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Abstract

We study a statistical model for the tensor principal component analysis problem introduced
by Montanari and Richard: Given a order-3 tensor T of the form T = 7 - v6®3 + A, where 7 > 0 is
a signal-to-noise ratio, vy is a unit vector, and A is a random noise tensor, the goal is to recover
the planted vector vy. For the case that A has iid standard Gaussian entries, we give an efficient
algorithm to recover vy whenever 7 > w3 log(n)!/ 4), and certify that the recovered vector is close
to a maximum likelihood estimator, all with high probability over the random choice of A. The
previous best algorithms with provable guarantees required 7 > Q(n).

In the regime 7 < o(n), natural tensor-unfolding-based spectral relaxations for the underlying
optimization problem break down. To go beyond this barrier, we use convex relaxations based
on the sum-of-squares method. Our recovery algorithm proceeds by rounding a degree-4 sum-of-
squares relaxations of the maximum-likelihood-estimation problem for the statistical model. To
complement our algorithmic results, we show that degree-4 sum-of-squares relaxations break down
for T < O(n*/*/ log(n)'/*), which demonstrates that improving our current guarantees (by more than
logarithmic factors) would require new techniques or might even be intractable.

Finally, we show how to exploit additional problem structure in order to solve our sum-of-
squares relaxations, up to some approximation, very efficiently. Our fastest algorithm runs in
nearly-linear time using shifted (matrix) power iteration and has similar guarantees as above. The
analysis of this algorithm also confirms a variant of a conjecture of Montanari and Richard about
singular vectors of tensor unfoldings.

Keywords: Tensors, principal component analysis, parameter estimation, sum-of-squares method,
semidefinite programming, spectral algorithms, shifted power iteration.

1. Introduction

Principal component analysis (PCA), the process of identifying a direction of largest possible variance
from a matrix of pairwise correlations, is among the most basic tools for data analysis in a wide
range of disciplines. In recent years, variants of PCA have been proposed that promise to give
better statistical guarantees for many applications. These variants include restricting directions to
the nonnegative orthant (nonnegative matrix factorization) or to directions that are sparse linear
combinations of a fixed basis (SPARSE PCA). Often we have access to not only pairwise but also
higher-order correlations. In this case, an analog of PCA is to find a direction with largest possible
third moment or other higher-order moment (higher-order PCA or TENSOR PCA).

All of these variants of PCA share that the underlying optimization problem is NP-hard for general
instances (often even if we allow approximation), whereas vanilla PCA boils down to an efficient
eigenvector computation for the input matrix. However, these hardness result are not predictive in
statistical settings where inputs are drawn from particular families of distributions, where efficent
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algorithm can often achieve much stronger guarantees than for general instances. Understanding the
power and limitations of efficient algorithms for statistical models of NP-hard optimization problems
is typically very challenging: it is not clear what kind of algorithms can exploit the additional
structure afforded by statistical instances, but, at the same time, there are very few tools for reasoning
about the computational complexity of statistical / average-case problems. (See (Berthet and Rigollet,
2013) and (Barak et al., 2013) for discussions about the computational complexity of statistical
models for SPARSE PCA and random constraint satisfaction problems.)

We study a statistical model for the tensor principal component analysis problem introduced
by Montanari and Richard (2014) through the lens of a meta-algorithm called the sum-of-squares
method, based on semidefinite programming. This method can capture a wide range of algorithmic
techniques including linear programming and spectral algorithms. We show that this method can
exploit the structure of statistical TENSOR PCA instances in non-trivial ways and achieves guarantees
that improve over the previous ones. On the other hand, we show that those guarantees are nearly
tight if we restrict the complexity of the sum-of-squares meta-algorithm at a particular level. This
result rules out better guarantees for a fairly wide range of potential algorithms. Finally, we develop
techniques to turn algorithms based on the sum-of-squares meta-algorithm into algorithms that are
truely efficient (and even easy to implement).

Montanari and Richard propose the following statistical model' for TENSOR PCA.

Problem 1 (Spiked Tensor Model for TENSOR PCA, Asymmetric) Given an input tensor T =
7-V® + A, where v € R" is an arbitrary unit vector, T > 0 is the signal-to-noise ratio, and A is a
random noise tensor with iid standard Gaussian entries, recover the signal v approximately.

Montanari and Richard show that when 7 < o( 4/n) Problem 1 becomes information-theoretically
unsovlable, while for T > w(+/n) the maximum likelihood estimator (MLE) recovers v/ with
w,vyz1-o0(l).

The maximum-likelihood-estimator (MLE) problem for Problem 1 is an instance of the following
meta-problem for k = 3 and f: x — ;4 Tijxix;x; (Montanari and Richard, 2014).

Problem 2 Given a homogeneous, degree-k function f on R", find a unit vector v € R" so as to
maximize f(v) approximately.

For k = 2, this problem is just an eigenvector computation. Already for k = 3, it is NP-hard. Our
algorithms proceed by relaxing Problem 2 to a convex problem. The latter can be solved either exactly
or approximately (as will be the case of our faster algorithms). Under the Gaussian assumption on
the noise in Problem 1, we show that for 7 > w(n>/* log(n)l/ 4) the relaxation does not substantially
change the global optimum.

Noise Symmetry. Montanari and Richard actually consider two variants of this model. The first
we have already described. In the second, the noise is symmetrized, (to match the symmetry of
potential signal tensors v®?).

Problem 3 (Spiked Tensor Model for TENSOR PCA, Symmetric) Given an input tensor T = 1 -
v + A, where v € R" is an arbitrary unit vector, T > 0 is the signal-to-noise ratio, and A is a
random symmetric noise tensor—that is, A;jx = Ax(ix(jn(k) fOr any permutation i—with otherwise
iid standard Gaussian entries, recover the signal v approximately.

1. Montanari and Richard use a different normalization for the signal-to-noise ratio. Using their notation, 8 ~ 7/ Vn.
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It turns out that for our algorithms based on the sum-of-squares method, this kind of symmetriza-
tion is already built-in. Hence there is no difference between Problem 1 and Problem 3 for those
algorithms. For our faster algorithms, such symmetrization is not built in. Nonetheless, we show
that a variant of our nearly-linear-time algorithm for Problem 1 also solves Problem 3 with matching
guarantees.

1.1. Results

Sum-of-squares relaxation. We consider the degree-4 sum-of-squares relaxation for the MLE
problem. (See Section 1.2 for a brief discussion about sum-of-squares. All necessary definitions are
in Section 2. See (Barak and Steurer, 2014) for more detailed discussion.) Note that the planted
vector v has objective value (1 — o(1))r for the MLE problem with high probability (assuming
7 = Q(+/n) which will always be the case for us).

Theorem 1 There exists a polynomial-time algorithm based on the degree-4 sum-of-squares relax-
ation for the MLE problem that given an instance of Problem 1 or Problem 3 with T > n*/*(logn)'/* /e
outputs a unit vector v' with (v,v'y > 1 — O(g) with probability 1 — O(n~'°) over the randomness in
the input. Furthermore, the algorithm works by rounding any solution to the relaxation with objective
value at least (1 — o(1))1. Finally, the algorithm also certifies that all unit vectors bounded away
from V' have objective value significantly smaller than v for the MLE problem Problem 2.

We complement the above algorithmic result by the following lower bound.

Theorem 2 (Informal Version) There is T : N — R with T < O(n’/*/log(n)"/*) so that when T is
an instance of Problem 1 with signal-to-noise ratio t, with probability 1 — O(n~'°), there exists a
solution to the degree-4 sum-of-squares relaxation for the MLE problem with objective value at least
T that does not depend on the planted vector v. In particular, no algorithm can reliably recover from
this solution a vector V' that is significantly correlated with v.

Faster algorithms. We interpret a tensor-unfolding algorithm studied by Montanari and Richard
as a spectral relaxation of the degree-4 sum-of-squares program for the MLE problem. This interpre-
tation leads to an analysis that gives better guarantees in terms of signal-to-noise ratio 7 and also
informs a more efficient implementation based on shifted matrix power iteration.

Theorem 3 There exists an algorithm with running time O(n’), which is linear in the size of the
input, that given an instance of Problem 1 or Problem 3 with T > n®/*/& outputs with probability
1 — O(n™1%) a unit vector v/ with (v,v') > 1 — O(e).

We remark that unlike the previous polynomial-time algorithm this linear time algorithm does not
come with a certification guarantee. In Section 4.1, we show that small adversarial perturbations can
cause this algorithm to fail, whereas the previous algorithm is robust against such perturbations. We
also devise an algorithm with the certification property and running time O(n*) (which is subquadratic
in the size n* of the input).

Theorem 4 There exists an algorithm with running time O(n*) (for inputs of size n’) that given an
instance of Problem 1 with T > n3/*(log n)'/* /& for some &, outputs with probability 1 — O(n"'%) a
unit vector v’ with (v,v') 2 1 — O(&) and certifies that all vectors bounded away from v’ have MLE
objective value significantly less than T.
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Higher-order tensors. Our algorithmic results also extend in a straightforward way to tensors of
order higher than 3. (See Section C for some details.) For simplicity we give some of these results
only for the higher-order analogue of Problem 1; we conjecture however that all our results for
Problem 3 generalize in similar fashion.

Theorem 5 Let k be an odd integer, vo € R" a unit vector, T > nki4 log(n)1/4/8, and A an order-k
tensor with independent unit Gaussian entries. Let T(x) = 7 - (v, x)* + A(x).

1. There is a polynomial-time algorithm, based on semidefinite programming, which on input
T(x) = 7 - (vo, X)* + A(x) returns a unit vector v with (vo,v) > 1 — O(g) with probability
1 — O(n~'%) over random choice of A.

2. There is a polynomial-time algorithm, based on semidefinite programming, which on input
T(x) = 7 (vy, X)X + A(x) certifies that T(x) < 7 - (v, XK + Ok 10g(n)1/4)f0r some unit v
with probability 1 — O(n~'%) over random choice of A. This guarantees in particular that v is
close to a maximum likelihood estimator for the problem of recovering the signal vy from the
input T - vgk +A.

3. By solving the semidefinite relaxation approximately, both algorithms can be implemented in
time O(m' /%), where m = n¥ is the input size.

For even k, the above all hold, except now we recover v with (v, v)2 > 1 — O(e), and the algorithms
can be implemented in nearly linear time.

Remark 6 When A is a symmetric noise tensor (the higher-order analogue of Problem 3), (1-2)
above hold. We conjecture that (3) does as well.

The last theorem, the higher-order generalization of Theorem 3, almost completely resolves a
conjecture of Montanari and Richard regarding tensor unfolding algorithms for odd k. We are able
to prove their conjectured signal-to-noise ratio 7 for an algorithm that works mainly by using an
unfolding of the input tensor, but our algorithm includes an extra random-rotation step to handle
sparse signals. We conjecture but cannot prove that the necessity of this step is an artifact of the
analysis.

Theorem 7 Let k be an odd integer, vo € R" a unit vector, T > I’lk/4/8, and A an order-k tensor
with independent unit Gaussian entries. There is a nearly-linear-time algorithm, based on tensor
unfolding, which, with probability 1 — O(n~'°) over random choice of A, recovers a vector v with
v, v0)? > 1 — O(e). This continues to hold when A is replaced by a symmetric noise tensor (the
higher-order analogue of Problem 3).

1.2. Techniques

We arrive at our results via an analysis of Problem 2 for the function f(x) = ;% Tijkxix;xi, where T
is an instance of Problem 1. The function f decomposes as f = g + & for a signal g(x) = 7 - (v, x)
and noise h(x) = ; e AijXi XX j where {a; i} are iid standard Gaussians. The signal g is maximized
at x = v, where it takes the value 7. The noise part, &, is with high probability at most O( v/n) over the
unit sphere. We have insisted that T be much greater than /n, so f has a unique global maximum,
dominated by the signal g. The main problem is to find it.
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To maximize g, we apply the Sum of Squares meta-algorithm (SoS). SoS provides a hierarchy
of strong convex relaxations of Problem 2. Using convex duality, we can recast the optimization
problem as one of efficiently certifying the upper bound on /4 which shows that optima of g are
dominated by the signal. SoS efficiently finds boundedness certificates for 4 of the form

¢ —h(x) = s1(X)% + - + sp(x)?

where “="" denotes equality in the ring R[x]/ (Ix/[> = 1) and where sy, ..., sx have bounded degree,
when such certificates exist. (The polynomials {s;} and {¢;} certify that h(x) < c. Otherwise ¢ — h(x)
would be negative, but this is impossible by the nonnegativity of squared polynomials.)

Our main technical contribution is an almost-complete characterization of certificates like these
for such degree-3 random polynomials # when the polynomials {s;} have degree at most four. In
particular, we show that with high probability in the random case a degree-4 certificate exists for
¢ = O(n*'*), and that with high probability, no significantly better degree-four certificate exists.

We apply this characterization in three ways to obtain three different algorithms. The first
application shows the existence of a polynomial-time algorithm that maximizes f when 7 > Q(n3/%)
(and thus solves TPCA in the spiked tensor model for 7 > Q(n?/*).) This first algorithm involves
solving a large semidefinite program associated to the SoS relaxation. As a second application of
this characterization, we avoid solving the semidefinite program. Instead, we give an algorithm
running in time O(n*) which quickly constructs only a small portion of an almost-optimal SoS
boundedness certificate; in the random case this turns out to be enough to find the signal v and certify
the boundedness of g. (Note that this running time is only a factor of n polylog n greater than the
input size n3.)

Finally, we analyze a third algorithm for TPCA which simply computes the highest singular
vector of a matrix unfolding of the input tensor. This algorithm was considered in depth by Montanari
and Richard, who fully characterized its behavior in the case of even-order tensors (corresponding to
k=4,6,8,---in Problem 2). They conjectured that this algorithm successfully recovers the signal
v at the signal-to-noise ratio 7 of Theorem 4 for Problem 1 and Problem 3. Up to an extra random
rotations step before the tensor unfolding in the case that the input comes from Problem 3 (and up to
logarithmic factors in 7) we confirm their conjecture. We observe that their algorithm can be viewed
as a method of rounding a non-optimal solution to the SoS relaxation to find the signal. We show,
also, that for k = 4, the degree-4 SoS relaxation does no better than the simpler tensor unfolding
algorithm as far as signal-to-noise ratio is concerned. However, for odd-order tensors this unfolding
algorithm does not certify its own success in the way our other algorithms do.

1.3. Related Work

There is a vast literature on tensor analogues of linear algebra problems—too vast to attempt any
survey here. Tensor methods for machine learning, in particular for learning latent variable models,
have garnered recent attention, e.g., with works of Anandkumar et al. (Anandkumar et al., 2014b,
2013). These approaches generally involve decomposing a tensor which captures some aggregate
statistics of input data into rank-one components. A recent series of papers analyzes the tensor power
method, a direct analogue of the matrix power method, as a way to find rank-one components of
random-case tensors (Anandkumar et al., 2014c,a).

Another recent line of work applies the Sum of Squares (a.k.a. Lasserre or Lasserre/Parrilo)
hierarchy of convex relaxations to learning problems. See the survey of Barak and Steurer for
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references and discussion of these relaxations (Barak and Steurer, 2014). Barak, Kelner, and Steurer
show how to use SoS to efficiently find sparse vectors planted in random linear subspaces, and the
same authors give an algorithm for dictionary learning with strong provable statistical guarantees
(Barak et al., 2014a,b). These algorithms, too, proceed by decomposition of an underlying random
tensor; they exploit the strong (in many cases, the strongest-known) algorithmic guarantees offered
by SoS for this problem in a variety of average-case settings.

Concurrently and independently of us, and also inspired by the recently-discovered applicability
of tensor methods to machine learning, Barak and Moitra use SoS techniques formally related to ours
to address the tensor prediction problem: given a low-rank tensor (perhaps measured with noise) only
a subset of whose entries are revealed, predict the rest of the tensor entries (Barak and Moitra, 2015).
They work with worst-case noise and study the number of revealed entries necessary for the SoS
hierarchy to successfully predict the tensor. By constrast, in our setting, the entire tensor is revealed,
and we study the signal-to-noise threshold necessary for SoS to recover its principal component
under distributional assumptions on the noise that allow us to avoid worst-case hardness behavior.

Since Barak and Moitra work in a setting where few tensor entries are revealed, they are able to
use algorithmic techniques and lower bounds from the study of sparse random constraint satisfaction
problems (CSPs), in particular random 3XOR (Goerdt and Krivelevich, 2001; Friedman et al., 2005;
Feige and Ofek, 2007; Feige et al., 2006). The tensors we study are much denser. In spite of the
density (and even though our setting is real-valued), our algorithmic techniques are related to the
same spectral refutations of random CSPs. However our lower bound techniques do not seem to
be related to the proof-complexity techniques that go into sum-of-squares lower bound results for
random CSPs.

The analysis of tractable tensor decomposition in the rank one plus noise model that we consider
here (the spiked tensor model) was initiated by Montanari and Richard, whose work inspired the
current paper (Montanari and Richard, 2014). They analyze a number of natural algorithms and find
that tensor unfolding algorithms, which use the spectrum of a matrix unfolding of the input tensor,
are most robust to noise. Here we consider more powerful convex relaxations, and in the process we
tighten Montanari and Richard’s analysis of tensor unfolding in the case of odd-order tensors.

Related to our lower bound, Montanari, Reichman, and Zeitouni prove strong impossibility results
for the problem of detecting rank-one perturbations of Gaussian matrices and tensors using any
eigenvalue of the matrix or unfolded tensor; they are able to characterize the precise threshold below
which the entire spectrum of a perturbed noise matrix or unfolded tensor becomes indistinguishable
from pure noise (Montanari et al., 2014). Our lower bounds are much coarser, applying only to the
objective value of a relaxation (the analogue of just the top eigenvalue of an unfolding), but they
apply to all degree-4 SoS-based algorithms, which are a priori a major generalization of spectral
methods.

2. Preliminaries

2.1. Notation

We use x = (x1,. .., x,) to denote a vector of indeterminates. The letters u, v, w are generally reserved
for real vectors. The letters a, 8 are reserved for multi-indices; that is, for tuples (i, . . ., ix) of indices.
For f,g : N — R we write f < g for f = O(g) and f % g for f = Q(g). We write f = O(g) if
f(n) < g(n) - polylogn, and f = Q(g) if f > g(n)/ polylogn.

We employ the usual Loewner (a.k.a. positive semi-definite) ordering > on Hermitian matrices.
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We will be heavily concerned with tensors and matrix flattenings thereof. In general, boldface
capital letters T denote tensors and ordinary capital letters denote matrices A. We adopt the convention
that unless otherwise noted for a tensor T the matrix 7 is the squarest-possible unfolding of T. If T
has even order k then T has dimensions n*/> x n*/2. For odd k it has dimensions nl¥/l x n'*/21. All
tensors, matrices, vectors, and scalars in this paper are real.

We use (-, -) to denote the usual entrywise inner product of vectors, matrices, and tensors. For a
vector v, we use ||v|| to denote its £, norm. For a matrix A, we use ||A|| to denote its operator norm
(also known as the spectral or £>-to-£, norm).

For a k-tensor T, we write T(v) for (v®, T). Thus, T(x) is a homogeneous real polynomial of
degree k.

We use S to denote the symmetric group on k elements. For a k-tensor T and 7 € S, we
denote by T” the k-tensor with indices permuted according to x, so that T§ = T,-1(,). A tensor
T is symmetric if for all 7 € Sy it is the case that T* = T. (Such tensors are sometimes called
“supersymmetric.”)

For clarity, most of our presentation focuses on 3-tensors. For an n X n 3-tensor T, we use 7T; to
denote its n X n matrix slices along the first mode, i.e., (T;) jx = T; j«-

We often say that an sequence {E,,},en of events occurs with high probability, which for us means
that P(E,, fails) = O(n~'9). (Any other n™¢ would do, with appropriate modifications of constants
elsewhere.)

2.2. Polynomials and Matrices

Let R[x]<s be the vector space of polynomials with real coefficients in variables x = (x1,..., X,),
of degree at most d. We can represent a homogeneous even-degree polynomial p € R[x]; by an
n¥? x n®? matrix: a matrix M is a matrix representation for p if p(x) = (x®¥/2, Mx®¥/2)_If p has a
matrix representation M > 0, then p = ¥, pi(x)* for some polynomials p;.

2.3. The Sum of Squares (SoS) Algorithm

Definition 8 Let £ : R[x]<; — R be a linear functional on polynomials of degree at most d for some
d even. Suppose that

e L1=1
o Lp(x)?* >0 forall p € R[x]<qp.

Then L is a degree-d pseudo-expectation. We often use the suggestive notation B for such a functional,
and think of E p(x) as giving the expectation of the polynomial p(x) under a pseudo-distribution over
{x}.

For p € R[x]<q we say that the pseudo-distribution {x} (or, equivalently, the functional B) satisfies
{p(x) = 0} if E p(x)q(x) = 0 for all q(x) such that p(x)q(x) € R[x]<a.

Pseudo-distributions were first introduced in (Barak et al., 2012) and are surveyed in (Barak and
Steurer, 2014).

We employ the standard result that, up to negligible issues of numerical accuracy, if there exists a
degree-d pseudo-distribution satisfying constraints {po(x) = 0, ..., p;(x) = 0}, then it can be found
in time n%@ by solving a semidefinite program of size n%@_ (See (Barak and Steurer, 2014) for
references.)
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3. Certifying Bounds on Random Polynomials

Let f € R[x]; be a homogeneous degree-d polynomial. When d is even, f has square matrix
representations of dimension n%/? x n?/2. The maximal eigenvalue of a matrix representation M of f
provides a natural certifiable upper bound on maxy,=1 f(v), as

M
F) = (B2, Iy < max MWD
WER’ld/z <W, W>

= [IM]].

When f(x) = A(x) for an even-order tensor A with independent random entries, the quality of this
certificate is well characterized by random matrix theory. In the case where the entries of A are
standard Gaussians, for instance, ||[M|| = [|A + AT|| < O(n%/*) with high probability, thus certifying
that maxjjy|=1 Jv) < 0~(nd/4).

A similar story applies to f of odd degree with random coefficients, but with a catch: the
certificates are not as good. For example, we expect a degree-3 random polynomial to be a smaller
and simpler object than one of degree-4, and so we should be able to certify a tighter upper bound
on max =1 f(v). The matrix representations of f are now rectangular n> X n matrices whose top
singular values are certifiable upper bounds on maxj=1 f(v). But in random matrix theory, this
maximum singular value depends (to a first approximation) only on the longer dimension n?, which
is the same here as in the degree-4 case. Again when f(x) = A(x), this time where A is an order-3
tensor of independent standard Gaussian entries, ||M|| = +/||[AAT|| > Q(n), so that this method cannot
certify better than maxj, =1 f(v) < O(n). Thus, the natural spectral certificates are unable to exploit
the decrease in degree from 4 to 3 to improve the certified bounds.

To better exploit the benefits of square matrices, we bound the maxima of degree-3 homogeneous
f by a degree-4 polynomial. In the case that f is multi-linear, we have the polynomial identity
f(x) = Hx,Vf(x)). Using Cauchy-Schwarz, we then get f(x) < %|x[l[Vf(x)ll. This inequality
suggests using the degree-4 polynomial ||V f(x)||* as a bound on f. Note that local optima of f on
the sphere occur where Vf(v) o« v, and so this bound is tight at local maxima. Given a random
homogeneous f, we will associate a degree-4 polynomial related to ||V f]|> and show that this
polynomial yields the best possible degree-4 SoS-certifiable bound on maxj =1 f(v).

Definition 9 Ler f € R[x]3 be a homogeneous degree-3 polynomial with indeterminates x =
(X1,...,X,). Suppose Ay,...,A, are matrices such that f = }; xi(x,A;jx). We say that f is A-
bounded if there are matrices Ay, ...,A, as above and a matrix representation M of Ix|I* so that
SiA®A <2 M.

We observe that for f multi-linear in the coordinates x; of x, up to a constant factor we may take
the matrices A; to be matrix representations of d; f, so that }; A; ® A; is a matrix representation of
the polynomial ||V f||*. This choice of A; may not, however, yield the optimal spectral bound 2.

The following theorem is the reason for our definition of A-boundedness.

Theorem 10 Let f € R[x]3 be A-bounded. Then maxy, =1 f(v) < A, and the degree-4 SoS algorithm
certifies this. In particular, every degree-4 pseudo-distribution {x} over R" satisfies

Br<a-(B)" .
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- 2
Proof By Cauchy—Schwarz for pseudo-expectations, the pseudo-distribution satisfies (Ellxllz) <

Bl and (B 3, xi(n A)” < (B2 2) - (Zidx, Ai)?). Therefore,
Ef = EZixi . (x,A,-x)

(5 )"

- (Ellxllz)l/z . (E(x®2, (Z,Ai ®Ai) x®2>)1/2

< (B (B, 2 M)

= - (Ert)"

The last inequality also uses the premise (3; A; ® A;) < A% - M for some matrix representation M of
lIx|[*, in the following way. Since M’ := 12 - M — (3; A; ® A;) > 0, the polynomial (x®%, M’x®2) is a
sum of squared polynomials. Thus, E(x®2, M’ x®?) > 0 and the desired inequality follows. |

We now state the degree-3 case of a general A-boundedness fact for homogeneous polynomials
with random coefficients. The SoS-certifiable bound for a random degree-3 polynomial this provides
is the backbone of our SoS algorithm for tensor PCA in the spiked tensor model.

Theorem 11 Let A be a 3-tensor with independent entries from N(0, 1). Then A(x) is A-bounded
with A = O(n’/* log(n)'/*), with high probability.

The full statement and proof of this theorem, generalized to arbitrary-degree homogeneous polyno-
mials, may be found as Theorem 56; we prove the statement above as a corollary in Section E. Here
provide a proof sketch.

Proof [Proof sketch] We first note that the matrix slices A; of A satisfy A(x) = }; xi{x, A;x). Using
the matrix Bernstein inequality, we show that 3;A; ® A; = E Y, A; ® A; < O(n*/?(log n)!/?) - 1d with
high probability. At the same time, a straightforward computation shows that %E 2iAi®A;isa
matrix representation of ||x||*. Since Id is as well, we get that 3.; A; ® A; < 4> - M, where M is some
matrix representation of ||x{|* which combines Id and E }; A; ® A;, and A = o’ 4(log n)l/4). |

Corollary 12 Let A be a 3-tensor with independent entries from N(0, 1). Then, with high probability,
the degree-4 SoS algorithm certifies that maxj, =1 A(v) < o’ 4(log ). Furthermore, also with
high probability, every pseudo-distribution {x} over R" satisfies

EA(x) < O (logn) "™ E |IxI*)*/*.

Proof Immediate by combining Theorem 11 with Theorem 10. |
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4. Polynomial-Time Recovery via Sum of Squares

Here we give our first algorithm for tensor PCA: we analyze the quality of the natural SoS relaxation
of tensor PCA using our previous discussion of boundedness certificates for random polynomials,
and we show how to round this relaxation. We discuss also the robustness of the SoS-based algorithm
to some amount of additional worst-case noise in the input. For now, to obtain a solution to the SoS
relaxation we will solve a large semidefinite program. Thus, the algorithm discussed here is not yet
enough to prove Theorem 4 and Corollary 4: the running time, while still polynomial, is somewhat
greater than O(n*).

Tensor PCA with Semidefinite Programming

Input: T=17- v§3 + A, where v € R" and A is some order-3 tensor.
Goal: Find v € R" with |(v,vg)| = 1 — o(1).

Algorithm 1 (Recovery) Using semidefinite programming, find the degree-4 pseudo-distribution
{x} satisfying {lIx][> = 1} which maximizes E T(x). Output E x/|| E x]|.

Algorithm 2 (Certification) Run Algorithm I to obtain v. Using semidefinite programming, find
the degree-4 pseudo-distribution {x} satisfying {||x|| = 1} which maximizes ET(x) -7 (v, x)>. If
ETx) -1 (v, x)> <om’* log(n)1/4), output CERTIFY. Otherwise, output FAIL.

The following theorem characterizes the success of Algorithm 1 and Algorithm 2

Theorem 13 (Formal version of Theorem 1) Letr T = 7 - v§’3 + A, where vo € R" and A has
independent entries from N(0,1). Let T = n®/*log(n)'/* /. Then with high probability over random
choice of A, on input T or TV = 1 - vgﬁ + |S—13| Yires; A7, Algorithm 1 outputs a vector v with
v,vo) = 1 — O(e). In other words, for this T, Algorithm I solves both Problem 1 and Problem 3.

For any unit vo € R" and A, if Algorithm 2 outputs CERTIFY then T(x) < 7 - (v,x)> +
on3* 10g(n)1/4). For A as described in either Problem 1 or Problem 3 and T % n’/* 10g(n)1/4/3,
Algorithm 2 outputs CERTIFY with high probability.

The analysis has two parts. We show that

1. if there exists a sufficiently good upper bound on A(x) (or in the case of the symmetric noise
input, on A”(x) for every m € S3) which is degree-4 SoS certifiable, then the vector recovered
by the algorithm will be very close to v, and that

2. in the case of A with independent entries from N(0, 1), such a bound exists with high probabil-
ity.

Conveniently, Item 2 is precisely the content of Corollary 12. The following lemma expresses Item 1.

Lemma 14 Suppose A(x) € R[x]3 is such that | EA®W)| < er- E|x|H3/* for any degree-4 pseudo-
distribution {x}. Then on input 7 - v§3 + A, Algorithm 1 outputs a unit vector v with (v,vg) = 1 — O(e).

Proof Algorithm 1 outputs v = E x/|| E x|| for the pseudo-distribution that it finds, so we’d like to
show (vo, Ex/||E x]l) > 1 — O(¢). By pseudo-Cauchy-Schwarz (Lemma 47), || E x||> < E|lx|> = 1, so
it will suffice to prove just that (vo, Ex) > 1-0().

10
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If E(vo, x)> > 1 — O(e), then by Lemma 50 (and linearity of pseudo-expectation) we would have
(o, Exy = E(vo,x) > 1-0Q¢) =1-0(e)

So it suffices to show that E(vy, x)3 is close to 1.

Recall that Algorithm 1 finds a pseudo-distribution that maximizes ET(x). We split E T(x) into
the signal E(v§3, x®3) and noise E A(x) components and use our hypothesized SoS upper bound on
the noise.

ET(x) = 7- BOP,x®) +EAX) < 7 EBOF,x®) +er.

Rewriting (v§3, x®3) as (vg, x)3, we obtain

E(vo, x>3 > —-ET(x) -—¢.

=

Finally, there exists a pseudo-distribution that achieves ET(x) > 7 — er. Indeed, the trivial
distribution giving probability 1 to vy is such a pseudo-distribution:

Tv) = T+A(vw) > T7—ert.

Putting it together,

(1-9or

T

E(ve,x)> > = BET(x)—¢ > —e=1-0().

N

Proof [Proof of Theorem 13] We first address Algorithm 1. Let 7, T, T’ be as in the theorem
statement. By Lemma 14, it will be enough to show that with high probability every degree-4 pseudo-
distribution {x} has EA(x) < &'t - (B ||x]|*)*/* and Slz EA™(x) < &7 - (B|jx]|*)3* for some &’ = O(g).
By Corollary 12 and our assumptions on 7 this happens for each permutation A" individually with
high probability, so a union bound over A” for 7 € S3 completes the proof.

Turning to Algorithm 2, the simple fact that SoS only certifies true upper bounds implies that the
algorithm is never wrong when it outputs CERTIFY. It is not hard to see that whenever Algorithm 1
has succeeded in recovering v because E A(x) is bounded, which as above happens with high
probability, Algorithm 2 will output CERTIFY. |

4.1. Semi-Random Tensor PCA

We discuss here a modified TPCA model, which will illustrate the qualitative differences between
the new tensor PCA algorithms we propose in this paper and previously-known algorithms. The
model is semi-random and semi-adversarial. Such models are often used in average-case complexity
theory to distinguish between algorithms which work by solving robust maximum-likelihood-style
problems and those which work by exploiting some more fragile property of a particular choice of
input distribution.

11
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Problem 4 (Tensor PCA in the Semi-Random Model) LerT = 7- v§3 + A, where vo € R" and A
has independent entries from N(0,1). Let Q € R™" with ||Id — Q|| < O(n~'*), chosen adversarially
depending on T. Let T’ be the 3-tensor whose n* x n matrix flattening is T Q. (That is, each row of T
has been multiplied by a matrix which is close to identity.) On input T’, recover v.

Here we show that Algorithm 1 succeeds in recovering v in the semi-random model.

Theorem 15 Let T’ be the semi-random-model tensor PCA input, with t > n3/* log(n)l/ 4/e. With
high probability over randomness in T’, Algorithm 1 outputs a vector v with {(v,vg) = 1 — O(e).

Proof By Lemma 14, it will suffice to show that B := (T” — 7-v°) has EB(x) < &' - (E ||x][*)¥/* for
any degree-4 pseudo-distribution {x}, for some &’ = @(g). We rewrite B as

B=UA+71-v(vo®v9))(Q-1d)+A

where A has independent entries from N(0, 1). Let {x} be a degree-4 pseudo-distribution. Let f(x) =
(X2, (A +7-v9(vo®v0)" )(Q ~1d)x). By Corollary 12, EB(x) = E f(x) + O(*'* log(n)/*)(E |lc||*)**
with high probability. By triangle inequality and sub-multiplicativity of the operator norm, we get
that with high probability

(A + 7 - vo(vo ® vo))(Q — IA)|| < (IAll + T)IQ - 1d || < O(n/*),

where we have also used Lemma 55 to bound ||A|| < O(n) with high probability and our assumptions
on 7 and ||Q — Id||. By an argument similar to that in the proof of Theorem 10 (which may be found
in Lemma 51), this yields E f(x) < O(n>*)(E||x]|*)*/* as desired. [ |

5. Conclusion

5.1. Open Problems

One theme in this work has been efficiently certifying upper bounds on homogeneous polynomials
with random coefficients. It is an interesting question to see whether one can (perhaps with the degree
d > 4 SoS meta-algorithm) give an algorithm certifying a bound of n3/#~% over the unit sphere on
a degree 3 polynomial with standard Gaussian coefficients. Such an algorithm would likely yield
improved signal-to-noise guarantees for tensor PCA, and would be of interest in its own right.

Conversely, another problem is to extend our lower bound to handle degree d > 4 SoS. Together,
these two problems suggest (as was independently suggested to us by Boaz Barak) the problem of
characterizing the SoS degree required to certify a bound of n/#~9 as above.

Another problem is to simplify the linear time algorithm we give for tensor PCA under symmetric
noise. Montanari and Richard’s conjecture can be interpreted to say that the random rotations and
decomposition into submatrices involved in our algorithm are unnecessary, and that in fact our linear
time algorithm for recovery under asymmetric noise actually succeeds in the symmetric case.
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Appendix A. Linear Time Recovery via Further Relaxation

We now attack the problem of speeding up the algorithm from the preceding section. We would
like to avoid solving a large semidefinite program to optimality: our goal is to instead use much
faster linear-algebraic computations—in particular, we will recover the tensor PCA signal vector by
performing a single singular vector computation on a relatively small matrix. This will complete the
proofs of Theorem 4 and Theorem 3, yielding the desired running time.
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Our SoS algorithm in the preceding section turned on the existence of the A-boundedness
certificate ) ; A; ® A;, where A; are the slices of a random tensor A. Let T = 7- v§3 + A be the spiked-
tensor input to tensor PCA. We could look at the matrix ) ; 7; ® T; as a candidate A-boundedness
certificate for T(x). The spectrum of this matrix must not admit the spectral bound that }; A; ® A;
does, because T(x) is not globally bounded: it has a large global maximum near the signal v. This
maximum plants a single large singular value in the spectrum of }}; 7; ® T;. The associated singular
vector is readily decoded to recover the signal.

Before stating and analyzing this fast linear-algebraic algorithm, we situate it more firmly in the
SoS framework. In the following, we discuss spectral SoS, a convex relaxation of Problem 2 obtained
by weakening the full-power SoS relaxation. We show that the spectrum of the aforementioned
> Ti ® T; can be viewed as approximately solving the spectral SoS relaxation. This gives the
fast, certifying algorithm of Theorem 4. We also interpret the tensor unfolding algorithm given by
Montanari and Richard for TPCA in the spiked tensor model as giving a more subtle approximate
solution to the spectral SoS relaxation. We prove a conjecture by those authors that the algorithm
successfully recovers the TPCA signal at the same signal-to-noise ratio as our other algorithms, up to
a small pre-processing step in the algorithm; this proves Theorem 3 (Montanari and Richard, 2014).
This last algorithm, however, succeeds for somewhat different reasons than the others, and we will
show that it consequently fails to certify its own success and that it is not robust to a certain kind of
semi-adversarial choice of noise.

A.1. The Spectral SoS Relaxation
A.1.1. THE SOS ALGORITHM: MATRIX VIEW

To obtain spectral SoS, the convex relaxation of Problem 2 which we will be able to (approximately)
solve quickly in the random case, we first need to return to the full-strength SoS relaxation and
examine it from a more linear-algebraic standpoint.

We have seen in Section 2.2 that a homogeneous p € R[x],; may be represented as an n? X n
matrix whose entries correspond to coefficients of p. A similar fact is true for non-homogeneous
p. Let#tuples(d) = 1 + n+n* + --- + n¥?. Let x8<4/2 := (x80, x, x®2, ..., x®¢/2). Then p € R[x]<y
can be represented as an #tuples(d) X #tuples(d) matrix; we say a matrix M of these dimensions is a
matrix representation of p if (x<®¥/2, Mx<®4/2) = p(x). For this section, we let M,, denote the set of
all such matrix representation of p.

A degree-d pseudo-distribution {x} can similarly be represented as an R¥uples(@x#tuples(d) matrix
We say that M is a matrix representation for {x} if M[a,] = E x*x® whenevera and 3 are multi-
indices with |a/, |8] < d.

Formulated this way, if M, is the matrix representation of {x} and M, € M, for some p €
R[x]<2q, then B p(x) = (Miy, M,). In this sense, pseudo-distributions and polynomials, each
represented as matrices, are dual under the trace inner product on matrices.

We are interested in optimization of polynomials over the sphere, and we have been looking at
pseudo-distribution {x} satisfying {llx][> = 1 = 0}. From this matrix point of view, the polynomial
lIx]> = 1 corresponds to a vector w € R¥#tuplesd) (jp particular, the vector w so that ww! is a matrix
representation of (Ixl[> = 1)?), and a degree-4 pseudo-distribution {x} satisfies { Ix|I> = 1 = 0} if and
only if w € ker M.

A polynomial may have many matrix representations, but a pseudo-distribution has just one: a
matrix representation of a pseudo-distribution must obey strong symmetry conditions in order to

d d
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assign the same pseudo-expectation to every representation of the same polynomial. We will have
much more to say about constructing matrices satisfying these symmetry conditions when we state
and prove our lower bounds, but here we will in fact profit from relaxing these symmetry constraints.
Let p € R[x]<z4. In the matrix view, the SoS relaxation of the problem maxyp-; p(x) is the
following convex program.
max  min (M, M,). (A.1)
M:weker M M,eM,,
M>0
(MM;)=1

It may not be immediately obvious why this program optimizes only over M which are matrix
representations of pseudo-distributions. If, however, some M does not obey the requisite symmetries,
then minys,epm, (M, M) = —o0, since the asymmetry may be exploited by careful choice of M), € M,,.
Thus, at optimality this program yields M which is the matrix representation of a pseudo-distribution
{x} satisfying {IIxl> = 1 = 0}.

A.1.2. RELAXING TO THE DEGREE-4 DUAL

We now formulate spectral SoS. In our analysis of full-power SoS for tensor PCA we have primarily
considered pseudo-expectations of homogeneous degree-4 polynomials; our first step in further
relaxing SoS is to project from R[x]<4 to R[x]4. Thus, now our matrices M, M’ will be in R’
rather than R¥UPles>#uples?) The projection of the constraint on the kernel in the non-homogeneous
case implies Tr M = 1 in the homogeneous case. The projected program is

max min (M,M’).
Tr M=1 M,eM,
M=>0

We modify this a bit to make explicit that the relaxation is allowed to add and subtract arbitrary
matrix representations of the zero polynomial; in particular M« — Id for any M« € M. This
program is the same as the one which precedes it.
max min {M,M,—-c-M, +c. A2
TtM=1  MyeM, < b 47 &-2)

M>0
My 4 €M 4
ceR

By weak duality, we can interchange the min and the max in (A.2) to obtain the dual program:

max  min (M,M,—c-Mj+) < min  max (M,M, —c- M) +c (A.3)
Tﬁ/[Mal MpeM, MyeM, TrMMEI
> >
My 4 €M, g M €My
ceR ceR
= min max(w’, M, —c- M) +c (A4)
MyeM, |vlI=1
My €My
ceR

We call this dual program the spectral SoS relaxation of max=1 p(x). If p = > ;(x, A;x) for A with
independent entries from N(0, 1), the spectral SoS relaxation achieves the same bound as our analysis
of the full-strength SoS relaxation: for such p, the spectral SoS relaxation is at most O(n3/? log(n)l/ 2)
with high probability. The reason is exactly the same as in our analysis of the full-strength SoS
relaxation: the matrix }}; A; ® A;, whose spectrum we used before to bound the full-strength SoS
relaxation, is still a feasible dual solution.
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A.2. Recovery via the }; T; ® T; Spectral SoS Solution

LetT =17 v§’3 + A be the spiked-tensor input to tensor PCA. We know from our initial characterization
of SoS proofs of boundedness for degree-3 polynomials that the polynomial T’ (x) := (x®x)7 (3, T; ®
T;)(x ® x) gives SoS-certifiable upper bounds on T(x) on the unit sphere. We consider the spectral
SoS relaxation of max|jy=1 T"(x),

min ”MT(x) —C- M||x||4|| +cC.
M eMry
M4 €M

ceR

Our goal now is to guess a good M’ € M. We will take as our dual-feasible solution the top
singular vector of }}; T; ® T; —E }}; A; ® A;. This is dual feasible with ¢ = n, since routine calculation
gives (x®2,(EY A ® A)x®?) = ||x||*. This top singular vector, which differentiates the spectrum of
>: T; ® T; from that of }}; A; ® A;, is exactly the manifestation of the signal vo which differentiates
T(x) from A(x). The following algorithm and analysis captures this.

Recovery and Certification with ), 7, ® T;

Input: T=17- v§’3 + A, where vy € R" and A is a 3-tensor.
Goal: Find v € R” with [{v,vo)| = 1 — o(1).

Algorithm 3 (Recovery) Compute the top (left or right) singular vector v' of M := 3,; T; @ T; —
E>;A; ®A;. Reshape V' into an n X n matrix V'. Compute the top singular vector v of V'. Output

v/Ivll.

Algorithm 4 (Certification) Run Algorithm 3 to obtain v. Let S := T —v®. Compute the top
singular value A of
D Si®Si—EY Ai®A;.
i i

If 1 < O(n®? log(n)'/?), output CERTIFY. Otherwise, output FAIL.

The following theorem describes the behavior of Algorithm 3 and Algorithm 4 and gives a proof of
Theorem 4 and Corollary 4.

Theorem 16 (Formal version of Theorem4) Ler T = 7- v‘§’3 + A, where vo € R" and A has
independent entries from N(0,1). In other words, we are given an instance of Problem 1. Let
> n log(n)”“/s. Then:

— With high probability, Algorithm 3 returns v with (v, vo)> = 1 — O(e).

— If Algorithm 4 outputs CERTIFY then T(x) < 7- (v, X2 +o0m3* log(n)1/4) (regardless of the
distribution of A). If A is distributed as above, then Algorithm 4 outputs CERTIFY with high
probability.

— Both Algorithm 3 and Algorithm 4 can be implemented in time O(n*log(1/¢)).
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The argument that Algorithm 3 recovers a good vector in the spiked tensor model comes in three
parts: we show that under appropriate regularity conditions on the noise A that }}; 7, T; —EA; ® A;
has a good singular vector, then that with high probability in the spiked tensor model those regularity
conditions hold, and finally that the good singular vector can be used to recover the signal.

Lemma 17 LetT = T-v§3 + A be an input tensor. Suppose || 3,; Ai®A;—E Y, Ai®A||| < et? and that
| i vo(DA;|l < et. Then the top (left or right) singular vector v’ of M has (V',vo ® vo)? = 1 - 0(e).

Lemma 18 LetrT=r71- v§3 + A. Suppose A has independent entries from N(0O, 1). Then with high
probability we have || Y; A; ® Ai — E Y,; A; ® Ajll < O(n®/? log(n)'/?) and || 3; vo()Aill < O(A/n).

Lemma 19 Letvyge R" andV' € R™ be unit vectors so that WV, vo®vg) = 1 — O(g). Then the top
right singular vector v of the n X n matrix folding V' of v’ satisfies (v,vo) = 1 — O(¢).

A similar fact to Lemma 19 appears in (Montanari and Richard, 2014).

The proofs of Lemma 17 and Lemma 19 follow here. The proof of Lemma 18 uses only standard
concentration of measure arguments; we defer it to Section E.
Proof [Proof of Lemma 17] We expand M as follows.

M = Z @08 + T () @A+ A ® (V3D + A @A —BA; ® A;
i

=172 (o ®vg)(vo ® vo)T +T- vovg ® Z vo(DA; + T - Z vo(DA; ® vovg +A; QA —EA; ®A;.

l l

By assumption, the noise term is bounded in operator norm: we have || >; A;®A; —E X, A;®A{|| < et

Similarly, by assumption the cross-term has ||t - vovg ® i vo(DAl < et
T Z Pu((8) @A + A ® (V)P = 7 Z vo() P (vovh ® A; + A; @ vovl )Py .
i i

All in all, by triangle inequality,

< 0(eT?).

1

Tovovg ® D VoA + T+ ) oA @ vovy + A @ A; ~EA; ® A;
i

Again by triangle inequality,
M|l = (vo ® vo)T M(vy ® v) = e 0(87'2).
Let u, w be the top left and right singular vectors of M. We have
u Mw = 72 . (u, vop ® vo)y{w, vo ® vog) + 0(87'2) > - 0(8‘1'2),
so rearranging gives the result. |
Proof [Proof of Lemma 19] Let vg,v’, V’, v, be as in the lemma statement. We know v is the
maximizer of maxjy (=1 W’ V’w’. By assumption,

ng’vo =0, v ®@v) =1 - 0(e).
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Thus, the top singular value of V’ is at least 1 — O(g), and since ||V’]| is a unit vector, the Frobenius
norm of V' is 1 and so all the rest of the singular values are O(g). Expressing vy in the right singular
basis of V' and examining the norm of V’vy completes the proof. |

Proof [Proof of Theorem 16] The first claim, that Algorithm 3 returns a good vector, follows from
the previous three lemmas, Lemma 17, Lemma 18, Lemma 19. The next, for Algorithm 4, follows
from noting that }};S; ® §; — E }}; A; ® 4, is a feasible solution to the spectral SoS dual. For the
claimed runtime, since we are working with matrices of size n*, it will be enough to show that the
top singular vector of M and the top singular value of }; S; ® S; — E }}; A; ® A; can be recovered
with O(poly log(n)) matrix-vector multiplies.

In the first case, we start by observing that it is enough to find a vector w which has (w, V') > 1 —¢,
where V' is a top singular vector of M. Let 41, A, be the top two singular values of M. The analysis
of the algorithm already showed that 1, /4, > Q(1/¢). Standard analysis of the matrix power method
now yields that O(log(1/¢)) iterations will suffice.

We finally turn to the top singular value of }; S; ® S; — E }; A; ® A;. Here the matrix may not
have a spectral gap, but all we need to do is ensure that the top singular value is no more than
o(n3/? log(n)l/ 2). We may assume that some singular value is greater than on’"? log(n)l/ 2). If all of
them are, then a single matrix-vector multiply initialized with a random vector will discover this.
Otherwise, there is a constant spectral gap, so a standard analysis of matrix power method says that
within O(log n) iterations a singular value greater than o2 log(n)l/ 2) will be found, if it exists.

A.3. Nearly-Linear-Time Recovery via Tensor Unfolding and Spectral SoS

Oninput T = 7- v§’3 + A, where as usual vy € R" and A has independent entries from N(0, 1),
Montanari and Richard’s Tensor Unfolding algorithm computes the top singular vector u of the
squarest-possible flattening of 7" into a matrix. It then extracts v with (v, vo)? > 1 — o(1) from u with
a second singular vector computation.

Recovery with 777, a.k.a. Tensor Unfolding

Input: T=r71- v§3 + A, where vy € R" and A is a 3-tensor.
Goal: Find v € R" with |(v,vg)| = 1 — o(1).

Algorithm 5 (Recovery) Compute the top eigenvector v of M := TTT. Output v.

We show that this algorithm successfully recovers a vector v with (v, vg)> > 1 — O(¢) when
7 > n’/*/e. Montanari and Richard conjectured this but were only able to show it when 7 > n. We
also show how to implement the algorithm in time O(n?), that is to say, in time nearly-linear in the
input size.

Despite its a priori simplicity, the analysis of Algorithm 5 is more subtle than for any of our other
algorithms. This would not be true for even-order tensors, for which the square matrix unfolding
tensor has one singular value asymptotically larger than all the rest, and indeed the corresponding
singular vector is well-correlated with vo. However, in the case of odd-order tensors the unfolding
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has no spectral gap. Instead, the signal v has some second-order effect on the spectrum of the matrix
unfolding, which is enough to recover it.

We first situate this algorithm in the SoS framework. In the previous section we examined the
feasible solution ) ; T, ® T; — E }}; A; ® A, to the spectral SoS relaxation of max;jy=1 T(x). The tensor
unfolding algorithm works by examining the top singular vector of the flattening 7" of T, which is the
top eigenvector of the n x n matrix M = TT T, which in turn has the same spectrum as the n”> X n?
matrix TT7. The latter is also a feasible dual solution to the spectral SoS relaxation of maxy= T(x).
However, the bound it provides on max|,=1 T(x) is much worse than that given by }}; T; ® T;. The
latter, as we saw in the preceding section, gives the bound O(n*/*1og(n)!/#). The former, by contrast,
gives only O(n), which is the operator norm of a random n> X n matrix (see Lemma 55). This n
versus n3/* is the same as the gap between Montanari and Richard’s conjectured bound and what
they were able to prove.

Theorem 20 For an instance of Problem 1 with T > n’/*/e, with high probability Algorithm 5
recovers a vector v with (v, vo)> > 1 — O(g). Furthermore, Algorithm 5 can be implemented in time

o).

Lemma2l LetT=r- v§3 + A where vo € R" is a unit vector, so an instance of Problem 1. Suppose
A satisfies ATA = C - 1dyx, + E for some C > 0 and E with ||E|| < et? and that ||AT (vo @ vo)|| < e.
Let u be the top left singular vector of the matrix T. Then (vo,u)> > 1 — O(g).

Proof The vector u is the top eigenvector of the n x n matrix 7T, which is also the top eigenvector
of M :=TTT — C -1d. We expand:

u Mu = u” [72 . vovg +T-v9(vo ® vo)TA +7- AT(vo ® vo)vg + E] u
=72 (u,vo)* +ul [T oo ®@vo) A+ 1-AT (v ® vo)vg + E] u

< u, vo)? + O(et?).

Again by triangle inequality, u” Mu > vg My = 12 - O(e1?). So rearranging we get {u, vo)* > 1—O(¢)
as desired. |

The following lemma is a consequence of standard matrix concentration inequalities; we defer
its proof to Section E, Lemma 61.

Lemma 22 Let A have independent entries from N(0,1). Let vo € R" be a unit vector. With
high probability, the matrix A satisfies ATA = n?> - 1d + E for some E with ||E|| < On/?) and
AT (vo ® vo)ll < O(+[nlogn).

The final component of a proof of Theorem 20 is to show how it can be implemented in time
O(n?). Since M factors as T” T, a matrix-vector multiply by M can be implemented in time O(n?).
Unfortunately, M does not have an adequate eigenvalue gap to make matrix power method efficient.
As we know from Lemma 22, suppressing &s and constants, M has eigenvalues in the range n® + n3/?.
Thus, the eigenvalue gap of M is at most g = O(1 + 1/ +/n). For any number k of matrix-vector
multiplies with k < n!/279, the eigenvalue gap will become at most (1 + 1/ \/ﬁ)"l/z“s, which is
subconstant. To get around this problem, we employ a standard trick to improve spectral gaps of
matrices close to C - Id: remove C - Id.
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Lemma 23 Under the assumptions of Theorem 20, Algorithm 5 can be implemented in time (n’)
(which is linear in the input size, n’).

Proof Note that the top eigenvector of M is the same as that of M — n? - Id. The latter matrix, by the
same analysis as in Lemma 21, is given by

M—nz-Id:Tz-vovg+M’

where || M’]| = O(er?). Note also that a matrix-vector multiply by M — n? - 1d can still be done in time
O(n?). Thus, M — n? - 1d has eigenvalue gap Q(1/£), which is enough so that the whole algorithm
runs in time O(n3). [

Proof [Proof of Theorem 20] Immediate from Lemma 21, Lemma 22, and Lemma 23. |

A.4. Fast Recovery in the Semi-Random Model

There is a qualitative difference between the aggregate matrix statistics needed by our certifying
algorithms (Algorithm 1, Algorithm 2, Algorithm 3, Algorithm 4) and those needed by rounding the
tensor unfolding solution spectral SoS Algorithm 5. In a precise sense, the needs of the latter are
greater. The former algorithms rely only on first-order behavior of the spectra of a tensor unfolding,
while the latter relies on second-order spectral behavior. Since it uses second-order properties of the
randomness, Algorithm 5 fails in the semi-random model.

Theorem 24 Let T =1- v§3 + A, where vg € R" is a unit vector and A has independent entries from
N(0,1). There is T = Q(n’'®) so that with high probability there is an adversarial choice of Q with
0 —1d]|| < O~ Y*) so that the matrix (TQ)'TQ = n*-1d. In particular, for such t, Algorithm 5
cannot recover the signal vy.

Proof Let M be the n x n matrix M := TTT. Let Q = n- M~'/2. Ttis clear that (TQ)'TQ = n?Id. It
suffices to show that ||Q — Id || < n'/* with high probability. We expand the matrix M as

M=1. vovg +7-v9(vp ® vo)TA +7T- AT(vo ® vo)vg +ATA.

By Lemma 22, ATA = n? - 1d + E for some E with ||E|| < O(n*/?) and [|AT (vo ® vo)|| < O(+/nlogn),
both with high probability. Thus, the eigenvalues of M all lie in the range n> +n'*3/%. The eigenvalues
of Q in turn lie in the range

n 1 1

(n2 £ O*3/4)H12 (1 £ 0m~14)12 1 +0m'*) "

Finally, the eigenvalues of Q — Id lie in the range —1=+0(n""*), so we are done. |

1
1£0(n!/*)

The argument that that Algorithm 3 and Algorithm 4 still succeed in the semi-random model is
routine; for completeness we discuss here the necessary changes to the proof of Theorem 16. The
non-probabilistic certification claims made in Theorem 16 are independent of the input model, so we
show that Algorithm 3 still finds the signal with high probability and that Algorithm 4 still fails only
with only a small probability.

21



HOPKINS SHI STEURER

Theorem 25 In the semi-random model, & > n~"* and © > n**1og(n)'/* /e, with high probability,
Algorithm 3 returns v with (v, vo)? = 1 - O(¢) and Algorithm 4 outputs CERTIFY.

Proof We discuss the necessary modifications to the proof of Theorem 16. Since & > n™ /4,
we have that |[(Q — Id)vg|| < O(e). It suffices then to show that the probabilistic bounds in
Lemma 18 hold with A replaced by AQ. Note that this means each A; becomes A;Q. By assumption,
10® Q0 —-1Id®Id|| < O(¢g), so the probabilistic bound on || }}; A; ® A; = E }; A; ® A;|| carries over to
the semi-random setting. A similar argument holds for }; vo(i)A;Q, which is enough to complete the
proof. |

A.5. Fast Recovery with Symmetric Noise

We suppose now that A is a symmetric Gaussian noise tensor; that is, that A is the average of Af
over all & € S, for some order-3 tensor Ay with iid standard Gaussian entries.

It was conjectured by Montanari and Richard (Montanari and Richard, 2014) that the tensor
unfolding technique can recover the signal vector vg in the single-spike model T = TV6®3 + A with
signal-to-noise ratio T > Q(n%/*) under both asymmetric and symmetric noise.

Our previous techniques fail in this symmetric noise scenario due to lack of independence
between the entries of the noise tensor. However, we sidestep that issue here by restricting our
attention to an asymmetric block of the input tensor.

The resulting algorithm is not precisely identical to the tensor unfolding algorithm investigated
by Montanari and Richard, but is based on tensor unfolding with only superficial modifications.

Fast Recovery under Symmetric Noise

Input: T=r71- v§3 + A, where vo € R"” and A is a 3-tensor.
Goal: Find v € R” with [(v,vg)| = 1 — o(1).

Algorithm 6 (Recovery) Tuake X,Y,Z a random partition of [n], and R a random rotation of R".
Let Px, Py, and Pz be the diagonal projectors onto the coordinates indicated by X, Y, and Z. Let
U := R®T, so that we have the matrix unfolding U := (R ® R)TRT Using the matrix power method,
compute the top singular vectors vy, vy, and vz respectively of the matrices

My := PxUT(Py ® P,))UPx —n*/9-1d

My = PyUT(P;® Px)UPy —n?/9 - 1d
My = P,UT(Px ® Py)UP; —n*/9-1d .

Output the normalization of R (vx + vy + vy).

Remark 26 (Implementation of Algorithm 6 in nearly-linear time.) Ir is possible to implement
each iteration of the matrix power method in Algorithm 6 in linear time. We focus on multiplying a
vector by My in linear time; the other cases follow similarly.

We can expand My = PxRTT(R®Q R)'(Py ® P;)(R® R)TRT Px —n?/9 - 1d. It is simple enough
to multiply an n-dimensional vector by Px, R, RT, T, and 1d in linear time. Furthermore multiplying
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an n’-dimensional vector by T" is also a simple linear time operation. The trickier part lies in
multiplying an n*-dimensional vector, say v, by the n*-by-n> matrix (R ® R)T (Py ® Pz)(R ® R).

To accomplish this, we simply reflatten our tensors. Let V be the n-by-n matrix flattening of v.
Then we compute the matrix RT PyR-V-RT P;T R, and return its flattening back into an n*>-dimensional
vector, and this will be equal to (R ® R (Py ® P2)(R®R)v.

Lemma 27 Given a unit vector u € R", a random rotation R over R", and a projection P to an
m-dimensional subspace, with high probability

\|PRull? - m/n| < O(\m/nZlog m).

Proof Lety be a random variable distributed as the norm of a vector in R” with entries independently
drawn from N(0, 1/n). Then because Gaussian vectors are rotationally invariant and Ru is a random
unit vector, the coordinates of yRu are independent and Gaussian in any orthogonal basis.

So )/2||PRu||2 is the sum of the squares of m independent variables drawn from N(0, 1/n). By
a Bernstein inequality, [y?IPRull> — m/n| < O(+/m/n?logm) with high probability. Also by a
Bernstein inequality, y> — 1 < O(+/1/nlogn) with high probability. [ |

Theorem 28 For T > n**/s, with high probability, Algorithm 6 recovers a vector v with (v, vo) >
1 — O(e) when A is a symmetric Gaussian noise tensor (as in Problem 3) and & > log(n)/ \/n.

Furthermore the matrix power iteration steps in Algorithm 6 each converge within O(—log(e))
steps, so that the algorithm overall runs in almost linear time ow’ log(1/¢)).

Proof Name the projections Uy := (Py® Pz)UPyx, Uy := (Pz® Px)UPy, and Uz := (PxQ Py)UP;.
First off, U = 7(Rvy)®> + A’ where A is a symmetric Gaussian tensor (distributed identically to
A). This follows by noting that multiplication by R®3 commutes with permutation of indices, so that
(R®*A)" = R®*A”, and from the rotational symmetry of Gaussian tensors.
Thus Uy = 7(Py ® Pz)(R ® R)(vo ® vo)(PxRvy)! + (Py ® Pz)A’Px, and

My +n*/9-1d = ULUx

= 7 (|PyRvo|[*|PzRvo|[*(PxRvo)(PxRvo)" (A.5)
+ 7(PxRvo)(vo ® vo) (R ® R)! (Py ® P;)A’ Py (A.6)
+7PxA’T (Py ® P2)(R ® R)(vo ® vo)(PxRvo)" (A7)
+ PxA'T(Py ® P7)A’ Py . (A.8)

Let S refer to Expression A.5. By Lemma 27, ||PRvo|* - 3| < O(¥/T/nlogn) with high
probability for P € {Px, Py, Pz}. Hence S = (% + O(\/1/nlog n)72(PxRvo)(PxRvo)T and ||S|| =
(35 £ O(N1/nlogn)r?.

Let C refer to Expression A.6 so that Expression A.7 is CT. Let also A” = (Py ® P7)A’Px.
Note that, once the identically-zero rows and columns of A" are removed, A” is a matrix of iid
standard Gaussian entries. Finally, let v/ = PyRvy ® PzRvy. By some substitution and by noting that
IPxR|| < 1, we have that ||C]| < 7|lvov”’TA”||. Hence by Lemma 61, ||C|| < O(e?).

Let N refer to Expression A.8. Note that N = A”TA” . Therefore by Lemma 22, |IN —n2/9-1d || <
o).
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Thus My = S + C + (N —n?/9 - 1d), so that ||[Mx — S|| < O(er?). Since S is rank-one and has
ISl > Q(7%), we conclude that matrix power iteration converges in O(— log &) steps.

The recovered eigenvector vy satisfies (vx, Mxvx) > Q(7?) and (vx, (Mx — S)vx) < O(et?) and
therefore {(vy,Svx) = (% +O0(e+ V1/n log n)72. Substituting in the expression for S, we conclude
that (PxRvo, vx) = (% + O(e + VT/nlogn)).

The analyses for vy and vz follow in the same way. Hence

(vx + vy +vz,Rvp) = (vx, PxRvo) + (vy, PyRvo) + (vz, PzRvo)

> \/3—0(8+ \/ngn).

At the same time, since vy, vy, and vz are each orthogonal to each other, |[vx + vy + vz|| = V3. Hence
with the output vector being v := R~ '(vx + vy +v2)/|lvx + vy + vz||, we have

{v,v9) = (Rv, Rvy) = %(VX +vy +vz,Rv) > 1 - 0O(e+ +/1/nlogn).

A.6. Numerical Simulations

T/ key
1 B nearly-linear tensor unfolding
/l naive tensor unfolding

_r/ nearly-optimal spectral SoS

key

® accel. power method

il |
|

correlation with signal
o
o

time to achieve correlation 0.9 with input (sec)

0 5 10 15 20 2 2’ 2° 2 2 2

matrix-vector multiplies instance size

Figure 1: Numerical simulation of Algorithm 3 (“Nearly-optimal spectral SoS” implemented with matrix power method),
and two implementations of Algorithm 5 (“Accelerated power method”/“Nearly-linear tensor unfolding” and “Naive power
method”/“Naive tensor unfolding”. Simulations were run in Julia on a Dell Optiplex 7010 running Ubuntu 12.04 with two
Intel Core i7 3770 processors at 3.40 ghz and 16GB of RAM. Plots created with Gadfly. Error bars denote 95% confidence
intervals. Matrix-vector multiply experiments were conducted with n = 200. Reported matrix-vector multiply counts are
the average of 50 independent trials. Reported times are in cpu-seconds and are the average of 10 independent trials. Note
that both axes in the right-hand plot are log scaled.

We report now the results of some simple numerical simulations of the algorithms from this
section. In particular, we show that the asymptotic running time differences among Algorithm 3,
Algorithm 5 implemented naively, and the linear-time implementation of Algorithm 5 are apparent
at reasonable values of n, e.g. n = 200.
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Specifics of our experiments are given in Figure 1. We find pronounced differences between all
three algorithms. The naive implementation of Algorithm 5 is markedly slower than the linear imple-
mentation, as measured either by number of matrix-vector multiplies or processor time. Algorithm 3
suffers greatly from the need to construct an n> X n> matrix; although we do not count the time to
construct this matrix against its reported running time, the memory requirements are so punishing
that we were unable to collect data beyond n = 100 for this algorithm.

Appendix B. Lower Bounds

We will now prove lower bounds on the performance of degree-4 SoS on random instances of the
degree-4 and degree-3 homogeneous polynomial maximization problems. As an application, we
show that our analysis of degree-4 for Tensor PCA is tight up to a small logarithmic factor in the
signal-to-noise ratio.

Theorem 29 (Part one of formal version of Theorem 2) There is T = Q(n) and a function n
A — {x} mapping 4-tensors to degree-4 pseudo-distributions satisfying {||x||> = 1} so that for every
unit vector vy, if A has unit Gaussian entries, then, with high probability over random choice
of A, the pseudo-expectation INEXN,,(A) 7 - (vo, x)* + A(x) is maximal up to constant factors among
E1- (vo,Y)* + A(y) over all degree-4 pseudo-distributions {y} satisfying {|[y||> = 1}.

Theorem 30 (Part two of formal version of Theorem 2) There is T = Q(n’/*/(logn)"/*) and a
function n : A v {x} mapping 3-tensors to degree-4 pseudo-distributions satisfying {||x||> = 1} so
that for every unit vector vy, if A has unit Gaussian entries, then, with high probability over random
choice of A, the pseudo-expectation EXNU(A) T (vo, x> + A(x) is maximal up to logarithmic factors
among Er- (vo,y>3 + A(y) over all degree-4 pseudo-distributions {y} satisfying {||y||2 =1}.

The existence of the maps n depending only on the random part A of the tensor PCA input
v§3 + A formalizes the claim from Theorem 2 that no algorithm can reliably recover vy from the
pseudo-distribution 7(A).

The rest of this section is devoted to proving these theorems, which we eventually accomplish in
Section B.2.

B.0.1. DISCUSSION AND OUTLINE OF PROOF

Given a random 3-tensor A, we will take the degree-3 pseudo-moments of our 77(A) to be €A, for some
small &, so that Exw,,(A) A(x) is large. The main question is how to give degree-4 pseudo-moments to
go with this. We will construct these from AA” and its permutations as a 4-tensor under the action of
Sa.

We have already seen that a spectral upper bound on one of these permutations, };; A; ® A;,
provides a performance guarantee for degree-4 SoS optimization of degree-3 polynomials. It
is not a coincidence that this SoS lower bound depends on the negative eigenvalues of the per-
mutations of AA”. Running the argument for the upper bound in reverse, a pseudo-distribution
{x} satisfying {||x||§ = 1} and with EA(x) large must (by pseudo-Cauchy-Schwarz) also have
E(x®2, (3; A; ® A;) x®2) large. The permutations of AA” are all matrix representations of that same
polynomial, (x®2,(3; A; ® A;) x®%). Hence E A(x) will be large only if the matrix representation
of the pseudo-distribution {x} is well correlated with the permutations of AA”. Since this matrix
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representation will also need to be positive-semidefinite, control on the spectra of permutations of
AAT is therefore the key to our approach.
The general outline of the proof will be as follows:

1. Construct a pseudo-distribution that is well correlated with the permutations of AA” and gives
a large value to E A(x), but which is not on the unit sphere.

2. Use a procedure modifying the first and second degree moments of the pseudo-distribution to
force it onto a sphere, at the cost of violating the condition that E p(X)? > 0 for all p € R[x]<2,
then rescale so it lives on the unit sphere. Thus, we end up with an object that is no longer a
valid pseudo-distribution but a more general linear functional £ on polynomials.

3. Quantitatively bound the failure of £ to be a pseudo-distribution, and repair it by statistically
mixing the almost-pseudo-distribution with a small amount of the uniform distribution over
the sphere. Show that E A(x) is still large for this new pseudo-distribution over the unit sphere.

But before we can state a formal version of our theorem, we will need a few facts about
polynomials, pseudo-distributions, matrices, vectors, and how they are related by symmetries under
actions of permutation groups.

B.1. Polynomials, Vectors, Matrices, and Symmetries, Redux

Here we further develop the matrix view of SoS presented in Section A.1.1.

We will need to use general linear functionals £ : R[x]<4 — R on polynomials as an inter-
mediate step between matrices and pseudo-distributions. Like pseudo-distributions, each such
linear-functional £ has a unique matrix representation M, satisfying certain maximal symmetry
constraints. The matrix M is positive-semidefinite if and only if £ p(x)*> > 0 for every p. If £
satisfies this and £ 1 = 1, then £ is a pseudo-expectation, and M is the matrix representation of the
corresponding pseudo-distribution.

B.1.1. MATRICES FOR LINEAR FUNCTIONALS AND MAXIMAL SYMMETRY

Let £ : R[x]<y — R. L can be represented as an n*UPIes(@) x y#uples@ matrix indexed by all d’-tuples
over [n] with d’ < d/2. For tuples a, 8, this matrix M is given by

M rla, ] CLxb
For a linear functional £ : R[x]<s — R, a polynomial p(x) € R[x]<4, and a matrix representation M,
for p we thus have (Mg, M) = L p(x).
A polynomial in R[x]<; may have many matrix representations, while for us, a linear functional
L has just one: the matrix M. This is because in our definition we have required that M, obey the
constraints
Myla,Bl = My, B'] when  x%f = x4 .

in order that they assign consistent values to each representation of the same polynomial. We call

such matrices maximally symmetric (following Doherty and Wehner (Doherty and Wehner, 2012)).
We have particular interest in the maximally-symmetric version of the identity matrix. The

degree-d symmetrized identity matrix Id*¥™ is the unique maximally symmetric matrix so that

(B2, 1dvm x®412) = x4, (B.1)
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The degree d will always be clear from context.

In addition to being a matrix representation of the polynomial ||x||¢, the maximally symmetric
matrix Id*Y™ also serves a dual purpose as a linear functional. We will often be concerned with
the expectation operator E* for the uniform distribution over the n-sphere, and indeed for every
polynomial p(x) with matrix representation M,

B p(x) = AdY™, M),

n? +2n

and so IdY™ /(n® + 2n) is the unique matrix representation of EX.

B.1.2. THE MONOMIAL-INDEXED (I.E. SYMMETRIC) SUBSPACE

We will also require vector representations of polynomials. We note that R[x]<4/» has a canonical
embedding into R¥UPIes(4) a5 the subspace given by the following family of constraints, expressed in
the basis of d’-tuples for d’ < d/2:

Rlxl<app ={p € R#WPIeS@) gych that p, = po if @ is a permutation of « } .

We let IT be the projector to this subspace. For any maximally-symmetric M we have I[IMII = M,
but the reverse implication is not true (for readers familiar with quantum information: any M which
has M = I[IMII is Bose-symmetric, but may not be PPT-symmetric; maximally symmetric matrices
are both. See (Doherty and Wehner, 2012) for further discussion.)

If we restrict attention to the embedding this induces of R[x]4/> (i.e. the homogeneous degree-d/2
polynomials) into R, the resulting subspace is sometimes called the symmetric subspace and in
other works is denoted by V4/2R”. We sometimes abuse notation and let IT be the projector from
R"" to the canonical embedding of R[x]s/2.

B.1.3. MAXIMALLY-SYMMETRIC MATRICES FROM TENSORS

The group S; acts on the set of d-tensors (canonically flattened to matrices R"Ld/zjx”wm) by permuta-

. . /2]y fd/2] . . . .
tion of indices. To any such flattened M € R™ """ we associate a family of maximally-symmetric
matrices Sym M given by

SymM = 3¢ Y n-Mforall1>0

I ES[,'

That is, Sym M represents all scaled averages of M over different possible flattenings of its corre-
sponding d-tensor. The following conditions on a matrix M are thus equivalent: (1) M € Sym M, (2)
M is maximally symmetric, (3) a tensor that flattens to M is invariant under the index-permutation
action of Sy, and (4) M may be considered as a linear functional on the space of homogeneous
polynomials R[x];. When we construct maximally-symmetric matrices from un-symmetric ones, the
choice of ¢ is somewhat subtle and will be important in not being too wasteful in intermediate steps
of our construction.

There is a more complex group action characterizing maximally-symmetric matrices in
R#tuples(d)xituples(d) - ywhich projects to the action of S, under the projection of R¥tuples(@)xdtuples(d)
to R” . We will never have to work explicitly with this full symmetry group; instead we
will be able to construct linear functionals on R[x]¢; (i.e. maximally symmetric matrices in
R#uples(@)>xifuples(d)y by symmetrizing each degree (i.e. each d’ < d) more or less separately.

&' 125 12
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B.2. Formal Statement of the Lower Bound

We will warm up with the degree-4 lower bound, which is conceptually somewhat simpler.

Theorem 31 (Degree-4 Lower Bound, General Version) Let A be a 4-tensor and let A > 0 be a
function of n. Suppose the following conditions hold:

— A is significantly correlated with 3 g, A”.
(A, Tres, A7) > Q).

— Permutations have lower-bounded spectrum.
For every m € Sy, the Hermitian n®> x n* unfolding %(A’r + (AT of A™ has no eigenvalues
smaller than —A>.

— Using A as 4-th pseudo-moments does not imply that ||x||* is too large.
For every m € Sy, we have (Id%™ , A™y < O(12n3/?)

— Using A for 4-th pseudo-moments does not imply first and second degree moments are too

large.
Let L : R[x]s — R be the linear functional given by the matrix representation My :=

1
22 Zne& A", Let
def 2
62 = max | £ l1xIB5xix|

def 2.2
5 = max |£||x||2xl-|

Then n*25, + n*6, < O(1).

Then there is a degree-4 pseudo-distribution {x} satisfying {||x||% = 1} so that EA(x) > Qn?/A%) +
O(E* A(x)).

The degree-3 version of our lower bound requires bounds on the spectra of the flattenings not
just of the 3-tensor A itself but also of the flattenings of an associated 4-tensor, which represents the
polynomial (x®2,(3; A; ® A;)x®?).

Theorem 32 (Degree-3 Lower Bound, General Version) Let A be a 3-tensor and let 1 > 0 be a
function of n. Suppose the following conditions hold:

— A is significantly correlated with 3, g, A”.
<A9 271'633 Aﬂ> > Q(n3)

— Permutations have lower-bounded spectrum.
For every m € 83, we have

1 1
247 - TTL < ST - A"(AT) + 0 - ATAT DI+ ST - ATAT + 0 - ATADTL

— Using AAT for 4-th moments does not imply ||x|[* is too large.
For every i € 83, we have (1d»™ , A"(A™)Ty < O(A%n?)
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— Using A and AAT for 3rd and 4th moments do not imply first and second degree moments are
too large.
Lett € S3. Let L : R[x]4 — R be the linear functional given by the matrix representation
My = /12_1;12 2wes, T -AAT. Let

def
01 = max
1

1

m(ldnxn P A?)’
def 2

6, = max | £ 11xl3xx

, def 2.2 1 4
& € max | £I|/3a? - £ L

Then né, + n28, + n*6, < O(1).

Then there is a degree-4 pseudo-distribution {x} satisfying {||x||§ = 1} so that
. n3/?
EA(x) > Q (T) + OFE* A®x)).

B.2.1. PROOF OF THEOREM 30

We prove the degree-3 corollary; the degree-4 case is almost identical using Theorem 31 and
Lemma 63 in place of their degree-3 counterparts.

Proof Let A be a 3-tensor. If A satisfies the conditions of Theorem 32 with A = O(n’/* log(n)l/ 4,
we let 7(A) be the pseudo-distribution described there, with

3/2
]EXNTI(A) Ax) =2 Q (HT) + O(E" A(x))

If A does not satisfy the regularity conditions, we let 7(A) be the uniform distribution on the unit
sphere. If A has unit Gaussian entries, then Lemma 62 says that the regularity conditions are
satisfied with this choice of A with high probability. The operator norm of A is at most O( y/n), so
E* A(x) = O(+/n) (all with high probability) (Tomioka and Suzuki, 2014). We have chosen A and 7
so that when the conditions of Theorem 32 and the bound on E* A(x), obtain,

_ 5 3/

Exwpa) 7 (vo, x)” + A(x) > Q(w) .
On the other hand, our arguments on degree-4 SoS certificates for random polynomials
say with high probability every degree-4 pseudo-distribution {y} satisfying {|lyl> = 1} has
Er- () +A() < 0@m3/*log(n)!/*). Thus, {x} is nearly optimal and we are done. [ |

B.3. In-depth Preliminaries for Pseudo-Expectation Symmetries

This section gives the preliminaries we will need to construct maximally-symmetric matrices (a.k.a.
functionals £ : R[x]<4 — R) in what follows. For a non-maximally-symmetric M € R under
the action of Sy by permutation of indices, the subgroup C3 < 84 represents all the significant
permutations whose spectra may differ from one another in a nontrivial way. The lemmas that follow
will make this more precise. For concreteness, we take C3 = (o) with o = (234), but any other
choice of 3-cycle would lead to a merely syntactic change in the proof.
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Lemma 33 Let Dg < Sy be given by Dg = ((12), (34), (13)(24)). Let C3 = {(), 0, o2} = (o), where
() denotes the identity in Sy. Then {gh : g € Dg,h € C3} = S4.

Proof The proof is routine; we provide it here for completeness. Note that C3 is a subgroup of
order 3 in the alternating group A4. This alternating group can be decomposed as Ay = Ky - C3,
where Ky = ((12)(34), (13)(24)) is a normal subgroup of A4. We can also decompose S5 = C» - Ay
where C,; = ((12)) and Ay is a normal subgroup of S,. Finally, Dg = C, - K4 so by associativity,
S4=Cr- Ay =Cr - Ky - C3 = Dg - Cs. [ |

This lemma has two useful corollaries:

Corollary 34 For any subset S C Sa, we have {ghs : g € D3, h e C3,5s € S} = S4.

Corollary 35 Let M € R Let the matrix M’ be given by
, def 1 ’ 1 ) T
M = 5H(M+a-M+a - M)TT+ EH(M+o--M+a -M) TI.
Then M’ € Sym M.

Proof Observe firstthat M + o M + 0> - M = 2.nec; T+ M. For arbitrary N € R we show that
%HNH + %HN m = % 2repg T - N. First, conjugation by II corresponds to averaging M over the
group {(12), (34)) generated by interchange of indices in row and column indexing pairs, individually.
At the same time, N + N7 is the average of M over the matrix transposition permutation group

((13)(24)). All together,
o1 1
M:§§ §(gh)-M:§§ M

g€Dg heCs €S,
and so M’ € Sym M. |

We make an useful observation about the nontrivial permutations of M, in the special case that
M = AAT for some 3-tensor A.

Lemma 36 Let A be a 3-tensor and let A € R"" be its flattening, where the first and third modes
lie on the longer axis and the third mode lies on the shorter axis. Let A; be the n X n matrix slices of
A along the first mode, so that

Ay

Az

A=| .
An
Let P: R"™ — R™ be the orthogonal linear operator so that [Px])(i, j) = x(j,1). Then
o AAT = (ZAi@)Ai]P and o -AAT =) A@A].
i

Proof We observe that AAT[(j1, j2), (j3, ja)] = X; Aij, ,Aijsj, and that (3; Ai®A)[(j1, j2), (3, ja)] =
2.i Aij, j3Aij, j,- Multiplication by P on the right has the effect of switching the order of the second
indexing pair, so [(X; A; ® ADPI[(j1, j2), (3, ja)] = 2 Aij, j,Aij»j5- From this it is easy to see that
o-AAT = (234) - AAT = (3, A; ® A)P.
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Similarly, we have that

(P AAD)(it, j2). (3. ja)] = ((243) - AAT(jr. o). Gs. )] = | Ay sy
k

from which we see that o2 - AAT = YiAi® AZ.T. |

Permutations of the Identity Matrix. The nontrivial permutations of Id,,» are:

1[G, k), (7, k)1 = 6, k)8 (' k)
o - 1d[(. k), (7', k)1 = 6(j j)o(k, k')
o 1[G, k), (k)] = 6(j, K)o, k).

Since (Id + o - Id + 0% - 1d) is invariant under the action of Dg, we have (Id+ o -Id+ o2 -1d) € Sym M;
up to scaling this matrix is the same as [d®™ defined in (B.1). We record the following observations:

— 1d, o - 1d, and ¢% - Id are all symmetric matrices.

— Up to scaling, Id + o Id projects to identity on the canonical embedding of R[x]».

— The matrix o - Id is rank-1, positive-semidefinite, and has II(o - Id)II = o - Id.

— The scaling [1/ (n? +2m)]dd + o - Id + 0% - Id) is equal to a linear functional B* : R[x]y —» R

giving the expectation under the uniform distribution over the unit sphere S"~!.

B.4. Construction of Initial Pseudo-Distributions

We begin by discussing how to create an initial guess at a pseudo-distribution whose third moments
are highly correlated with the polynomial A(x). This initial guess will be a valid pseudo-distribution,
but will fail to be on the unit sphere, and so will require some repairing later on. For now, the method
of creating this initial pseudo-distribution involves using a combination of symmetrization techniques
to ensure that the matrices we construct are well defined as linear functionals over polynomials, and
spectral techniques to establish positive-semidefiniteness of these matrices.

B.4.1. EXTENDING PSEUDO-DISTRIBUTIONS TO DEGREE FOUR

In this section we discuss a construction that takes a linear functional £ : R[x]<3 — R over degree-3
polynomials and yields a degree-4 pseudo-distribution {x}. We begin by reminding the reader of the
Schur complement criterion for positive-semidefiniteness of block matrices.

Theorem 37 Let M be the following block matrix.

af( B CT
(25 )

where B > 0 and is full rank. Then M > 0 if and only if D > CB~'CT.

Suppose we are given a linear functional £ : R[x]<3 —» R with L1 = 1. Let £L|; be L restricted
to R[x]; and similarly for £, and £ 3. We define the following matrices:
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— My, € R™! is the matrix representation of £ |;.
— M), € R™" is the matrix representation of L |5.
— My, € R™ is the matrix representation of £ .
— Vg, € R s the vector flattening of My,

Consider the block matrix M € R¥uples2>3#uples2) giyen by

T T
def 1 M£|1 V£T|2
M =| Mg, Mg, ML|3 s

Ve l2 M£|3 D

with D € R"™>" yet to be chosen. By taking

1 M7
B= Lh ) C=(Vg, Mg, ),
( Mg, Mgy, (Ve ")

we see by the Schur complement criterion that M is positive-semidefinite so long as D > CB~!CT.
However, not any choice of D will yield M maximally symmetric, which is necessary for M to define
a pseudo-expectation operator E.

We would ideally take D to be the spectrally-least maximally-symmetric matrix so that D >
CB~'CT. But this object might not be well defined, so we instead take the following substitute.

Definition 38 Let £, B, C as be as above. The symmetric Schur complement D € Sym CB~!CT is

12ireS, 7T (CB~'CT) for the least t so that 1 res, " (CB7'CT) = CB~'CT. We denote by &L the

linear functional BL. R[x]<4 — R whose matrix representation is M with this choice of D, and note
=L . . .

that B~ is a valid degree-4 pseudo-expectation.

Example 1 (Recovery of Degree-4 Uniform Moments from Symmetric Schur Complement)
Let L : Rlx]<s — R be given by L p(x) := B p(x). We show that BEL = B In this case it is
straightforward to compute that CB™'CT = o -1d /n®. Our task is to pick t > O minimal so that
LI(Id + o - 1d + % - Id)IT = S TI(o - Id)IL.

We know that TI(o- - Id)I1 = o - Id. Furthermore, I11d11 = (0% - I)I1, and both are the identity
on the canonically-embedded subspace R[x], in R*WPS®  We have previously observed that o - 1d
is rank-one and positive-semidefinite, so let w € R*PIS®) pe sych that ww’ = o - 1d.

We compute w' (Id + o - 1d + o2 - Id)w = 2|lwll5 + [Wll3 = 2n + n* and w” (o - Id)w = ||l = n?.
Thus t = n?/(n* + 2n) is the minimizer. By a previous observation, this yields EF.

To prove our lower bound, we will generalize the above example to the case that we start with an
operator £ : R[x]<3 — R which does not match E* on degree-3 polynomials.
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B.4.2. SYMMETRIES AT DEGREE THREE

We intend on using the symmetric Schur complement to construct a pseudo-distribution from some
L : Rlx]<s — R for which L£A(x) is large. A good such £ will have £ x;x;x; correlated with
2ireS; A;Tjk for all (or many) indices i, j, k. That is, it should be correlated with the coefficient of the
monomial x;x;x; in A(x). However, if we do this directly by setting .L x;x;x; = >, Af/k, it becomes
technically inconvenient to control the spectrum of the resulting symmetric Schur complement.
To this avoid, we discuss how to utilize a decomposition of M|, into nicer matrices if such a
decomposition exists.

Lemma 39 Let L : Rlxl<s — R, and suppose that My, = %(Mi|3 + -+ Mih)for some
MIL IERERS Mih € R™X. Let D1, ..., Dy be the respective symmetric Schur complements of the
family of matrices
T T
L My, Vp, .
MLl] Mllz (Mth)

Ve l2 Ml[ I3 *

1<i<k
Then the matrix

def 1 k 1 lel V_Elz -
M = zz Mgy, M.£|2 (Ml£|3)
i1 \ Ve, M I3 D

is positive-semidefinite and maximally symmetric. Therefore it defines a valid pseudo-expectation

B (This is a slight abuse of notation, since the pseudo-expectation defined here in general differs
from the one in Definition 38.)

Proof Each matrix in the sum defining M is positive-semidefinite, so M > 0. Each D; is maximally
symmetric and therefore so is Zf.‘zl D;. We know that M p|, = Zf: | My A is maximally-symmetric, so
it follows that M is the matrix representation of a valid pseudo-expectation. |

B.5. Getting to the Unit Sphere

Our next tool takes a pseudo-distribution E that is slightly off the unit sphere, and corrects it to give a
linear functional £ : R[x]<4 — R that lies on the unit sphere.

We will also characterize how badly the resulting linear functional deviates from the nonnegativity
condition (£ p(x)> = 0 for p € R[x]<) required to be a pseudo-distribution

Definition 40 Ler L : R[x]<y; — R. We define

Lp(x)?

def
Amin £
i peR[x]<q2 B p(x)2

where BF p(x)? is the expectation of p(x)*> when x is distributed according to the uniform distribution
on the unit sphere.

Since E* p(x)? > 0 for all p, we have £ p(x)> > 0 for all p if and only if Ay £ > 0. Thus £ on the
unit sphere is a pseudo-distribution if and only if £1 =1 and Ay £ = 0.
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Lemma 41 LetE : R[x]<s — R be a valid pseudodistribution. Suppose that:
Lc=Exi>1
2. Eis close to lying on the sphere, in the sense that there are 61,5, 05 > 0 so that:

(@) 1L BIIxBx; — L xi| < 61 for all i.
(b) 1L ElxlBxix; — £ xix)| < 6 forall i # j.

(c) 1L E|xlx? — L' x?| < &, forall i.

Let L : R[x]<4 — R be as follows on homogeneous p:

s
Eh ==

ifdegp =0
p(x) ifdegp = 3,4
Ep(olxl?  ifdegp =1,2.

def

Lpx) =

==

Then L satisfies Lp(x)(llxll% — 1) = 0 for all p(x) € R[x]«2 and has Ayin L > —% - 0n)o; —
O(n*?)5) — O(n*)5,.

Proof It is easy to check that £ p(x)(llxll% — 1) = 0 for all p € R[x]<, by expanding the definition of
L.

Let the linear functional £’ : R[x]<s — R be defined over homogeneous polynomials p as

c ifdegp=0
L p(x) déf Ep(x) ifdegp =3,4
Eplixl;  ifdegp=1,2.

Note that £’ p(x) = ¢ L p(x) for all p € R[x]<s. Thus Apin L > Amin £’ /¢, and the kernel of £ is
identical to the kernel of L.
In particular, since (||x||§ — 1) is in the kernel of L', either Ain £ = 0 or

L p(x)?

peRlxla.pL(nE-1) B p(x)?

Amin L, =

Here p L (llx][> = 1) means that the polynomials p and lIx|l> = 1 are perpendictular in the coefficient
basis. That is, if p(x) = po+2; pixi + X;; pijXixj, this means 3; pi; = po. The equality holds because
any linear functional on polynomials K with (lx][> = 1) in its kernel satisfies K(p(x)+ (x> - 1)? =
K p(x)? for every a. The functionals £ and E¥ in particular both satisfy this.

Let A := £’ —E, and note that A is nonzero only when evaluated on the degree-1 or -2 parts of
polynomials. It will be sufficient to bound A, since assuming Apin £ # 0,

. Ap(x)? + E p(x)?
/lmin LI - min p( )IJ f( )
peRlxa.pL(B-1)  BY p(x)

Ap(x)?
peRlxlapL(nE-1) BY p(x)?

=
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Let p € R[x]<2. We expand p in the monomial basis: p(x) = po + X; piXi + 2 j pijxix;. Then

) 2
p(x)* = p§+2po Z DiXi +2po Z DijXixj+ (Z pixi] +2 (Z Pixi] [Z Di jxiij + [Z Di jxixj] .
; i 3 . T 7

An easy calculation gives

2
2po 1 1
U 2 _ 2 - 2 . 2 2
B p(x)” = pg + " §[~ Dii + " §i pi + 21 on [( % pn] + §i/ pi; E[ piiJ .

The condition p L (||x||§ — 1) yields pg = X ; pii- Substituting into the above, we obtain the sum of

squares
2p2 1 1
" ) o 1 2 2 2 2
E* p(x) —P0+_n +n§,~ Pi+n2+2n Po"'% Pij+§i Piil-

Without loss of generality we assume FX p(x)> = 1, so now it is enough just to bound Ap(x)?. We
have assumed that |Ax;| < ¢d1 and |Ax;xj| < coy fori # jand |Axl.2| < ¢d). We also know Al = ¢ — 1
and Ap(x) = 0 when p is a homogeneous degree-3 or -4 polynomial. So we expand

Ap(x)* = P%(C -1 +2pg Z Pilx; +2po Z DijAxix; + Z PipjAxix;
f 77 i

and note that this is maximized in absolute value when all the signs line up:

2
IAP(9?] < pi(c=1)+2c811pol D Ipil+2Ipol [652 NIEIDY |p,-,-|]+c62 (Z |p,-|] ey > p}
i i i

i#] i

We start with the second term. If p(z) = a for a € [0, 1], then }; pl.2 < n(1 — @) by our assumption
that EX p(x)?> = 1. This means that

2¢o1|pol Z |pil < 2¢dy aan? < 2con+a(l —a) < O(n)cd ,
i \J i

where we have used Cauchy-Schwarz and the fact maxg<a<) @(1 — @) = (1/ 2)2. The other terms are
all similar:

pg(c—1)<c—1

2|polcda Z Ipijl < 2¢6 _|an? » p < 2¢6,0(n*) \Ja(1 — @) < O(n?)cé,
\/ ij

i#]
2|polcd Z |piil < 2c6), cmz pl.zi < 0(113/2)cc5'2
i \J i
2
¢5; (Z |p,~|] <con ) pt < O(m*)ed,
i i
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c6) Z p? < O(n)cdly,
i

where in each case we have used Cauchy-Schwarz and our assumption E* p(x)? = 1.
Putting it all together, we get

Amin A = —(c = 1) = O(n)cdy — O(m*'*)edh, — O(n?)eds .

B.6. Repairing Almost-Pseudo-Distributions

Our last tool takes a linear functional L : R[x]<, that is “almost” a pseudo-distribution over the unit
sphere, in the precise sense that all conditions for being a pseudo-distribution over the sphere are
satisfied except that Ay, £ = —&. The tool transforms it into a bona fide pseudo-distribution at a
slight cost to its evaluations at various polynomials.

Lemma 42 Let L : R[x]<s — R and suppose that

— L1=1
— Lp)(IxlI* = 1) = 0 for all p € R[x]<s-2.
— Amin L=-¢

Then the operator E:R[x]l<w = R given by

- W |
B p(x) € T (Lp() + e B p(x)

is a valid pseudo-expectation satisfying {IIxl1? = 1}.

Proof It will suffice to check that Amin E > 0 and that E has E(|lxlj3 - 1)> =0 and E 1 = 1. For the
first, let p € R[x]>>. We have

Ep@?® _(_1 \(E°p()?+eB p(x)? 1
Eﬂp(x)2_(1+g)( EF p(x)2 )>(l+8)(—g+g)>o_

Hence, Apmin E > 0.
It is straightforward to check the conditions that E1 = 1 and that E satisfies {||x]|> — 1 = 0}, since
[ is a convex combination of linear functionals that already satisfy these linear constraints. |

B.7. Putting Everything Together

We are ready to prove Theorem 31 and Theorem 32. The proof of Theorem 31 is somewhat simpler
and contains many of the ideas of the proof of Theorem 32, so we start there.
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B.7.1. THE DEGREE-4 LOWER BOUND

Proof [Proof of Theorem 31] We begin by constructing a degree-4 pseudo-expectation B R[x]<a —
R whose degree-4 moments are biased towards A(x) but which does not yet satisfy {IIxII% —-1=0}.
Let £ : R[x]<a — R be the functional whose matrix representation when restricted to L4 :
R[x]4 — Ris given by M|, = W 2.nes, A", and which is 0 on polynomials of degree at most 3.
Let B := BF +e L, where ¢ is a parameter to be chosen soon so that £° p(x)? > 0 for all
P € Rlx]«. Let p € R[x]<>. We expand p in the monomial basis as p(x) = po + X; piXi + Z,-J- DijXiX;.
Then

1
B p(0® > — Z Py
ij

By our assumption on negative eigenvalues of A™ for all € Sy, we know that £ p(x) > ‘n’f 2ij plz,.

So if we choose & < 1/42, the operator B =4+ L /A2 will be a valid pseudo-expectation. Moreover
£ is well correlated with A, since it was obtained by maximizing the amount of £, which is simply
the (maximally-symmetric) dual of A. However the calculation of B ||x||‘2t shows that this pseudo-
expectation is not on the unit sphere, though it is close. Let c refer to

=0 4 4 1 4 1 Sym A7 —-1/2
c=E ||xl5 =B Ixll; + = Llxll; =1 + ——— Id%™, A"y =1+ 0@ .
Il = Bl + 5 L3 Lsunzazggéf ) (n™'1?)

We would like to use Lemma 41 together with EO to obtain some £ : R[x]<4 — R with ||x||§ -1
in its kernel and bounded A, £ while still maintaining a high correlation with A. For this we need
&1, 62,85 so that

—-%|Mﬁ—ﬁ4<ammm.

— | B s - B x| < & foralli # .

— |LE R - B 22| < & forall i

Since E° p(x) = 0 for all homogeneous odd-degree p, we may take & = 0. For &, we have that
when i # j,

1 2
T L|xl5xix;| < 02,

1 ~0
-E ||x||2x,xJ E xixj’z

where we recall 0> and ¢/, defined in the theorem statement. Finally, for &), we have

1
1 2 2.2
LE B} - B ] < | LIl

+ | LB I3 - B xf| < 65 + <L

cn'

Thus, Lemma 41 yields L' R[x l<4 — R with ||)c||2 —1inits kernel in the sense that £! p(x)(llxll% -
1) = 0 for all p € R[x]«. If we take & = 6> and & =0, + <L then Apin £ > % - n%6, —
n2(8y + <L) = —~0(1). Furthermore, £' A(x) = LA(x) ( LA©).

So by Lemma 42, there is a degree-4 pseudo-expectation E satlsfymg {||x||§ = 1} so that

EAX) =0 (% .EA(x)) + OFE" A(x))
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1

-0 —
|S4ln2 22

7% A”)] + OB A(x))
€Sy

2
>Q (ﬁ) + OFE" A(x)).

B.7.2. THE DEGREE-3 LOWER BOUND

Now we turn to the proof of Theorem 32.

Proof [Proof of Theorem 32] Let A be a 3-tensor. Let € > 0 be a parameter to be chosen later. We
begin with the following linear functional £ : R[x]<3 — R. For any monomial x* (where a is a
multi-index of degree at most 3),

£ B x ifdegx® <2
7 Dires; Ay if degx® =3

The functional £ contains our current best guess at the degree 1 and 2 moments of a pseudo-
distribution whose degree-3 moments are g-correlated with A(x).
The next step is to use symmetric Schur complement to extend £ to a degree-4 pseudo-expectation.
Note that M|, decomposes as
Mgy, = ) TIAT

neS 3

where, as a reminder, A” is the n”>xn flattening of A™ and IT is the projector to the canonical embedding
of R[x], into R”. So, using Lemma 39, we want to find the symmetric Schur complements of the
following family of matrices (with notation matching the statement of Lemma 39):

T T
! Mlll . Vi 2 r
Mgy, Mgy, W(HAH)
Vep  apllA” * €S

Since we have the same assumptions on A” for all 7 € S3, without loss of generality we analyze just
the case that 7 is the identity permutation, in which case A™ = A.

Since £ matches the degree-one and degree-two moments of the uniform distribution on the unit
sphere, we have M|, = 0, the n-dimensional zero vector, and M|, = % Id,;«,. Letw € R™ be the
n®-dimensional vector flattening of Id,x,. We observe that ww! = o -1d is one of the permutations
of Id,2,2. Taking B and C as follows,

B:((l) %Ic(l)m) C=(w +HA),

we compute that

1 2
CBCT = S(0-1d) + E—ZHAATH.
n n
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Symmetrizing the Id portion and the AA” portion of this matrix separately, we see that the symmetric
Schur complement that we are looking for is the spectrally-least M € Sym (niz(c -1d) + %AAT) N¢J
that

2
t
M=— [3 d¥™ + % (MAA" + o - AAT + 07 - AATYT + TIAAT + - AAT + o -AAT)TH)]
n
1 & T
> —(o - 1d) + STIAA"TI.
n n

Here we have used Corollary 35 and Corollary 34 to express a general element of Sym(i—iHAATH)
in terms of IT, AAT, o - AAT , and o2 - AAT.

Any spectrally small M satisfying the above suffices for us. Taking ¢t = 1, canceling some terms,
and making the substitution 3 [d¥™ — o - Id = 2I11d I1, we see that it is enough to have

&2

2
—2I1d1I < 5 Tl AAT + 02 AADIT + %H(o- CAAT + 07 AATTT,

which by the premises of the theorem holds for € = 1/4. Pushing through our symmetrized Schur
complement rule with our decomposition of M|, (Lemma 39), this & yields a valid degree-4 pseudo-
expectation B R[x]<4 — R. From our choice of parameters, we see that B |4, the degree-4 part of
EO, is given by EO l4 = "2;# E* + L, where L : R[x]4 — R is as defined in the theorem statement.

Furthermore, B p(x) = B p(x) for p with deg p < 2.
We would like to know how big EO ||x||‘2l is. We have

0 1 1
c:=F |« = (1 + Z)Eﬂ llxll3 + L3 = 1+ ~ LIxl5 .

We have assumed that (Id¥™,AAT) < O(A°n?). Since Id®¥™ is maximally symmetric, we have
AdY™ ) Y s, - AAT) = (1dY™ | |S4|AAT) and so

1 1
LIl = 5™ M) = —50™, 3 7 44T) < O(1).
n n 71'634
Finally, our assumptions on (A, }’,cs, A") yield
3/2
20 A = 5 nsalm
B A = (A, ) A >>Q( - )
71'633
We have established the following lemma.

Lemma 43 Under the assumptions of Theorem 32 there is a degree-4 pseudo-expectation operator
=0
E" so that

— =Bl = 1+ 0D,
— BYAW) = Q@2

— % p(x) = B¥ p(x) for all p € R[x]<.

39



HOPKINS SHI STEURER

—BlLh=a+hEu+L

Now we would like feed E” into Lemma 41 to get a linear functional £! : R[x]<s — R with llxll3 - 1
in its kernel (equivalently, which satisfies {||x||§ — 1 = 0}), but in order to do that we need to find
£1,6, & so that

20 ||x2x, - B xi‘ < & forall i.

nl—

— | E s - B x| < & foralli # .

1Lg
c

B Il - B 2| < & forall i

For &1, we note that for every i, £° x; = 0 since £ matches the uniform distribution on degree one
~0

LE° 1ol

We know that Mo W the matrix representation of the degree-3 part of EO

and two polynomials. Thus, ’% B llxl[3x; — & xi’ =

S S 3/2/1A Expanding

~0 . . .
E ||x||%x,- with matrix representations, we get

£ ] = o e (S SV B

neS;

where 0 is as defined in the theorem statement.
Now for &; and £). Let £ be the operator in the theorem statement. By the definition of ]EO, we
get

=0
E |4 <

(1+1)E“|4+£ .
n

In particular, for i # j,

L& =0 1 2
LA ||Rxix; — B xixjjz E.Lllxllzxixj|<62.

Fori = j,

1
c

a

=0 2.2 =H2 1 1 2.2 2
B |lRr? - x,.] L1 7 xR +( Z)E"lellzxi — B X

Q=

1 1
Ll = L Llxll3 + L Lixdly + = (1 + —)Eﬂ llxll3 — ¢ B x7

n

1 1 2
LIBx? = L Ll + LB flnlff - ¢ B x |

1
L3 =+ LIkl

S = o=

NS

<
Thus, we can take {1 = 61, & = 62, &, = 05, and ¢ = N ||x||‘21 =1+ 0(1), and apply Lemma 41 to

conclude that
Amin L' > ==L — 0(m)g - 0*HE, — 0mHE; = -0(1).
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The functional £' loses a constant factor in the value assigned to A(x) as compared to 2

=0 3/2
£ AG = 2 AD Q(”—) .
c A

Now using Lemma 42, we can correct the negative eigenvalue of £! to get a pseudo-expectation
L o) £ +o(1) B

By Lemma 42, the pseudo-expectation [ satisfies { ||x||% = 1}. Finally, to complete the proof, we have:

3/2
BEA() =Q (”7) + O EF Ax).

Appendix C. Higher-Order Tensors

We have heretofore restricted ourselves to the case k = 3 in our algorithms for the sake of readability.
In this section we state versions of our main results for general k and indicate how the proofs from
the 3-tensor case may be generalized to handle arbitrary k. Our policy is to continue to treat k as
constant with respect to n, hiding multiplicative losses in k in our asymptotic notation.

The case of general odd £ may be reduced to k = 3 by a standard trick, which we describe here
for completeness. Given A an order-k tensor, consider the polynomial A(x) and make the variable
substitution yg = * for each multi-index B with || = (k + 1)/2. This yields a degree-3 polynomial
A’(x,y) to which the analysis in Section 3 and Section 4 applies almost unchanged, now using
pseudo-distributions {x, y} satisfying {Ixl® = 1, ||y||2 = 1}. In the analysis of tensor PCA, this change
of variables should be conducted after the input is split into signal and noise parts, in order to preserve
the analysis of the second half of the rounding argument (to get from BE(vg, x)¥ to E(vo, x)), which
then requires only syntactic modifications to Lemma 50. The only other non-syntactic difference is
the need to generalize the A-boundedness results for random polynomials to handle tensors whose
dimensions are not all equal; this is already done in Theorem 56.

For even k, the degree-k SoS approach does not improve on the tensor unfolding algorithms of
Montanari and Richard (Montanari and Richard, 2014). Indeed, by performing a similar variable
substitution, yg = X8 for all |B] = k/2, the SoS algorithm reduces exactly to the eigenvalue/eigenvector
computation from tensor unfolding. If we perform instead the substitution yg = X for |8 = k/2 - 1,
it becomes possible to extract vy directly from the degree-2 pseudo-moments of an (approximately)
optimal degree-4 pseudo-distribution, rather than performing an extra step to recover v from v
well-correlated with vg’k/ 2. Either approach recovers vg only up to sign, since the input is unchanged
under the transformation vg — —vyg.

We now state analogues of all our results for general k. Except for the above noted differ-
ences from the k = 3 case, the proofs are all easy transformations of the proofs of their degree-3
counterparts.

Theorem 44 Let k be an odd integer, vo € R" a unit vector, T nkl4 log(n)l/ 4/e, and A an order-k
tensor with independent unit Gaussian entries.
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1. There is an algorithm, based on semidefinite programming, which on input T(x) = T - {vo, X)X +
A(x) returns a unit vector v with (v, v) = 1 — & with high probability over random choice of A.

2. There is an algorithm, based on semidefinite programming, which on input T(x) = T - (vg, x)* +
A(x) certifies that T(x) < T - (v, XK+ onk* 10g(n)1/4)f0r some unit v with high probability
over random choice of A. This guarantees in particular that v is close to a maximum likelihood
estimator for the problem of recovering the signal vy from the input T - v?k + A

3. By solving the semidefinite relaxation approximately, both algorithms can be implemented in
time O(m'*V%), where m = n* is the input size.

For even k, the above all hold, except now we recover v with (vo, v)2 > 1 — ¢, and the algorithms can
be implemented in nearly-linear time.

The next theorem partially resolves a conjecture of Montanari and Richard regarding tensor
unfolding algorithms for odd k. We are able to prove their conjectured signal-to-noise ratio 7, but
under an asymmetric noise model. They conjecture that the following holds when A is symmetric
with unit Gaussian entries.

Theorem 45 Let k be an odd integer, vy € R" a unit vector, T = nk'* e, and A an order-k tensor with
independent unit Gaussian entries. There is a nearly-linear-time algorithm, based on tensor unfolding,
which, with high probability over random choice of A, recovers a vector v with (v,vo)* > 1 — &.
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Appendix D. Pseudo-Distribution Facts

Lemma 46 (Quadric Sampling) Let {x} be a pseudo-distribution over R" of degree d > 2. Then
there is an actual distribution {y} over R" so that for any polynomial p of degree at most 2, E[p(y)] =
E[p(x)]. Furthermore, {y} can be sampled from in time poly n.

Lemma 47 (Pseudo-Cauchy-Schwarz, Function Version, (Barak et al., 2012)) Let x,y be
vector-valued polynomials. Then

1
xy) < S + ).
See (Barak et al., 2014a) for the cleanest proof.

Lemma 48 (Pseudo-Cauchy-Schwarz, Powered Function Version) Let x,y be vector-valued
polynomials and d > 0 an integer. Then

1
uJV5;MW+MW>
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Proof Note that (x,y)? = (x®?, y®?) and apply Lemma 47. [ |

Yet another version of pseudo-Cauchy-Schwarz will be useful:

Lemma 49 (Pseudo-Cauchy-Schwarz, Multiplicative Function Version, (Barak et al., 2012))
Let {x,y} be a degree d pseudo-distribution over a pair of vectors, d > 2. Then

Bl ] < yBR] ELIIP).

Again, see (Barak et al., 2014a) for the cleanest proof.
We will need the following inequality relating BE(x, vo)? and E(x, vo) when E(x, v) is large.

Lemma 50 Let {x} be a degree-4 pseudo-distribution satisfying {||x||> = 1}, and let vy € R" be a
unit vector. Suppose that B(x,vo)> > 1 — & for some & > 0. Then B(x,vp) > 1 - 2&.

Proof Let p(u) be the univariate polynomial p(u) = 1 — 2ud +u. Itis easy to check that p(u) > 0
for u € [—-1, 1]. It follows from classical results about univariate polynomials that p(x) then can be
written as

p) = so(u) + s1(u)(1 +u) + s2(u)(1 — u)

for some SoS polynomials sg, 51, 52 of degrees at most 2. (See (O’Donnell and Zhou, 2013), fact 3.2
for a precise statement and attributions.)
Now we consider

E p((x,vo)) = ELs1((x, vo))(1 + (x, vo))] + ELs2(¢x, vo))(1 — (x, vo))] .

We have by Lemma 47 that (x, vp) < %(llxll2 + 1) and also that {x, vo) > —%(llxll2 + 1). Multiplying
the latter SoS relation by the SoS polynomial s1({x, vp)) and the former by s,({x, vo)), we get that

ELs1(¢x, vo))(1 + {x, vo))] = ELs1({x, vo))] + ELs1({x, vo)){x, vo)]
N 1.
= E[s1({x, vo))l — 3 ELs1(¢x, vo) (12 + 1)]
ELs1(¢x, vo))] = ELs1({x, vo))]
0

2

>
>

where in the second-to-last step we have used the assumption that {x} satisfies { lIx|I> = 1}. A similar
analysis yields
Els2({x, vo))(1 = {x,v0))] > 0.

All together, this means that E p((x,vo)) > 0. Expanding, we get E[1 — 2(x, vo)® + (x,v)] = 0.
Rearranging yields
E(x,vo) = 2B, vo)> = 12201 —8)—1>1-2e.

We will need a bound on the pseudo-expectation of a degree-3 polynomial in terms of the operator
norm of its coefficient matrix.
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Lemma 51 Let {x} be a degree-4 pseudo-distribution. Let M € R Then B(x®, Mx) <
IMII(E [1x][*)*"4.

Proof We begin by expanding in the monomial basis and using pseudo-Cauchy-Schwarz:

E<x®2, Mx) = E Z M(j,k),ixixjxk
ijk

=E Z Xi Z Mk, ix jxk

i I

<@ E Y| Mo
| i Jk

29172

<@ ED | D Mo
| i Jk

2
We observe that MM is a matrix representation of }; (Z ik Mjny.ixix j) . We know MMT < ||M|*1d,

SO
2
E Z [Z M(j,k),ixix]'] < ”M”2 E ||X||4 .
Jjk

i

Putting it together, we get B(x®2, Mx) < [|M||(E ||x]|*)3/* as desired. |

Appendix E. Concentration bounds

E.1. Elementary Random Matrix Review

We will be extensively concerned with various real random matrices. A great deal is known about
natural classes of such matrices; see the excellent book of Tao (Tao, 2012) and the notes by Vershynin
and Tropp (Vershynin, 2011; Tropp, 2012).

Our presentation here follows Vershynin’s (Vershynin, 2011). Let X be a real random variable.
The subgaussian norm [|X]||,, of X is SUp 5 p‘l/ 2(E|IX|P)'P. Let {a} be a distribution on R". The
subgaussian norm ||ally, of {a} is the maximal subgaussian norm of the one-dimensional marginals:
llally, = SUPj =1 IKa, u)lly,. A family of random variables {X,},cy is subgaussian if || X, = O(1).
The reader may easily check that an n-dimensional vector of independent standard Gaussians or
independent +1 variables is subgaussian.

It will be convenient to use the following standard result on the concentration of empirical
covariance matrices. This statement is borrowed from (Vershynin, 2011), Corollary 5.50.

Lemma 52 Consider a sub-gaussian distribution {a} in R™ with covariance matrix ¥, and let
§€(0,1),t> 1. Ifay,...,ay ~ {a} with N > C(t/8)*m then |I% ZaiaiT — 2|| < & with probability
at least 1 — 26xp(—t2m). Here C = C(K) depends only on the sub-gaussian norm K = |lall,, of a
random vector taken from this distribution.
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We will also need the matrix Bernstein inequality. This statement is borrowed from Theorem
1.6.2 of Tropp (Tropp, 2012).

Theorem 53 (Matrix Bernstein) Let S1,...,S,, be independent square random matrices with di-
mension n. Assume that each matrix has bounded deviation from its mean: ||S; — ES;|| < R for all i.
Form the sum Z = ) ; S; and introduce a variance parameter

o =max{|EZ-EZ)Z-EZ)I,IEZ-EZ)(Z-EZ)|}.

Then
22

P{lZ-EZ| =21t} <2 _
] 1> 1) ”exp(o-z+m/3

) forallt > 0.
We will need bounds on the operator norm of random square rectangular matrices, both of which
are special cases of Theorem 5.39 in (Vershynin, 2011).

Lemma 54 Let A be an n X n matrix with independent entries from N(0, 1). Then with probability
1 —nW the operator norm ||A| satisfies ||Al| < O(~/n).

Lemma 55 Let A be an n?> X n matrix with independent entries from N(0, 1). Then with probability
1 —nW) the operator norm ||A|| satisfies ||A|| < O(n).

E.2. Concentration for }}; A; ® A; and Related Ensembles

Our first concentration theorem provides control over the nontrivial permutations of the matrix AA”
under the action of S4 for a tensor A with independent entries.

Theorem 56 Letc € {1,2} andd > 1 an integer. Let Ay, ..., A, be iid random matrices in {il}"dX”d

or with independent entries from N(0, 1). Then, with probability 1 — O(n=1%0),

Z Ai®A; —EA; ®Ajl| s Vdn®*92 . (logn)'/2.

i€[nc]

and

> AigAl —EA; @ Al|| 3 Van®" - (logn)'/?.

i€[nc]

We can prove Theorem 11 as a corollary of the above.
Proof [Proof of Theorem 11] Let A have iid Gaussian entries. We claim that EA ® A is a matrix
representation of |Ix||*. To see this, we compute

(x®2, B(A ® A)x®?) = B(x, Ax)?

= Z E AijAklx,-xjxkxl
i,j.k,l

_ 2.2
ij
4
= [lxll”
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Now by Theorem 56, we know that for A; the slices of the tensor A from the statement of Theorem 11,

ZA@A,- <nEA®A+ A2 1d
i

for 1 = O(n3* log(n)l/ 4). Since n = O() and both Id and EA ® A are matrix representations of [Ixl1*,
we are done. |

Now we prove Theorem 56. We will prove only the statement about }; A; ® A;, as the case of
DA ®AI.T is similar.

Let Ay,..., Ay be as in Theorem 56. We first need to get a handle on their norms individually,
for which we need the following lemma.

Lemma 57 Let A be a random matrix in {+1 }"dx”d or with independent entries from N (0, 1). For
2..d
all t > 1, the probability of the event {||A|| > m?} is at most 271" /Kfor some absolute constant K.

Proof The subgaussian norm of the rows of A is constant and they are identically and isotropically
distributed. Hence Theorem 5.39 of (Vershynin, 2011) applies to give the result. |

Since the norms of the matrices Ay, ..., A, are concentrated around n%/? (by Lemma 57), it
will be enough to prove Theorem 56 after truncating the matrices A1, ..., Ay. For t > 1, define iid
random matrices A’l, ..., A}, such that

1

A A if Al < m??,
0 otherwise

for some 7 to be chosen later. Lemma 57 allows us to show that the random matrices A; ® A; and
A} ® A’ have almost the same expectation. For the remainder of this section, let K be the absolute
constant from Lemma 57.

Lemma 58 Foreveryi € [n] and all t > 1, the expectations of A; ® A; and A} ® A satisfy

”E[Ai ®A]-E[A]® Aﬂ“ <o(l)- 27K

d/2

Proof Using Jensen’s inequality and that A; = A; unless ||A;|| > tn%/“, we have

IEA;i®A;i— A QA <E|A; ®A; — A] ® Aj|| Jensen’s inequality

= f P(lAill > Vs)ds since A; = A’ unless [|A;]| > mil?
1

nd/2

< f 275/K ds by Lemma 57
1

nd/2

< Z p-mPIK  p=ilK discretizing the intergral
i=0
= 0(2_md/2/ Ky as desired.
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Lemma 59 Let B),..., B, bei.id. matrices such that B; = A ® A] — E[A] ® A’]. Then for every
C > 1 with C < 3*n‘/?,

Pall 2 B

i€[nc]

> C - n?Hor2 < op2d. exp —C
6t

Proof For R = 271, the random matrices B),..., B, satisfy {||B/|| < R} with probability 1.
Therefore, by the Bernstein bound for non-symmetric matrices (Tropp, 2012, Theorem 1.6),

: 2
C — 2
‘Er,le; >s}<2n2d-exp(s—/),
=

02 +Rs/3
where 02 = max({||3; EB/(B) "Il IX; E(B)TB|Il} < n - R%. For s = C - n?4*9/2  the probability is
bounded by
, —C2? . p2d+o) /2
{HZ - Bz S} 2 exp (4;4 24 1 22C n<4d+c>/2/3) '

Since our parameters satisfy 12C - n**9)/2 /3 < t*n24+9) this probability is bounded by

P{IS ml > o) <2t e[ ).

At this point, we have all components of the proof of Theorem 56.
Proof [Proof of Theorem 56 for }; A; ® A; (other case is similar)] By Lemma 59,

IS 0~ S o]} <2t el )

At the same time, by Lemma 57 and a union bound,

P{A] =A;,...,An :Az/ﬂ} >1 _nc.2_t2nd/l(‘

By Lemma 58 and triangle inequality,

|5, s a1~ 3, 2

Together, these bounds imply

_nd
P{”ZIA,- ®A, — ZiE[Ai ®A,~]H > C - n2d+O2 4 e p=n /K}
C2

<2n* - exp (—_ : ) +nc 27K
Kt

_ind
nc_ztn/K'

We choose ¢ = 1 and C = 100 4/2Kd log n and assume that n is large enough so that C - n?4+9)/2 »
ne - 27K and 2n% - exp (}—C:) > n¢ - 27°""/KThen the probability satisfies

P{HZﬁ‘i ®Ai— Y ElAi® Al > 2004072 \/W} < 4p100
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E.3. Concentration for Spectral SoS Analyses

Lemma 60 (Restatement of Lemma 18) Let T =7- V‘S’S + A. Suppose A has independent entries
from N(0, 1). Then with probability 1-O(n~'%) we have || 3; Ai®A,-E Y.; Ai®A;l| < Om/* log(n)'/?)
and || ¥; vo(DAll < O(\/n).

Proof The first claim is immediate from Theorem 56. For the second, we note that since v is
a unit vector, the matrix )}; vo(i)A; has independent entries from N(0, 1). Thus, by Lemma 54,
| 3 vo(D)A;l| < O(+/n) with probability 1 — O(n~'%), as desired. [ |

Lemma 61 (Restatement of Lemma 22 for General Odd k) Let A be a k-tensor with k an odd
integer, with independent entries from N(0,1). Let vo € R" be a unit vector, and let V be the
n & D25 g ®&=D12 ynfolding ofvgk. Let A be the n** V2 xn* D12 ynfolding of A. Then with probability
1 — O(n~19%), the matrix A satisfies ATA = n**D21 4+ E for some E with ||E|| < O(nk/? log(n)) and
AT V|| < O(n*=D/* log(n)!/?).

Proof With 6 = O(1/+/n) and ¢ = 1, our parameters will satisfy n**D/2 > (1/6)2n*=1/2 Hence, by
Lemma 52,

IE|| = [|IATAT — p®+ D2y = Z aaaf _ kD2 g

a0 L) - o
C
lal=(k+1)/2 \/_

n

with probability at least 1 — 2 exp(—n**1/2) > 1 — O(n™1),

It remains to bound ||A” V||. Note that V = uw” for fixed unit vectors u € R®"D/2 and w € R&+D/2,
So IATV|| < ||AT u||. But A”u is distributed according to A(0, 1)" and so ||ATu|| < O(+/nlogn) with
probability 1 — n~1%° by standard arguments. |

E.4. Concentration for Lower Bounds

The next theorems collects the concentration results necessary to apply our lower bounds Theorem 31
and Theorem 32 to random polynomials.

Lemma 62 Let A be a random 3-tensor with unit Gaussian entries. For a real parameter A,
let L : R[x]4 — R be the linear operator whose matrix representation My is given by Mg :=
,1217 eS8, T AAT. There is A = O(n3/?/ log(n)l/z) so that with probability 1 — O(n=>°) the following
events all occur for every m € Sj.

—22%-T11dII
< %H [0' CATADT + 02 ATADT + (- AFAHDT + (02 -A”(A”)T)T] I (E.1)
(A, Y AT = Q) (E2)
7T€S3
Id¥Y™ , A%(AMTY = 0(n?) (E.3)
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1 Ve
n (miax m(ldnxn VAT ) =0(1) (E.4)
n’ (“,-‘f}‘ |1:||x||2x,-x,-|) = 0(1) (E.5)
7 (max | £ P2 = L L1} = 01 /m) (E6)

Proof For (E.1), from Theorem 56, Lemma 36, the observation that multiplication by an orthogonal
operator cannot increase the operator norm, a union bound over all &, and the triangle inequality, it
follows that:

|lo - A*(A™T ~ Elo - AMA™ ] + 0% - A"A™)T - E[o? - A"(AM)T|| < 24%.

with probability 1 — n~1%. By the definition of the operator norm and another application of triangle
inequality, this implies

—4221d < o - AT AN + 02 - A5 A + (0 AFAHDT + (02 - A7 AHDHT
—E[o - A"(AM)] - E[0? - A"(A™)T] - E[(0 - A"(A™))T] - E[(c? - A"(A))T].

We note that E[o - A"(A")T] = o - Id and E[o? - A"(A")T] = 0% - 1d, and the same for their
transposes, and that IT(o- - Id + o - Id)IT > 0. So, dividing by 2 and projecting onto the IT subspace:

—22% - TIdII
1
< 5n(cr CAFADT 4 o AT AT + (0 - ATADDT + (0 -A”(A”)T)T)H.
We turn to (E.2). By a Chernoff bound, (A, A) = Q(n?) with probability 1 —n71%, Let 7 € S5 be
a nontrivial permutation. To each multi-index a with |a| = 3 we associate its orbit O, under (). If @

has three distinct indices, then |O,| > 1 and Y’ B0, A[;AZ is a random variable X, with the following
properties:

* |X,| < O(log n) with probability 1 — n=¢(D,
* X, and —X, are identically distributed.

Next, we observe that we can decompose

(AA") = )" AAT=R+ ) Xa,

|o|=3 Oa

where R is the sum over multi-indices @ with repeated indices, and therefore has |R| = O(n?) with
probability 1 —n~!%. By a standard Chernoff bound, | 3, Xa| = O(n?) with probability 1 — O(n~'1%).
By a union bound over all 7, we get that with probability 1 — O(n~'%0),

(A, Y AT =n’ = 0() = QnY),

7r€S3

establishing (E.2).
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Next up is (E.3). Because A™ are identically distributed for all 7 € S3 we assume without loss of
generality that A™ = A. The matrix Id®™ has O(n?) nonzero entries. Any individual entry of AAT is
with probability 1 — n~“ at most O(n). So (Id»™, AAT) = O(n?) with probability 1 — O(n~109).

Next, (E.4). As before, we assume without loss of generality that r is the trivial permutation. For
fixed 1 < i< n, we have (Id,;x, ,A;) = 2. jAijjs which is a sum of n independent unit Gaussians, so
[(Id,uen » A1)l < O(A/nlog n) with probability 1 — n~“!. By a union bound over i this also holds for
max; [(Id,x, , A;)|. Thus with probability 1 — O(n~1%),

o(1)
A

1
n(mgx madnxn,A»]) <

Last up are (E.5) and (E.6). Since we will do a union bound later, we fix i, j < n. Let w € R" be
the matrix flattening of Id,,x,. We expand £ ||| x; x jas

1 T T T 2 T
m(w H(AA +0-AA" +0°-AA )H(€l®€j)

+ W TI(AAT + 0 - AAT + 0% - AAT) TH(e; @ ¢))) .

2
L|x|lxix; =

We have IIw = w and we let ¢;; :=Il(e; ® ¢;) = %(e,- ®ej+e;®e;). Sousing Lemma 36,

n*0(A%) L|IxPxixj = wl (AAT + o - AAT + 0% - AAT)e;;
+wl (AAT + o - AAT + 0% - AAT) ¢;

=WT(AATeij
1 1
+ EZAkej ® Are; + 52Ak€i®Akej
k k
1 T T 1 T T
+ 5;Akej®Akei + EZk:Akei(X)Akej
1 T 1 T
+ E;Akei@Akeij Ezk:Akej®Akei
1 T 1 T
+ E;Ake,-®Akej+ §;Ak€j®Ak€i).

For i # j, each term w’ (Ae | ®Age;) (or similar, with various transposes) is the sum of n independent
products of pairs of independent unit Gaussians, so by a Chernoff bound followed by a union bound,
with probability 1 — n=“() all of them are O(+/nlogn). There are O(n) such terms, for an upper
bound of O/ 2(log n)) on the contribution from the tensored parts.

At the same time, w' A is a sum 2.k akk of nrows of A and Ae;; is the average of two rows of
A; since i # j these rows are independent from w’ A. Writing this out, wT AATe;; = 1 ¥ (aw, aij +
aji). Again by a standard Chernoff and union bound argument this is in absolute value at most
O(n’/*(log n)) with probability 1 —n~“()_ In sum, when i # j, with probability at least 1 — n~“(D, we
get| L ||x||2x,-xj| = O(1/n*logn). After a union bound, the maximum over all i, j is O(1/n?). This
concludes (E.5).

In the i = j case, since > (W, Are; ® Are;) = Zj’k(ej,Akei)z is a sum of n? independent square
Gaussians, by a Bernstein inequality, | Y, (w, Are; ® Age;) — n?| < O(n log]/ 2 n) with probability
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1 — n=“M, The same holds for the other tensored terms, and for w’ AAT¢;;, so when i = j we get
that |0(2%) L [|x?x? - 5] < O((log"/* n)/n) with probability 1 — n~“). Summing over all i, we find
that [0(4%) L [Ixl|* - 5n < O(log'/? n), so that O(A%)| L|Ix|*x? - L L]Ixl1*l < O((log'/? n)/n) with
probability 1 — n~“1). A union bound over i completes the argument. |

Lemma 63 Ler A be a random 4-tensor with unit Gaussian entries. There is 1> = O(n) so
that when L : R[x]s — R is the linear operator whose matrix representation My is given by
My = # 2ines, A", with probability 1 — O(n=°) the following events all occur for every m € Sa.

IS AT ) (E7)
(A, )" A" = Q@) (E.8)
7T€84
Id¥™ ATy = O(2* \n) (E.9)
n® max | £ |l = O1) (E.10)
F]
n32 max | £ |Ix7x?) = O(1) . (E.11)

Proof

For (E.7), we note that %A” + (AMT is an n? x n? matrix with unit Gaussian entries. Thus, by
Lemma 54, we have %IIA” + (ANT|| < O(n) = O(Q). For (E.8) only syntactic changes are needed
from the proof of (E.3). For (E.9), we observe that (Id¥™, A™) is a sum of O(n?) independent
Gaussians, so is O(nlogn) < O(A% v/n) with probability 1 — O(n~'%?). We turn finally to (E.10) and
(E.11). Unlike in the degree 3 case, there is nothing special here about the diagonal so we will able
to bound these cases together. Fix i, j < n. We expand £ ||x||2xixj as n217 DineS, wl A% (e; ® ej). The
vector A"(e; ® e;) is a vector of unit Gaussians, so wlA™(e; @ e ) = 0( y/nlogn) with probability
1 — n~®M), Thus, also with probability 1 — n~ M we get n? max; ;|.L (|2 x; x il = O(1), which proves
both (E.10) and (E.11). |
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