running time is exponential in C) [AG]J15]. Tensor power iteration also admits local convergence
analyses for up to n < Q(d'°) components [AG]15, AGJ14]. Unfortunately, these analyses do not
give polynomial-time algorithms because it is not known how to efficiently obtain the kind of
initializations assumed by the analyses.

Recently, Ge and Ma [GM15] were able to show that a tensor-decomposition algorithm [BKS15]
based on sum-of-squares solves the above problem for n < Q(d'5)in quasi-polynomial time nOlogn),
The key ingredient of their elegant analysis is a subtle spectral concentration bound for a partic-
ular degree-4 matrix-valued polynomial associated with the decomposition problem of random



Table 2: Comparison of decomposition algorithms for overcomplete 3-tensors with n components in dimension d.

Reference Technique Runtime | Largest n | Components
Anandkumar et al. [AG]J15]?| tensor power iteration poly C-d incoherent
Ge, Ma [GM15] SoS, general SDP nOlogn) Q(d%?) N(0, % Id,)
this workP SoS, partial traces O(nd™@) | Q(d*3) N(O, % Idy)

@ The analysis shows that for every constant C > 1, the running time is polynomial for n < C - d components,
assuming that the components also satisfy other random-like properties besides incoherence.
b Here, @ < 2.3729 is the constant so that d x d matrices can be multiplied in O(d®) arithmetic operations.

overcomplete 3-tensors.

We state the problem formally:

Problem 1.3 (Random tensor decomposition with dimension d, rank n, and accuracy 7). Let
ai,...,a, € R? be independently sampled vectors from the Gaussian distribution N(0, § Id4), and
let T € (R¥)®3 be the 3-tensor T = 3", a3,

i=1"%{

Single component: Given T sampled as above, find a unit vector b that has correlation
max;{a;, b) > 1 — n with one of the vectors a;.

All components: Given T sampled as above, find a set of unit vectors {b1, ..., b, } such
that (a;, b;) > 1 —n for every i € [n].

Our Results. We give the first polynomial-time algorithm for decomposing random overcomplete
3-tensors with up to w(d) components. Our algorithms works as long as the number of components
satisfies n < Q(d*/?), which comes close to the bound Q(d'!?®) achieved by the aforementioned
quasi-polynomial algorithm of Ge and Ma. For the single-component version of the problem, our
algorithm runs in time close to linear in the input size.

Theorem 1.4 (Fast random tensor decomposition). There exist randomized algorithms that, for every
dimension d and rank n with d < n < d*3/(logn)°W, solve the random tensor decomposition problem
with probability 1 — o(1) for some accuracy n < O(n®/d*)V/2. The running time for the single-component
version of the problem is O(d'*®), where d® < d>3?7° is the time to multiply two d-by-d matrices. The
running time for the all-components version of the problem is O(n - d'*®).

We give a technical overview of the proof in Section 2, and a full proof in Section 5.

We remark that the above algorithm only requires access to the input tensor with some fixed
inverse polynomial accuracy because each of its four steps amplifies errors by at most a polynomial
factor (see Algorithm 5.17). In this sense, the algorithm is robust.

1.3 Tensor principal component analysis

The problem of tensor principal component analysis is similar to the tensor decomposition problem.
However, here the focus is not on the number of components in the tensor, but about recovery
in the presence of a large amount of random noise. We are given as input a tensor 7 - v®° + A,
where v € R" is a unit vector and the entries of A are chosen iid from N(0, 1). This spiked tensor
model was introduced by Montanari and Richard [RM14], who also obtained the first algorithms to

4



Table 3: Comparison of algorithms for principal component analysis of 3-tensors in dimension d and with signal-to-noise
ratio 7.

Reference Technique Runtime | Smallest t
Montanari, Richard [RM14] spectral O(d®) n
Hopkins, Shi, Steurer [HS515] SoS, spectral O(d®) O(n3/%)
this work SoS, partial traces |  O(d?) O(n3/*)

solve the model with provable statistical guarantees. The spiked tensor model was subsequently
addressed by a subset of the present authors [FHS515], who applied the SoS approach to improve
the signal-to-noise ratio required for recovery from odd-order tensors.

We state the problem formally:

Problem 1.5 (Tensor principal components analysis with signal-to-noise ratio T and accuracy 7).
Let T € (R?)®3 be a tensor so that T = 7 - v® + A, where A is a tensor with independent standard
gaussian entries and v € R? is a unit vector. Given T, recover a unit vector v’ € R? such that
v, v)y>1-n.

Our results. For this problem, our improvements over the previous results are more modest—we
achieve signal-to-noise guarantees matching [HHSS15], but with an algorithm that runs in linear time
rather than near-linear time (time O(d?) rather than O(d® polylog d), for an input of size d°).

Theorem 1.6 (Tensor principal component analysis in linear time). There is an algorithm which solves
the tensor principal component analysis problem with accuracy n > 0 whenever the signal-to-noise ratio
satisfies T > O(n®* - n~1 -log'/? n). Furthermore, the algorithm runs in time O(d®).

Though for tensor PCA our improvement over previous work is modest, we include the results
here as this problem is a pedagogically poignant illustration of our techniques. We give a technical
overview of the proof in Section 2, and a full proof in Section 6.

1.4 Related work

Foremost, this work builds upon the SoS algorithms of [BKS14, BKS15, GM15, HSS15]. In each of
these previous works, a machine learning decision problem is solved using an SDP relaxation for
SoS. In these works, the SDP value is large in the YEs case and small in the No case, and the SDP
value can be bounded using the spectrum of a specific matrix. This was implicit in [BKS14, BKS15],
and in [HSS15] it was used to obtain a fast algorithm as well. In our work, we design spectral
algorithms which use smaller matrices, inspired by the SoS certificates in previous works, to solve
these machine-learning problems much faster, with almost matching guarantees.

A key idea in our work is that given a large matrix with information encoded in the matrix’s
spectral gap, one can often efficiently “compress” the matrix to a much smaller one without losing
that information. This is particularly true for problems with planted solutions. In this way, we are
able to improve running time by replacing an 1n°“-sized SDP with an eigenvector computation for

an n* x n* matrix, for some k < d.



The idea of speeding up LP and SDP hierarchies for specific problems has been investigated in a
series of previous works [dIVKO07, BRS11, GS12], which shows that with respect to local analyses of
the sum-of-squares algorithm it is sometimes possible to improve the running time from n°@ to
20W@) . 00 However, the scopes and strategies of these works are completely different from ours.
First, the notion of local analysis from these works does not apply to the problems considered here.
Second, these works employ the ellipsoid method with a separation oracle inspired by rounding
algorithms, whereas we reduce the problem to an ordinary eigenvector computation.

It would also be interesting to see if our methods can be used to speed up some of the other
recent successful applications of SoS to machine-learning type problems, such as [BM15], or the
application of [BKS14] to tensor decomposition with components that are well-separated (rather
than random). Finally, we would be remiss not to mention that SoS lower bounds exist for several of
these problems, specifically for tensor principal components analysis, tensor prediction, and sparse
PCA [HSS15, BM15, MW15]. The lower bounds in the SoS framework are a good indication that we
cannot expect spectral algorithms achieving better guarantees.

2 Techniques

Sum-of-squares method (for polynomial optimization over the sphere). The problems we
consider are connected to optimization problems of the following form: Given a homogeneous
n-variate real polynomial f of constant degree, find a unit vector x € R" so as to maximize f(x).
The sum-of-squares method allows us to efficiently compute upper bounds on the maximum value
of such a polynomial f over the unit sphere.

For the case that k = deg(f) is even, the most basic upper bound of this kind is the largest
eigenvalue of a matrix representation of f. A matrix representation of a polynomial f is a symmetric
matrix M with rows and columns indexed by monomials of degree k/2 so that f(x) can be written
as the quadratic form f(x) = (x®/2, Mx®*/2), where x®*/2 is the k/2-fold tensor power of x. The
largest eigenvalue of a matrix representation M is an upper bound on the value of f(x) over all unit
vectors x € R" because

F(x) = (2, Mx®*2) < Aa(M) - 1325212 = Aax(M) .

The sum-of-squares methods improves on this basic spectral bound systematically by associating
a large family of polynomials (potentially of degree higher than deg( f)) with the input polynomial
f and computing the best possible spectral bound within this family of polynomials. Concretely,
the sum-of-squares method with degree parameter d applied to a polynomial f with deg(f) < d
considers the affine subspace of polynomials {f + (1 — ||x|I3) - g | deg(g) < d —2} € R[x] and
minimizes Amax(M) among all matrix representations ' M of polynomials in this space.? The

! Earlier we defined matrix representations only for homogeneous polynomials of even degree. In general, a matrix
representation of a polynomial g is a symmetric matrix M with rows and columns indexed by monomials of degree at
most £ = deg(g)/2 such that g(x) = (x®<{, Mx®<l) (as a polynomial identity), where x®<{ = (x®0,x®1 . x®()/y/¢ +1
is the vector of all monomials of degree at most £. Note that [[x®<f|| =1 for all x with ||x|| = 1.

2 The name of the method stems from the fact that this last step is equivalent to finding the minimum number A such
that the space contains a polynomial of the form A — (g% +oe gtz), where g1, ..., g+ are polynomials of degree at most
dj2.



problem of searching through this affine linear space of polynomials and their matrix representations
and finding the one of smallest maximum eigenvalue can be solved using semidefinite programming.

Our approach for faster algorithms based on SoS algorithms is to construct specific matrices
(polynomials) in this affine linear space, then compute their top eigenvectors. By designing our
matrices carefully, we ensure that our algorithms have access to the same higher degree information
that the sum-of-squares algorithm can access, and this information affords an advantage over the
basic spectral methods for these problems. At the same time, our algorithms avoid searching
for the best polynomial and matrix representation, which gives us faster running times since we
avoid semidefinite programming. This approach is well suited to average-case problems where we
avoid the problem of adversarial choice of input; in particular it is applicable to machine learning
problems where noise and inputs are assumed to be random.

Compressing matrices with partial traces. A serious limitation of the above approach is that the
representation of a degree-d, n-variate polynomial requires size roughly n?. Hence, even avoiding
the use of semidefinite programming, improving upon running time O(n“) requires additional
ideas.

In each of the problems that we consider, we have a large matrix (suggested by a SoS algorithm)
with a “signal” planted in some amount of “noise”. We show that in some situations, this large
matrix can be compressed significantly without loss in the signal by applying partial trace operations.
In these situations, the partial trace yields a smaller matrix with the same signal-to-noise ratio as the
large matrix suggested by the SoS algorithm, even in situations when lower degree sum-of-squares
approaches are known to fail (as for the planted sparse vector and tensor PCA problems).3

The partial trace Trga: R***d* _, R4%d ig the linear operator that satisfies Trre A® B = (TrA) - B
for all A, B € R™“. To see how the partial trace can be used to compress large matrices to smaller
ones with little loss, consider the following problem: Given a matrix M € R4 of the form
M=17-(v®0v)(v®v)T + A ® B for some unit vector v € R? and matrices A, B € R?“, we wish to
recover the vector v. (This is a simplified version of the planted problems that we consider in this
paper, where 7 - (v ® v)(v ® v) T is the signal and A ® B plays the role of noise.)

It is straightforward to see that the matrix A ® B has spectral norm ||[A ® B|| = ||A|| - || B]|, and so
when 7 > ||A[||B]|, the matrix M has a noticeable spectral gap, and the top eigenvector of M will
be close to v ® v. If | Tr A| ~ [|A||, the matrix Trge M = 7 - vo " + Tr(A) - B has a matching spectral
gap, and we can still recover v, but now we only need to compute the top eigenvector of a d X d (as
opposed to d? x d?) matrix.*

If A is a Wigner matrix (e.g. a symmetric matrix with iid +1 entries), then both Tr(A), ||A|| ~ Vn,
and the above condition is indeed met. In our average case/machine learning settings the “noise”
component is not as simple as A ® B with A a Wigner matrix. Nonetheless, we are able to ensure
that the noise displays a similar behavior under partial trace operations. In some cases, this requires
additional algorithmic steps, such as random projection in the case of tensor decomposition, or

3 For both problems we use matrices with dimensions corresponding to degree-2 SoS programs. An argument of
Spielman et al. ([SWW12], Theorem 9) shows that degree-2 sum-of-squares can only find sparse vectors with sparsity
k < O(y/n), wherease we achieve sparsity as large as k = @(n1). For tensor PCA, the degree-2 SoS program cannot even
express the objective function.

4In some of our applications, the matrix M is only represented implicitly and has size super-linear in the size of the
input, but nevertheless we can compute the top eigenvector of the partial trace Trgs M in nearly-linear time.



centering the matrix eigenvalue distribution in the case of the planted sparse vector.

It is an interesting question if there are general theorems describing the behavior of spectral
norms under partial trace operations. In the current work, we compute the partial traces explicitly
and estimate their norms directly. Indeed, our analyses boil down to concentrations bounds for
special matrix polynomials. A general theory for the concentration of matrix polynomials is a
notorious open problem (see [MW13]).

Partial trace operations have previously been applied for rounding SoS relaxations. Specifically,
the operation of reweighing and conditioning, used in rounding algorithms for sum-of-squares such
as [BRS11, RT12, BKS14, BKS15, LR15], corresponds to applying a partial trace operation to the
moments matrix returned by the sum-of-squares relaxation.

We now give a technical overview of our algorithmic approach for each problem, and some
broad strokes of the analysis for each case. Our most substantial improvements in runtime are
for the planted sparse vector and overcomplete tensor decomposition problems (Section 2.1 and
Section 2.2 respectively). Our algorithm for tensor PCA is the simplest application of our techniques,
and it may be instructive to skip ahead and read about tensor PCA first (Section 2.3).

2.1 Planted sparse vector in random linear subspace

Recall that in this problem we are given a linear subspace U (represented by some basis) that is
spanned by a k-sparse unit vector vy € R? and random unit vectors v, ..., v4-1 € R?. The goal is
to recover the vector vy approximately.

Background and SoS analysis. Let A € R™“ be a matrix whose columns form an orthonormal
basis for U. Our starting point is the polynomial f(x) = [|Ax ||j1L = 2?21(1‘195)?- Previous work showed
that for d < /n the maximizer of this polynomial over the sphere corresponds to a vector close to
vp and that degree-4 sum-of-squares is able to capture this fact [BBH 12, BKS14]. Indeed, typical
random vectors v in R" satisfy ||U||2 ~ 1/n whereas our planted vector satisfies ||Uo||ff >1/k > 1/n,
and this degree-4 information is leveraged by the SoS algorithms.

The polynomial f has a convenient matrix representation M = Z?zl(aia;)g’z, where ay, ..., 4,
are the rows of the generator matrix A. It turns out that the eigenvalues of this matrix indeed give
information about the planted sparse vector vg. In particular, the vector x¢ € R? with Axg = vy
witnesses that M has an eigenvalue of at least 1/k because M’s quadratic form with the vector xgz’z
satisfies <xg§2, ngﬂ) = ||z;0||fl1 > 1/k. If we let M’ be the corresponding matrix for the subspace U
without the planted sparse vector, M’ turns out to have only eigenvalues of at most O(1/n) up to a
single spurious eigenvalue with eigenvector far from any vector of the form x ® x [BBH*12].

It follows that in order to distinguish between a random subspace with a planted sparse vector
(YEs case) and a completely random subspace (No case), it is enough to compute the second-largest
eigenvalue of a d?-by-d? matrix (representing the 4-norm polynomial over the subspace as above).
This decision version of the problem, while strictly speaking easier than the search version above, is
at the heart of the matter: one can show that the large eigenvalue for the YEs case corresponds to an
eigenvector which encodes the coefficients of the sparse planted vector in the basis.



Improvements. The best running time we can hope for with this basic approach is O(d*) (the size
of the matrix). Since we are interested in d < O(y/n), the resulting running time O(nd?) would be
subquadratic but still super-linear in the input size n - d (for representing a d-dimensional subspace
of R"). To speed things up, we use the partial trace approach outlined above. We will begin by
applying the partial trace approach naively, obtaining reasonable bounds, and then show that a
small modification to the matrix before the partial trace operation allows us to achieve even smaller
signal-to-noise ratios.

In the planted case, we may approximate M = %(xoxg )82 + Z, where x is the vector of
coefficients of vy in the basis representation given by A (so that Axp = vy), and Z is the noise
matrix. Since ||xo|| = 1, the partial trace operation preserves the projector (xoxg )®2 in the sense that
Trra(xo xg )82 = xoxg . Hence, with our heuristic approximation for M above, we could show that the
top eigenvector of Trrs M is close to xg by showing that the spectral norm bound || Trgs Z|| < o(1/k).

The partial trace of our matrix M = }}7_;(a;a) ® (a;a]") is easy to compute directly,

n
N =Trre M = ZHFHH% caia;] .
i=1
In the YEs case (random subspace with planted sparse vector), a direct computation shows that

Aves > (x0, Nxo) =~ £ (1+ Blwollf) > & (1+ 1) .

Hence, a natural approach to distinguish between the YEs case and no case (completely random
subspace) is to upper bound the spectral norm of N in the No case.

In order to simplify the bound on the spectral norm of N in the no case, suppose that the
columns of A are iid samples from the Gaussian distribution N (0, % Id) (rather than an orthogonal
basis for the random subspace)-Lemma 4.6 establishes that this simplification is legitimate. In this
simplified setup, the matrix N in the No case is the sum of # iid matrices {||a; |2 - aiaiT}, and we can
upper bound its spectral norm Ay, by d/n - (1 + O(vd/n)) using standard matrix concentration
bounds. Hence, using the spectral norm of N, we will be able to distinguish between the YEs case
and the No case as long as

Vd/n < n/(dk) = Ayo < Aygs.
For linear sparsity k = ¢ - n, this inequality is true so long as d < (n/e?)!/?
worse than the bound /1 bound on the dimension that we are aiming for.

, which is somewhat

Recall that Tr B = }; A;(B) for a symmetric matrix B. As discussed above, the partial trace
approach works best when the noise behaves as the tensor of two Wigner matrices, in that there
are cancellations when the eigenvalues of the noise are summed. In our case, the noise terms
(aiul.T) ® (aiaiT) do not have this property, as in fact Tr aiaiT = ||a;||*> ~ d/n. Thus, in order to improve
the dimension bound, we will center the eigenvalue distribution of the noise part of the matrix.
This will cause it to behave more like a Wigner matrix, in that the spectral norm of the noise will
not increase after a partial trace. Consider the partial trace of a matrix of the form

M-a ~Id®ZaialT,
i
for some constant @ > 0. The partial trace of this matrix is

n
2
N’ = E (lailly - a) - aja; .
i=1
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We choose the constant a ~ d/n such that our matrix N” has expectation 0 in the no case, when
the subspace is completely random. In the vEs case, the Rayleigh quotient of N” at xo simply shifts
as compared to N, and we have A,z > (x9, N'xg) = ||vo||jlL > 1/k (see Lemma 4.5 and sublemmas).
On the other hand, in the No case, this centering operation causes significant cancellations in the
eigenvalues of the partial trace matrix (instead of just shifting the eigenvalues). In the No case,
N’ has spectral norm Ay, < O(d/n3/?) for d < y/n (using standard matrix concentration bounds;
again see Lemma 4.5 and sublemmas). Therefore, the spectral norm of the matrix N’ allows us
to distinguish between the yEs and No case as long as d/n%/? < 1/k, which is satisfied as long as
k < n and d < /n. We give the full formal argument in Section 4.

2.2 Overcomplete tensor decomposition

Recall that in this problem we are given a 3-tensor T of the form T = 7, a?s € R”, where
ai,...,a, € R? are independent random vectors from N(0, % Id). The goal is to find a unit vector
a € R? that is highly correlated with one® of the vectors a1, ..., a,.

Background. The starting point of our algorithm is the polynomial f(x) = 7" ,{a;, x)3. It turns
out that for n < d'* the (approximate) maximizers of this polynomial are close to the components
ai, ..., Ay, in the sense that f(x) ~ 1 if and only if max;ec(,){(a;, x)? ~ 1. Indeed, Ge and Ma [GM15]
show that the sum-of-squares method already captures this fact at degree 12, which implies a
quasipolynomial time algorithm for this tensor decomposition problem via a general rounding
result of Barak, Kelner, and Steurer [BKS15].

The simplest approach to this problem is to consider the tensor representation of the polynomial
T = Yiem alf@?’ , and flatten it, hoping the singular vectors of the flattening are correlated with the a;.
However, this approach is doomed to failure for two reasons: firstly, the simple flattenings of T
are d? x d matrices, and since n > d the a?z collide in the column space, so that it is impossible to
determine Span{a?z}. Secondly, even for n < d, because the a; are random vectors, their norms
concentrate very closely about 1. This makes it difficult to distinguish any one particular a; even
when the span is computable.

Improvements. We will try to circumvent both of these issues by going to higher dimensions.
Suppose, for example, that we had access to 3¢, a?4.6 The eigenvectors of the flattenings of this
matrix are all within Spanie[n]{al@z}, addressing our first issue, leaving us only with the trouble
of extracting individual a‘?z from their span. If furthermore we had access to 3}, af%, we could
perform a partial random projection (® ® Id®Id) }ic(n) a?é where ® € R™? js a matrix with
independent Gaussian entires, and then taking a partial trace, we end up with

Trge | (P @ Id ®1d) Z a® | = Z (D, a®%)a®*

i€[n] i€[n]

5 We can then approximately recover all the components a1, ..., a, by running independent trials of our randomized
algorithm repeatedly on the same input.

¢ As the problem is defined, we assume that we do not have access to this input, and in many machine learning
applications this is a valid assumption, as gathering the data necessary to generate the 4th order input tensor requires a
prohibitively large number of samples.
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With reasonable probability (for exposition’s sake, say with probability 1/n'%), @ is closer to
some a?z than to all of the others so that (®, u?z) > 100(D, a?z) for all j € [n], and then a?z is
distinguishable from the other vectors in the span of our matrix, taking care of the second issue .
As we show, a much smaller gap is sufficient to distinguish the top a; from the other a;, and so
the higher-probability event that @ is only slightly closer to a; suffices (allowing us to recover all
vectors at an additional runtime cost of a factor of O(n)). This discussion ignores the presence of a
single spurious large eigenvector, which we address in the technical sections.

Of course, we do not have access to the higher-order tensor };c(,) al‘?%. Instead, we can obtain a
noisy version of this tensor. Our approach considers the following matrix representation of the
polynomial f2,

T T T d3xd®
M:Zaiaj(&(a,-ai)@(ajaj)e]R .
L]
Alternatively, we can view this matrix as a particular flattening of the Kronecker-squared tensor T®?.
It is instructive to decompose M = Mgiag + Meross into its diagonal terms Mgiag = Zl-(aiaiT)‘X’3 and its
cross terms Mcross = Di%j aia].T ®(a;a])®(a ja].T). The algorithm described above is already successful
for Mgiag; we need only control the eigenvalues of the partial trace of the “noise” component,
Meross: The main technical work will be to show that || Trrs Mgiagl| is small. In fact, we will
have to choose ® from a somewhat different distribution—observing that Trr«(® ® Id®1d) =
2ij{ai, Paj) - (a; ®aj)a; ® a;j)", we will sample @ so that (a;, ®a;) > (a;, Pa;). We give a more
detailed overview of this algorithm in the beginning of Section 5, explaining in more detail our
choice of @ and justifying heuristically the boundedness of the spectral norm of the noise.

Connection to SoS analysis. To explain how the above algorithm is a speedup of SoS, we give an
overview of the SoS algorithm of [GM15, BKS15]. There, the degree-t SoS SDP program is used to
obtain an order-t tensor x; (or a pseudodistribution). Informally speaking, we can understand x; as a
proxy for e[y al@t, so that x; = Xie[u] al@t + N, where N is a noise tensor. While the precise form
of N is unclear, we know that N must obey a set of constraints imposed by the SoS hierarchy at
degree t. For a formal discussion of pseudodistributions, see [BKS15].

To extract a single component a; from the tensor ;e[ al@t, there are many algorithms which
would work (for example, the algorithm we described for Mgj,g above). However, any algorithm
extracting an a; from y; must be robust to the noise tensor N. For this it turns out the following algo-
rithm will do: suppose we have the tensor };c[y a?t, taking t = O(log n). Sample g1, . . ., Giog(n)-2
random unit vectors, and compute the matrix M = ¥;([Ti<j<iogn)-2(gj, 4:)) - aia; . If we are lucky
enough, there is some a; so that every g; is a bit closer to a; than any other a;, and M = a;a] + E
for some ||E|| < 1. The proof that ||E|| is small can be made so simple that it applies also to the
SDP-produced proxy tensor xiogn, and so this algorithm is robust to the noise N. This last step is
very general and can handle tensors whose components a; are less well-behaved than the random
vectors we consider, and also more overcomplete, handling tensors of rank up to n = Q(d'?).7

Our subquadratic-time algorithm can be viewed as a low-degree, spectral analogue of the
[BKS15] SoS algorithm. However, rather than relying on an SDP to produce an object close to
Die[n] a?t, we manufacture one ourselves by taking the Kronecker square of our input tensor. We

7 It is an interesting open question whether taking f = O(log 1) is really necessary, or whether this heavy computational
requirement is simply an artifact of the SoS proof.
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explicitly know the form of the deviation of T®? from Dieln] al@é, unlike in [BKS15], where the
deviation of the SDP certificate x; from e[, ¥ is poorly understood. We are thus able to control
this deviation (or “noise”) in a less computationally intensive way, by cleverly designing a partial
trace operation which decreases the spectral norm of the deviation. Since the tensor handled by the
algorithm is much smaller—order 6 rather than order log n—this provides the desired speedup.

2.3 Tensor principal component analysis

Recall that in this problem we are given a tensor T = 7 - v®3 + A, where v € R? is a unit vector, A has
iid entries from N(0, 1), and 7 > 0 is the signal-to-noise ratio. The aim is to recover v approximately.

Background and SoS analysis. A previous application of SoS techniques to this problem discussed
several SoS or spectral algorithms, including one that runs in quasi-linear time [HSS15]. Here we
apply the partial trace method to a subquadratic spectral SoS algorithm discussed in [HSS15] to
achieve nearly the same signal-to-noise guarantee in only linear time.

Our starting point is the polynomial T(x) = 7 - (v, x)> + (x®, A). The maximizer of T(x) over the
sphere is close to the vector v so long as T > \/n [RM14]. In [HSS15], it was shown that degree-4
SoS maximizing this polynomial can recover v with a signal-to-noise ratio of at least Q(n**), since
there exists a suitable SoS bound on the noise term (x®3, A).

Specifically, let A; be the ith slice of A, so that (x, A;x) is the quadratic form }; ik AijkXj X Then
there is a SoS proof that T(x) is bounded by |T(x) — 7 - (v, x)%| < f(x)'/? - ||x||, where f(x) is the
degree-4 polynomial f(x) = 3 ;(x, A;x)?. The polynomial f has a convenient matrix representation:
f(x) = (x®2,(3; A; ® A;)x®?): since this matrix is a sum of iid random matrices A; ® A;, a matrix
Chernoff bound shows that this matrix spectrally concentrates to its expectation. So with high
probability one can show that the eigenvalues of }}; A; ® A; are at most ~ d3/2 log(d)l/ 2 (except
for a single spurious eigenvector), and it follows that degree-4 SoS solves tensor PCA so long as
T > d**log(d)/4.

This leads the authors to consider a slight modification of f(x), given by g(x) = Y (x, Tix)?,
where T; is the ith slice of T. Like T, the function g also contains information about v, and the SoS
bound on the noise term in T carries over as an analogous bound on the noise in g. In particular,
expanding T; ® T; and ignoring some negligible cross-terms yields

ZTi®Tizrz-(v®v)(v®v)T+ZAi®Ai.
; ;

Using v ® v as a test vector, the quadratic form of the latter matrix can be made at least 2 —
O(d3?10g(d)"/?). Together with the boundedness of the eigenvalues of 3; A; ® A; this shows that
when 7 > d%*1og(d)!/* there is a spectral algorithm to recover v. Since the matrix 3; T; ® T; is
d? x d?, computing the top eigenvector requires O(d*log 1) time, and by comparison to the input
size d> the algorithm runs in subquadratic time.

Improvements. In this work we speed this up to a linear time algorithm via the partial trace
approach. As we have seen, the heart of the matter is to show that taking the partial trace of
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2 (v®v)(v®v)T +3,;A; ® A; does not increase the spectral noise. That is, we require that

- ”Z Tr(A;) - Aj

The A; have iid Guassian entries, and so as in the case of Wigner matrices, it is roughly true that

< O(d*?log(d)'/?).

Trga Z Ai®A;
i

| Tr(A;)| = ||Ai||. Thus the situation is very similar to our toy example of the application of partial
traces in Section 2.

Heuristically, because 3’c[,] Ai ® A; and Y[, Tr(A;) - A; are random matrices, we expect that
their eigenvalues are all of roughly the same magnitude. This means that their spectral norm
should be close to their Frobenius norm divided by the square root of the dimension, since for a

matrix M with eigenvalues Ay, ..., A,, [[M|[F = 4 /Zie[n] /\f. By estimating the sum of the squared
entries, we expect that the Frobenious norm of }}; Tr(A;) - A; is less than that of }}; A; ® A; by a
factor of Vd after the partial trace, while the dimension decreases by a factor of d, and so assuming
that the eigenvalues are all of the same order, a typical eigenvalue should remain unchanged. We
formalize these heuristic calculations using standard matrix concentration arguments in Section 6.

3 Preliminaries

Linear algebra. We will work in the real vector spaces given by R". A vector of indeterminates
may be denoted x = (x1, ..., x,), although we may sometimes switch to parenthetical notation for
indexing, i.e. x = (x(1), ..., x(n)) when subscripts are already in use. We denote by [#] the set of all
valid indices for a vector in R". Let ¢; be the ith canonical basis vector so that e;(i) = 1 and e;(j) = 0
for j #i.

For a vectors space V, we may denote by .L(V') the space of linear operators from V to V. The
space orthogonal to a vector v is denoted v+.

For a matrix M, we use M~! to denote its inverse or its Moore-Penrose pseudoinverse; which
one it is will be clear from context. For M PSD, we write M~1/2 for the unique PSD matrix with
(M—l/Z)Z =M1

Norms and inner products. We denote the usual entrywise inner product by (-,-), so that
(1, 0) = Ve uivi for u, v € R". The £,-norm of a vector v € R" is given by ||vl, = (Xe[n) viP)VP,
with ||v]| denoting the £,-norm by default. The matrix norm used throughout the paper will be the
operator / spectral norm, denoted by [|[M|| = [[M|lop := max,zol|Mx||/]|x]l.

Tensor manipulation. Boldface variables will reserved for tensors T € R™"*", of which we
consider only order-3 tensors. We denote by T(x, y, z) the multilinear function in x, y, z € R" such
that T(x, y,z) = X j ken) T1,jkXiYjzk, applying x, y, and z to the first, second, and third modes of
the tensor T respectively. If the arguments are matrices P, Q, and R instead, this lifts T(P, Q, R) to
the unique multilinear tensor-valued function such that [T(P, Q, R)](x, v, z) = T(Px, Qy, Rz) for
all vectors x, v, z.

Tensors may be flattened to matrices in the multilinear way such that for every u € R™"
and v € R", the tensor u ® v flattens to the matrix uv'" € R™ " with u considered as a vector.
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There are 3 different ways to flatten a 3-tensor T, corresponding to the 3 modes of T. Flattening
may be understood as reinterpreting the indices of a tensor when the tensor is expressed as an
3-dimensional array of numbers. The expression v®3 refers to v ® v ® v for a vector v.

Probability and asymptotic bounds. We will often refer to collections of independent and
identically distributed (or iid) random variables. The Gaussian distribution with mean u and
variance o2 is denoted N(u, 02). Sometimes we state that an event happens with overwhelming
probability. This means that its probability is at least 1 — n=*(). A function is O(g(n)) if it is O(g(n))
up to polylogarithmic factors.

4 Planted sparse vector in random linear subspace

In this section we give a nearly-linear-time algorithm to recover a sparse vector planted in a random
subspace.

Problem 4.1. Let vy € R” be a unit vector such that ||vo||i > é Let v1,...,04-1 € R" beiid from
N(O, % Id,). Let wy, ..., w4—1 be an orthogonal basis for Span{vy, ..., v4_1}. Given: wy,..., w41
Find: a vector v such that (v, v9)*> > 1 — o(1).

Sparse Vector Recovery in Nearly-Linear Time

Algorithm 4.2. Input: wy, ..., w41 as in Problem 4.1. Goal: Find v with (3, v9)? > 1 — o(1).

» Compute leverage scores |[a1]|?, ..., |las||?>, where a; is the ith row of the n X d matrix

53:(w0 T Wi )

¢ Compute the top eigenvector u of the matrix

def 2
AZ D (lail3 - 4)- aia] .

i€[n]

¢ Output Su.

Remark 4.3 (Implementation of Algorithm 4.2 in nearly-linear time). The leverage scores
lla1l|?, ..., llax||> are clearly computable in time O(nd). In the course of proving correctness
of the algorithm we will show that A has constant spectral gap, so by a standard analysis O(log d)
matrix-vector multiplies suffice to recover its top eigenvector. A single matrix-vector multiply Ax
requires computing c; := (||a;||* — %)(ai, x) for each i (in time O(nd)) and summing 3’ ;c[,,] ¢iX; (in
time O(nd)). Finally, computing Su requires summing d vectors of dimension #, again taking time
O(nd).

The following theorem expresses correctness of the algorithm.

Theorem 4.4. Let vy € R" be a unit vector with ||vo||;1 > é Letvy,...,v4-1 € R" beiid from N (0, % Id,).
Let wy, . .., wg4—1 be an orthogonal basis for Span{vy, ..., v4-1}. Let a; be the i-th row of the n X d matrix

S::(ZUO e Wa )
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When d < n'/2/ polylog(n), for any sparsity ¢ > 0, w.ov.p. the top eigenvector u of 3, (||a;||>— %)-aia:
has (Su, vg)? > 1 — O(e'*) = 0(1).

We have little control over the basis vectors the algorithm is given. However, there is a particularly
nice (albeit non-orthogonal) basis for the subspace which exposes the underlying randomness.
Suppose that we are given the basis vectors vy, ..., v4, where vy is the sparse vector normalized so
that ||vg]| =1, and vy, ..., v4-1 are iid samples from N(0, % Id,,). The following lemma shows that
if the algorithm had been handed this good representation of the basis rather than an arbitrary
orthogonal one, its output would be the correlated to the vector of coefficients giving of the planted
sparse vector (in this case the standard basis vector e7).

Lemma 4.5. Let vy € R" be a unit vector. Let vy, ...,v4-1 € R" be iid from N(0, % Id). Let a; be the ith
row of the n X d matrix S := ( vy v V4o ) Then there is a universal constant ¢* > 0 so that for any
¢ < €', 50 long as d < n'/?/ polylog(n), w.ov.p.

n
D laill? = 4) - aia] = flooll; - exef + M,
i=1

where ey is the first standard basis vector and ||M|| < O(|lvoll3 - n7* + [|vol|? - n 712 + [|vglls - n73/% + n7L).

The second ingredient we need is that the algorithm is robust to exchanging this good basis for
an arbitrary orthogonal basis.

Lemma 4.6. Let vy € R" have ||UO||;1 > ﬁ Let v1,...,v4-1 € R" be iid from N(O,%Idn). Let
wo, . .., Wwq—1 be an orthogonal basis for Span{vy, ..., va-1}. Let a; be the ith row of the n X d matrix
S = ( Vo ot U4 ) Let a; be the ith row of the n X d matrix S' := ( wo o Wi-q ) Let
A=Y, a;a] . Let Q € R be the orthogonal matrix so that SA™Y? = §'Q, which exists since SA™1/2 is

orthogonal, and which has the effect that a} = QA™'2a;. Then when d < n'/?/ polylog(n), w.ov.p.

n n

2 2
2 il =) - alalT - Q(Z(Hain ~ ) aia] )QT
i=1 i=1

Last, we will need the following fact, which follows from standard concentration. The proof is

<O (=) +ollelt)

in Section B.

Lemma 4.7. Let v € R" be a unit vector. Let by, ..., b, € Ri1 be iid from N (0, % Id;_1). Let a; € RY be
given by a; := (v(i) b;). Then w.ovp. || X7, aia;" —1d || < O(d/n)V2. In particular, when d = o(n), this
implies that w.ov.p. ||(Xi, aiaiT)‘1 —1Idg || < Od/n)? and ||(3, aiaiT)‘l/Z —Idg || < O(d/n)Y/2.

We are ready to prove Theorem 4.4.

Proof of Theorem 4.4. Let by, ..., b, be the rows of the matrix S’ := ( Vo v U4—q ) Let B =

> bib;". Note that $’B~1/2 has columns which are an orthogonal basis for Span{wy, ..., ws-1}. Let
Q € R% be the rotation so that S’B~1/2 = 5Q.
By Lemma 4.5 and Lemma 4.6, we can write the matrix A = Z?zl(Huill% - %) -a;a; as

A = ||looll; - Qere; QT + M,
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where w.ov.p.
IMII < Ollooll§ - n ™" + lloolly - n ™2 + llvolls - = + 1™ + o(llolly) -

We have assumed that ||vo||i > (en)~!, and so since A is an almost-rank-one matrix (Lemma A.3),
the top eigenvector u of A has (u,Qe1)*> > 1 - O(e'/*), so that (Su,SQe1)*> > 1 — O(¢'/*) by
column-orthogonality of S.

At the same time, SQe; = S’B™/2¢1, and by Lemma 4.7, || B~/2~1d || < O(d/n)"/? w.ov.p., so that
(Su, S’e1)?> > (Su, SQe1)?>—o(1). Finally, S’e; = vg by definition, so (Su, vo)> > 1-0(e*)-0(1). O

4.1 Algorithm succeeds on good basis

We now prove Lemma 4.5. We decompose the matrix in question into a contribution from ||vo||i and
the rest: explicitly, the decomposition is Z(”ﬂi”% - %) caial =3 v(i)? - aja] + Z(”bi”% - % “aal).
This first lemma handles the contribution from ||Uo||i.

Lemma 4.8. Let v € R" be a unit vector. Let by, ..., b, € R~ be random vectors iid from N(O, % Idg_1).
Let a; = (v(i) b;) € R Suppose d < n'/?/ polylog(n). Then

n
v(i)? - aia] = ||vll; - ere] + M,
i=1

where ||M’|| < O(|[o|[3n 4 + |[o|[3n~1/2) w.ovp..

Proof of Lemma 4.8. We first show an operator-norm bound on the principal submatrix Y,/ v(i)* -
bib[ using the truncated matrix Bernstein inequality Proposition A.7. First, the expected operator
norm of each summand is bounded:

Evaﬁmmﬁ<<n?xmﬁ%~0(d)<uvﬁ-0(d).

n n
The operator norms are bounded by constant-degree polynomials in Gaussian variables, so

Lemma A.8 applies to truncate their tails in preparation for application of a Bernstein bound. We
just have to calculate the variance of the sum, which is at most

d
_ 4
= ||U||4 -0 (ﬁ) .
llo]l?

The expectation E Y7 v(i)*- b;b[ is "= - 1d. Applying a matrix Bernstein bound (Proposition A.7)
to the deviation from expectation, we get that w.ov.p.,

‘ (Z o(i)? - bibj> -~ % -1d

i=1
for appropriate choice of d < n~'/2/ polylog(n). Hence, by triangle inequality, || X1, v(i)? - bib[|| <
||v||in_1/2 W.OV.p..

n

E ) o(i)*|Ibill3 - bib]

i=1

~[d _
< IolE - O (%) < Ofloln
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Using a Cauchy-Schwarz-style inequality (Lemma A.1) we now show that the bound on this
principal submatrix is essentially enough to obtain the lemma. Let p;, q; € R? be given by

0o (1)
bt 7 = v(i) ( ; ) .
0
Then ; ;
D 0@ bib] = llolly + > pia] +aqip] +aqia] -
i=1 i=1

We have already bounded Y, q,9] = X, v(i)* - b;b]. At the same time, || 37, pip/|| = loll;. By
Lemma A.1, then,

< O(lloli3n"*)

n
D pial +aip]
i=1
w.ov.p.. A final application of triangle inquality gives the lemma. O

Our second lemma controls the contribution from the random part of the leverage scores.

Lemma 4.9. Let v € R" be a unit vector. Let by, ..., b, € R be random vectors iid from N(O, % Idg_q).
Let a; = (v(i) b;) € R?. Suppose d < n'/2/polylog(n). Then w.ov.p.

<ol - O™ +Jlolla - O ™) + O(n ™).

n
2

E (1b:ll; = 2) - aiaf

i=1

Proof. Like in the proof of Lemma 4.8, Z?zl(Hbill% - %) -a;a] decomposes into a convenient block
structure; we will bound each block separately.

n . - ‘ .
bill2 -2y q;a] = b2 — 4y v(i) (i) - b] | |
;m - 4)- aia, ;m 5~ 4 (v(i)'bi o @)

In each block we can apply a (truncated) Bernstein inequality. For the large block Y7, (||b; ||§ - %)bib;,
the choice % ensures that ]E(||b1||§ - %)bibiT = O(#) -Id. The expected operator norm of each
summand is small:

E[(16:115 = £)b:b] 1| = E|(11b:115 = DI1I:13
< (E(Ib:l; - £Y)(E |Ibill3)'* by Cauchy-Schwarz
d1/2

<O (7) -0 (%) variance of x* with k degrees of freedom is O(k)

d3/2
=0 (7 '
The termwise operator norms are bounded by constant-degree polynomials in Gaussian variables,
so Lemma A.8 applies to truncate the tails of the summands in preparation for a Bernstein bound.
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We just have to compute the variance of the sum, which is small because we have centered the
coefficients:
d2
cof®
n

by direct computation of E(||b; ||§ - %)2||bi ||§bibl.T using Fact A.6. These facts together are enough to
apply the matrix Bernstein inequality (Proposition A.7) and conclude that w.ov.p.

- [ d 1
N2 _dy.p.3T —
i§:1(||bz||2 dy. b;b] <o(n3/2)<o(n)

for appropriate choice of d < n/ polylog(n).
We turn to the other blocks from (4.1). The upper-left block contains just the scalar 7, (||b; ||§ -
%)v(i)z. By standard concentration each term is bounded: w.ov.p.,

HZ E(Ibill3 - 2711613 - b:b]
i

(||bl||§ - %)v(i)2 < (max v(i)?)- O (%/2) < ||U||i -0 (%/2) :

The sum has variance at most Y, v(i)* ]E(||bi||§ — %)2 < ||U||i‘ - O(d/n?). Again using Lemma A.8
and Proposition A.7, we get that w.ov.p.

n 1/2
Db - Doty a
=1

<|lollf-O (T) '

It remains just to address the block Z?zl(Hbill% - %)v(i) - b;. Bach term in the sum has expected
operator norm at most

d d
A2\12 A4 ol 2],
(maxo(if)!2 -0 (nm) <olls -0 (W) ,
and once again the since the summands’ operator norms are bounded by constant-degree poly-
nomials of Gaussian variables Lemma A.8 applies to truncate their tails in preparation to apply a
Bernstein bound. The variance of the sum is at most ||U||§ - O(d?/n®), again by Fact A.6. Finally,
Lemma A.8 and Proposition A.7 apply to give that w.ov.p.

~( d ~( d \_ 1,1
< |lvlla - O (m) +0 (m) =|lvlls-n"" +n

D Ibill3 = £y0() - by
i=1

for appropriate choice of d < n'/2/ polylog(n). Putting it all together gives the lemma. m]
We are now ready to prove Lemma 4.5

Proof of Lemma 4.5. We decompose ||a;||5 = vo(i)? + ||b;||3 and use Lemma 4.8 and Lemma 4.9.

n

Z(Hai”% - 4)-aa] = (Z vo(i)* - ﬂiﬂ:) + (Z(Hbi”% - 4. fliﬂiT)
i=1 i=1

i
= llvoll; - ere] + M,

where
IMIl < O(llvoll - n™ % + [l - n72) + O([|lvglls - n™1 + n71).

Since ||volli‘ > (en)™!, we get ||Uo||i/||M|| > E}W, completing the proof. O
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4.2 Closeness of input basis and good basis

We turn now to the proof of Lemma 4.6. We recall the setting. We have two matrices: M, which
the algorithm computes, and M’, which is induced by a basis for the subspace which reveals the
underlying randomness and which we prefer for the analysis. M’ differs from M by a rotation
and a basis orthogonalization step (the good basis is only almost orthogonal). The rotation is
easily handled. The following lemma gives the critical fact about the orthogonalization step:
orthogonalizing does not change the leverage scores too much. 8

Lemma 4.10 (Restatement of Lemma B.4). Let v € R" be a unit vector and let by, ..., b, € R~ be iid
from N(O, % Idg_1). Let a; € RY be given by a; := (v(i) b;). Let A := Y ; aja. Letc € RY~1 be given by
c := »; v(i)b;. Then for every index i € [n], w.ov.p.,

. ~ (d++n
1A 2P = sl < o( ) Nail?.

n

The proof again uses standard concentration and matrix inversion formulas, and can be found
in Section B. We are ready to prove Lemma 4.6.

Proof of Lemma 4.6. The statement we want to show is

n n
YR RN WO oy
i:l l=1

Conjugating by Q and multiplying by —1 does not change the operator norm, so that this is
equivalent to

<O (=) +o(loll).

<0 (=) +o(loll}).

n n

2 2
D dlaill? - 4) - aia] —QT(Z(ua;u : %)-a;a;T)Q
i=1 i=1

Finally, substituting a; = QA Y24, and using the fact that Q is a rotation, it will be enough to
show

n n
(Z(”ﬂi”2 - 4)-aia] ) — AT (Z(IIA‘l/Zaillz -4y, aia;) ATV
i=1 i=1

We write the right-hand matrix as

n
AT (Z(IIA‘”%IIZ ~1). aia:)A-”Z

i=1

<0 (%) ro(lolh). @42

n n
= A7V (Z(IIA‘”ZaiIIZ = llailP?) - aiaT)A‘”z +AT (Z(naiw ~4)-aia] )A‘”Z .
i=1 i=1
The first of these we observe has bounded operator norm w.ov.p.:

n n
AT (Z(IIA‘”zaiIIZ — llail?) - aia] )A-l/z ATl (Z 1A= 2,2 = J]asl | - aia;)A-l/z
i=1 i=1

<

8Strictly speaking the good basis does not have leverage scores since it is not orthogonal, but we can still talk about
the norms of the rows of the matrix whose columns are the basis vectors.
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o(15)

|a;|l? - aia]

where we have used Lemma 4.7 to find that A'/? is close to identity, and Lemma 4.10 to simplify the
summands
n
Z vo(i)* - aja] || +

ZO(M)( ; z‘T )
o) (outpof2)

using in the last step Lemma 4.8 and standard concentration to bound )7, ||b; ||2 a;a; (Lemma 4.7).
Thus, by triangle inequality applied to (4.2), we get

(Z(nainz -8 aiaf ) -T2 (Z(lm-maiuz ~4)-aia] )A‘”Z
i=1 j
o(“f) (o<|| ||4>+O( )) (Z(Ha = >-aia3) ”Z(Zma 2 - >M> 172

Finally, since w.ov.p. ||A™"2 —1d || = O(d/n)'/?, we get
n n

(Zmainz -8 aw?) - AT (Z(IIA‘”zaz'IF ~4)-aia] )A‘”z
i=1 i=1

O(d;‘/ﬁ).(o(llvlﬁ)m(%)) ()1/2 n

Z(na B-4)- aa]

1/2
<6 (d *n‘/ﬁ) - (o<||v||i) +0 (%)) +0 (%) Ol

using Lemma 4.5 in the last step. For appropriate choice of d < n~12/ polylog(n), this is at most
O(n™h) +o([v]l}). O

5 Overcomplete tensor decomposition

In this section, we give a polynomial-time algorithm for the following problem when n <
d*3/(polylog d):

Problem 5.1. Given an order-3 tensor T = }7 ; 4; ® a; ® a;, where ay, ..., a, € RY are iid vectors
sampled from N(0, 114), find vectors by, ..., b, € R" such that for all i € [n],

(ai, bi) > 1—-0(1).
We give an algorithm that solves this problem, so long as the overcompleteness of the input

tensor is bounded such that n < d*/3/ polylog d.
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Theorem 5.2. Given as input the tensor T = Y | a; ® a; ® a; where a; ~ N(0, L1d,) withd < n <
d43/ polylog d,? there is an algorithm which may run in time O(nd'*®) or O(nd>%7), where d® is the
time to multiply two d X d matrices, which with probability 1 — o(1) over the input T and the randomness of
the algorithm finds unit vectors by, ..., b, € RY such that forall i € [n],

_ (32
(a;,b;)>21-0 (?) .

We remark that this accuracy can be improved from 1—0O(1n%?/d?) to an arbitrarily good precision
using existing local search methods with local convergence guarantees—see Corollary 5.23.

As discussed in Section 2, to decompose the tensor };; a?é (note we do not actually have access
to this input!) there is a very simple tensor decomposition algorithm: sample a random g € R%
and compute the matrix (g, a?z)(aia;)@. With probability roughly 79 this matrix has (up to
scaling) the form (aiaiT)®2 + E for some ||E|| < 1 — ¢, and this is enough to recover a;.

However, instead of ) ; al@é, we have only 3'; i(a; ® a ]-)®3. Unfortunately, running the same
algorithm on the latter input will not succeed. To see why, consider the extra terms E’ :=
Yizi{g,ai®aj)(a; ® aj)®2. Since [(g,a; ® a;)| ~ 1, it is straightforward to see that ||E’[|r ~ n. Since
the rank of E’ is clearly d?, even if we are lucky and all the eigenvalues have similar magnitudes,
still a typical eigenvalue will be = n/d > 1, swallowing the }; a?% term.

A convenient feature separating the signal terms };(a; ®4;)®® from the crossterms Y., j@i®a j)®3
is that the crossterms are not within the span of the a; ® 4;. Although we cannot algorithmically
access Span{a; ® a;}, we have access to something almost as good: the unfolded input tensor,
T = Yic[n) ai(a; ® a;)". The rows of this matrix lie in Span{a; ® a;}, and so for i # j, ||T(a; ® a;)|| >
IT(a; ® aj)||. In fact, careful computation reveals that [|T(a; ® a;)|| > Q(vn/d)||T(a; ® a;)|.

The idea now is to replace 3; (g, ai ® a;)(a; ® a]-)®2 with 3 (g, T(a; ® aj))(a; ® a]-)®2, now with
g ~ N(0,Ids). Asbefore, we are hoping that there is ig so that (g, T(a;,®a;,)) > max;+i(g, T(a;®a;)).
But now we also require || ¥;4(g, T(a; ® a;))(a; ® a;)(a; ® a;)"|| < (g, T(ai, ® a;,)) = [|T(a; ® a;)|-
If we are lucky and all the eigenvalues of this cross-term matrix have roughly the same magnitude
(indeed, we will be lucky in this way), then we can estimate heuristically that

D9 T @ap)a @ap(ai®a)T||~ 3| (g, T(a ®ap)ai ®a;)(a; @ a))"

i#j i#j r
<3 Y g, T, @ ai)l | Y (i ® aj)(a; @ a))"
=X 4 d g/ 10 10 1 ] 1 ]

i#] F
1’!3/2

< ?K% T(aio ® aio))l ’

suggesting our algorithm will succed when 13?2 < d2, which is to say n < d*/3,
The following theorem, which formalizes the intuition above, is at the heart of our tensor
decomposition algorithm.

°The lower bound d < n on n, is a matter of technical convenience, avoiding separate concentration analyses and
arithmetic in the undercomplete (n < d) and overcomplete (n > d) settings. Indeed, our algorithm still works in the
undercomplete setting (tensor decomposition is easier in the undercomplete setting than the overcomplete one), but here
other algorithms based on local search also work [AG]15].
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Theorem 5.3. Let ay,...,a, be independent random vectors from N(©,L1dy) with d < n <
d*3/(polylog d) and let g be a random vector from N(0,1d;). Let ¥ := E,n0,1d,)(xxT)®? and let
R:=V2-(Z*)2. Let T = ¥cpny ai(ai ® a;)7. Define the matrix M € RY*xd?,

M= Z (9,T(ai®aj)- (2 ®a;)ai®a))".
i,jeln]

With probability 1 — o(1) over the choice of a1, . .., ay,, for every polylog d/Nd < & < 1, the spectral gap
of RMR is at least Ay/A1 < 1— O(¢) and the top eigenvector u € R% of RMR satisfies, with probability
Q(1/n°®) over the choice of g,

3/2
g@ﬁ(Ru,ai ®a;)/ (Ilull?- lla;]|*) > 1- 0O (Z?) :
Moreover, with probability 1 — o(1) over the choice of ay, . . ., ay, for every polylog d/Vd < e < 1 there are
events Ey, ..., Ey so that Py E; > Q(l/n“o(e))for all i € [n] and when E; occurs, (Ru,a; ® a;)*/||u||* -
lai|* > 1- 0 (Z5).

We will eventually set ¢ = 1/log n, which gives us a spectral algorithm for recovering a vector
(1 = O(n/d??))-correlated to some af’z. Once we have a vector correlated with each a‘f’z, obtaining
vectors close to the a; is straightforward. We will begin by proving this theorem, and defer the
algorithmic details to section Section 5.4.

The rest of this section is organized as follows. In Section 5.1 we prove Theorem 5.3 using two
core facts: the Gaussian vector g is closer to some a; than to any other with good probability, and
the noise term ;2 (g, T(a; ® a;))(a; ® a;)(a; ® a;)" is bounded in spectral norm. In Section 5.2 we
prove the first of these two facts, and in Section 5.3 we prove the second. In Section 5.4, we give
the full details of our tensor decomposition algorithm, then prove Theorem 5.2 using Theorem 5.3.
Finally, Section C contains proofs of elementary or long-winded lemmas we use along the way.

5.1 Proof of Theorem 5.3

The strategy to prove Theorem 5.3 is to decompose the matrix M into two parts M = Mdiag + Mcross,
one formed by diagonal terms Mgiag = Yie[n){7, T(a; ® a;)) - (a; ® a;)(a; ® a;)" and one formed
by cross terms Meross = 2ixj{g, T(ai ® a;)) - (a; ® a;)(a; ® a;)T. We will use the fact that the top
eigenvector Mgi,g iS likely to be correlated with one of the vectors a?z, and also the fact that the
spectral gap of Mgiag is noticeable.

The following two propositions capture the relevant facts about the spectra of Mgiag and Mross,
and will be proven in Section 5.2 and Section 5.3.

Proposition 5.4 (Spectral gap of diagonal terms). Let R = V2 ((E(xxT)®2)*)"/2 for x ~ N(0,1d,). Let
ai,...,an be independent random vectors from N(0, % Idy) with d < n < d2=2D gnd let g ~ N(0,1d,) be
independent of all the others. Let T := Y e ai(a; ® a;)". Suppose Maiag = Yic(n1$9, Tgl@) . (ging)®2_
Let also v; be such that U]-va =g, Ta;ﬂ) . (u]-ajT)®2. Then, with probability 1 — o(1) over ay, ..., ay, for
each ¢ > polylog d /Nd and each j € [n], the event

Eje = {||RMaiagR — & - Rojo] R|| < ||RMaiagR|| - (¢ = O (Vir/d)) - |[RojoT R][}

has probability at least Q(1/n+C)) over the choice of g.
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Second, we show that when n < d*/3 the spectral norm of M5 is negligible compared to this
spectral gap.

Proposition 5.5 (Bound on crossterms). Let ay, ..., a, be independent random vectors from N (0, % Idy),
and let g be a random vector from N(0,1dg). Let T := ¥ ;cin) ai(ai ® a;)". Let Mcross := Z#J-e[n](g, T(a;®
aj)aa ® aja].T. Suppose n > d. Then with w.ov.p.,
_ 7’[3 1/2
”Mcross” < O ﬁ .

Using these two propositions we will conclude that the top eigenvector of RMR is likely to be
correlated with one of the vectors a?’z. We also need two simple concentration bounds; we defer the
proof to the appendix.

Lemma 5.6. Let aq, ..., ay be independently sampled vectors from N(0, 1 1d ), and let g be sampled from
N(0,1dy). Let T = 3;ai(a; @ a;)". Then with overwhelming probability, for every j € [n],

Kg,T(aj®a;)) —<g,apllajlI*] < O (%) '

Fact 5.7 (Simple version of Fact C.1). Let x, y ~ N(0, % Id). With overwhelming probability, |1 - ||x||2| <
O1/Vd) and (x, y)* = O(1/d).

As a last technical tool we will need a simple claim about the fourth moment matrix of the
multivariate Gaussian:

Fact 5.8 (simple version of Fact C.4). Let © = ]EXN,\/(O,Md)(xxT)‘82 and let R = V2 (Z9)Y2, Then |R|| = 1,
and for any v € RY,
IR@® )5 =(1-75) - llo]*

We are prepared prove Theorem 5.3.

Proof of Theorem 5.3. Let d < n < d*3/(polylogd) for some polylogd to be chosen later. Let
ai,...,a, be independent random vectors from N(0, 11d,) and let g ~ N(0,1d,;) be independent
of the others. Let

Maiag = Z (9,T(@i ®a;)y- (aia])®*  and Meross = Z (9,T(a; ® aj))-aja] ® aja}'_ :
i€[n] i#je[n]

Note that M := Mdiag + Meross-
Proposition 5.5 implies that

P { Merossll < O(n32/d?)} > 1-d=®). (5.1)
Recall that X = By n 0,14 d)(xxT)®2 and R = V2-(Z%)1/2, By Proposition 5.4, with probability 1 —o(1)

over the choice of a1, ..., a,, each of the following events E; . for j € [n] and ¢ > polylog(d)/ Vd
has probability at least Q(1/n'70(®)) over the choice of g:

EQ: IR (Maing — 49, Ta?)aja]) ) K|
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~ 2
< IRMaiagRIl = (¢ = O(57)) - Kg, Ta;#2)] - [Ra;®|".

Together with (5.1), with probability 1 — o(1) over the choice of a1, ..., a,, each of the following
events E*; . has probability at least Q(1/n!*0()) — g=o() > ()(1/n'*0()) over the choice of g,

E,: ”R (M - &(g, Ta?z)(uja;)m) RH
nl/Z

~ 2 ~
< IR-M Rl - (¢ - O(%F)) - g, Ta;*)| - |Ra;*2|| + O(n*?/d?)

Here, we used that M = Mgjag + Mecross and that [|R - Meross - Rl < [|[Merossll as [|R]| < 1 (Fact 5.8).
By standard reasoning about the top eigenvector of a matrix with a spectral gap (recorded in
Lemma A.3), the event E*;j . implies that the top eigenvector u € R of R - M - R satisfies

( Raj” >2>1_é<vz/d>_ O )

u, )
IRa%?] elRa|2 " ellRa[l(g, Ta%?)]
Since ||[Ra;®2|1* > Q(lla;]|*) (by Fact 5.8), and since ||a;|| > 1 - O(1/Vd) (by Fact 5.7),

10 () - Ou)
ed) g, Ta®?)]

Now, by Lemma 5.6 we have that for all j € [n], |(g,Ta?2> =g, aplla;ll*| < O(«Wn/d) with
probability 1-n~“(1)., By standard concentration (see Fact C.1 for a proof) |(g, apllajll*-1] < O(1/Vd)
for all j € [n] with probability 1 — n~®1)_ Therefore with overwhelming probability, the final term
is bounded by O(1%/2/ed?). A union bound now gives the desired conclusion.

Finally, we give a bound on the spectral gap. We note that the second eigenvector w has
(u, w) =0, and therefore

Ra?2 Ra?’z
w,———)={w —u) <
< '||Ra®2||> < "|IRa%2| >\

] ]
@2

]
have already applied for |||, (g, Ta;m), and ||Ra]®2||, we have that

Ra®?
J _ N(113/2 1 & 42

e ul|| < O(n”'*/ed?).
j

Thus, using our above bound on ||[R(M — &{g, Ta;“)(a ja].T)®2)R|| and the concentration bounds we

A2(RMR) = w"RMRw
=w'R (M - (g, Ta;.e’z) . (aja].T)@z) Rw + &(yg, Ta?Z)(w,Ra]@Z)Z
<||R (M - e(g, Ta%?) - (aja])??) R|| + O™/ ed?)
<1-0(e) + O(n®?/ed?).

We conclude that the above events also imply that A(RMR)/A1(RMR) <1 - 0O(e). ]

5.2 Spectral gap for diagonal terms: proof of Proposition 5.4

We now prove that the signal matrix, when preconditioned by R, has a noticeable spectral gap:
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Proposition (Restatement of Proposition 5.4). Let R = V2 - ((E(xxT)®2)*)l/2 for x ~ N(0,1d,). Let
ai, ..., a, be independent random vectors from N(0, % Idy) withd < n < d?~2D gnd let g~ N(0,Idy) be
independent of all the others. Let T := ¥ e[y ai(a; ® a;)7. Suppose Maiag = Yic(n){, Tafﬂ) . (aial.T)®2.
Let also v be such that v]'v].T =g, Ta?‘z) . (aja].T)‘X’z. Then, with probability 1 — o(1) over ay, ..., ay, for
each ¢ > polylog d /Vd and each j € [n], the event

Eje Z {||RMaiagR — & - Rojo] R|| < ||RMaiagR|| - (¢ = O (Vit/d)) - |[Rojo T R][}

has probability at least Q(1/n'*O)) over the choice of g.

The proof has two parts. First we show that for ay,...,4, ~ N(0,Id;) the matrix P :=
Yien)(@ia])® has tightly bounded spectral norm when preconditioned with R: more precisely,
that |[RPR|| < 1+ O(n/d%?).

Lemma 5.9. Let a1,...,a, ~ N(O,%Idd) be independent random vectors with d < n. Let R :=
V2 - (E(aa™)®2)*)Y2 for a ~ N(0,1d,). For S C [n], let Ps = ¥;cq(a;a;7)®? and let Tls be the projector
into the subspace spanned by {Rafz’2 | i € S}. Then, with probability 1 — o(1) over the choice of a1, . .., an,

VS C[n]. (1-0O(n/d*?))-TIs < RPsR < (1 +O(n/d*?)) - Ts.

Remark 5.10. In [GM15, Lemma 5] a similar lemma to this one is proved in the context of the SoS
proof system. However, since Ge and Ma leverage the full power of the SoS algorithm their proof
goes via a spectral bound on a different (but related) matrix. Since our algorithm avoids solving an
SDP we need a bound on this matrix in particular.

The proof of Lemma 5.9 proceeds by standard spectral concentration for tall matrices with
independent columns (here the columns are Ra?z). The arc of the proof is straightforward but it
involves some bookkeeping; we have deferred it to Section C.0.2.

We also need the following lemma on the concentration of some scalar random variables
involving R; the proof is straightforward by finding the eigenbasis of R and applying standard
concentration, and it is deferred to the appendix.

Lemma5.11. Letay,...,a, ~ N(O, % Idy). Let X, R be as in Fact 5.8. Let u; = a;®a;. With overwhelming
probability, every j € [n] satisfies Ziij(u]-,Rzuﬁz =O(n/d?) and |1 - ||Ru]-||2| < O(1/V4).

The next lemma is the linchpin of the proof of Proposition 5.4: one of the inner products
(g,Ta j®2>, is likely to be a = (1 + 1/ log(n))-factor larger than the maximum of the inner products
(g, Ta;®%) over i # j- Together with standard linear algebra these imply that the matrix Mgjag =
ie[n){g, Tulf@2>(uiaiT)®2 has top eigenvector highly correlated or anticorrelated with some a;.

Lemma 5.12. Letay,...,a, € R? be independent random vectors from N0, % Id,), and let g be a random
vector from N(0,1dg). Let T = Yiernai(a; ® a;)7. Let € > 0 and j € [n]. Then with overwhelming

probability over ay, . .., ay, the following event E“]-,e has probability 1/n1+O©+OWND) uer the choice of g,
Ej.= {(g, Ta?z) > (1+¢)(1-0(1/Vd))- ni?jx (g, Ta?2)|} .
Now we can prove Proposition 5.4.
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Proof of Proposition 5.4. Let u; := a?z. Fix j € [n]. We begin by showing a lower bound on the
spectral norm ||[RMgiagR|-

”RMdlagR” max |<U RMdlang>|

(Ru jr (RMdiagR)Ru )
> 2
IRl

1
= IRu; P ((9,Tu]>IIRu]||4+(Ru],Z<g,T>Ru U] R - Ru]>)

i#]

From Lemma 5.12, the random vector g is closer to Tu; than to all Tu; for i # j,i € [n] with
reasonable probability. More concretely there is some polylog d so that as long as ¢ > polylog d/Vd
there is some a = ©(¢) with 1 — e = 1/[(1 + a)(1 — O(d~"/?))] so that with w.ov.p. over ay, ..., a, the
following event (a direct consequence of £ j,¢) has probability Q(1/ n“o(“”o(‘fl/z)) = Q(1/n1*00)
over g:

-(1-e)g, Tuj)|- (Z RuiuiTR) < Z(g, Tu;)-Ruju/R < (1—¢&)Kg, Tu;)|- (Z RuiuiTR). (5.2)

i#] i#j i#]

When (5.2) occurs,

1
IRMdiagRIl > 775 IR T (l(g,Tu]>|||Ru]||4 (1—s)|(g,Tu])|(Ru],ZRu ] R Ru])>

i#j
g, Tup)|
= TRs ”; (nRuj|4—<1—e)Z<uj,R2ui>2)

i#]
K. Tupl (1-060/Vd) - (1 - £)O(n/d?))
1+ O(1/Vd)
> |<!]; T”]>| : (1 - Tlnorm) ’ (53)

W.OV.p. over 4y, ...,a, (Lemma 5.11)

where we have chosen some 0 < Nnorm < O1/Vd) + O(n/d?) (since for anyx € R, (1+x)(1-x) <1).
Next we exhibit an upper bound on ||[RMgiagR — (g, Tu;j)Ru ju].TRH. Again when (5.2) occurs,

”RMdiagR - 8<g, T”]>Ru]u;—R“ (54)

= ||(1 - Xy, Tuj)Ruju].TR + Z(g, Tu;i)Ru;u] R

i#]
< (1-¢)g, Tu))l Z Ruju[R|| when (5.2) occurs
i€[n]
<1 =-9e)g, Tujp|(1+ O(n/d™)) w.p. 1 —o(1) over ay,...,a, by Lemma 5.9
< (1 =¢e)g, Tu)l(1 + ngap) (5.5)

where we have chosen some 0 < 7gap < O(1/d*).
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Putting together (5.3) and (5.5) with our bounds on 7norm and 7gap and recalling the conditions
on (5.2), we have shown that

ai,...,

> Q(1/n O > 1-0(1).
This concludes the argument. m]

We now turn to proving that with reasonable probability, g is closer to some Ta?’2 than all
others.

Proof of Lemma 5.12. To avoid proliferation of indices, without loss of generality fix j = 1. We begin
by expanding the expression (g, Taf’z),

(9. Taf?y = > (g,aciac,ai) = laill g, i) + > (g, ackac, a)*

teln) (#i

The latter sum is bounded by

(g acar, a;)

t#i

<O(ﬁ),

d

with overwhelming probability for all i and choices of g; this follows from a Bersntein bound, given
in Lemma 5.6.

For ease of notation, let 4; def a;/|lai|l. We conclude from Fact 5.7 that with overwhelming
probability, 1 — O(1/Vd) < ||ailla < 1+ O@1/Vd) for all i € [n]. Thus ||a;||2 is roughly equal for all 7,
and we may direct our attention to (g, 4;).

Let G1 be the event that \/2_0110g1/2 n < [{g,d1)| < dV* for some a < dV/>720 to be chosen later.
We note that (g, 41) is distributed as a standard gaussian, and that g is independent of a4, .. ., a,.
Thus, we can use standard tail estimates on univariate Gaussians (Lemma A.4) to conclude that

P (|<g,ﬁ1>| > \/2_oclog1/2n) =@ and P(|(g,a.)| > d"*) = @(%}ﬁm) _
So by a union bound, P(G;) > Q(n~%) — O(e‘d1/2/3) = Q(n=%).

Now, we must obtain an estimate for the probability that all other inner products with g are
small. Let Gi>1 be the event that [(g, 4;)| < /(2 + p)logl/2 nforalli € [n],i > 1and for some p to
be chosen later. We will show that conditioned on G1, G;>1 occurs with probability 1 — O(nl‘(zﬂ’)/ 2),
Define g1 := (g, 41)d1 to be the component of g parallel to a1, let g, := g — g1 be the component of
g orthogonal to 41, and similarly let ﬁzl, ..., d; be the components of dy, . .., 4, orthogonal to a;.
Because g, is independent of g1, even conditioned on G; we may apply the standard tail bound for
univariate Gaussians (Lemma A .4), concluding that for all i > 1,

p (I(gL,MI > /(2 + p)log'?n |gl) = O(n-C+0)2),

Thus, a union bound over i # 1 allows us to conclude that conditioned on Gi, with probability
1-O0(nr?)everyi € [n]withi > 1has g, d) <2+ p)logl/2 n.
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On the other hand, let ﬁg, ceny d,ll be the components of the d; parallel to 4;. We compute the
projection of 4; onto 1. With overwhelming probability,
s (a1,ai)
i, d;)y = —————
080 = ol - Tk
= (1+O@1/Vd)) (a1, a;) w.ov.p.by |la;||, |la1]| = 1 £ O(1/Vd) (Fact 5.7)

= (1+O(1/Vd))- O(1/Vd) w.ov.p. by (a1,a;y = O(1/Vd) (Fact 5.7),
Thus w.ov.p.,
(g1,d))y =(g,d1) - (@, 4;) < (g,41)- O(1/Vd),

for all i € [n]. Now we can analyze G;~1. Taking a union bound over the overwhelmingly probable
events (including [|a;]| < 1+ O(1/ Vd)) and the event that ( g.1,4a;)is small for all i, we have that with
probability 1 — O(n=r/?), for every i € [n] withi > 1,

g, @) < Kg.,ai)l + (g1, a;)l
@+ p)log'?n + O(1/Vd) - (g, 41)

<A@+ p)log!?n + O1/d4).

We conclude that
P(G1, Gi>1) = P(Gi»1|G1) - P(G1)
>(1-0m 7). Qm*)
Setting p = 2101%)1% and a = (1 + €)*(1 + loglog n/logn + O(1/Vd)), the conclusion follows. O

5.3 Bound for cross terms: proof of Proposition 5.5
We proceed to the bound on the cross terms Mcross.

Proposition (Restatement of Proposition 5.5). Let ay,...,a, be independent random vectors from
N, % Idy), and let g be a random vector from N(0,1dy). Let T := Y e[,y ai(a;i ® a;)". Let Meross =
Yizjeng, T(ai ® a]-)>aia;r ® a]-a}". Suppose n > d. Then with w.ov.p.,
_ 7’13 1/2
”Mcross” <O g .

The proof will use two iterations of Matrix Rademacher bounds. The first step will be to employ

a classical decoupling inequality that has previously been used in a tensor decomposition context
[GM15].

Theorem 5.13 (Special Case of Theorem 1 in [dIPMS95]). Let {s;}, {ti} be independent iid sequences of
random signs. Let {M;;} be a family of matrices. There is a universal constant C so that for every t > 0,

Z sisjMij Z sitjMi;

i#] i£]

P >t|<C-P|C >t

op op
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Once the simplified cross terms are decoupled, we can use a matrix Rademacher bound on one
set of signs.

Theorem 5.14 (Adapted from Theorem 4.1.1 in [Tro12]' ). Consider a finite sequence {M;} of fixed
m X m Hermitian matrices. Let s; be a sequence of independent sign variables. Let * := || Y, MZ.2||. Then

for every t >0,
]P( Z siM;
< 4/80%logd .
1

i
Corollary 5.15. Lef sq,...,s, be independent signs in {-1,1}. Let Aq,...,A, and By,..., B, be
Hermetian matrices. Then w.ov.p.,
1/2)

~A; @Bl <O B;l| - A2
HZS i ® B (mgxn il |lZ :

Proof. We use a matrix Rademacher bound and standard manipulations:
W.OV.p 12
HZSZ‘-AI‘@)BZ' < O(ZA%@BZZ)
i i
< O( DUIBiIP - (A2 @1d)
i

N 2 2
<O<mlax||Bi|| : ZAl.
1

We also need a few further concentration bounds on matrices which will come up as parts of

_ 42 2
>t)<2m-e /20"
op

Also,
E

Z siM;

1/2
) since A? is PSD for all i

1/2
) since A7 ® Id is PSD for all i . O

M_ross- These can be proved by standard inequalities for sums of independent matrices.

Lemma 5.16 (Restatement of Fact C.2 and Lemma C.3). Let ay, ..., a, be independent from N (0, L1d,)
with n > d polylog(d). With overwhelming probability, Q(n/d) - Id < ie[n] @it] =< O(n/d) - 1d.
Additionally, if g ~ N(0,1dy) is independent of the rest, for every j € [n] w.ov.p.

D (g allailai, a;) - aia] | < O(n/d?)2.
i€[n]
i#]

Proof of Proposition 5.5. We expand Mross:

Meross = Z(g, T(ﬂi ® (1]‘)> . Cli(l;r ® aja].T
i#]

10We remark that Tropp’s bound is phrased in terms of Ayax 3; 5;M;. Since Ayax Di SiM; = Ayin 2.i —5iM;, and the
distribution of s;M; is negation-invariant, the result we state here follows from an easy union bound.
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T

= 3| > tar,aiac,aXg,a0) |- aia] © aja]

i \teln]

Since the joint distribution of (ay, ..., a,) is identical to that of (s1a1, ..., s,a,), this is distributed
identically to

Miross = Z Z sisjse(g, ac)ae, aifae, aj) - aa; ®ajaj,
ieln) %

(where we have also swapped the sums over ¢ and i # j). We split M/, into Mgigt, for which i # ¢

Cross
and j # ¢, and Mgame, for which £ = i or £ = j, and bound the norm of each of these sums separately.

We begin with Mgame.

def
Mgame = Z51'25j<g,ﬂi><ai/ai><ﬂi/aj>'aiﬂ;— ®aja] +Zstxg,aj)(aj,aj)(ai,aj)-aiaiT@aja]-T.
i#] i#j

By a union bound and an application of the triangle inequality it will be enough to show that just
one of these two sums is O(n3/d*)1/2 w.ov.p.. We rewrite the left-hand one:

> s2si(g,ai)ai, ai)ai, a5) - aia] ®aja] = Y sjajal ®| > (g, allailas, a;) - aia] |

i#] jeln] i£]

Define
def

M; = > (g, allaillPai, a) - aia]
i#j
so that now we need to bound }’ jc(, sjaja].T ® M;. By Corollary 5.15,

1/2

T W.OV.p. - ~ 2 T
D siajal M| < Omax|IMjl) O | B llajIPaje;
jeln) j€ln]
1/2

A AN . . O a1
< O(m]ax IM;1) max llaj]| - O Z aja;
jeln]
In Lemma 5.16, we bound max; [|M;]| < O(n/d*)!/? w.ov.p. using a matrix Bernstein inequality.

Combining this bound with the concentration of ||a;|| around 1 (Fact 5.7), we obtain

ST Bn)d) 2 - Onyd)
= O(n/d'5).

Having finished with Mgame, We turn to Mgig.

|Maigl| = Z sisjse(g, ac)ae, aifae, a;) - aia] ®aja}
(#7%]
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¢ i+l j#Li

= Z se{g, ae) (Z si{ag, apyaia; ® (Z si{ae, aj)aja;))H :

Letting t1,...,t, and rq, ..., 7, be independent uniformly random signs, by Theorem 5.13, it will
be enough to bound the spectral norm after replacing the second and third occurrences of s; for ¢;
and r;. To this end, we define

M = Z se{g, ae) (Z ti{ae, aijaia] ® (Z ri{ae, aj>aja]7)) .

7 i7l j#0,i
Let
def T T
Ny = Zti(ag,ai)aiai ® Z 7’j<ﬂg,aj>ajﬂj
iz j#ti

so that we are to bound ”Z te[n] Se{g, ae) Ng”. By a matrix Rademacher bound and elementary
manipulations,

1/2
W.OV.p. B
E se{g,ae) - Ne|| < O( E (g,ag)2~N§)

te[n] te[n]
< O(Vn) - max (g, a)| - max [|N||
te[n] te[n]

W.OV.p.

p- . ~
< O(Wn)- ?IF)]( IN¢|]|  since [{g,a:)| < O(1) (Fact5.7).
€ln

1/2)

The rest of the proof is devoted to bounding || N¢/||.
We start with Corollary 5.15 to get

W.OV.p. »
INel] < O((mlax Z r]-(ag,a]-).aja]'." )

j#i

> ac,ai?laill? - aia]

i#t

We use a matrix Rademacher bound for the left-hand matrix,

1/2

+|| wovp. - 5 2 T
2 ritac ) ajalll < Ol > ae,ap’lajl - aja]

j# i j#i

\_/

1/2

® 214112 aT
< O( j&x(ag,a]) lla;l Za]aj

j

where we have used that (a;, a;)? concentrates around % (Fact 5.7), that ||a;||> concentrates around 1
d

(Fact 5.7), and that ||Zl- aiaiT | concentrates around ; (Lemma 5.16) within logarithmic factors all
with overwhelming probability.
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For the right-hand matrix, we use the fact that the summands are PSD to conclude that

AT
S

i#l

> ac,aiPllaill? - aia]

i#l

< max{ac, a;)*||ail|* -
i+t

W.OV.

<" 60/d)- O(n/d),

using the same concentration facts as earlier.
Putting these together, w.ov.p.

INell < O(Wn/d) - O(Wn/d) = O(n/d?).
Now we are ready to make the final bound on M/,... With overwhelming probability,
Mfygll < O(V/n) - max|[Ne| < O(n?/d*)1?
and hence by Theorem 5.13, || Mai|| < O(¥1) - maxzepy ||Ne|| < O(n®/d*)V2 w.ov.p..
Finally, by triangle inequality and all our bounds thus far, w.ov.p.

IMerossl < IMsamell + [IMastell < O(n/d"®) + O(n®/d*)'? < O(n®1d*)!/2. o

5.4 Full algorithm and proof of Theorem 5.2

In this subsection we give the full details of our tensor decomposition algorithm. As discussed above,
the algorithm proceeds by constructing a random matrix from the input tensor, then computing
and post-processing its top eigenvector.

32



Spectral Tensor Decomposition (One Attempt)

This is the main subroutine of our algorithm—we will run it O(n) times to recover all of the
components ay, ..., ay,.

Algorithm 5.17. Input: T = )}, a4; ® a; ® a;. Goal: Recover a; for some i € [n].

e Compute the matrix unfolding T € R¥*? of T. Then compute a 3-tensor § € R¥*4**@* py
starting with the 6-tensor T ® T, permuting indices, and flattening to a 3-tensor. Apply T in
one mode of S to obtain M € R¥®4*®@* 5 that:

n
T=> a@ea), $=T2=) @0a)%,
ie[n] ij=1
M = S(T,1d 2, Id2) = Z T(ai®aj)®(a;®aj)®(a; ®aj).
i,je[n]
* Sample a vector g € R? with iid standard gaussian entries. Evaluate M in its first mode in the
direction of g to obtain M € R

M= M(g,1dz, 1dp) = > (9, T(a; ®a))- (a; @ a))(a; ® a))T
i,jeln]
o Letx & E[(aaT)®?] for a ~ N(0,1d;). Let R def V2 - (EH)2, Compute the top eigenvector
u € R* of RMR, and reshape Ru to a matrix U € R4,

¢ For each of the signings of the top 2 unit left (or right) singular vectors +u1, +u, of U, check
if X icpn)ai, J_ru]-)?’ > 1—-c(n,d) where c(n,d) = ©(n/d*?) is an appropriate threshold. If so,
output +u;. Otherwise output nothing.

Theorem 5.3 gets us most of the way to the correctness of Algorithm 5.17, proving that the top
eigenvector of the matrix RMR is correlated with some a?z with reasonable probability. We need
a few more ingredients to prove Theorem 5.2. First, we need to show a bound on the runtime of
Algorithm 5.17.

Lemma 5.18. Algorithm 5.17 can be implemented in time O(d'*®) < O(d>37%°), where d* is the runtime
for multiplying two d X d matrices.

Proof. To run the algorithm, we only require access to power iteration using the matrix RMR. We
tirst give a fast implementation for power iteration with the matrix M, and handle the multiplications
with R separately.

Consider a vector v € ]Rdz, and a random vector g ~ N(0,Id;), and let V,G € R4 be the
reshapings of v and gT respectively into matrices. Call T, = T(Id4, V, G), where we have applied V
and G in the second and third modes of T, and call T, the reshaping of T, into a d X d*> matrix. We
have that

T, = Z a;(Va; ® Ga;)" .

i€[n]
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We show that the matrix-vector multiply Mv can be computed as a flattening of the following
product:

T,TT

(Z a;(Va; ® Gai)T) ( Z (aj® a]-)ajT)

ie[n] j€ln]

Z (aj,Vai)-(aj, Gaj) - aia;
i,je[n]

Z (ai®aj,v)-(gT,a;®a;)- aia].T )
i,jeln]

Flattening T, T from a d X d matrix to a vector vrr € ]Rdz, we have that

UTT = Z (gT,a;®aj)-(a;®aj,v)-a;®a; = Mv.

i,je[n]

So we have that Mv is a flattening of the product T,T", which we will compute as a proxy for
computing Mv via direct multiplication.

Computing T, = T(Id, V, G) can be done with two matrix multiplication operations, both times
multiplying a d? X d matrix with a d x d matrix. Computing T,T" is a multiplication of a d x d?
matrix by a d? x d matrix. Both these steps may be done in time O(d'*%), by regarding the d x d?
matrices as block matrices with blocks of size d X d. The asymptotically fastest known algorithm for
matrix multiplication gives a time of O(d>%"?) [Gal14].

Now, to compute the matrix-vector multiply RMRu for any vector u € R%, we may first compute
v = Ru, perform the operation Mo in time O(d'*) as described above, and then again multiply
by R. The matrix R is sparse: it has O(d) entries per row (see Fact C.4), so the multiplication Ru
requires time O(d?).

Performing the update RM R a total of O(log® 1) times is sufficient for convergence, as we have
that with reasonable probability, the spectral gap A2(RMR)/A1(RMR) <1 - O(@), as a result of

applying Theorem 5.3 with the choice of ¢ = O(; Oé —).

Finally, checking the value of };{(a;, x)? requires O(d®) operations, and we do so a constant
number of times, once for each of the signings of the top 2 left (or right) singular vectors of U. O

Next, we need to show that given u with (Ru,a; ® a;)*> > (1 — O(n®?/ed?)) - ||u? - ||a;:||* we
can actually recover the tensor component a;. Here Algorithm 5.17 reshapes Ru to a d X d matrix
and checks the top two left- or right-singular vectors; the next lemma shows one of these singular
vectors must be highly correlated with a;. (The proof is deferred to Section A.1.)

Lemma 5.19. Let M € R pe g symmetric matrix with ||M|| < 1, and let v € RY and u € R* be
vectors. Furthermore, let U be the reshaping of the vector Mu € R?” to a matrix in R™4. Fix ¢ > 0, and
suppose that (Mu,v ® v)* > ¢ - ||ul|® - ||o||*. Then U has some left singular vector a and some right

singular vector b such that
[{a, v)|, Kb, 0)| = ¢ -[[o]].
Furthermore, for any 0 < a < 1, there are a’, b” among the top Lﬁj singular vectors of U with

a’, 0)|, [{b", o) 2 V1 —a-c- o]
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1 ,
(r;g)J singular vectors.

Ifc > %(1 + 1) for some n > 0, then a, b are amongst the top |

Since here c? = 1 — 0(1), we can choose 1 = 1 — 0(1) and check only the top 2 singular vectors.

Next, we must show how to choose the threshold c(7, d) so that a big enough value }’;c(,,(ai, u ]-)3
is ensures that u; is close to a tensor component. The proof is at the end of this section. (A very
similar fact appears in [GM15]. We need a somewhat different parameterization here, but we reuse
many of their results in the proof.)

Lemma 5.20. Let T = }ic1,a; ® a; ® a; for normally distributed vectors a; ~ N(0, 11d,). For all
0<y,y' <1,

1. With overwhelming probability, for every v € RY such that ¥, (ai, v)* > 1 -y,
max|(ai, 0)] > 1~ 0(y) = O(n/d>").
1€|n

2. With overwhelming probability over ay, . .., a, if v € R? with ||v]| = 1 satisfies (v,a;) > 1 -y’ for
some j then Yi{a;, v)® > 1 - 0(y") — O(n/d%?).

We are now ready to prove Theorem 5.2.

Proof of Theorem 5.2. By Theorem 5.3, with probability 1 — o(1) over ay, ..., a, there are events
Eq,...,Ey so that Py(E;) > O(1/n'*9®) such that when event E; occurs the top eigenvector u of
RMR satisfies
(Ru,a; ® a;)? ~ (1’13/2)
———2>1-0|—] .
[l - flail|* ed?
For a particular sample g ~ N(0,1d,), let u, be this eigenvector.

The algorithm is as follows. Sample g1,...,9, ~ N(0,Id;) independently for some r to be
chosen later. Compute Rugy, ..., Ru,,, reshape each to a d X d matrix, and compute its singular
value decomposition. This gives a family of (right) singular vectors vy, ..., v4,. For each, evaluate
Yi{ai,vj)>. Let c(n,d) be a threshold to be chosen later. Initialize S ¢ R” to the empty set.
Examining each 1 < j < dr inturn, add v; to S if },;(a;, v;)® > 1 - c(n, d) and for every v already in
S, (v, ZJ]‘>2 < 1/2. Output the set S.

Choose ¢ = 1/logn. By Lemma 5.19, when E; occurs for g; one of v € {£vjy, ..., 0(j41),} has
(v,a;) > (1 - C~)(n3/2/d2))(||u]-||2 . ||a]-||4). Then by Lemma 5.20, when E; occurs for g;, this v we will
have Y (a;, +v)® > 1 — O(n/d%?). Choose c(n,d) = ®@(n®?/d?) so that when E; occurs for gj, 0o
long as it has not ?reviously occurred for some j’ < j, the algorithm adds +v to S.

The events E l(.t
have probability Q(1/n). Thus, after r = O(n) executions of the algorithm, with high probability
for every i € [n] thereis j € [r] so that E; occurs for g;. Finally, by Lemma 5.20, the algorithm can
never add to S a vector which is not (1 — O(1n/d%/?))-close to some a;. O

and E St’) are independent for any two executions of the algorithm t and ¢’ and

It just remains to prove Lemma 5.20.

Proof of Lemma 5.20. We start with the first claim. By [GM15, Lemma 2, (proof of) Lemma 8§,
Theorem 4.2], the following inequalities all hold w.ov.p..

Z(ai,x)4 <1+0n/d*?) forall|x|=1, (5.6)

ien
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Z(ai,x>6 >1-0 (Z(ai,x>3 - 1) —O(n/d¥?) forall||x|| =1,

i€[n] i€[n]

Z (ai, xy

i€[n]

<1+0m/d%?) forall|x||=1.

To begin,
5t <o) S o)
= €[] )
By (5.6), this implies
max(a;, 0)2 > (1 - O(n/d*?) - Y (v,8)°.
i€[n] &
Now combining (5.7) with (5.9) we have
max(a;, 0)? > (1= O(n/d*?) - (1= 0(1 = Y ay, 0)*) = O(n/d*?)).

i€[n] -

Together with (5.8) this concludes the of the first claim.

(5.7)

(5.8)

(5.9)

For the second claim, we note that by (5.8), and homogeneity, | 3., (4, x| < ||x|]P(1+O(n/d??)

w.ov.p.. We write v = (a;, x)a; + x*, where (x*,a;) = 0. Now we expand
Z(ai, o > (1-y)+ Z((ﬂj, xyaj+x*,a;)’
i i%]
= 1=V + Y (aj, 0)¥aj,a))® + 3(aj, x)aj, a;)*(x*, a;)
i#]
+3(aj, x)aj, ai)}xta)* + (x*,a;)° .

We estimate each term in the expansion:

D (@), )%aj, ;)

i#]

~( n
< laj, ¥P1Y. Kaj,af < 6 (57)

i#]

w.ov.p. by Cauchy-Schwarz and standard concentration.

D (aj, Y aj, )X (x*, i)

1/2 12
< (Z(aj, x)aj, ai)4) (Z(xl, ai)z) by Cauchy-Schwarz

i#j i%] i*j
_ (12
< O(Vn)-max{a;, a;)* - O (E) w.ov.p. by standard concentration.
1#]
~ n .
<O (W) w.ov.p. by standard concentration
Z(u]-, x){aj, a;i)Y(xt, a;)?| < O(1) - max [{(a;j,a;)| - Z(JCJ‘, a;)? w.ov.p. by standard concentration
— i#] —
i#] i#]

<O (i) -0 (g) w.ov.p. by standard concentration
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~( n
<O(m)

Z(xl, a;)| < vy + O (#) w.ov.p. by (5.8) and homogeneity .
i#]

Now we estimate

D fai, oY > (1= + Y (@i, x)° > (=)’ =y = On/d¥?) > 1= O(/) = O(n/d*?).
i i#]

since ’ < 1. m]

5.4.1 Boosting Accuracy with Local Search

We remark that Algorithm 5.17 may be used in conjunction with a local search algorithm to obtain
much greater guarantees on the accuracy of the recovered vectors. Previous progress on the
tensor decomposition problem has produced iterative algorithms that provide local convergence
guarantees given a good enough initialization, but which leave the question of how to initialize
the procedure up to future work, or up to the specifics of an implementation. In this context,
our contribution can be seen as a general method of obtaining good initializations for these local
iterative procedures.

In particular, Anandkumar et al. [AGJ15] give an algorithm that combines tensor power iteration
and a form of coordinate descent, which when initialized with the output of Algorithm 5.17,
achieves a linear convergence rate to the true decomposition within polynomial time.

Theorem 5.21 (Adapted from Theorem 1 in [AG]15]). Given a rank-n tensor T = }; a; ® a; ® a; with
random Gaussian components a; ~ N(0,31ds). There is a constant ¢ > 0 so that if a set of unit vectors
{x; € R%}; satisfies

(xj,a;) 2 1—c, Vie€l][n],

then there exists a procedure which with overwhelming probability over T and for any & > 0, recovers a set of
vectors {d;} such that
<ﬁi/ai> = 1_61 VZE [n]/

in time O(poly(d) + nd>log ¢).

Remark 5.22. Theorem 1 of Anandkumar et al. is stated for random asymmetric tensors, but the
adaptation to symmetric tensors is stated in equations (14) and (27) in the same paper.

The theorem of Anandkumar et al. allows for a perturbation tensor ®, which is just the zero
tensor in our setting. Additionally, the weight ratios specifying the weight of each rank-one
component in the input tensor are w,,,x = Wmin = 1. Lastly, the initialization conditions are given
in terms of the distance between the intialization vectors and the true vectors |x; — a;|, which is
related to our measure of closeness (x;, a;) by the equation |x; — ail? = |x;? + |ai|* = 2(x;, a;).

The linear convergence guarantee is stated in Lemma 12 of Anandkumar et al.

Corollary 5.23 (Corollary of Theorem 5.2). Given as input the tensor T = Y7 a; ® a; ® a; where
a; ~ N(0, 1 1d,) with d < n < d*/3/ polylog d, there is a polynomial-time algorithm which with probability
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1 - o(1) over the input T and the algorithm randomness finds unit vectors &1, ..., 4, € R? such that for all
ieln],
(;,a;y>1-0(@27").

Proof. We repeatedly invoke Algorithm 5.17 until we obtain a full set of n vectors as characterized
by Theorem 5.2. Apply Theorem 5.21 to the recovered set of vectors until the desired accuracy is
obtained. m]

6 Tensor principal component analysis

The Tensor PCA problem in the spiked tensor model is similar to the setting of tensor decomposition,
but here the goal is to recover a single large component with all smaller components of the tensor
regarded as random noise.

Problem 6.1 (Tensor PCA in the Order-3 Spiked Tensor Model). Given an input tensor T = 7- v®3+A,
where v € R" is an arbitrary unit vector, 7 > 0 is the signal-to-noise ratio, and A is a random noise
tensor with iid standard Gaussian entries, recover the signal v approximately.

Using the partial trace method, we give the first linear-time algorithm for this problem that
recovers v for signal-to-noise ratio T = O(n%/4/ poly log n). In addition, the algorithm requires only
O(n?) auxiliary space (compared to the input size of n3) and uses only one non-adaptive pass over
the input.

6.1 Spiked tensor model

This spiked tensor model (for general order-k tensors) was introduced by Montanari and Richard
[RM14], who also obtained the first algorithms to solve the model with provable statistical guarantees.
Subsequently, the SoS approach was applied to the model to improve the signal-to-noise ratio
required for odd-order tensors [HSS15]; for 3-tensors reducing the requirement from v = Q(n) to
T = Q(n**log(n)'/4).

Using the linear-algebraic objects involved in the analysis of the SoS relaxation, the previous
work has also described algorithms with guarantees similar to those of the SoS SDP relaxation,
while requiring only nearly subquadratic or linear time [HSS15].

The algorithm here improves on the previous results by use of the partial trace method,
simplifying the analysis and improving the runtime by a factor of log n.

6.2 Linear-time algorithm

Linear-Time Algorithm for Tensor PCA
Algorithm 6.2. Input: T = 7 - v® + A. Goal: Recover v’ with (v, ") > 1 - o(1).
¢ Compute the partial trace M := Trr» 3; T; ® T; € R™", where T; are the first-mode slices of T.

¢ QOutput the top eigenvector v’ of M.
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Theorem 6.3. When A has iid standard Gaussian entries and T > Cn®/* log(n)l/ 2/ & for some constant C,
Algorithm 6.2 recovers v’ with (v, v") > 1 — O(¢) with high probability over A.

Theorem 6.4. Algorithm 6.2 can be implemented in linear time and sublinear space.

These theorems are proved by routine matrix concentration results, showing that in the partial
trace matrix, the signal dominates the noise.

To implement the algorithm in linear time it is enough to show that this (sublinear-sized) matrix

has constant spectral gap; then a standard application of the matrix power method computes the
top eigenvector.

Lemma 6.5. For any v, with high probability over A, the following occur:
HZ Tr(A;) - Ai|| < O(n®? log2 n)
i

HZ (i) - Ail| < O(¥nlogn)

HZ Tr(A;)v(i) - vo'|| < O(Wnlogn).

The proof may be found in Appendix D.

Proof of Theorem 6.3. We expand the partial trace Trr» }; T; ® T;.
Trre Z T,®T; = Z Te(T;) - T
i i
= Z Tr(t-v(i)vo" +A;) - (1-v(i)oo" + A;))
i

= Z:(Tv(i)llvll2 +Tr(Ai) - (- v(i)vo’ +Ap)

=1%00" + 1 (Z v(i)- A + Z TI‘(AZ‘)U(i)UUT) + Z Tr(A;) - A;.

1

Applying Lemma 6.5 and the triangle inequality, we see that

T (Z v(i) - A; + Z Tr(Ai)v(i)va) + Z Tr(A;) - A;

1

<O0n®? log 1)

with high probability. Thus, for appropriate choice of T = Q(n%/4,/(log n)/¢), the matrix Trgs 3; T; ®
T; is close to rank one, and the result follows by standard manipulations. O

Proof of Theorem 6.4. Carrying over the expansion of the partial trace from above and setting
7 = O(n%*,[(logn)/¢), the matrix Trrs 3; T; ® T; has a spectral gap ratio equal to Q(1/¢) and so
the matrix power method finds the top eigenvector in O(log(n/¢)) iterations. This matrix has
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dimension n X 1, so a single iteration takes O(n?) time, which is sublinear in the input size n>.

Finally, to construct Trr» )}; T; ® T; we use
Trre Z T, ®T; = Z Te(T;) - T
i i

and note that to construct the right-hand side it is enough to examine each entry of T just O(1)
times and perform O(n3) additions. At no point do we need to store more than O(7?) matrix entries
at the same time. O
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A Additional preliminaries

A.1 Linear algebra

Here we provide some lemmas in linear algebra.
This first lemma is closely related to the sos Cauchy-Schwarz from [BKS14], and the proof is
essentially the same.
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Lemma A.1 (PSD Cauchy-Schwarz). Let M € R4 M > 0and symmetric. Letp1,...,Pn,q1,.-.,qn €
R?. Then

n n n
(M, Y pia]) <M, Y pip])VHM, ) qig] M2
i=1 i=1 i=1

In applications, we will have }}; p;g; as a single block of a larger block matrix containing also
the blocks 3; pip| and ¥; qiq. .

Proof. We first claim that
n n n
M, Y pial) < 3 pipl )+ 5, Y gl
i=1 i=1 i=1

To see this, just note that the right-hand side minus the left is exactly

n

M, Z(Pi —qi)pi—q)7) = Z(Pi —q)"M(pi —qi) > 0.
i=1 i

The lemma follows now be applying this inequality to

~ pi ,_ qi
M2 T LS gy

Lemma A.2 (Operator Norm Cauchy-Schwarz for Sums). Let Ay,..., Ay, B1,..., By, be real random
matrices. Then
| D EAB| <|> EATA| |> EBB
i i i
Proof. We have for any unit x, y,
xT Y EABix = ) B(Aix, Biy)
i i

< Z]EllAixIIIIBinI
i

/7
pP; o

1/2 1/2

<

< ) ([l Aix|)AE||Bix |2

1

< \/ZIEnAixnz\/ZEuBiynz
i i
=\/]ExTZAiTAix\/IEyTZBiTBiy

1/2

1/2

where the nontrivial inequalities follow from Cauchy-Schwarz for expectations, vectors and scalars,
respectively. m]
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The followng lemma allows to argue about the top eigenvector of matrices with spectral gap.

Lemma A.3 (Top eigenvector of gapped matrices). Let M be a symmetric r-by-r matrix and let u, v
be a vectors in R” with ||u|| = 1. Suppose u is a top singular vector of M so that |(u, Mu)| = ||M|| and v
satisfies for some & > 0,

IM = 00| < [IM]| - ¢ - |Jo]?

Then, {u,v)* > ¢ - ||v||*
Proof. We lower bound the quadratic form of M — vo " evaluated at u by
(1, (M =00 )u)| > [(u, Mu)| = (u,0)* = [IM|| = (u, 0)*.

At the same time, this quadratic form evaluated at u is upper bounded by ||M|| — ¢ - [|v ||2. Tt follows
that (1, v)? > ¢ - ||v]|* as desired.
O

The following lemma states that a vector in R which is close to a symmetric vector v®2, if
flattened to a matrix, has top eigenvector correlated with the symmetric vector.

Lemma (Restatement of Lemma 5.19). Let M € R**4* pe g symmetric matrix with |M|| < 1, and let
v € RY and u € RY be vectors. Furthermore, let U be the reshaping of the vector Mu € R? to a matrix in
R4, Fix ¢ > 0, and suppose that (Mu,v ® v)> > c2 - ||ul|? - ||0||*. Then U has some left singular vector a
and some right singular vector b such that

[{a, v)|, Kb, 0)| = ¢ -[[o]].
Furthermore, for any 0 < a < 1, there are a’, b’ among the top Lﬁj singular vectors of U with
[{a”, o), 10", o) > V1 —a-c- ol

1 .
(,;Z)J singular vectors.

Ifc > \J3(1 + 1) for some n > O, then a, b are amongst the top |

Proof. Let o = v/||v||. Let (0}, a;, b;) be the ith singular value, left and right (unit) singular vectors
of U respectively.
Our assumptions imply that

[6TUD| = [(Mu, o ® 9)| > ¢ - [|ul].

Furthermore, we observe that |U||r = ||[Mu]|| < |[M]| - ||u||, and that therefore |U||r < ||u|]. We thus
have that,

- lull < [o7ue] = |3 07+ (6,008, 5| < lull \/Zw,a»zw,b»z,

i€[d] i€[d]

where to obtain the last inequality we have used Cauchy-Schwarz and our bound on ||U||r. We may
thus conclude that

¢ < Y (0,000, bi) < max(a;, 0 - > (bi, 0)’ = max(a, 0)°, (A1)
i) i€[d] i) i€ld]
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where we have used the fact that the left singular values of U are orthonormal. The argument is
symmetric in the b;.
Furthermore, we have that
2

ATr7Al2 . . . , .
Nl < [0TUB] = | D oi- (0,00, )| <| D oKd,a)?|-| D (0,007 |= ) oK a7,
ie[d] ic[d] ic[d] ie[d)
where we have applied Cauchy-Schwarz and the orthonormality of the b;. In particular,
> 02o,a? > Al > AUl
ie[d]
On the other hand, let S be the set of i € [d] for which 01.2 < ac?|| U||12T. By substitution,
D oXo, a0 < ackU|} D (8,00 < ack|U]i?,
i€S i€S
where we have used the fact that the right singular vectors are orthonormal. The last two inequalities
imply that S # [d]. Letting T = [d] \ S, it follows from subtraction that

20177112 2/8 2 A 5
(1= ) ?UIE < ) 030, < max(@,a:)? ) o7 = max(0, a)* [,
ieT ! ieT '
so that max;er(9, a;)* > (1 — a)c?. Finally,
201717112 2 2 2
ITI- ac?|Ul < |T|-mino? < ) oF = IUI,
i€[d]
so that |T| < Lﬁj. Thus, one of the top Lﬁj right singular vectors a has correlation [(9, a)| >

1/(1 — a)c. The same proof holds for the b.

Furthermore, if ¢ > %(1 + 1) for some n > 0, and (1 — a)c? > %, then by (A.1) it must be that
max;er(0,a;)* = max;e[4){0, a;)?, as © cannot have square correlation larger than % with more than
one left singular vector. Taking a = % guarantees this. The conclusion follows. m]

A.2 Concentration tools

We require a number of tools from the literature on concentration of measure.

A.2.1 For scalar-valued polynomials of Gaussians

We need the some concentration bounds for certain polynomials of Gaussian random variables.

The following lemma gives standard bounds on the tails of a standard gaussian variable—
somewhat more precisely than other bounds in this paper. Though there are ample sources, we
repeat the proof here for reference.

Lemma A.4. Let X ~ N(0,1). Then for t > 0,
—2/2

P(X >t)< ,
tV2m

and
e

211
P(X>t)> : (— - —).
X>H>—="7"%
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Proof. To show the first statement, we apply an integration trick,

]P(X>t)=%f e 12y
V2r Jt

1 Cx 2
< — Ze ¥ 24y
V2rJr
e—t2/2

- tVZTC,

where in the third step we have used the fact that ¢ < x for t > x. For the second statement, we
integrate by parts and repeat the trick,

This concludes the proof. m|

The following is a small modification of Theorem 6.7 from [Jan97] which follows from Remark
6.8 in the same.

Lemma A.5. For each € > 1 there is a universal constant c¢ > 0 such that for every f a degree-€ polynomial
of standard Gaussian random variables X1, ..., X,y and t > 2,

P(f(X)] > tE|fX)) < e
The same holds (with a different constant c¢) if B | f(x)| is replaced by (E f(x)?)V/2.

In our concentration results, we will need to calculate the expectations of multivariate Gaussian
polynomials, many of which share a common form. Below we give an expression for these
expectations.

Fact A.6. Let x be a d-dimensional vector with independent identically distributed gaussian entries
with variance o®. Let u be a fixed unit vector. Then setting X = (||x|*> = ¢)P||x|[*"xxT, and setting
U = (||lx||? = )P ||x||*"uu’, we have

E[X] = ( Z (Z)(—l)kck(d +2)---(d +2p +2m — 2k)02<r’+m—’<+1>> -1d,

0<k<p

and

E[U] = ( Z (Z)(—l)kckd(d +2)---(d +2p +2m — 2k — 2)02<P+m-k>) cuu’
0<k<p
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Proof.
E[X] = E[(llx]* - o)" llx[*"x7] - 1d

p+m—k
=1d- Z (Z)(—l)kck]E (Z xf) x%

0<k<p (e[d]

. +m—k . ..
Since (Zie[d] xz.z)p is symmetric in x1, ..., x4, we have

p+m—k+1
1 p
=1d-- § (k)(—l)kck]E (§ x?)

0<k<p i€[d]

We have reduced the computation to a question of the moments of a Chi-squared variable with d
degrees of freedom. Using these moments,

_ l P\, \k .k _ 2p+m—k+1)
=1d Z (k)( Dfckd(d +2) -+ (d +2p + 2m — 2k)o

=1d ( Z (Z)(—l)kck(d +2) - (d +2p + 2m — 2k)gHPrmRrD ]
0<k<p

A similar computation yields the result about E[U]. m]

A.2.2 For matrix-valued random variables

On several occasions we will need to apply a Matrix-Bernstein-like theorem to a sum of matrices
with an unfortunate tail. To this end, we prove a “truncated Matrix Bernstein Inequality.” Our
proof uses an standard matrix Bernstein inequality as a black box. The study of inequalities of
this variety—on tails of sums of independent matrix-valued random variables— was initiated by
Ahlswede and Winter [AWO02]. The excellent survey of Tropp [Tro12] provides many results of this
kind.

In applications of the following the operator norms of the summands Xj, ..., X,, have well-
behaved tails and so the truncation is a routine formality. Two corollaries following the proposition
and its proof capture truncation for all the matrices we encounter in the present work.

Proposition A.7 (Truncated Matrix Bernstein). Let Xi,...,X, € R"*% be independent random
matrices, and suppose that

P [IIX; - E[Xilll,, > B] < p foralli € [n].
Furthermore, suppose that for each X;,
E[X:] - E[X; L[|IXillop < BJ1I| < g-
Denote

o =max{| > E[XX[]-E[XJE[X]]| | > E[XIX]-E[X] B[X/]

i€[n] i€[n]

op op
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Then for X = 3 ic(q) Xi, we have

_(+ _ 2
]P[HX—]E[X]”op>t]<n-p+(d1+d2)-exp( (t = nq) )

2(0? + B(t — nq)/3)

Proof. For simplicity we start by centering the variables X;. Let Xi=X;—-EX;and X = Dieln] X;
The proof proceeds by a straightforward application of the noncommutative Bernstein’s Inequality.
We define variables Y7, ..., Y,, which are the truncated counterparts of the X;s in the following
sense:

v {Xz- IXillop < B,

0 otherwise.

Define Y = }c[,) Yi- We claim that

N

Z EY;YT - E[Y;] E[Y;]" Z EXXT| <o*and (A.2)
i i

op op

Z EYTY; -E[Yi)|"E[Y]| < Z EXTX| <o?, (A.3)
i op i op

which, together with the fact that ||Y;|| < p almost surely, will allow us to apply the non-commutative
Bernstein’s inequality to Y. To see (A.2) ((A.3) is similar), we expand EY; YZ.T as

B =P [|[%il,, < 5] B[ XX | [%il, < 5]
Additionally expanding [E [XZXZT] as
B[R] =P [[%ill, < 8] [XXT | IKill, < 8] + P (Il > 8] B [XXT | 1%l > 8]

we note that E[X;X[ | [|Xi[|,, > p]is PSD. Thus, E[Y;Y[] > E[X;X]]. But by definition E[Y;Y] s
still PSD (and hence ||ZZ E[Y; YiT]Hop is given by the maximum eigenvalue of E[Y; Yl.T]), SO

HZEYZ-YiT Y EXK]
i i

Also PSD are E[Y;] E[Y;]" and E[(Y; — E[Y;])(Y; - E[Y:])] = ]E[Y,-YZ.T] - E[Y;] E[Y;]". By the same
reasoning again, then, we get ||3; EY;Y] — E[Yi] ]E[Yi]THOp < ||Zi]E[YiYiT]||Op- Putting this all
together gives (A.2).

Now we are ready to apply the non-commutative Bernstein’s inequality to Y. We have

—a?/2 )
o2+B-a/3)

<

op op

P [||Y = E[Y]llop > a] < (dy+dy)-exp (

Now, we have

P[IX ~ E[X]llop > ] = P[IX ~E[X]llop > ¢ | X = Y] - P[X = Y]
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+P[IX -E[X]llop >t | X £ Y] -P[X # Y],
<SPIX-EX]llp =2t X=Y]+n-p

by a union bound over the events {X; # Y;}. It remains to bound the conditional probability
P[||X - E[X Hop 2t X = Y]. By assumption, || E[X] - E[Y]llop < ng, and so by the triangle
inequality,

I1X = E[X]llop < IX =E[Y]llop + [IE[Y] = E[X]llop < IX = E[Y]llop + ng.
Thus,

PIX -E[X]llop >t | X=Y]|<P[IX-E[Y]llop +ng >t | X =]
=P[llY -E[Y]llop >t -ng | X =Y].

Putting everything together and setting o = t — ng,

—(t - nq)Z/Z
o2+ B(t - nq)/3) ’

as desired. O

P[|X - E[X]llop > t] <n-p+(d1 +d2)-exp (

The following lemma helps achieve the assumptions of Proposition A.7 easily for a useful class
of thin-tailed random matrices.

Lemma A.8. Suppose that X is a matrix whose entries are polynomials of constant degree € in unknowns
x, which we evaluate at independent Gaussians. Let f(x) := || X||op and g(x) := ||XXT||0p, and either f is
itself a polynomial in x of degree at most 2¢ or g is a polynomial in x of degree at most 4. Then if f = R -«

for & > min{E [|f)]], E[9(0)]} and R = polylog(n)
P(||Xlop > B) < n7lo8", (A4)
and
E[IX - 1{[IXlop > B}lop] < (B +a)n~"o8". (A5)

Proof. We begin with (A.4). Either f(x) is a polynomial of degree at most 2¢, or g(x) is a polynomial
of degree at most 4¢ in gaussian variables. We can thus use Lemma A.5 to obtain the following
bound,

P(|f(x)| > ta) < exp (—ctl/(%)) , (A.6)

where ¢ is a universal constant. Taking ¢ = R = polylog(n) gives us (A.4).
We now address (A.5). To this end, let p(t) and P(t) be the probability density function and
cumulative density function of || X||,p, respectively. We apply Jensen’s inequality and instead bound

IE[XT{IXIlop > B} Il < E[IIXllop T{lIXllop > B}] =f0 t-I{t > ptp(H)dt
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since the indicator is 0 for t < 3,

- fﬁ (~t)(=p(H)dt

integrating by parts,

=-t-a-ro + fﬁ (1 - Pyar

and using the equality of 1 — P(t) with P(||X]|,, > t) along with (A.4),

< pn~losn +f P(|X]lop > t)dt
b

Applying the change of variables t = as so as to apply (A.6),

= ﬁn_l"g” + af P(|| X]lop > as)ds
R

< pnlosn 4 af exp(—cs'/?)ds
R
Now applying a change of variables so s = (uliﬂ)%,

00 logn 2¢

— —logn —-u 26-1

= Bn~'%8 +aﬁR1/(mn -25( . ) u=""du
logn
[Se]

—logn —-u/2

< Pn” %" + gen 1 du,

logn

where we have used the assumption that ¢ is constant. We can approximate this by a geometric
sum,

< pnlosn 4 o Z n=u2

_CRl/(Z[)
~ logn

< ‘Bn—logn +a- n—ch/(”)/(Zlogn)

Evaluating at R = polylog n for a sufficiently large polynomial in the log gives us

]E[”X : ]I{”X”op = ,B}”op] < (,3 + a)”_logn,

as desired.
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B Concentration bounds for planted sparse vector in random linear
subspace

Proof of Lemma 4.7. Let c := Y,i; v(i)b;. The matrix in question has a nice block structure:

n 2 T
o]l c
T = 2
Zazai - n 3T |
' ¢ Xin bib;

i=1

The vector c is distributed as N(0, % Id;_1) so by standard concentration has ||c|| < O(d/n)"/? w.ov.p..
By assumption, ||v||3 = 1. Thus by triangle inequality w.ov.p.
n

1/2
( ) be ~Idy

By [Ver10, Corollary 5.50] applied to the subgaussian vectors nb;, w.ov.p.

n d 1/2
Z bib;r —-1d;4|| <O (E)

O(d/n)'/? w.ov.p.. This implies ||(3 1, a; ial )t —1Idg || < O(d/n)Y/?
O(d/n)/? when d = o(n) by the following facts applied to the
<e<l,

n

Z —Idy

i=1

and hence || ¥/, a;a] —1dg || <
and |(Z1; aia] )2 —1dg || <
eigenvalues of )1, aiaiT. For 0

1+e)'=1-0(¢) and (1-¢)'=1+0(),
(1+e)?2=1-0(¢) and (1-¢)2=1+0(e).

These are proved easily via the identity (1 + €)™ = 33 | ¢ and similar. m]

Orthogonal subspace basis

Lemma B.1. Let ay,...,a, € R? be independent random vectors from N(O, % Id) with d < n and let
A =3 aia. Then for every unit vector x € RY, with overwhelming probability 1 — d~*D,

1+ \/_) .

[, A7) — llxl?| < (

Proof. Let x € R, By scale invariance, we may assume ||x|| = 1.

By standard matrix concentration bounds, the matrix B = Id —A has spectral norm |[|B|| <
O(d/n)Y? w.ov.p. [Ver10, Corollary 5.50]. Since A™' = (Id-B)~! = = Vw0 BF, the spectral norm of
A™1 —1d -B is at most Zk=2||B||k (whenever the series converges). Hence, ||A~ -1 _1d-B|| < O(d/n)
W.OV.p..

It follows that it is enough to show that [(x, Bx)| < O(1/n)1/? w.ov.p.. The random variable
n—n{x,Bx) = YL (Vn-a, x)? is y2-distributed with n degrees of freedom. Thus, by standard
concentration bounds, n|(x, Bx)| < O(vn) w.ov.p. [LMOO].

We conclude that with overwhelming probability 1 — d~«(1),

(v, A7) = lxIP| < I(x, Bx)| + O(d/n) < (‘“‘F)
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Lemma B.2. Let aq,...,a, € R? be independent random vectors from N(0, % Id) with d < n and let
A =31 a;a]. Then for every index i € [n], with overwhelming probability 1 — dem,

d+n
n‘r) oyl

|<ﬂj,A_1ﬂj> - ||11j||2| <O (
Proof. Let A_j = };;ja;a]. By Sherman-Morrison,

1
ATl =(Asj+aja)) T = AT -

I —— Ly By B S
J 1+a]7'A:}a]- i J

]

Thus, (aj,A‘la]'> = (uj,A:}a]) — (aj,A:}a])z/(l + (a]',A:}aj)). Since ||;/5A-; - 1d|| = O(d/n)'/?

w.ov.p., we also have IIA:]l. | < 2 with overwhelming probability. Therefore, w.ov.p.,
(aj, A~ aj) = (aj, Atap)| < (aj, AT}a))? < 4llajl* < O@d/n) - laj?.

At the same time, by Lemma B.1, w.ov.p.,

~ [d+n
@), 25A7ka)) = llajl?] < © ( n‘r) lagIP.

We conclude that, w.ov.p.,
-1 2 -1 -1 -1 — 2 2
[aj, A~'aj) = llajI1?] < [(aj, A~aj) —(aj, AZ}ap)| + [(a;, AZda;) = “LilajI2| + Lila;)

<O(M).

n

Lemma B.3. Let A be a block matrix where one of the diagonal blocks is the 1 X 1 identity; that is,

lo]|> T 1 7
A= = .
c B c B

for some matrix B and vector c. Let x be a vector which decomposes as x = (x(1) x”) where x(1) = (x, e1)
for eq the first standard basis vector.

Then
B~lcc™B!
1-c¢"B-1c

B~ lccTB

’ Tp-1.\-1 2
m )c,x)+(1—c B C) X(l) .

(x, A7 'x) = (x, (B_1 + ) x'y + 23((1)((B_1 +

Proof. By the formula for block matrix inverses,

A1 (1-c"B7lc)™t cT(B-cc™)™!
- (B-cc")c (B-ccT)y! |’

The result follows by Sherman-Morrison applied to (B — ccT)™! and the definition of x. m]
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Lemma B.4. Let v € R" be a unit vector and let by, ..., b, € R*! have iid entries from N(0,1/n). Let
a; € R be given by a; := (v(i) b;). Let A := ¥;a;a’. Let c € R be given by c := ¥; v(i)b;. Then for

i
every index i € [n], w.ov.p.,

~ [d++n
Kai, A™ aiy — llailP] < O( n\/_) Naill?.
Proof. LetB :=3}; bibl.T. By standard concentration, ||[B~!~Id || < O(d/n)'/? w.ov.p. [Ver10, Corollary
5.50]. At the same time, since v has unit norm, the entries of ¢ are iid samples from N(0,1/n),
and hence n||c||? is x?-distributed with d degrees of freedom. Thus w.ov.p. ||c|* < % +O(dn)~12,
Together these imply the following useful estimates, all of which hold w.ov.p.:

1 211p-1 d d\*?

o ~ -

T8l < Py < 5 40 ()
g (g\3"

IB-ccTB oy < IelPIBE, < £+ (4]

B~ lecTBE i~ (d\**

22 <Z40(%)

1-cTB- ¢ op M n

where the first two use Cauchy-Schwarz and the last follows from the first two.
We turn now to the expansion of (a;, A~1a;) offered by Lemma B.3,

_ 4 B7lecTB
<ﬂi,A 1ai> :(bi, (B 1 + m) i> (Bl)
, 4 B7lecTB
+ 2.’0(1)((B 1 + m) c, bl> (BZ)
+(1-c"B7lo) o). (B.3)

Addressing (B.1) first, by the above estimates and Lemma B.2 applied to (b;, B “1p)),

é(“‘m)-nw

n

B~ lcc™B1
1-cTB-1l¢

)bi>— lbal?| <

‘(bi, (B_l +

w.ov.p.. For (B.2), we pull out the important factor of ||c|| and separate v(i) from b;: w.ov.p.,

B-1¢cTR-1 B~lec™B71) ¢
20(i){|B1+ ———|¢,b)| =2 (B + ——=—==| 5, bi
v(z)(( + - cTB—lc) c z>‘ ||C||U(1)<( + 1— CTB—lc) Ilcl| l>'
B lec™B1 ¢
< 2 N2 + B_1 S — —,b' 2
llcl| (v(l) (( 1—cB1c) i)

<6 (g) () + [1b:])
=6 (%) a2,

where the last inequality follows from our estimates above and Cauchy-Schwarz.
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Finally, for (B.3), since (1 — ¢"B~!c) > 1 — O(d/n) w.ov.p., we have that
(1-c"Ble)y o) —v(i)? < O (%) v(i)?.

Putting it all together,

B~ lcc™B1
————— | b)) = |1l
1-c"B- ¢

B~lcc™B7!

/[ -1

2U(l)<(B + m) c, bl>|
+1(1=c"B7le) to(i)? - v(i)?|

~ [d++n
<O( \/_)'”511'”2- O

n

@i, A2y — lladl?] < (b, (B-1 .

+

C Concentration bounds for overcomplete tensor decomposition

We require some facts about the concentration of certain scalar-and matrix-valued random variables,
which generally follow from standard concentration arguments. We present proofs here for

completeness.
The first lemma captures standard facts about random Gaussians.

Fact C.1. Letaq,...,a, € R? be sampled a; ~ N(0, 114).

1. Inner products [(a;, a;)| are all ~ 1/Vd:
]P{(ai,a]-)z <0 (%) ‘Vi,j cln], i j} >1—no®),
2. Norms are all about ||a;|| ~ 1 + O(1/Vd):

P {1 61/ < lail? < 1+ O1/Vd) ‘ Vi e [n]} >1—no®

3. Fix a vector v € R, Suppose g € R? is a vector with entries identically distributed g; ~ N(0, o).
Then (g,0)? ~ o2 [[o]}2

< 0@ ||v||§)} >1—nem,

P{[(g, 0 - o*- o

Proof of Fact C.1. We start with Item 1. Consider the quantity (a;, a;)*. We calculate the expectation,

1 1
El(ai,a)? = ) Elak)ai(0a;j()a;(0)] = > E[ai()?] - Elajk)?] =d- 4 = =.
az d
k,te[d] keld]
Since this is a degree-4 square polynomial in the entries of a; and a;, we may apply Lemma A.5 to

conclude that

P ((ai,aj>2 >t- %) < exp (-O(t1/?)).
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Applying this fact with t = polylog(n) and taking a union bound over pairs 7, j € [n] gives us the
desired result.

Next is Item 2. Consider the quantity |[a; ||§ We will apply Lemma A.5 in order to obtain a tail
bound for the value of the polynomial (||a; ||§ —1)2. We have

B[l - 1] =0 (=),

and now applying Lemma A.5 with the square root of this expectation, we have
2 S -1
P (el - 1] > O()) < nloe”.

This gives both bounds for a single a;. The result now follows from taking a union bound over all i.

Moving on to Item 3, we view the expression f(g) := ({(g,v)? — 62||v||*)? as a polynomial in the
gaussian entries of g. The degree of f(g) is 4, and E[|f(g)|] = 30* - ||v||i, and so we may apply
Lemma A.5 to conclude that

P(If(@)l > t-30* - [[0llf) < exp(—cat'?),
and taking ¢ = polylog(n) the conclusion follows. -

We also use the fact that the covariance matrix of a sum of sufficiently many gaussian outer
products concentrates about its expectation.

Fact C.2. Let ay, . ..,a, € R? be vectors with iid gaussian entries such that IE [||ai||§] =1,and n = Q(d).
Let & be the event that the sum [, aiaz.T is close to & - 1d, that is

P {Q(ﬂ/d) Id < Z aiaiT < O(n/d) . Id} >1—pneW,

i€[n]

Proof of Fact C.2. We apply a truncated matrix bernstein inequality. For convenience, A := Yic[, a;a.;
and let A; := aia;" be a single summand. To begin, we calculate the first and second moments of the
summands,

1

E[A]=7-1d
E[4:4]]=0 () 1d.

Sowe have E [A] = % -Id and 0%(A) =0 (%)

We now show that each summand is well-approximated by a truncated variable. To calculate the
expected norm ||A;||,,, we observe that A; is rank-1 and thus E [||A1-||0p] =E [||ai||§] = 1. Applying
Lemma A.8, we have

]P(”Ai”op 2 O(l)) < n—logn’

and also
]E[”Ai”op : ]I{”Ai”op > O(l)}] < n_lOgn-
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Thus, applying the truncated matrix bernstein inequality from Proposition A.7 with 02 = O(%),
nl/2

B = O(1), p= n-logn, q= n~18" and t = O (W)’ we have that with overwhelming probability,
e 112
. < O\aE)

We now show that among the terms of the polynomial (g, Talfe’2 ), those that depend on a; with
j # i have small magnitude. This polynomial appears in the proof that Mgj,; has a noticeable
spectral gap.

n
|-

O

Lemma (Restatement of Lemma 5.6). Let ay, ..., a, be independently sampled vectors from N(0, L Idy),
and let g be sampled from N(0,1dy). Let T = }; ai(a; ® a;)T. Then with overwhelming probability, for
every j € [n],

K9, T(a; ®ap)) — (g, alla;|I*| < O (%) '

Proof. Fixing a; and g, the terms in the summation are independent, and we may apply a Bernstein
inequality. A straightforward calculation shows that the expectation of the sum is 0 and the variance
is C)(%) Mgl Naill*. Additionally, each summand is a polynomial in Gaussian variables, the square
of which has expectation O(dl—2 “1g11%la:]|*). Thus Lemma A.5 allows us to truncate each summand
appropriately so as to employ Proposition A.7. An appropriate choice of logarithmic factors and
the concentration of ||g||? and ||a;||* due to Fact C.1 gives the result for each i € [n]. A union bound
over each choice of i gives the final result. m]

Finally, we prove that a matrix which appears in the expression for Msame has bounded norm
W.0oV.p.

Lemma C.3. Let ay,...,a, be independent from N(O,%Idd). Let g ~ N(0,1dy). Fix j € [n]. Then
w.00.p.

D g anllailXai,ap) - aial || < O(n/d*)2.
i€[n]
i#]

Proof. The proof proceeds by truncated matrix Bernstein, since the summands are independent for
fixed g, a;. For this we need to compute the variance:

o2 = Z E(g, a:)*|laill®(a;, a;)* - aia] || < O(1/d) - Z Eaa] || < O(1/d) - n/d < O(n/d?).
ie[n] i€[n]

i#j i#]

The norm of each term in the sum is bounded by a constant-degree polynomial of Gaussians.
Straightforward calculations show that in expectation each term is O(1(g, 4;)) in norm; w.ov.p. this
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is O(0). So Lemma A.5 applies to establish the hypothesis of truncated Bernstein Proposition A.7.
In turn, Proposition A.7 yields that w.ov.p.

D g anlailXai,a)) - aia] | < O(o) = O(n/d?) 2.
i€[n]
i#]

C.0.1 Proof of Fact C.4
Here we prove the following fact.

Fact C4. Let & = Byn(o1a,)(xxT)®% and let £ = By no1a,)(xxT)®?/||x||%. Let @ = 3;e2 € R* and
let Tsym be the projector to the symmetric subspace of R? (the span of vectors of the form x®2 for x € R%).
Then

_ T " 2 1 T
L =2TIgym + POT, L = 5 laym + 75700,
1 1 T S+ d2+2d d T
Z+ = szym - mq)q) P Z+ - _5 Hsym - Eq)q) .

In particular,
R = V2 (552 = Ty — 1 (1 - 1/d—iz) ®DT has |R|| =1

and for any v € RY,
IR(w @ )ll; = (1= 75) - loll*.

We will derive Fact C.4 as a corollary of a more general claim about rotationally symmetric
distributions.

Lemma C.5. Let D be a distribution over R? which is rotationally symmetric; that is, for any rotation R,
x ~ D is distributed identically to Rx. Let ¥ = Ey-p(xxT)®2, let ® = }; e?z e R* and let [sym be the
projector to the symmetric subspace of R? (the span of vectors of the form x®2 for x € R?). Then there is a
constant r so that

L =2rlgym + r PO .

Furthermore, r is given by
r = E(x,ax, b = L E(x, a)"

where a, b are orthogonal unit vectors.

Proof. First, L is symmetric and operates nontrivially only on the symmetric subspace (in other
words ker I'lsym C ker X). This follows from X being an expectation over symmetric matrices whose
kernels always contain the complement of the symmetric subspace.

Letd,b,é,d € RY be any four orthogonal unit vectors. Let R be any rotation of R? that takes 4
to —d, but fixes B, ¢, and d (this rotation exists for d > 5, but a different argument holds for d < 4) .
By rotational symmetry about R, all of these quantities are 0:

E@4, x)b, x){¢, x){d, x) = 0,
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E(4, x)b, x}{¢,x)> =0, E(@4, x)b, x)* = 0.

Furthermore, let Q be a rotation of R that takes 4 to (2 + b)/V2. Then by rotational symmetry
about Q,

E(a, x)* = E(@, Qx)* = E§(a + b, x)* = E 1[4, x)* + (b, x)* + 6(d, x)*(b, x)’]
Thus, since E(4, x)* = E(b, x)* by rotational symmetry, we have
E(4, x)* = 3E(4, x)*(b, x)?.

So let r := E(4, x)%(b, x)* = %]E(ﬁ, x)*. By rotational symmetry, r is constant over choice of
orthogonal unit vectors 4 and b.

Since X operates only on the symmetric subspace, let u € R? be any unit vector in the symmetric
subspace. Such a u unfolds to a symmetric matrix in R¥“, so that it has an eigendecomposition
U= Z‘iizl Aiu; ® u;. Evaluating (u, Zu),

d
(u,Xu) = Z EAidi(x, u;Y(x, uj)z other terms are 0 by above
i,j=1

:3riA?+rZ/\i/\j
1

i= i#j

d d 2
:ZrZAf+r(ZAi)

i=1

p 2
=2r |lul® +r Z A Frobenious norm is sum of squared eigenvalues
i=1

2
=2r ||lull* +r (Z ui,i) trace is sum of eigenvalues
i

=27 (u, gymu) + 7 (u, @D u),
so therefore X = 27 Igym + 1 PO, O

Proof of Fact C.4. When x ~ N(0,1d,), the expectation E(x,a)*(x,b)> = 1 is just a product of
independent standard Gaussian second moments. Therefore by Lemma C.5, & = 2 [1gym + PO7.
To find £ where x is uniformly distributed on the unit sphere, we compute

1=E|x|*= Z]Exfxf. = d Ex?+(d% - d) Ex?x?
0

and use the fact that E x‘lL =3 E x% (by Lemma C.5) to find that E x%x% =
$_ 2 1
Lemma C.5, X = mﬂsym + m(D(I)T
To verify the pseudoinverses, it is enough to check that MM™ = Tlsyn, for each matrix M and its
claimed pseudoinverse M*.
To show that

dblr_zd' and therefore by

IR @5 = (1~ 75) - loll*,
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for any v € R?, we write |[R(v ® v)ll% = (v ® v)TR?*(v ® v) and use the substitution R? = 2L+, along
with the facts that [Tsym(v ® v) = v ® v and (P, v @ v) = llo]|>.

O
Now we can prove some concentration claims we deferred:

Lemma (Restatement of Lemma 5.11). Let ay,...,a, ~ N(0,31d,). Let T, R be as in Fact 5.8. Let
u; = a; @ a;. With overwhelming probability, every j € [n] satisfies Z#]-(uj,Rzui)z = O(n/d?) and
1= IRu;l? < O/ V).

Proof of Lemma 5.11. We prove the first item:
Z(”j/R2Mi>2 = Z(Mj,22+ui>2
i#] i#]j
= Z(Mj, (Isym — 7DD )u;)* by Fact C.4
i#]

= > (aj, ai = 5l Plluil?)?
i#j

= Z O(1/d)? w.ov.p. by Fact C.1
i#]

= O(n/d?).

And one direction of the second item, using Fact C.4 and Fact C.1 (the other direction is similar):
IRujI? = uj, R?uj) = (uj, (Msym + 750D )uj) = (1 - O(1/d)lla;||* = 1- O1/Vd)

where the last equality holds w.ov.p.. O

C.0.2 Proof of Lemma 5.9
To prove Lemma 5.9 we will begin by reducing to the case S = [n] via the following.

Lemma C.6. Let vy, ...,v, € RY. Let Ag have columns {v;}ies. Let ITg be the projector to Span{v; }ics.
Suppose there is ¢ > 0 so that ||AE;1]A[,1] —Id, || < c. Then for every S C [n], |[AsA¢ —TTs|| < ¢

Proof. If the hypothesized bound ||A51]A[n] —Id, || < c holds then for every S C [n] we get
|AJAs —Ids| || < ¢ since Al As is a principal submatrix of AEZ]A[”]. If |[A{JAs —Idjs || < ¢, then
because AsA{ has the same nonzero eigenvalues as A] As, we must have also [|AsA —TIs|]| < c. O

It will be convenient to reduce concentration for matrices involving a; ® a; to analogous matrices
where the vectors 4; ® a; are replaced by isotropic vectors of constant norm. The following lemma
shows how to do this.

Lemma C.7. Let a ~ N(0, 51ds). Let £ := Exn01d,)(xxT)®?/|Ix||I*. Then u = (£9)Y2a ® a/||a||?
is an isotropic random vector in the symmetric subspace Span{y ® y | y € R} with ||u| =

\/dimSpan{y ®y|yeR}.
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Proof. The vector u is isotropic by definition so we prove the norm claim. Let O = O/||P||. By
Fact C4,

s+ _ d2+2d d

Xt = STy, — 5O

Thus,

- 2 2 .
lll? = (i, £ 180y = 424 — 4 = & = dimSpan{y ® y | y € R'}. o

llall>” = lall?
The last ingredient to finish the spectral bound is a bound on the incoherence of independent

samples from (£*)!/2,

Lemma C.8. Let £ = E, n014,)(aa” ® aa™)/lal|*. Let a1, ..., a, ~ N(0,1dy) be independent, and let
ui = (£9)Y%(a; ® a;)/|ail|> Let d’ = dimSpan{y ® y | y € R} = 1(d% + d). Then

%]Emiax ;(ui,uﬁz < O(n).
JEald

Proof. Expanding (u;, u ]-)2 and using It = dZJZer Msym — %(D(DT, we get

2 2
(i, )2 = (Lr2d s G480y )" _ (d22d (i) g
) 2 Magll2 a2 2 2 laill?llall> 2
From elementary concentration, E maxixj{a;, a;)*/||a;|*||a;]|* < O(1/d), so the lemma follows by
elementary manipulations. m]

We need the following bound on the deviation from expectation of a tall matrix with independent
columns.

Theorem C.9 (Theorem 5.62 in [Ver10]). Let A be an N X n matrix (N > n) whose columns A; are
independent isotropic random vectors in RN with ||A il = VN almost surely. Consider the incoherence

parameter
def 1
m = N]Emax E (Ai,A]->2.

i€[n] e

Then E || ATA —1d || < Coy/ 2022,

We are now prepared to handle the case of S = [1] via spectral concentration for matrices with
independent columns, Theorem C.9.

Lemma (Restatement of Lemma 5.9). Let a1, ...,a, ~ N(0, 3 1d,) be independent random vectors with
d < n. Let R := V2 ((E(aa")®2)*")V2 for a ~ N(0,1d,). For S C [n], let Ps = ¥ ;cg(a;a; T)®? and let T1s
be the projector into the subspace spanned by {Raf32 | i € S}. Then, with probability 1 — o(1) over the choice

ofai,...,an,
VS C [n]. (1-0(n/d*?))-TIs < RPsR < (1+ O(n/d*?))-1s.

Proof of Lemma 5.9. By Lemma C.6 it is enough to prove the lemma in the case of S = [n]. For
this we will use Theorem C.9. Let A be the matrix whose columns are given by a; ® a;, so that
Piy) = P = AAT. Because RAATR and ATRRA have the same nonzero eigenvalues, it will be
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enough to show that |ATR?A —1d || < O(v/n/d) + O(n/d®?) with probability 1 — o(1). (Since n < d
we have vVn/d = O(n/d>?) so this gives the theorem.)

The columns of RA are independent, given by R(a; ® a;). However, they do not quite satisfy the
normalization conditions needed for Theorem C.9. Let D be the diagonal matrix whose i-th diagonal
entry is ||a;||*. Let £ = Ey n(0,1q)(xxT)®2/||x||*. Then by Lemma C.7 the matrix (£¥)!/2D~1A has
independent columns from an isotropic distribution with a fixed norm d’. Together with Lemma C.8
this is enough to apply Theorem C.9 to conclude that E ||#ATD‘12+D‘1A —-1d|| < O(y/n/d). By
Markov’s inequality, ||ﬁATD‘1i+D‘1A —1Id || < O(¥/n/d) with probability 1 — o(1).

We will show next that ||[ATR?A — (dl,)zATD‘liJrD‘lAH < O(n/d%?) with probability 1 — o(1);
the lemma then follows by triangle inequality. The expression inside the norm expands as

AT(R? - ( d%)zD—li+D—1)A )

and so
IATR?A - s ATDTIEDTIA| < JAIPIIR? - 5 DT D7
By Fact C.1, with overwhelming probability ||[D —Id| < O@1/Vd). So ||(1/d’*D1E+*D ! —
(1/d' 2L < O(1/Vd) w.ov.p.. We recall from Fact C.4, given that R = V2 - (Z)Y2, that
R? = Tlym = 77P®" and 7" = Fillym — 77007 .
This implies that ||[R? — (1/d’)*L*|| < O(1/d). Finally, by an easy application of Proposition A.7,

IA|I? = || Zi(aia:)mll < O(n/d) w.ov.p.. All together, |ATR?A — (d%)ZATD‘liJrD‘lAll < O(n/d??).
O

D Concentration bounds for tensor principal component analysis

For convenience, we restate Lemma 6.5 here.

Lemma D.1 (Restatement of Lemma 6.5). For any v, with high probability over A, the following occur:

HZ Tr(A;)v(i) - voT || < O(\nlogn).

Z Tr(A;) - Ai|| < O(n®? log2 n)

HZ (i) - Ai|| < O(Wnlogn)

Proof of Lemma 6.5. We begin with the term }}; Tr(A;) - A;. Itis a sum of iid matrices Tr(A;) - Ai. A
routine computation gives E Tr(A;)- A; = Id. We will use the truncated matrix Bernstein’s inequality
(Proposition A.7) to bound || }3; Tr(A:)A;]|.

For notational convenience, let A be distributed like a generic A;. By a union bound, we have
both of the following;:

P ([ Te(A) - All > tn) < P (| Tr(A)| > Vin) + P (|All > Vin)
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P (I Tr(A)- A—1d || > (t + )n) <P (| Te(A)] > Vin) + P (|A]| > Vin) .

Since Tr(A) the sum of iid Gaussians, P(| Tr(A)| > Vtn) < e~!! for some constant c1. Similarly,
since the maximum eigenvalue of a matrix with iid entries has a subgaussian tail, P(||A|| >
Vitn) < e~ for some c,. All together, for some c3, we get P(|| Tr(A) - A|| > tn) < e~*! and
P(|| Tr(A)- A =1d || > (t + 1)n) < e™ %,

For a positive parameter f3, let I be the indicator variable for the event || Tr(A) - A|| < . Then

E| Tr(A) - All - E|| Tr(A) - Al I :fo [P(|TrA- Al > s) = P(|| Tr A - A|| Ig > s)] ds
=BP(|TrA-A| > B) +f P(|| TrA - A]| > s)ds
B
< Beb/n +f P(| TrA - A|| > s)ds
B

= ﬁe‘“ﬁm +f P(|TrA- Al > tn)ndt
B/n

< Becb/n +f ne %t dt
B/n

— Rp—c3p/ —c3p/
= Be P/ 4 Lomesbln,

Thus, for some f = O(n log n) we may take the parameters p, g of Proposition A.7 to be O(n~1*).
The only thing that remains is to bound the parameter 2. Since (ETr(A) - A)? = Id, it is enough
just to bound || ETr(A)?AAT||. We use again a union bound:

P(I T(APAAT| > tn%) < P( Te(A)| > £/4) + P(IA] > £4yn).

By a similar argument as before, using the Gaussian tails of Tr A and ||A||, we get IP(|| Tr(A)?AAT|| >
tn?) < =Vt Then starting out with the triangle inequality,

0% = ||n - ETr(A)*AAT||
<n-E|Tr(APAAT||

=n- f P(Tr(A)?AAT > s)ds
0

=n- f P(Tr(A)?AAT > tn?)n?dt
0

n-f e‘c‘”ﬁnzdt
0

t=o00
. [_an(q\ﬁ + 1)8_64\/;]

N

2
Cy t=0

< 0.

This gives that with high probability,

< On¥? log2 n).

Tr(A;) - A;
2.
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The other matrices are easier. First of all, we note that the matrix }; v(i) - A; has independent
standard Gaussian entries, so it is standard that with high probability || }; v(i) - Ai|| < O(v/n logn).
Second, we have

Z 0(i) Tr(A;)ooT = voT Z o(i) Tr(A;).

1 1

The random variable Tr(A;) is a centered Gaussian with variance 7, and since v is a unit vector,
2. (i) Tr(A;) is also a centered Gaussian with variance n. So with high probability we get

< O(\/ﬁlog n)

ool Z (i) Tr(A;)

1

= ‘Z 0(i) Tr(A))

by standard estimates. This completes the proof. m]
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