
Estimating Rank-One Spikes from Heavy-Tailed
Noise via Self-Avoiding Walks

Jingqiu Ding∗
ETH Zurich

jding@ethz.ch

Samuel B. Hopkins∗
UC Berkeley

hopkins@berkeley.edu

David Steurer∗
ETH Zurich

dsteurer@inf.ethz.ch

Abstract

We study symmetric spiked matrix models with respect to a general class of noise
distributions. Given a rank-1 deformation of a random noise matrix, whose entries
are independently distributed with zero mean and unit variance, the goal is to
estimate the rank-1 part. For the case of Gaussian noise, the top eigenvector of
the given matrix is a widely-studied estimator known to achieve optimal statistical
guarantees, e.g., in the sense of the celebrated BBP phase transition. However, this
estimator can fail completely for heavy-tailed noise.
In this work, we exhibit an estimator that works for heavy-tailed noise up to the
BBP threshold that is optimal even for Gaussian noise. We give a non-asymptotic
analysis of our estimator which relies only on the variance of each entry remaining
constant as the size of the matrix grows: higher moments may grow arbitrarily fast
or even fail to exist. Previously, it was only known how to achieve these guarantees
if higher-order moments of the noises are bounded by a constant independent of
the size of the matrix.
Our estimator can be evaluated in polynomial time by counting self-avoiding walks
via a color coding technique. Moreover, we extend our estimator to spiked tensor
models and establish analogous results.

1 Introduction

Principal component analysis (PCA) and other spectral methods are ubiquitous in machine learning.
They are useful for dimensionality reduction, denoising, matrix completion, clustering, data visual-
ization, and much more. However, spectral methods can break down in the face of egregiously-noisy
data: a few unusually large entries of an otherwise well-behaved matrix can have an outsized effect
on its eigenvectors and eigenvalues.

In this paper, we revisit the single-spike recovery problem, a simple and extensively-studied statistical
model for the core task addressed by spectral methods, in the setting of heavy-tailed noise, where
the above shortcomings of PCA and eigenvector-based methods are readily apparent [Joh01]. We
develop and analyze algorithms for this problem whose provable guarantees improve over traditional
eigenvector-based methods. Our main problem is:
Problem 1.1 (Generalized spiked Wigner model, recovery). Given a realization of a symmetric
random matrix of the form Y = λxx> + W , where x ∈ Rn is an unknown fixed vector with
‖x‖ =

√
n, λ > 0, and the upper triangular off-diagonal entries of W ∈ Rn×n are independently

(but not necessarily identically) distributed with zero-mean and unit variance EW 2
ij = 1, estimate x.

The main question about the spiked Wigner model is: how large should the signal-to-noise ratio
λ > 0 be in order to achieve constant correlation with x? The standard algorithmic approach to
∗equal contribution
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solve the spiked Wigner recovery problem is PCA, using the top eigenvector of the matrix Y as an
estimator for x. This approach has been extensively studied (e.g. in [BBAP05, PRS13]), usually
under stronger assumptions on the distribution of the entries of W .

Assuming boundedness of 5 moments, i.e. E |Wij |5 ≤ O(1), a clear picture has emerged: the
problem is information-theoretically impossible for λ

√
n < 1, and for λ

√
n > 1 the top eigenvector

of Y is an optimal estimator for x – this is the celebrated BBP phase transition [BBAP05, PRS13]. If
we weaken the assumption to E |Wij |4 ≤ O(1), it is well known that E ‖W‖ ≤ 2

√
n, so PCA will

estimate x nontrivially when λ
√
n > 2. However, many natural random matrices do not satisfy these

conditions – consider for instance random sparse matrices or matrices with heavy-tailed entries.

Our setting allows for much nastier noise distributions: we assume only that the entries of W have
unit variance – E |Wij |2.01 may grow arbitrarily fast with n, or even fail to exist. Under such weak
assumptions, the top eigenvector of Y may be completely uncorrelated with the planted spike x, for
λ
√
n = O(1). In this paper, we ask:

Main Question: For which λ > 0 is recovery possible in the spiked Wigner model
via an efficient algorithm under heavy-tailed noise distributions?

A natural strategy to deal with heavy-tailed noise is to truncate unusually large entries before per-
forming vanilla PCA. However, truncation-based algorithms can fail dramatically if the distributions
of the noise entries are adversarially chosen, as our random matrix model allows. We provide
counterexamples to truncation-based algorithms in Section A.3.

1.1 Our Contributions

In this work, we develop and analyze computationally-efficient algorithms based on self-avoiding
walks. PCA or eigenvector methods can be thought of as computing a power Y ` of the input matrix,
for ` →∞. The polynomial Y ` in the entries of Y can be expanded in terms of length-` walks in
the complete graph on n vertices. Our algorithms, by contrast, are based on a different degree-`
polynomial in the entries of Y , which can be expanded in terms of length-` self-avoiding walks. We
describe the main ideas more thoroughly below, turning for now to our results.

Spiked Matrices with Heavy-Tailed Noise: The first result addresses the main question above,
demonstrating that our self-avoiding walk algorithm addresses some of the shortcomings of PCA and
eigenvector-based methods for the spiked Wigner recovery problem in the heavy-tailed setting.

Theorem 1.2. For every δ > 0, there is a polynomial-time algorithm such that for every x ∈ Rn
with ‖x‖2 =

√
n and ‖x‖∞ ≤ n1/2−δ and every n1/2λ ≥ 1 + δ, given Y = λxx> +W distributed

as in the spiked Wigner model, the algorithm returns x̂ such that E〈x̂, x〉2 ≥ δO(1) · ‖x‖22 · E ‖x̂‖22.

To interpret the result, we note that even if the entries of W are Gaussian, when λ
√
n < 1 no

estimator x̂ achieves nontrivial correlation with x [PWBM18], so the assumption λ
√
n ≥ 1 + δ

is the weakest one can hope for. Furthermore, under this assumption, when δ is close to 0, it is
information-theoretically impossible to find x̂ such that 〈x, x̂〉2/(‖x‖2‖x̂‖2)→ 1. The guarantee we
achieve, that x̂ is nontrivially correlated to x, is the best one can hope for. (For the regime λ

√
n→∞,

our algorithm does achieve correlation going to 1. Improving the δO(1) term to be quantitatively
optimal is an interesting open question.)

Spiked Tensors with Heavy-Tailed Noise: The self-avoiding walk approach to algorithm design is
quite flexible, and in particular is not limited to spiked matrices. We also study an analogous problem
for spiked tensors. The single-spike tensor model is the analogue of the spiked Wigner model above,
but for the task of recovering information from noisy multi-modal data, which has many applications
across machine learning [AGH+14, RM14].

Theorem 1.3. 2 For every c > 0, δ < 1 there is a polynomial-time algorithm with the following
guarantees. Let x ∈ Rn be a random vector with independent, mean-zero entries having Ex2

i = 1
and Γ = Ex4

i ≤ no(1). Let λ > 0. Let Y = λ · x⊗3 + W , where W ∈ Rn×n×n has independent,

2The theorem is stated for planted vectors sampled from independent zero mean prior distribution; for fixed
planted vector, similar guarantees can be obtained using nearly the same techniques as in the spiked matrix
model
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mean-zero entries with EW 2
ijk = 1. Then if λ ≥ cn−3/4, the algorithm finds x̂ ∈ Rn such that

E〈x, x̂〉 ≥ δ · (E ‖x‖22)1/2 · (E ‖x̂‖22)1/2.

Under the additional assumption that for an arbitrarily small ε = Ω(1) all entries in W have bounded
12+ε-th moments, a slightly modified algorithm finds x̂ such that 〈x, x̂〉 ≥ (1−n−Ω(1))(E ‖x‖22)1/2 ·
(E ‖x̂‖22)1/2, as shown in appendix B.6. (We have not made an effort to optimize the constant 12;
some improvement may be possible.) The results are stated for order-3 tensors for simplicity; there is
no difficulty in extending them to the higher order case. (See appendix C.)

Prior work considers the spiked tensor model only in the case that W has either Gaussian or discrete
entries [HSS15, WAM19, BCRT19, Has19, BGL+16a, BGL16b, RRS17], whereas our results make
much weaker assumptions, in particular allowing the entries ofW to be heavy-tailed. The requirement
that λ ≥ Ω(n−3/4) is widely believed to be necessary for polynomial-time algorithms [HKP+17].
Sub-exponential time algorithms are known recover x successfully for λ ≤ n−3/4−Ω(1) in Gaussian
and discrete settings [BGL16b, WAM19, Has19, RRS17] – we show that a sub-exponential time
version of our algorithm achieves many of the same guarantees while still allowing for heavy-tailed
noise. Concretely, we extend Theorem 1.3 as follows:
Theorem 1.4. In the same setting as theorem 1.3, for any c ≥ n−1/8+Ω(1) and δ < 1, when
λ ≥ cn−3/4 there is an nO(1/c4)-time algorithm such that E〈x, x̂〉 ≥ δ · (E ‖x‖22)1/2 · (E ‖x̂‖22)1/2.

In particular, the tradeoff we obtain between running time and signal-to-noise ratio λ matches lower
bounds in the low-degree model for the (easier) case of Gaussian noise [KWB19], for c ≥ n−1/8+o(1).

Numerical Experiments: We test our algorithms on synthetic data – random matrices (and tensors)
with hundreds of rows and columns – empirically demonstrating the improvement over vanilla PCA.

1.2 Our Techniques

We now offer an overview of the self-avoiding walk technique we use to prove Theorems 1.2 and 1.3.
For this exposition, we focus on the case of spiked matrices (Theorem 1.2).

Our techniques are inspired by recent literature on sparse stochastic block models, in particular the
study of nonbacktracking random walks in sparse random graphs [Abb17]. We remark further below
on the relationship with this literature, but note for now that a self-avoiding walk algorithm closely
related to the one we present here appeared in [HS17] in the context of the sparse stochastic block
model with overlapping communities. In the present work we give a refined analysis of this algorithm
to obtain Theorem 1.2, and extend the algorithm to spiked tensors to obtain Theorem 1.3.

Recall that given a spiked random matrix Y = λxx> + W , our goal is to estimate the vector x.
For simplicity of exposition, we suppose x ∈ {±1}n. To estimate x up to sign, we will in fact aim
to estimate each entry of the matrix xx>. Our starting point is the observation that any sequence
i0, i1, . . . , i` ∈ [n] without repeated indices (i.e. a length-` self-avoiding walk in the complete graph
on [n]) gives an estimator of xi0xi` as follows:

E
W

`−1∏
j=0

Yij ,ij+1
= λ`xi0x

2
i1 . . . x

2
i`−1

xi` = λ`xi0xi` . (1)

To aggregate these estimators into a single estimator for xx>, we relate them to self-avoiding walks in
the complete graph on [n]. We denote by SAW`(i, j) the set of length-` self-avoiding walks between
i, j on the vertex set [n]. Then we associate the polynomial

∏
j<` Yij ,ij+1

to α = (i0, i2, . . . , i`) ∈
SAW`(i, j), where i0 = i, i` = j, and we denote this polynomial as χα(Y ).

We define the self-avoiding walk matrix:
Definition 1.5 (Self-avoiding walk matrix). Let P (Y ) ∈ Rn×n be given by

Pij(Y ) =
∑

α∈SAW`(i,j)

χα(Y )

Our estimator for xixj will simply be Pij(Y )
λ`|SAW`(i,j)| . By (1), Pij(Y )

λ`|SAW`(i,j)| is an unbiased estimator
for xixj . The crucial step is to bound the variance of Pij(Y ). Our key insight is: because we
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average only over self-avoiding walks, Pij(Y ) is multilinear in the entries of W , so EP 2
ij(Y ) can be

controlled under only the assumption of unit variance for each entry of W . Our technical analysis
shows that EP 2

ij(Y ) is small enough to provide a nontrivial estimator of xixj when (a) λ
√
n ≥ 1 + δ

and (b) ` ≥ Oδ(log n), for any δ > 0.

Rounding algorithm: Once we have P (Y ) achieving constant correlation with xx>, the following
theorem, proved in [HS17], gives a polynomial time algorithm for extracting an estimator x̂ for x.

Theorem 1.6. Let Y be a symmetric random matrix and x a vector. Suppose we have a matrix-valued
function P (Y ) such that

E〈P (Y ), xx>〉
(E‖P (Y )‖2F · ‖x‖4)

1/2
= δ .

then with probability δO(1), a random unit vector x̂ in the span of top-δ−O(1) eigenvectors of P (Y )
achieves 〈x, x̂〉2 ≥ δO(1)‖x‖2.

Prior-free estimation for general x: A significant innovation of our work over prior work such as
[HS17] investigating estimators based on self-avoiding walks is that we avoid the assumption of a
prior distribution on the planted vector x; instead we assume only a mild bound on the `∞ norm of x.
While in the setting of Gaussian W one can always assume that x is random by applying a random
rotation to the input matrix Y (which preserves W if it is Gaussian), in our setting working with fixed
x presents technical challenges.

In the foregoing discussion we assumed x to be ±1-valued – to drop this assumption, we must forego
(1) and give up on the hope that each self-avoiding walk from i to j is an unbiased estimator of xixj .
Instead, we are able to use the weak `∞ bound to control the bias of an average self-avoiding walk
as an estimator for xixj , and hence control the bias of the estimator Pij(Y ). Compared to [HS17],
which studies the cases of random or ±1-valued x, our calculation of the variance of Pij(Y ) is also
significantly more intricate, again because we cannot rely on either randomness or ±1-ness of x.

Polynomial time via color coding: The techniques described already yield an algorithm for the
spiked Wigner model running in quasipolynomial time nOδ(logn), simply by evaluating all of the
self-avoiding walk polynomials. We use the color coding technique of [AYZ95] (previously used in
the context of the stochastic block model by [HS17]) to improve the running time to nOδ(1). Briefly,
color coding speeds up the computation of the self-avoiding walk estimators Pij(Y ) with a clever
combination of randomization and dynamic programming.

Extension to spiked tensors: The tensor analogue of the PCA algorithm for spiked matrices is the
tensor unfolding method, where an n× n× n input tensor Y = λx⊗3 +W is unfolded to an n2 × n
matrix, and then the top n-dimensional singular vector of this matrix is used to estimate x. This
strategy is successful in the case of Gaussian noise, for λ� n−3/4. To prove Theorem 1.3 we adapt
the self-avoiding walk method above to handle this form of rectangular matrix. To prove Theorem 1.4,
we combine the self-avoiding walk method with higher-order spectral methods previously used to
obtain subexponential time algorithms for the spiked tensor model [RSS18, BGL16b].

Relationship to PCA and Non-Backtracking Walks To provide some further context for our
techniques, it is helpful to observe the following relationship to PCA. Given a symmetric matrix Y ,
PCA will extract the top eigenvector of Y . Often, this is implemented via the power method – that
is, PCA will (implicitly) compute the matrix Y ` for ` ≈ log n. Notice that the entries of Y ` can be
expanded as

(Y `)ij =
∑

k1,...,k`−1∈[n]

Yi,k1
·
∏

a∈[`−2]

Yka,ka+1
· Yk`−1,j

which is a sum over all length-` walks from i to j in the complete graph. Our estimator P (Y ) can
be viewed as removing some problematic (high variance) terms from this sum, leaving only the
self-avoiding walks.

This approach is inspired by recent developments in the study of sparse random graphs, where
vertices of unusually high degree spoil the spectrum of the adjacency matrix (indeed, this is morally
a special case the heavy-tailed noise setting we consider). In particular, inspired by statistical
physics, nonbacktracking walks were developed as a technique to learn communities in the stochastic
block model [MNS18, AS18, SLKZ15, DKMZ11, KMM+13, BLM15]. A k-nonbacktracking walk
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i1, . . . , i` does not repeat any indices i ∈ [n] among any consecutive k steps; as k increases from 0 to
` this interpolates between naı̈ve PCA and our self-avoiding walk estimator.

The k-nonbacktracking algorithm for k < ` is also a natural approach in the setting we study. (Our
approach corresponds to k = `.) Indeed, there are some advantages to choosing k = O(1): the
O(1)-nonbacktracking-based estimator can be computed much more efficiently than the self-avoiding
walk-based estimator. Furthermore, in numerical experiments we observe that even 1-step non-
backtracking gives performance comparable with fully self-avoiding walks. However, rigorous
analysis of the O(1)-non-backtracking walk estimator in our distribution-independent setting appears
to be a major technical challenge – even establishing rigorous guarantees in the stochastic block
model was a major breakthrough [BLM15, MNS18]. An advantage of our estimator is that it comes
with a relatively simple and highly adaptable rigorous analysis.

1.3 Organization

In section 2, we discuss algorithms for the spiked matrix model, proving Theorem 1.2. In section 3 we
describe our algorithm for the spiked tensor model, deferring the analysis to supplementary material.
In section A.4, we provide counter-example to a naı̀ve truncation algorithm. In section A.7 we discuss
results of numerical experiments for spiked random matrices.

2 Algorithm for general spiked matrix model

Here we prove Theorem 1.2 by analyzing the self-avoiding walk estimator. (Some details are deferred
to supplementary material.) We focus for now on the following main lemma, putting together the
proof of Theorem 1.2 at the end of this section.
Lemma 2.1. In spiked matrix model Y = λxx> + W with ‖x‖ =

√
n and the upper triangular

entries in symmetric matrix W independently sampled with zero mean and unit variance, we assume
‖x‖2∞ = n1−Ω(1). Then if λn1/2 = 1 + δ = 1 + Ω(1), setting ` = O(log1+δ n), we have:

E〈P (Y ), xx>〉
n (E‖P (Y )‖2F )

1/2
= δO(1) ,

where P (Y ) is the length-` self-avoiding walk matrix (Definition 1.5).

For Lemma 2.1, we will repeatedly need the following technical bound, which we prove in Ap-
pendix A.1.
Lemma 2.2. Let V ⊆ [n], ‖x‖ =

√
n and t1, t2 ∈ N. We define the quantity St1,t2,V as the

following:

St1,t2,V = E
(v1,...,vt1+t2 )⊆[n]\V

[
t1∏
i=1

x2
vi

t1+t2∏
i=t1+1

x4
vi

]
where (v1, v2, . . . , vt1+t2) is uniformly sampled from all size-(t1 + t2) ordered subsets of [n] \ V
(without repeating elements). Then assuming |V |, t1, t2 = O(log n) and ‖x‖2∞ = n1−Ω(1), we have
St1,t2,V ≤ (1 + n−Ω(1))‖x‖2t2∞ . Further if t2 = 0, we have St1,t2,V ≥ 1− n−Ω(1).

From the case t2 = 0, one can easily deduce the following bound on E〈P (Y ), xx>〉.
Lemma 2.3. Under the same setting as lemma 2.1, we have E〈P (Y ), xx>〉 = (1± o(1))λ`n`+1

Proof. We have

EPij(Y ) =
∑

α∈SAW`(i,j)

`−1∏
t=1

λxαtxαt+1

= λ`
(n− 2)!

(n− (`− 1))!
xixj E

α∈SAW`(i,j)

[
`−1∏
t=1

x2
αt

]

= (1 + n−Ω(1))λ`xixjn
`−1 E

α∈SAW`(i,j)

[
`−1∏
t=1

x2
αt

]
,
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where the expectation is taken uniformly over α ∈ SAW`(i, j). For simplicity of notation, we denote
Eα∈SAW`(i,j)

∏`−1
t=1 x

2
αt as Sij . Then according to lemma 2.2, we have Sij = 1± o(1). Therefore we

have 〈P (Y ), xx>〉 = (1± o(1))λ`n`+1.

To prove Lemma 2.1, the remaining task is to bound the second moment E ‖P (Y )‖2F . We can
expand the second moment in terms of pairs of self-avoiding walks. For α, β ∈ SAW`(i, j) and
corresponding polynomials χα(Y ), χβ(Y ), there is a close relationship between E[χα(Y )χβ(Y )]
and the number of shared vertices and edges of α, β. Specifically,

E[χα(Y )χβ(Y )] = E

 ∏
(u,v)∈α∩β

Y 2
uv

∏
(u,v)∈α∆β

Yuv


=

∏
(u,v)∈α∆β

λxuxv
∏

(u,v)∈α∩β

(
1 + λ2x2

ux
2
v

)
= λ2`−2k

∏
u∈deg(α∆β,2)

x2
u

∏
u∈deg(α∆β,4)

x4
u

∏
(u,v)∈α∩β

(1 + λ2x2
ux

2
v)

where k is number of shared edges between α, β and deg(α∆β, j) is the set of vertices with degree j
in the graph α∆β. The size of deg(α∆β, 4) is equal to the number of shared vertices which are not
incident to any shared edge. Thus for the analysis of EP 2

ij(Y ) =
∑
α,β∈SAW`(i,j) E[χα(Y )χβ(Y )],

we classify pairs α, β ∈ SAW`(i, j) according to numbers of shared edges and vertices between α, β.
The following graph-theoretic lemma is needed for bounding the number of such pairs in each class;
we will prove it in appendix A.1.
Lemma 2.4. Let α = α0, α1, . . . , α` and β = β0, β1, . . . , β` be two length-` self-avoiding walks in
the complete graph on [n], with α0 = β0 = i and α` = β` = j. Let k be the number of shared edges
between α, β, r be the number of shared vertices between α, β excluding i, j, and s be the number of
shared vertices which are not i, j and not incident to shared edges. Further we denote the number
of connected components in α ∩ β not containing i, j as p. Then for α 6= β we have the relation
p ≤ r − s− k, and for α = β we have p = s = 0 and r = k − 1.

We note that for self-avoiding walks α, β, the connected components of α ∩ β are all self-avoiding
walks. A simple corollary of lemma 2.2 turns out to be helpful, which we prove in appendix A.1
Lemma 2.5. Suppose we have x ∈ Rn with norm

√
n. If V ⊆ [n] has |V | = O(log n) and if we

average over size-h directed self-avoiding walks ξ on vertices [n] \ V , then for h = O(log n) we
have the bounds

E
ξ⊆[n]\V

x2
ξ0x

2
ξh

∏
(u,v)∈ξ

(1 + λ2x2
ux

2
v)

 ≤(1 + n−Ω(1))‖x‖2∞(1 + λ2‖x‖2∞)h

E
ξ⊆[n]\V

x2
ξh

∏
(u,v)∈ξ

(1 + λ2x2
ux

2
v)

 ≤(1 + n−Ω(1))(1 + λ2‖x‖2∞)h

E
ξ⊆[n]\V

x2
ξ0

∏
(u,v)∈ξ

(1 + λ2x2
ux

2
v)

 ≤(1 + n−Ω(1))(1 + λ2‖x‖2∞)h

E
ξ⊆[n]\V

 ∏
(u,v)∈ξ

(1 + λ2x2
ux

2
v)

 ≤(1 + n−Ω(1))(1 + λ2‖x‖2∞)h

where ξ0 is the label of starting vertex of ξ, and ξh is the label of the end vertex of ξ.

These bounds hold since we can expand the product into a sum of monomials and apply lemma 2.2
for each monomial.

Now for self-avoiding walk pairs (α, β) intersecting on a given number of edges and vertices, we
bound the correlation of corresponding polynomials and hence the contribution to the variance of P .
For simple expressions, we take λ = O(n−1/2).
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Definition 2.6. On the complete graph Kn, for pairs of self-avoiding walks (α, β) and (γ, ξ), we
say that (α, β) is isomorphic to (γ, ξ) if there is a permutation π : [n] → [n] fixing i, j such that
π(α) = γ and π(β) = ξ. We partition all pairs of length-` self-avoiding walks between vertices i, j
into isomorphism classes. We denote the set of all isomorphism classes containing pairs length-`
self-avoiding walks between vertices i, j sharing r vertices and k edges as shape(k, r, i, j).

We note that r < k is only possible when r + 1 = k = ` (that is, the two paths are identical). We
prove the following lemma in A.1.
Lemma 2.7 (Self-avoiding walk polynomial correlation). In the spiked Wigner model Y = λxx> +
W , where x has norm

√
n and W is symmetric with entries independently sampled with zero mean

and unit variance, for any isomorphism class S ∈ shape(k, r, i, j) , we have

E
(α,β)∼S

E
W

[χα(Y )χβ(Y )] ≤

{
(1 + n−Ω(1))λ2`−2k‖x‖2(r−k)

∞
(
1 + λ2‖x‖2∞

)k
if r ≥ k

(1 + n−Ω(1))
(
1 + λ2‖x‖2∞

)k
if r + 1 = k = `

where (α, β) ∼ S is taken uniformly over the isomorphism class S and χα(Y ) =
∏

(u,v)∈α Yu,v .

Now we finish the proof of lemma 2.1.

Proof of Lemma 2.1. We bound the variance of the estimator Pij(Y ). As stated above,

EP 2
ij(Y ) =

∑
α,β∈SAW`(i,j)

λ2`−2k
∏

u∈deg(α∆β,2)

x2
u

∏
u∈deg(α∆β,4)

x4
u

∏
(u,v)∈α∩β

(1 + λ2x2
ux

2
v), (2)

where k is number of shared edges between α, β and deg(α∆β, j) is the set of vertices with degree j
in the graph α∆β.

We note that for fixed i, j, r, k there are at most n2(`−1)−r`O(r−k) pairs of α, β. For fixed k, r, we
apply lemma 2.7. For k < r the contribution to summation 2 is bounded by

n2(`−1)−r`O(r−k) E
S∼shape(k,r,i,j)

[
λ2`−2k‖x‖2(r−k)

∞
(
1 + λ2‖x‖2∞

)k]
= n−2 · n2` · λ2` · n−r`O(r−k)λ−2k‖x‖2(r−k)

∞
(
1 + λ2‖x‖2∞

)k
where S is sampled with some distribution over all shapes in shape(k, r, i, j).

For k = r + 1 = `, if we take ` = C logλ2n n with constant C large enough, then the contribution to
summation 2 is bounded by

n`−1
(
1 + λ2‖x‖2∞

)` ≤ n−Ω(1)n2(`−1)λ2`

Combining all possible k, r, we have summation 2 bounded by

n2(`−1)λ2`

[
n−Ω(1) +

`−1∑
k=0

(
n−kλ−2k

(
1 + λ2‖x‖2∞

)k) `−1∑
r=k

(
`O(r−k)‖x‖2(r−k)

∞ nk−r
)]

Since λ‖x‖∞ = n−Ω(1), we have n−1λ−2
(
1 + λ2‖x‖2∞

)k ≤ 1
1−δ/2 . Thus∑`−1

k=0

(
n−kλ−2k

(
1 + λ2‖x‖2∞

)k) ≤ δ−O(1). On the other hand, since `O(1)‖x‖2∞n−1 = n−Ω(1)

by the assumption on ‖x‖∞, we have
∑`−1
r=k

(
`O(r−k)‖x‖2(r−k)

∞ nk−r
)
≤ 1 + n−Ω(1). Thus sum-

mation 2 is bounded by δ−O(1)λ2`n2`−2.

Summing over n2 pairs of i, j we have

E‖P (Y )‖2F ≤ δ−O(1)
(
n2`λ2`

)
Combining with lemma 2.3 we have E〈P (Y ),xx>〉

n(E‖P (Y )‖2F )
1/2 = δO(1) = Ω(1) and the lemma follows.
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Finally, using color-coding method, the degree O(log n) polynomial P (Y ) can be well approximated
in polynomial time, which we prove in appendix A.2

Lemma 2.8 (Formally stated in appendix A.2). For δ = λn1/2− 1 > 0 and ` = O(log1+δ n), P (Y )

can be accurately evaluated in nδ
−O(1)

time.

The evaluation algorithm 1 is based on the idea of color-coding method[AYZ95]. Similar algorithm
has already appeared and analyzed in the literature [HS17].

Algorithm 1: Algorithm for evaluating self-avoiding walk matrix

Data: Given Y ∈ Rn×n s.t Y = λxx> +W
Result: P (Y ) ∈ Rn×n where Pij(Y ) is the sum of multilinear monomials corresponding to

length ` self-avoiding walk between i, j(up to accuracy 1 + n−Ω(1))
C ← exp(100`);
for i← 1 to C do

Sample coloring ct : [n] 7→ [`+ 1] uniformly at random;
Construct a R2`+1n×2`+1n matrix M , with rows and columns indexed by (v, S), where
v ∈ [n] and S is a subset of [`+ 1];

a matrix H ∈ Rn×2`+1n with rows indexed by [n] and columns indexed by (v, S) where
v ∈ [n] and S is a subset of [`+ 1];

a matrix N ∈ R2`+1n×n, with rows indexed by (v, S) where S is a subset of [`+ 1] and
columns indexed by [n];

Record matrix pci = HM `−2N ;

Return
∑C
i=1 pci/C

We describe how to construct matrices H,M,N used in the algorithm 1 given coloring c : [n] 7→
[`+1]. For matrixM , the entryM(v1,S),(v2,T ) = Yv1,v2 if S∪{c(v1)} = T and c(v1) 6∈ S. Otherwise
M(v1,S),(v2,T ) = 0. For matrix H , the entry Hv1,(v2,S) = Yv1,v2

if S = {c(v1)}. Otherwise
Hv1,(v2,S) = 0. For matrix N , the entry N(v1,S),v2

= Yv1,v2 if c(v1) 6∈ S and S ∪ {c(v1), c(v2)} =
[`+ 1]. Otherwise N(v1,S),v2

= 0.

The critical observation is that for coloring c : [n] 7→ [`+ 1] sampled uniformly at random and i 6= j,
we have (`+1)`+1

(`+1)! Ec pc,i,j(Y ) = Pi,j(Y ). By averaging over lots of such random colorings, we have
an unbiased estimator with low variance. The proof is deferred to appendix A.2.

Combining theorem 1.6, lemma 2.1,2.8, we have theorem 1.2.

3 Algorithms for general spiked tensor model

For proving theorem 1.3, we use the sum of multilinear polynomials corresponding to a variant of
self-avoiding walk. Here we only describe a simple special case of the algorithm, which provides
estimation guarantee when λ > n−3/4.

Definition 3.1 (Polynomial time estimator for spiked tensor recovery). Given tensor Y ∈ Rn×n×n,
we have estimator P (Y ) ∈ Rn where each entry is degree 2` − 1 polynomial given by Pi(Y ) =∑

α∈S`,i χα(Y ), where χα(Y ) is multilinear polynomial basis χα(Y ) =
∏

(i,j,k)∈α Yijk and S`,i is
the set of directed hypergraph associated with vertex i generated in the following way:

• We construct 2` levels of distinct vertices. Level 0 is vertex i. For 0 < t < `, level 2t
contains 1 vertex and level 2t− 1 contains 2 vertices. Level 2`− 1 contains 1 vertex.

• We connect a hyperedge between adjacent levels t− 1, t for t ∈ [2`− 2]. Each hyperedge
directs from level t− 1 to level t.

• For vertex u which lies in level 2`− 2 and vertices v, v′ which lie in level 2`− 1, we add
the hyperedge (u, v, v′).
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v4

v5 v6

v7

v`v−1

v`v v`v

Figure 1: Illustration for a self-avoiding walk α ∈ S`,i for tensor estimation. Each colored area
corresponds to a hyperedge.

An illustration of a self-avoiding walk α ∈ S`,i is given by figure 1.

In appendix B.4 we show that by introducing width to levels, estimation under smaller SNR λ is
possible by exploiting more computational power. In appendix B.5 we show that P (Y ) can be
evaluated in nO(v) time using color coding method. These lead to the proofs of theorems 1.3, 1.4.

4 Conclusion

We provide an algorithm which nontrivially estimates rank-one spikes of Wigner matrices for signal-
to-noise ratios λ approaching the sharp threshold λ

√
n→ 1, even in the setting of heavy-tailed noise

(having only 2 finite moments) with unknown, adversarially-chosen distribution. For future work, it
would be intriguing to obtain strengthened guarantees along (at least) two directions.

First, [PWBM18, MRY18] give algorithms which recover rank-one spikes for even smaller values of
λ, when a large constant number of moments of the entries of W are O(1). Relaxing the bounded
moment assumptions while keeping λ

√
n� 1 would be very interesting.

In a different direction, our experiments suggest that an estimator based on non-backtracking walk
performs as well as the self-avoiding walk estimator which we are able to analyze rigorously.
Rigorously establishing similar guarantees for the non-backtracking walk estimator – or finding
counterexamples – would be of great interest.
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Broader impact

We study an idealized mathematical model and provide theoretical analyses with only synthetic
experimental validation. Therefore a direct impact on the society is out of reach. Potentially, since
the problem we consider is closely related to stochastic block model, we speculate that our algorithm
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could inspire the development of more robust and universal social network analysis. Further there is
a chance that color coding method could point out new directions for sum-product evaluation in some
types of neural network.

Since the application area of the algorithm is still not clear, the positive and negative sides of algorithm
really depend on what people are using it for.
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A Spiked matrix model

A.1 Proof of lemma 2.2, lemma 2.4, lemma 2.5 and lemma 2.7

We first prove lemma 2.2

Proof of Lemma 2.2. First since the bound on infinity norm of x, we have

St1,t2,V ≤ ‖x‖2t2∞ E(v1,...,vt1+t2
)⊆[n]\V

[
t1+t2∏
i=1

x2
vi

]
Denote t1 + t2 = t, now we take marginal on xvt . Then the marginal is given by

E(v1,...,vt1+t2
)⊆[n]\V

[
t1+t2∏
i=1

x2
vi

]

=E(v1,...,vt−1)⊆[n]\V

[
t−1∏
i=1

x2
vi

(
n−

∑t−1
i=1 x

2
vi −

∑
i∈V x

2
i

n− |V | − (t− 1)

)]

=

(
1±O

(
(|V |+ t)‖x‖2∞

n

))
E(v1,...,vt−1)⊆[n]\V

[
t−1∏
i=1

x2
vi

]

By induction this is (1± n−Ω(1))t. In all we have St1,t2,V bounded by (1 + o(1))‖x‖2t2∞ .

Proof of Lemma 2.4. For self-avoiding walks α, β ∈ SAW(i, j), the connected components of α∩ β
are all self-avoiding walks. We consider quantity g = r−k. Then each of the p connected components
in α ∩ β not containing i or j contributes 1 to g. Since α 6= β, other connected components in α ∩ β
can only contain one of i, j. Such connected components contribute 0 to g. Further each shared
vertex not incident to any shared edge contribute 1 to g and the total number of such vertices is given
by s. Therefore we have r − k = p+ s

Proof of Lemma 2.5. We prove the first bound. We represent ξ as an ordered set of vertices
(ξ0, ξ1, . . . , ξh) then we note that the product in the expectation can be expanded to the sum of
monomials:

E
ξ⊆[n]\V

x2
ξ0
x2
ξh

∏
i∈[h]

(1 + λ2x2
ξix

2
ξi−1

)

 = E
ξ⊆[n] V

∑
S⊆[h]

x2
ξ0
x2
ξh

∏
i∈S

λ2x2
ξix

2
ξi−1


Since for fixed set S ⊆ [h], the number of variables xu with degree 4 in the monomial is bounded by
|S|+1, by lemma 2.2,we have

E
ξ0,ξ1,...,ξh

[
x2
ξ0x

2
ξh

∏
i∈S

(λ2x2
ξix

2
ξi−1

)

]
≤ (1 + n−Ω(1))‖x‖2∞ (λ‖x‖∞)

2|S|

On the other hand we have

(1 + λ2‖x‖2∞)h =
∑
S⊆[h]

(
λ2‖x‖2∞

)|S|
Therefore we have

E
ξ⊆[n]\V

x2
ξ0x

2
ξh

∏
i∈[h]

(1 + λ2x2
ξix

2
ξi−1

)

 ≤ (1 + n−Ω(1))‖x‖2∞(1 + λ2‖x‖2∞)h

The other three bounds can be proved in very similar ways.
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Proof of lemma 2.7. We first consider the case r ≥ k, where α 6= β. For each α, β intersecting on k
edges and r vertices, we have the following bound:

E[χα(Y )χβ(Y )] = λ2`−2k
∏

u∈deg(α∆β,2)

x2
u

∏
u∈deg(α∆β,4)

x4
u

∏
(u,v)∈α∩β

(1 + λ2x2
ux

2
v)

where deg(α∆β, j) is the set of vertices with degree j in the graph α∆β.

For any subgraph G of Kn, we denote by V (G) the set of vertices incident to edges in G. We denote
|deg(α∆β, 4)| as s and the number of shared vertices between α, β excluding i, j as r. We denote
the number of connected components in α ∩ β not containing i, j as p. Then we have the relation
p ≤ r − s− k for α 6= β according to lemma 2.4. We note that α ∩ β can be decomposed into a set
of disjoint self-avoiding walks, which we denote as SAW(α ∩ β).

Now we take the expectation over (α, β) on isomorphism class S . This is equivalent to taking uniform
expectation over the labeling of the 2(`− 1)− r vertices α, β which are not equal to i or j. Then we
have

E
(v1,v2,...v2(`−1)−r)

 ∏
u∈deg(α∆β,2)

x2
u

∏
u∈deg(α∆β,4)

x4
u

∏
ξ∈SAW(α∩β)

 ∏
(u,v)∈ξ

(1 + λx2
ux

2
v)



≤(1 + n−Ω(1))‖x‖2s∞ E
(v1,v2,...v2(`−1)−r)

 ∏
u∈V (α∩β)
u∈V (α∆β)

x2
u

∏
ξ∈SAW(α∩β)

 ∏
(u,v)∈ξ

(1 + λx2
ux

2
v)




≤(1 + n−Ω(1))‖x‖2p+2s
∞

(
1 + λ2‖x‖2∞

)k ≤ (1 + n−Ω(1))‖x‖2(r−k)
∞

(
1 + λ2‖x‖2∞

)k
where we use lemma 2.2 in the first inequality, lemma 2.5 in the second inequality, and lemma 2.4 in
the last inequality.This proves the first claim.

For any isomorphism class S ∈ shape(k, r, i, j) with k = r+ 1 = `, and (α, β) ∈ S , we have α = β.
In this case we have

E
W

[χα(Y )χβ(Y )] =
∏

(u,v)∈α
(1 + λ2x2

ux
2
v) =

∏
i∈[`]

(
1 + λ2x2

vi−1
x2
vi

)
By lemma 2.5, taking expectation over the labeling of the `− 1 vertices in α which are not equal to
i, j, we have

E
v1,v2,...,v`−1

∏
i∈[`]

(
1 + λ2x2

vi−1
x2
vi

)
≤
(

1 + n−Ω(1)
) (

1 + λ‖x‖2∞
)`

This proves the second claim.

A.2 Evaluation of self-avoiding walk estimator

In spiked matrix model Y = λxx> + W , we denote δ = n1/2λ − 1. For evaluation of degree
` = O(log1+δ n) self-avoiding walk polynomial:

Pij(Y ) =
∑

α∈SAW`(i,j)

∏
(u,v)∈α

Yuv

we use color coding strategy pretty similar to the literature in [HS17]. The algorithm and construction
of matrices has already been described in the main body. We restate the algorithm 2 for readers’
convenience.

On complete graph Kn, for a specific coloring c ∈ [n] 7→ [`+ 1], we say that a length-` self-avoiding
walk α = (v0, v1, . . . , v`) is colorful if the colors of v0, v1, . . . , v` are different. Then a critical
observation is that pc,i,j(Y ) =

∑
α∈SAW`(i,j)

Fc,αχα(Y ), where Fc,α is the 0-1 indicator of random
event that α is colorful. Taking uniform expectation on c over all random colorings, we have the
following relation:
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Algorithm 2: Algorithm for evaluating self-avoiding walk matrix

Data: Given Y ∈ Rn×n s.t Y = λxx> +W
Result: P (Y ) ∈ Rn×n where Pij(Y ) is the sum of multilinear monomials corresponding to

length ` self-avoiding walk between i, j(up to accuracy 1 + n−Ω(1))
C = exp(100`);
for i← 1 to C do

Sample coloring ct : [n] 7→ [`+ 1] uniformly at random;
Construct a R2`+1n×2`+1n matrix M , where rows and columns are indexed by (v, S), where
v ∈ [n] and S is a subset of [`+ 1];

a matrix H ∈ Rn×2`+1n where each row is indexed by [n] and each column is indexed by
(v, S) where v ∈ [n] and S is a subset of [`+ 1];

a matrix N ∈ R2`+1n×n, where each row is indexed by (v, S) where S is a subset of [`+ 1]
and each column is indexed by [n];

Record matrix pci = HM `−2N ;

Return
∑C
i=1 pci/C

Lemma A.1. In the algorithm 1, for C ≥ exp(100`), we have

E
Y,c1,...,cC

( 1

C

∑
t

pct,i,j(Y )− E
c
pc,i,j(Y )

)2
 ≤ exp(−O(`))E

Y

(
E
c
Pc,i,j(Y )

)2

where random colorings c1, c2, . . . , cC ∈ [n] 7→ [` + 1] are independently sampled uniformly at
random and the expectation of random coloring c ∈ [n] 7→ [` + 1] on right hand side is taken
uniformly at random.

Proof. For a fixed path α, the probability that Fc,α = 1 is bounded by (`+1)!
(`+1)`+1 ≥ exp(−O(`)).

Therefore we have

E
[
p2
c,i,j(Y )

]
= E

 ∑
α,β∈SAW`(i,j)

χα(Y )χβ(Y )Fc,αFc,β

 (3a)

≤ E
Y

 ∑
α,β∈SAW`(i,j)

[χα(Y )χβ(Y )]

 (3b)

≤ exp(O(`))E
Y


 ∑
α∈SAW`(i,j)

E
c

[χα(Y )Fc,α]

2
 (3c)

= exp(O(`))E
Y

[(
E
c
[pc,i,j(Y )]

)2
]

(3d)

For step (3b) and (3c), we use the fact that 0 ≤ Fc,α ≤ 1 and E[χα(Y )χβ(Y )] ≥ 0 for all
α, β ∈ SAW`(i, j). For step (3c), we also use the fact that EFc,α ≥ exp(−O(`)). Therefore

E
Y
E
c

[(
pc,i,j(Y )− E

c
pc,i,j(Y )

)2
]
≤ exp(O(`))E

Y

[(
E
c
pc,i,j(Y )

)2
]

By averaging pc,i,j(Y ) for C independent random colorings, the variance is reduced and we have

E
Y,c1,...,cC


 1

C

∑
t,i,j

pct,i,j(Y )− E
c
pc,i,j(Y )

2
 ≤ 1

C
exp(O(`))E

Y

(
E
c
Pc,i,j(Y )

)2

Therefore let C = exp(100`), the lemma is proved.

14



This lemma implies that the average of pc(Y ) for nδ
−O(1)

independent random colorings p(Y ) gives
accurate approximation of P (Y ). The following simple corollary implies that the this matrix p(Y )
achieves the same correlation with xx> as P (Y ).

Lemma A.2 (Formal statement of Lemma 2.8). The algorithm 2 runs in nδ
−O(1)

time when ` =
O(log1+δ n). For matrix returned by algorithm 2, we have

E
c1,...,cC

[
1

C

∑
t

pct,i,j(Y )

]
=

(`+ 1)!

(`+ 1)`+1
Pij(Y )

E
Y,c1,...,cC

( 1

C

∑
t

pct,i,j(Y )

)2
 ≤ (1 + n−Ω(1)

)
E
Y

[(
(`+ 1)!

(`+ 1)(`+1)
Pij(Y )

)2
]

Proof of Lemma A.2. First we note that for ` = O(logδ n), algorithm 2 runs in time nδ
−O(1)

.

For any random coloring c and length-` self-avoiding walk α, the probability that Fc,α = 1 is
(` + 1)!/(` + 1)`+1. Thus EFc,α = (` + 1)!/``+1. Since pc,i,j =

∑
α∈SAW`(i,j)

Fc,αχα(Y ), by
linearity of expectation we get the first equality.

By lemma A.1, we have

E
Y,c1,...,cC

( 1

C

∑
t

pct,i,j(Y )− E
c
pc,i,j(Y )

)2
 ≤ exp(−O(`))E

Y

(
E
c
Pc,i,j(Y )

)2

Therefore

E
Y,c1,...,cC

( 1

C

∑
t

pct,i,j(Y )

)2
 ≤ (1 + n−Ω(1)

)
E
Y

[(
E
c
pc,i,j(Y )

)2
]

Further as stated above we have Ec pc,i,j(Y ) = (`+1)!
(`+1)`+1Pij(Y ). Thus we get the inequality.

Now the proof of theorem 1.2 is self-evident.

Proof of Theorem 1.2. We denote 1
C

∑C
t=1 pct(Y ) as p(Y ). Then by lemma A.2 and lemma 2.1, we

have
Ec1,...,cC ,Y 〈p̂(Y ), xx>〉

n (Ec1,...,cC ,Y ‖p̂(Y )‖2F )
1/2

= δO(1) = Ω(1)

By the same rounding procedure as in [HS17](or theorem 1.6), we obtain theorem 1.2 by extracting a
random vector in the span of top 1/δO(1) eigenvectors of Y .

A.3 Guarantee and failure of Truncation algorithm

In this section we show that while truncating entries at threshold τ(n) can help on many occasions, it
can fail for some noise distributions we consider.

The class of truncation algorithm we consider can be described as following:

Algorithm A.3. Given matrix Y ∈ Rn×n, set truncation threshold τ = τ(n). We first obtain Y ′
by truncating the entries Yij with magnitude larger than τ to sgn(Yij)τ . Then, we obtain Y ′′ by
subtracting the average value of all entries in Y ′. Finally we extract the top eigenvector of Y ′′. We
return this top eigenvector with probability 1/2 and all 1 vector with probability 1/2.

First we show that for many long tail distributions, PCA algorithm can be saved by such truncation.
(We defer the proof to appendix A.4.)
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Theorem A.4. Consider problem 1.1 such that the signal-to-noise ratio satisfies ε = n1/2λ− 1 =
Ω(1), the upper triangular entries of W are identically distributed, the entries of X = λxx> are
bounded by o(1). Then, for τ = 100

min(ε2,1) , the algorithm A.3 outputs unit norm estimator x̂ ∈ Rn s.t

E〈x, x̂〉2 = Ω(n).

However, as illustrated by the following examples, this truncation strategy can fail inherently when the
noise entries are not identically distributed and their distributions are adversarily chosen (depending
on the vector x). We show that there is no choice of truncation level τ for which Algorithm A.3
outputs a vector whose correlation with the planted vector x is nonvanishing for all choices of noise
matrix W whose entries are independently sampled with zero mean and unit variance.

First truncating at τ = Ω(
√
n) fails the following example

Example A.5. For d = ω(1), Wij equals to −
√

n−d
d with probability d/n and

√
d

n−d with proba-

bility 1− d
n . 3

This is just normalized and centralized adjacency matrix of Erdos-Renyi random graph, the spectrum
of which is well studied in the literature [BGBK17, MS16]. For d = ω(1), the spectral norm is of
order ω(

√
n), much larger than the spectral norm of λxx>. Therefore, the leading eigenvector will

not be correlated with hidden vector x as we desire.

Then we only need to consider τ = o(
√
n). We consider the example below

Example A.6. For i+ j even, we let Wij sampled as in example A.5. For i+ j odd, we let −Wij

distributed the same as above.

Below, we analyze a strategy where entries Yij > τ are truncated to 0. Similar results for truncation
to τsgn(Yij) are in the appendix A.5.

For d = o(n/τ2), only entries perturbed by noise ±
√

d
n−d are preserved. Then Y ′ij = λxixj +√

d
n−d (−1)i+j with probability 1− d

n and 0 with probability d/n. Therefore the leading eigenvector
of Y ′ will be well correlated with h rather than x. Since Y ′ has zero mean, Y ′′ − Y ′ has small
Frobenius norm, thus the leading eigenvector of Y ′′ is close to Y ′.

A.4 Proof of Theorem A.4

For proof of theorem A.4, we need a result available in previous literature stating about the universality
of spiked matrix model

Theorem A.7 (Theorem 1.1 in [PRS13]). In spiked matrix model Y = λxxT + W , x ∈ Rn has
norm

√
n, W ∈ Rn×n is a symmetric random matrix of i.i.d entries with zero mean and variance

bounded by 1. If the 5-th moment of entries in W is bounded by O(1), then the following guarantee
will hold w.h.p:

λmax(Y ) ≥ (1− o(1))

(
λn+

1

λ

)
We also need a simple observation about the deterministic relation between leading eigenvalue and
leading eigenvector in spiked matrix model.

Lemma A.8. For matrix M ∈ Rn×n and matrix N = γxxT + M (where γ > 0 and x ∈ Rn has√
n), if the leading eigenvalue λmax(N) is larger than λmax(M) by Ω(nγ), then the unit norm leading

eigenvector of N denoted by ξ will achieve constant correlation with x:

〈ξ, x〉2 ≥ Ω(n)

Proof. We have λmax(N) = ξ>(γxx>+M)ξ ≤ λmax(M)+γ〈ξ, x〉2. Since λmax(N)−λmax(M) =
Ω(nγ), we have 〈ξ, x〉2 = Ω(n).

3There is trivial algorithm for this specific noise distribution, but it breaks down easily for other noise
distribution included in the class we consider.
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Proof of Theorem A.4. First if 〈x,1〉2 = Ω(n2), then with probability 1/2, the algorithm outputs
1√
n
1 vector. Thus E〈x, x̂〉2 = Ω(n). Next we only consider the case 〈x,1〉2 = o(n2).

By definition we have
Y ′ij = Y 1|Yij |<τ + τsgn(Yij)1|Yij |≥τ

Given the assumption on the |λxixj | = o(τ), one can observe that this can be decomposed into

Y ′ = λxx> + T +M + ∆

where we have

Tij = Wij1|Wij |<τ + τsgn(Wij)1|Wij |≥τ
Mij = −λxixj1|Wij |≥τ
∆ij = (τsgn(Yij)− Yij)(1|λxixj+Wij |≥τ − 1|Wij |≥τ )

Further we denote Y ′− Y ′′ as H . Then we have Y ′′ = λ(x− x̄)(x− x̄)>+ (T −ET ) +M + ∆−
(H − ET − λx̄x̄>), where x̄ =

∑n
i=1 xi
n 1

Next we analyze the terms in the decomposition of Y ′′. Specifically, we want to show that with
constant probability the largest eigenvalue of Y ′′ is larger than the one of Y ′′ − λ(x− x̄)(x− x̄)T

by Ω(λn). If this is proved then for the leading unit eigenvector of Y ′′ denoted by x̂, we must have
〈x̂, x − x̄〉2 = Ω(n) with constant probability by lemma A.8. The theorem is then proved since
〈x̂, x̄〉 = o(n).

First for matrix T − ET , the variance of each entry is bounded by 1. Further each entry is bounded
by 2τ . According to theorem A.7, the largest eigenvalue of matrix λ(x− x̄)(x− x̄)> + T − ET is
given by λn+ 1

λ − o(λn) and the largest eigenvalue of matrix T − ET is given by 2
√
n with high

probability.

For matrix M ,we have E1|Wij |≥τ ≤ 1
τ2 because the variance of entries in W is bounded by 1.

Therefore the expectation E‖M‖F is bounded by λn
τ . For non-zero entries (i, j) in matrix ∆, we

must have |Yij−τsgn(Yij)| ≤ |λxixj |. Therefore these non zero entries ∆ij are bounded by |λxixj |.
Further each entry in ∆ is non-zero with probability bounded by 1

τ2 . Therefore we have E‖∆‖F
bounded by λn

τ .

Finally we have H = h11> where h =
∑
i,j Y

′
i,j

n2 . We denote
∑
ij Tij/n

2 as t. Since Tij are i.i.d for
i ≤ j, we have

E
[
(t− E[Tij ])

2
]
≤ 4

n2

Further by assumption
∑
i xi = 0, we have

(h− t)2 ≤
∑
ij

(Mij + ∆ij)
2

n2

By linearity of expectation E‖H − ET‖ ≤ E‖H − t11>‖F + E‖t11> − ET‖F ≤ (2+o(1))λn
τ .

In all we have E‖Y ′′ − λxx> − T + ET‖ ≤ (4+o(1))λn
τ . By Markov inequality with probability

1/2, we have ‖Y ′′ − λxx> − T + ET‖ ≤ 9λn
τ . As stated above, the largest eigenvalue of matrix

λxx> + T − ET is given by λn+ 1
λ and the largest eigenvalue of matrix T − ET is given by 2

√
n

with high probability. If we take τ large enough constant(e.g 100
min(ε2,1) ), then with probability Ω(1)

the spectral norm of Y ′′ is larger than λn+ 1
λ − 0.1min(ε2, 1)λn and spectral norm of Y ′′ − λxx>

is smaller than 2
√
n+ 0.1min(ε2, 1)λn.

Therefore for λ = 1 + ε with ε = Ω(1), the spectral norm of Y ′′ is larger than the spectral norm of
Y ′′ − λ(x− x̄)(x− x̄)> by Ω(λn) with constant probability. As a result, with constant probability
the leading eigenvector of Y ′′ must achieve Ω(1) correlation with hidden vector x by lemma A.8.
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A.5 Example of failure for truncation algorithm

For example A.6, we show that truncating to τsgn(Yij) will fail as well for any d between o(n/τ2)
and ω(1)(note that n� τ2).

We still denote h = {±1}n as the Rademacher vector with alternating sign and x ∈ {±1}n orthogonal
to all-1 vector. We take λ = Θ(n−1/2). For d = o(n/τ2) and d = ω(1), only entries perturbed by

noise ±
√

d
n−d are not truncated. Then Y ′ij = λxixj +

√
d

n−d (−1)i+j with probability 1− d
n and

−(−1)i+jτ with probability d/n. Therefore Y ′ can be decomposed into

Y ′ = λxx> +

√
d

n− d
hh> + ∆

where ∆ij =
√

d
n−d (−1)i+j with probability 1− d

n , and −τ − λxixj with probability d
n .

Since E∆ij = − τdn (−1)i+j − λd
n xixj , we have ‖E∆‖ = o(

√
nd). Further for matrix ∆ − E∆,

the entries are independently distributed and the variances of entries are bounded by O(1). Further
the absolute value of entries are bounded by 2τ . Thus by the bound on the operator norm of Wigner
matrix, we have ‖∆− E∆‖ = O(

√
n) = o(

√
nd). Combining these, we have ‖∆‖ = o(

√
nd).

Above computational threshold λ ≥ n−1/2, the spectral norm of λxx> is smaller than
√
n. Further

matrix H = Y ′′ − Y ′ also has spectral norm o(
√
nd) by central limit theorem.

For unit norm leading eigenvector ξ of matrix Y ′′, we suppose that E〈ξ, x〉2 ≥ Ω(n) and prove
by contradiction. Because ξ is leading eigenvector, we have E〈ξξ>, Y ′′〉 ≥ E〈hh>, Y ′′〉 ≥ (1 −
o(1))

√
nd. However, we have 〈ξ, h〉2/n ≤ 1 − 〈ξ, x〉2/n. Therefore, we have 〈ξξ>, Y ′′〉 ≤

(1− Ω(1))
√
nd+ o(

√
nd). This leads to contradiction.

A.6 Algorithm for evaluating non-backtracking walk estimator

In experiments, we use estimator closely related to non-backtracking walk and color coding method.

On complete graph Kn, for vertice labels i, j ∈ [n], we define the set of length-` k-step non-
backtracking walks (i, v1, v2, . . . , v`−1, j) as NBW`(i, j). For non-backtracking walk α and random
coloring c : [n] 7→ [`+ 1], we denote Fc,α as 0, 1 indicator of the random event that each length k
chunk of walk α is colorful(i.e, not containing repeated colors). For a fixed path α, the probability

that Fc,α = 1 is bounded by
(

1− k
`+1

)`
≥ exp(−O(k)).

Then we use a randomized non-backtracking walk estimator P (Y ) ∈ Rn×n

Pij(Y ) =

C∑
t=1

∑
α∈NBW`(i,j)

χα(Y )Fct,α (4)

where colorings c1, c2, . . . , cC : [n] 7→ [` + 1] are taken uniformly at random, and χα(Y ) =∏
(u,v)∈α Yu,v . The expectation of this estimator is given by

Pij(Y ) =
∑

α∈NBW`(i,j)

χα(Y )E
c
Fc,α

where the expectation on c : [n] 7→ [`+ 1] is taken uniformly at random.

We now describe how to construct matrix H,M,N . For matrix M , corresponding to index
((v1, S), (v2, T )), the entry is given by Yv1,v2

if

• the color of v1 is not contained in S and the color of v2 is not contained in T
• ordered set T is the concatenation of color of v1 and first `− 1 elements of S.

Otherwise the entry is given by 0.

For matrix H , corresponding to entry (v1, (v2, S)), the entry is given by Yv1,v2
if S contains single

element: the color of v1 and the color of v2 is different with the color of v1.
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Algorithm 3: Algorithm for evaluating color-coding non-backtracking walk matrix

Data: Given Y ∈ Rn×n s.t Y = λxx> +W
Result: Approximation for P (Y ) ∈ Rn×n where Pij(Y ) =

∑
α∈NBW`(i,j)

p̂αχα(Y ) where
NBW`(i, j) is the set of length ` non-backtracking walk between i, j and p̂α = Ec Fc,α

for t← 1 to C do
Sample a random coloring ct : [n] 7→ [`+ 1] ;
Construct a Rn

∑k
s=0(`+1)s×n∑k

s=0(`+1)s matrix M , with rows and columns are indexed by
(v, S), where v ∈ [n] and S is an ordered subset of [`+ 1] with size bounded by k ;

A matrix H ∈ Rn×n
∑k
s=0(`+1)s with rows indexed by [n] and each column indexed by

(v, S) where v ∈ [n] and S is ordered subset of [`+ 1] with size bounded by k;
A matrix N ∈ Rn

∑k
s=0 `

s×n, with columns indexed by [n] and each row indexed by (v, S)
where v ∈ [n] and S is ordered subset of [`+ 1] with size bounded by k;

Record pct = HM `−2N ;

Return
∑C
t=1 pct/C

For matrix N , corresponding to entry ((v1, S), v2), the entry is given by Yv1,v2
if

• S contains k colors, and the color of v1 is different from the last color of S
• the color of v2 is different from the color of v1 and first k − 1 elements of S

and given by 0 otherwise.
Fact A.9. For a single random coloring c(v) : [n] 7→ [` + 1], the (i, j) entry of pc(Y ) ∈ Rn×n
evaluated in the algorithm is exactly

∑
α∈NBW`(i,j) χα(Y ).

If P (Y ) achieves constant correlation with xx>, then a random vector in the span of top-δ−O(1)

eigenvectors of matrix P (Y ) can be sampled in quasilinear time.
Theorem A.10 (Evaluation of color-coding Non-backtracking walk estimator). In spiked matrix
model Y = λxxT +W , vector x ∈ Rn has norm

√
n and entries in W ∈ Rn×n are independently

sampled with zero mean and unit variance. Considering ` = O(log1+δ n) with δ = Ω(1) and
k = O(1). Then for P (Y ) evaluated in algorithm, a unit norm random vector in the span of top
δ−O(1) eigenvectors of P (Y ) can be sampled in time O(n2 logk+1(n)δ−O(1)).

If we assume that the matrix P (Y ) achieves correlation δ with xx>, then this random vector ξ
achieves constant correlation with x: 〈ξ, x〉2 = δO(1)n.

Proof. For extracting the span of top δ−O(1) eigenvectors, we apply power method. Since p(Y ) can
be represented as a sum of chain product of matrices, we can iteratively apply matrix-vector product
rather than obtaining p(Y ) explicitly. Since for matrix H,M,N , there are at most n2 logk+1(n)

non-zero elements. The resulting complexity is thus given by O(n2 logk+1(n)δ−1 exp(O(k))).

If (E〈P (Y ),xx>〉)2

n2 EP 2(Y ) = δ, then applying theorem 1.6, a random vector in the span of top δ−O(1)

eigenvectors of P̂ (Y ) achieves δO(1) correlation with the spiking vector x.

A.7 Experiments

For comparing the performance of algorithms proposed, we conduct experiments with several typical
distributions of noise: (1) the noise is distributed as example A.5. (2) the noise is distributed as
example A.6 (3) entry Wij is distributed as N(0, 1) when i + j is even and as example A.5 when
i+ j is odd. In each case planted vector x is randomly sampled from N(0, Idn). In these examples,
the smaller parameter d corresponds to the more heavy tailed noise distribution.

In experiments with size n = 102 − 103, self-avoiding walk estimator shows better performance than
naive PCA and truncation PCA algorithm. Furthermore, the non-backtracking algorithm achieves
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(a) n = 200, λ′ = 1.5, d ∈ [0.1, 8]
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(b) n = 200, λ′ = 1.5, d ∈ [0.1, 8]
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(c) n = 400, λ′ = 1.1, d ∈ [0.05, 5]
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(d) n = 2000, λ′ ∈ [1.2, 1.6], d = 30

Figure 2: (a)(b) The performance of non-backtracking walk estimator with ` = 10 is no worse than
self-avoiding walk estimator with ` = 7 under distribution (2),(3). They drastically beat naive PCA
algorithm. (c) The performance of non-backtracking walk estimator with length ` = 17 can be much
better than PCA under distribution. (1) (d) Truncating at τ = 5 can fail drastically under distribution
(2).
Each data point is the result of averaging 20 trials. For notation, λ′ = λn1/2, the y axis represents
mean of squared correlation 〈x̂,x〉2

‖x̂‖2‖x‖2 . The line “worst” represents the optimal guarantee in case
of Gaussian noise with same λ, while the line “NBW” represents the experiment results from
non-backtracking algorithm.

performance no worse than self-avoiding walk estimator under many settings. The results are shown
in figure 2.

B Order-3 spiked tensor model

B.1 Notations

For the hyperedges of p-uniform directed hypergraph, we denote the directed hyperedge between
vertices labelled by i1, i2, . . . , ip as ordered-triplet (i1, i2, . . . , ip). We denote α∩β as an hypergraph
containing all of the shared edges and shared vertices between α, β. We denote α∆β as an hypergraph
containing all of the remaining hyperedges uniquely contained by α or β and vertices not incident to
shared hyperedges.

We denote the set of order-3 real tensor as Rn×n×n and the set of general order-p tensor as (Rn)⊗p.
For vector x ∈ Rn, we denote order p tensor whose (i1, i2, . . . , ip) entry is given by xi1xi2 . . . xip
as x⊗p. We also use N(0, 1)n×n×n to represent random tensor whose entries are i.i.d sampled from
N(0, 1). We use ‖·‖ for the vector norm and spectral norm and ‖·‖F for Frobenius norm.
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B.2 Strong detection and weak recovery in order-3 spiked tensor model

For spiked tensor model, we define strong detection problem. Specifically given tensor Y sampled
from general spiked tensor model, we want to detect whether it’s sampled with λ = 0 or large λ with
high probability.
Definition B.1 (Strong detection). Given tensor Y sampled from

• Planted distribution P: the random tensor Y ∈ Rn×n×n is sampled as Y = λx⊗3 + W ,
where x ∈ Rn is a random vector s.t Exi = 0, Ex2

i = 1, and W ∈ Rn×n×n has
independent, zero mean and unit variance entries.

• Null distribution Q: where random tensor Y ∈ Rn×n×n has independent, zero-mean and
unit variance entries.

with equal probability, we need to find a function of entries in Y : f(Y ) ∈ {0, 1} such that

1

2
P[f(Y ) = 1] +

1

2
Q[f(Y ) = 0] = 1− o(1)

We also define the notion of weak recovery and strong recovery in spiked tensor model.
Definition B.2. In spiked tensor model Y = λx⊗3 +W where x ∈ Rn is a random vector s.t Exi =
0, Ex2

i = 1, and W ∈ Rn×n×n has independent, zero mean and unit variance entries, We define

that estimator x̂(Y ) ∈ Rn achieves weak recovery if E〈x̂(Y ), x〉 ≥ Ω
((

E‖x̂(Y )‖2 E‖x‖2
)1/2)

.
Further we define that x̂(Y ) ∈ Rn achieves strong recovery if 〈x̂(Y ), x〉 ≥ (1− o(1))‖x̂(Y )‖‖x‖
with high probability.

Remark: The weak recovery here can be equivalently defined as that with constant probability〈
x̂(Y )
‖x̂(Y )‖ ,

x
‖x‖

〉2

≥ Ω(1). The equivalence follows by Markov inequality.

B.3 Strong detection algorithm for spiked tensor model

It’s not explicitly stated in previous literature how to obtain strong detection algorithm via low degree
method. The following self-clear fact provides a systematic way for doing so.
Theorem B.3 (Low degree polynomial thresholding algorithm). We denote the likelihood ratio
between planted distribution P and null distribution Q as µ(Y ) = P(Y )

Q(Y ) . Given Y sampled from
distributions P and Q with equal probability, for polynomial P (Y ) =

∑
α∈S` µ̂αχα(Y ) where

{χα(Y ) : α ∈ S`} is a set of polynomial basis orthonormal under measure Q and µ̂α = EP χα(Y ),
if we have

• diverged low degree likelihood ratio
∑
α∈S` µ̂

2
α = ω(1)

• concentration property EP P
2(Y ) = (1 + o(1)) (EP P (Y ))

2

then this implies strong detection algorithm by thresholding polynomial P (Y ).

Remark: The quantity µ̂α is actually the projection of likelihood ratio function µ(Y ) with respect
to polynomial basis χα(Y ). For polynomial P (Y ) defined here, we say that it is the projection of
likelihood ratio µ(Y ) with respect to the set S`,v .

Proof. Since
∑
α∈S` µ̂

2
α = ω(1), we have EP P (Y ) = EQ P

2(Y ) = ω(1). By Chebyshev’s
inequality, for Y ∼ P w.h.p we have P (Y ) = (1 ± o(1))EP P (Y ) = ω(

√
EQ P 2(Y )) while for

Y ∼ Q w.h.p we have P (Y ) = O(
√
EQ P 2(Y ))

Our guarantee for strong detection in spiked tensor model can be stated as following:

Theorem B.4. For any small constant δ = Ω(1), c ≥ n−1/8+δ and λ ≥ cn−3/4, there is nO(1/c4)

time algorithm achieving strong detection in spiked tensor model, i.e distinguishing distributions

21



Figure 3: An example of possible directed hyperedge connection between adjacent layers t−1, t, t+1
for an hypergraph α ∈ S`,3. (1) When t ∈ [2` − 2], the direction of hyperedges are given by
(v1, v4, v5), (v2, v6, v7), (v3, v8, v9), (v4, v6, v10), (v5, v7, v11), (v8, v9, v12). (Note that each hyper-
edge directs from the layer t − 1 to the layer t or from the layer t to the layer t + 1.) (2) When
t = 0,the layers are given by 2` − 2, 0, 1 by periodic indexing. The directions of hyperedges are
given by (v4, v5, v1), (v6, v7, v2), (v8, v9, v3), (v4, v6, v10), (v5, v7, v11), (v8, v9, v12).

• Planted distribution P: the random tensor Y ∈ Rn×n×n is sampled as Y = λxx> + W ,
where x ∈ Rn is a random vector s.t Exi = 0, Ex2

i = 1 and Ex4
i ≤ no(1), and W ∈

Rn×n×n has independent, zero mean and unit variance entries.

• Null distribution Q: where random tensor Y ∈ Rn×n×n has independent, zero-mean and
unit variance entries.

For strong detection algorithm, the thresholding polynomial we use is given by the following.

Definition B.5 (Thresholding polynomial for strong detection). On the directed complete 3-uniform
hypergraph with n vertices, we define S`,v as the set of all copies of 2-regular hypergraphs generated
in the following way:

• we construct 2` levels of distinct vertices labeled by 0, 1, . . . , 2`−1. For levels t ∈ [0, 2`−1],
it contains v vertices if t is even and 2v vertices if t is odd.

• Then we construct a perfect matching between levels t, t− 1 for t ∈ [2`− 1] and between
levels 0, 2`− 1. For each hyperedge, 1 vertex comes from even level while 2 vertices come
from odd level. The hyperedges are directed from level 0 to level 2`− 1 and from level t to
level t+ 1 for t ∈ [0, 2`− 2].(An example of such construction is illustrated in figure 3).

Given tensor Y ∈ Rn×n×n, the degree 2`v polynomial P (Y ) is given by P (Y ) =
∑
α∈S`,v χα(Y ),

where χα(Y ) is the corresponding multilinear polynomial basis χα(Y ) =
∏

(i,j,k)∈α Yijk.

For the null distribution Q, since polynomials in the set {χα(Y ) : α ∈ S`,v} are multilinear, they are
orthogonal with respect to each other.

For simplicity of formulation, we use periodic index below(i.e for level t = −1 we mean level
2`− 1).

For proving strong detection guarantee, we first need two hypergraph properties.

Lemma B.6. On directed complete hypergraph with n vertices, the number of hypergraphs contained
in the set S`,v defined in B.5 is given by

|S`,v| = (1− o(1))

((
n

v

)(
n

2v

)
((2v)!)2

)`

Proof. For fixed vertices, between level t and level t + 1 there are (2v)!v!
v! ways of connecting

hyperedges. Therefore we have |S`,v| = (1− o(1))

((
n
v

)(
n
2v

) (v!(2v)!
v!

)2
)`

.
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Lemma B.7. For a pair of hypergraphs α, β ∈ S`,v, we denote the number of shared vertices as r,
the number of shared hyperedges as k, and the number of shared vertices with degree 0 or 1 in α ∩ β
as s. Then we have relation 2r − s ≥ 3k.

Further if 2r = 3k, then

• either α, β are disjoint k = r = 0

• or for all levels t ∈ [0, 2`− 1], the number of shared hyperedges between level t and level
t+ 1 kt ≥ 1 and are equal to the same value.

Proof. In 3-uniform sub-hypergraph α ∩ β, there are k hyperedges, r − s vertices with degree 2 and
at most s vertices with degree 1. By degree constraint, we have 3k ≤ 2(r − s) + s = 2r − s.
When 2r = 3k, each shared vertice between α, β has degree 2 in α ∩ β. However if there exists
t ∈ [0, 2`− 1] such that kt−1 6= kt, then there are shared vertices at level t− 1 with degree 1 or 0 in
subgraph α ∩ β. Thus either α, β are disjoint(kt = 0), or for all levels t,kt ≥ 1 and are all equal.

We consider the set of hypergraph pairs α, β ∈ S`,v such that in α

• at level t there are rt vertices shared with β
• between level t+ 1 and level t, there are kt hyperedges shared with β.

We denote such set of hypergraph pairs as S`,v,k,r, where k =
∑
kt, r =

∑
rt. Then r is just the

number of shared vertices between α, β as r and k is just the number of shared hyperedges between
α, β. Although we abuse the notations(since the set S`,v,k,r is related to kt, rt), by the following
lemma we can bound the size of such set only using k, r, `, v.
Lemma B.8. On directed complete hypergraph with n vertices, for any set S`,v,k,r with ` = O(log n),
v = o(n1−Ω(1)), k, r ≤ `v, the number of hypergraph pairs contained in the set S`,v,k,r is bounded
by

|S`,v,k,r| ≤ |S`,v|2n−rv2r−4k`2r−3kvk/2 exp(O(r))

Proof. We generate pairs of hypergraph α, β ∈ S`,v in the following way: we first choose α ∩ β and
shared vertices as a subgraph of hypergraph in S`,v, and then choose remaining graph respectively
for α, β. In hypergraph α, suppose there are rt shared vertices in level t and kt shared hyperedges
between level t+ 1 and level t.

We define parity function δ(t) = 2 if t is odd and 1 if t is even. Then we have relation rt ≥
δ(t)max(kt−1, kt). For choice of α ∩ β,there are

Nα∩β =
∏̀
t=0

(
n

r2t

)(
n

r2t+1

)(
r2t

k2t

)(
r2t

k2t−1

)(
r2t+1

2k2t

)(
r2t+1

2k2t+1

)
(2k2t)!(2k2t+1)!

≤ nrvk/2 exp(O(r))

such subgraphs. On the other hand, the number of choices for the remaining hypergraph of α is
bounded by

Nα−β =

`−1∏
t=0

(
n

v − r2t

)(
n

2v − r2t+1

)
(2(v − k2t))!(2(v − k2t+1))!

= |S`,v|n−rvr−2k exp(O(r))

Then we consider the number of β. Denote the number of degree-1 vertices in α ∩ β as s1 and the
number of shared vertices with degree 0 in α ∩ β as s0. Let s = s0 + s1, then there are at most `s
ways of embedding α ∩ β in β. The number of choices for the remaining hypergraph of β is also
bounded by |S`,v|n−rvr−2k exp(−O(r)). Therefore, with respect to fixed number of vertices and
hyperedges rt, kt in each level of α∩β, the total number of such hypergraph pairs Sr,k,`,v is bounded
by

2r−3k∑
s=0

[
|S`,v|2n−rv2r−4k`s exp(O(r))

2`−1∏
t=0

rt!

kt!

]
≤ |S`,v|2n−rv2r−4k`2r−3kvk/2 exp(O(r))
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Next we prove the strong detection through lemma B.9 and B.12.

Lemma B.9. When γ = 0.001n3/2v1/2λ2 = 1 + Ω(1), ` = Ω(logγ n), the projection of likelihood
ratio µ(Y ) with respect to S`,v diverges, i.e

∑
α∈S`,v µ̂

2
α = ω(1).

Proof. Because for any hypergraph α ∈ S`,v, we have |α| = 2`v and µ̂α = Eχα(Y ) = λ2`v. By
lemma B.6, we have∑

α∈S`,v
µ̂2
α ≥ (1− o(1))

((
n

v

)(
n

2v

)
((2v)!)2

)`
λ4`v ≥ (1− o(1))n3`vv`vλ4`v

.

For γ = 1 + Ω(1) and ` = Ω(logγ n), we have
∑
α∈S`,v µ̂

2
α = nΩ(1).

For proving (EP (Y ))
2

= (1− o(1))EP 2(Y ), we first prove several preliminary lemmas. First we
bound the expectation of P (Y )

Lemma B.10. In spiked tensor model Y = λ · x⊗3 + W where entries in x ∈ Rn are sam-
pled independently with zero mean and unit variance, entries in W ∈ Rn×n×n are sampled
independently with zero mean and unit variance. Then for P (Y ) defined in B.5, we have
EP (Y ) = (1− o(1))λ2`v(

(
n
v

)(
n
2v

)
((2v)!)2)`.

Proof. First for each α ∈ S`,v, we have E[χα(Y )] = λ2`v. By lemma B.6, we have |S`,v| =

(1− o(1))
((
n
v

)(
n
2v

)
((2v)!)2

)`
. Since

∑
α∈S`,v E[χα(Y )] = λ2`v|S`,v|, we get the lemma.

Finally we need a lemma for bounding the variance of the polynomial. For this we prove a bound on
the summation over all possible kt, rt
Lemma B.11. For t ∈ {0, 1, . . . , 2` − 1}, we define rt, kt ∈ {0, 1, . . . , 2v} satisfying that rt ≥
δ(t) max(kt−1, kt), where parity function δ(t) = 2 if t is odd and 1 if t is even. We denote
k =

∑2`−1
t=0 kt and r =

∑2`−1
t=0 rt. We take scalars η = ω(`2) and constant ψ < 1. Then for

2r ≥ 3k + 1, we have: ∑
kt≥0

∑
rt≥δ(t) max(kt−1,kt)

2r≥3k+1

η−r+3k/2ψk ≤ o(1)

Proof. We note that given kt for t ∈ [`], we have `r−3k/2 choices for rt. Further we denote
k∆ =

∑
t|kt+1 − kt|. Then given k∆, all kt can take at most k∆ different values. As a result, fixing

these k∆ different values, there are `k∆ choices for kt for t ∈ [`]. Further we have r− 3k/2 ≥ k∆/2.
Therefore the summation is bounded by

∑
k∆≥1

( η
`2

)−k∆/2
k∆∏
t=1

∑
kt≥0

ψkt

 = o(1)

Lemma B.12. Denote γ = 0.001n3/2v1/2λ2 and take ` = Ω(logγ n) in the above estimator P (Y ),
if we have γ = 1 + Ω(1) and n = ω(v2Γ2poly(log n)), then EP 2(Y ) = (1 + o(1))(EP (Y ))2.

Proof. We need to show that ∑
α∈S`,v

E[χα(Y )]

2

= (1− o(1))

 ∑
α,β∈S`,v

E[χα(Y )χβ(Y )]
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For left hand side, we already have lemma B.10. Thus we only need to bound(∑
α,β∈S`,v E[χα(Y )χβ(Y )]

)
. First by direct computation we have

E[χα(Y )χβ(Y )] = (1 + n−Ω(1))kλ4`v−2k E

 ∏
i∈α∆β

x
deg(i,α∆β)
i

 ≤ λ4`v−2kΓ2r−3k

where deg(i, α) is the degree of vertex i in hypergraph α, r is the number of shared vertices and k is
the number of shared hyperedges, Γ = E[x4

i ] = no(1) according to assumptions. Using lemma B.8,
lemma B.10, for any set Sr,k,`,v , we have∑

α,β∈Sr,k,`,v Eχα(Y )χβ(Y )

(EP (Y ))
2 ≤ n−rv2r−4k`2r−3kλ−2kΓ2r−3kv

k
2 exp(cr)

where c is large enough constant. Summing up for different rt, kt and combining the fact that if
r = 3

2k then k ≥ 2`, kt ≥ 1, then we have∑
α,β∈S`,v Eχα(Y )χβ(Y )

(EP (Y ))2

=
∑
rt,kt

c3k/2n−3k/2v−k/2λ−2k
( n

cv2Γ2

)−r+3k/2

`2r−3k

=
∑
kt≥0

∑
rt≥δ(t) max(kt−1,kt)

2r≥3k+1

( n

cv2Γ2

)−r+3k/2 (
c3/2n−3/2λ−2v−1/2

)k
+

∑
kt≥1

(
c3/2n−3/2λ−2v−1/2

)∑
t kt

+ 1

where parity function δ(t) = 2 if t is odd and 1 if t is even. The term 1 comes from the case
r = k = 0. When γ = 0.001n3/2λ2v1/2 > 1 and ` = C logγ n with constant C large enough, the
second term is bounded by n−Ω(1). Since n = ω(cv2Γ2poly(`)), by lemma B.11 the first term is
bounded by o(1). Thus we get the theorem.

B.4 Proof of weak recovery in spiked tensor model

The estimator P (Y ) ∈ Rn we take is defined as following.
Definition B.13 (Polynomial estimator for weak recovery). On directed complete 3-uniform hyper-
graph with n vertices and for i ∈ [n], we define S`,v,i as the set of all copies of hypergraphs generated
in the following way:

• we construct 2` levels of distinct vertex. Level 0 contains vertice i and (v − 1)/2 vertex
in addition. For 0 < t < `, level 2t contains v vertex and level 2t− 1 contains 2v vertex.
Level 2`− 1 contains v vertex.

• We construct a perfect matching between level t, t+ 1 for t ∈ [2`− 2]. For each hyperedge,
1 vertice comes from even level while 2 vertex come from odd level. Each hyperedge directs
from level t to level t+1.(They are connected in the same way as S`,v of the strong detection
case, which is demonstrated in figure 3.)

• Level 0 and 1 are bipartitely connected s.t each vertice in level 0 excluding i has degree 2
while vertice i and vertex in level 1 has degree 1. Level 2`−2 and level 2`−1 are bipartitely
connected s.t vertex in level 2`− 1 have degree 2 while vertex in level 2`− 2 have degree 1.

Then given tensor Y ∈ Rn×n×n, we have estimator P (Y ) ∈ Rn where each entry is degree (2`−1)v
polynomial of entries in Y . For i ∈ [n], the i-th entry is given by Pi(Y ) =

∑
α∈S`,v,i χα(Y ), where

χα(Y ) is multilinear polynomial basis χα(Y ) =
∏

(i,j,k)∈α Yijk and S`,v,i is the set of hypergraphs
defined above.
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We prove that estimator P (Y ) defined in B.13 achieves constant correlation with the planted vector
x. The proof is very similar to the proof of strong detection algorithm.
Lemma B.14. In spiked tensor model, Y = λx⊗3 +W , where the entries in x ∈ Rn, W ∈ Rn×n
are independently sampled with zero mean and unit variance, we consider estimator P (Y ) ∈ Rn
defined above with γ = 0.001n3/2v1/2λ2 = 1 + Ω(1) and ` = O(logγ n). Then we have

E[Pi(Y )xi] = (1− o(1))λ2(`−1)v

((
n

v

)(
n

2v

))`−1(
n

(v − 1)/2

)(
n

v

)
((2v)!)2`−1

2(3v−1)/2

Proof. Since
∑
α∈S`,v,i E[χα(Y )xi] = λ(2`−1)v|S`,v,i|, we only need to bound the size of S`,v,i.

Applying combinatorial arguments to the generating process of S`,v,i, we have

|S`,v,i| = (1− o(1))

((
n

v

)(
n

2v

))`−1(
n

(v − 1)/2

)(
n

v

)
((2v)!)2`−1

2(3v−1)/2

.

Lemma B.15. On the directed complete 3-uniform hypergraph, for i ∈ [n] and a set of simple
hypergraph S`,v,i, we consider any hypergraph α, β ∈ S`,v,i. Between α, β, we denote the number
of shared vertices(excluding vertice i) in level t of α as rt, the number of shared hyperedges between
level t and level t+ 1 of α as kt. Further we denote r =

∑
t rt as the total number of shared vertices

excluding i and k =
∑
t kt as the total number of shared hyperedges.

Then one of the following relations must hold:

• 2r > 3k

• 2r = 3k and α ∩ β is a directed hyper-path starting from vertice i(kt = 1 for all t ∈ [2`]).

• r = k = 0, i.e α, β are disjoint.

• 3k ≥ 2r ≥ 3k − 1 and kt ≥ 1 for all t

Proof. Suppose we have 2r ≤ 3k − 1. Then by degree constraint, in hypergraph α ∩ β, excluding
vertice i, all other vertices have degree 2. This is only possible if for all levels t, vertices contained in
α ∩ β are connected to two hyperedges, implying that kt, kt−1 ≥ 1. Further we have 2r = 3k − 1 in
the case.

Suppose we have 2r = 3k 6= 0 and there is t ∈ [2`] such that kt = 0. Then in the α ∩ β, exactly one
vertice(excluding vertice i) has degree 1 and all the other vertices have degree 2. Thus there is only
one level t′ such that kt = 0. Thus all shared vertices in level t have degree at most 1. This implies
that there is exactly one shared vertice in level t. This is only possible if α ∩ β is a hyperpath starting
from vertice i.

Lemma B.16. Given Y ∈ Rn×n×n sampled from spiked tensor model Y = λ · x⊗3 + W , where
entries in x are sampled independently with zero mean and unit variance and entries in W are
sampled independently with zero mean and unit variance, for any α, β ∈ S`,v,i with k shared
hyperedges and r shared vertices(excluding vertice i), for any α, β ∈ S`,v,i sharing k hyperedges
and r vertices, we have

E[χα(Y )χβ(Y )] ≤ (1 + n−Ω(1))λ−2kΓ2r−3k E[χα(Y )xi]E[χβ(Y )xi]

when ` = O(log n) and v = O(n1/2−Ω(1)),

Proof. This follows from direct computation. Particularly, we have

E[χα(Y )χβ(Y )] = E

 ∏
(i,j,k)∈α∩β

(λxixjxk +Wijk)2
∏

(i,j,k)∈α∆β

(λxixjxk +Wijk)


≤ (1 + n−Ω(1))kλ2(2`−1)v−2k E

 ∏
j∈α∆β

x
deg(j,α∆β)
j


≤ (1 + n−Ω(1))λ−2kΓh E[χα(Y )xi]E[χβ(Y )xi]
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where deg(j, α∆β) represents the degree of vertex j in the hypergraph α∆β, and h is the number of
vertices with degree 4 in the sub-hypergraph α∆β. Such vertices are shared between α, β but do not
incident to any shared hyperedge. By degree constraint of the shared vertices and shared hyperedges,
we have 2r − 3k ≥ s. The claim thus follows.

We consider the set of hypergraph pairs α, β ∈ S`,v,i such that in α

• at level t there are rt vertices(excluding vertice i) shared with β

• between level t+ 1 and level t, there are kt hyperedges shared with β.

We denote such set of hypergraph pairs as S`,v,i,k,r, where k =
∑
t kt, r =

∑
t rt. Then r is just the

number of shared vertices between α, β and k is just the number of shared hyperedges between α, β.
Although we abuse the notations(since the set S`,v,i,k,r is related to kt, rt), by the following lemma
we can bound the size of such set only using k, r, `, v.

Lemma B.17. On directed complete hypergraph with n vertices, for any set S`,v,k,r with ` =
O(log n), v = o(n), k, r ≤ `v, the number of hypergraph pairs contained in the set S`,v,i,k,r is
bounded by

|S`,v,i,k,r| ≤ |S`,v,i|2n−rv2r−7k/2`2r−3k exp(O(r))

Proof. We first choose α ∩ β and shared vertices as subgraph of hypergraph α ∈ S`,v,i, and then
completing the remaining hypergraphs α\β and β\α. If in the α there are rt shared vertices(excluding
i) in level t, and kt shared hyperedges between level t and level t+ 1 for t = 0, 1, . . . , 2`− 1, then
the number of choices for shared vertices and α ∩ β is bounded by

Nα∩β ≤
(
n

r0

)(
n

r2`−1

)(
2r0 + 1

k0

)(
2r2`−1

2k2`−2

) `−1∏
t=1

[(
n

r2t−1

)(
n

r2t

)(
r2t−1

k2t−1

)(
r2t−1

k2t−2

)
(
r2t

2k2t

) (
r2t

2k2t−1

)] 2`−2∏
t=0

(2kt)!

This is upper bounded by
∏2`−2
t=0 (2kt)!

∏2`−1
t=0

(
n
rt

)
exp(O(r)) ≤ nrvk/2 exp(O(r)). Next we choose

the remaining hypergraph α \ β and β \ α respectively. For α \ β, we have

Nα\β =

(
n

v−1
2 − r0

)(
n

v − r2`−1

) `−1∏
t=1

(
n

2v − r2t−1

)(
n

v − r2t

) 2`−2∏
t=0

(2(v − kt))!

≤ |S`,v,i|n−rvrv−2k exp(O(r))

Suppose there are s1 degree 1 vertices in α∩β and s0 vertices shared between α, β but not contained in
α∩β, denoting s = s0+s1, then there are `s ways of placing α∩β and shared vertices in hypergraph β
and the count of remaining hypergraph is also bounded by |S`,v,i|n−rvrv−2k exp(O(r)). Multiplying
together we will get the claim.

Lemma B.18. For t ∈ {0, 1, . . . , 2` − 2}, we define rt, kt ∈ {0, 1, . . . , 2v} and r2`−1 ∈
{0, 1, . . . , v} satisfying that

• For t ∈ [2`− 1], rt ≥ δ(t) max(kt−1, kt), where parity function δ(t) = 2 if t is odd and 1
if t is even.

• r0 + 1 ≥ k0

We denote k =
∑2`−1
t=0 kt and r =

∑2`−1
t=0 rt. We take scalars η = O(`−10) and constant ψ < 1.

Then for 2r ≥ 3k + 1, we have:∑
kt≥0

∑
rt≥δ(t) max(kt−1,kt)

2r≥3k+1

ηr−3k/2ψk ≤ o(1)
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Proof. We note that given kt for t ∈ [`], we have at most `r−(3k−1)/2 choices for all rt. Further
we denote k∆ =

∑
t|kt+1 − kt|. Then given k∆, all kt can take at most k∆ different values. As

a result, fixing these k∆ different values, there are `k∆ choices for kt for t ∈ [`]. Further we have
r − (3k − 1)/2 ≥ k∆/2 ≥ 1/2. Therefore the summation is bounded by

∑
k∆≥1

(η1/4`2
)k∆/2

k∆∏
t=1

∑
kt≥0

ψkt

 = o(1)

Lemma B.19 (Recovery for general spiked model). In spiked tensor model Y = λx⊗3 +W with
the same setting as theorem 1.3, taking γ = 0.001n3/2v1/2λ2 = 1 + Ω(1) and ` = O(logγ n) in the
estimator above, then if n = ω(v2Γ2poly(`)), we have E〈P (Y ),x〉

(E‖P (Y )‖2 E‖x‖2)1/2 = γ−O(1).

Proof. We need to show the estimator P (Y ) ∈ Rn above achieves constant correlation with the
hidden vector x. Equivalently, we want to show that for each i ∈ [n] ∑

α∈S`,v,i
E[χα(Y )xi]

2

= Ω

 ∑
α,β∈S`,v,i

E[χα(Y )χβ(Y )]


For left hand side, we can simply apply B.14. For the right hand side, we have

E[χα(Y )χβ(Y )] ≤ λ−2kΓ2r−3k E[χα(Y )xi]E[χβ(Y )xi]

By lemma, B.17 the contribution to E[P 2
i (Y )]

(E[Pi(Y )xi])
2 with respect to specific rt, kt is bounded by

(n−rvrv−2k)2nrvk/2`sΓ2r−3kλ−2k exp(O(r)) ≤
( n

cv2`2Γ2

)−r+3k/2 (
cn−3/2v−1/2λ−2

)k
where c is constant. When nv−2 = ω(Γ2poly(`)), using the lemma B.18, the dominating term
is given by r ≤ 3

2k. For 2r = 3k − 1, by lemma B.15 we must have k ≥ `, therefore for
cn−3/2v−1/2λ−2 < 1 and ` = C log n with constant C large enough, the contribution is n−Ω(1).
For 2r = 3k, by lemma B.15 either k ≥ 2` or α ∩ β exists as a hyperpath starting from vertex i. The
first case can be treated in the same way as 2r = 3k − 1. For the second case, the contribution is
bounded by

∑2`−1
k=0

(
cn−3/2v−1/2λ−2

)k ≤ 1
1−cn−3/2v−1/2λ−2

Therefore in all, we have (EPi(Y )xi)
2

EP 2
i (Y )

≥ 1− cn−3/2v−1/2λ−2. This is γO(1) when we have relation

cn−3/2v−1/2λ−2 = 1− Ω(1) and n = ω(v2Γ2poly(log(n))).

B.5 Color coding method for polynomial evaluation in order-3 spiked tensor model

B.5.1 Strong detection polynomial

For constant v, although the thresholding polynomial has degree O(log n), these polynomials can
actually be evaluated in polynomial time via color coding method as a generalization of result in
[HS17]. In the same way color coding method also improves the running time of sub-exponential
time algorithms.

We first describe the evaluation algorithm for scalar polynomial, as shown in algorithm 4.

We next describe the construction of matrices M,N,Q given random coloring c : [n] 7→ [3`v].

We have M(V1,S),(V2,T ) = 0 if S ∪ {c(v) : v ∈ V1} 6= T or {c(v) : v ∈ V1} and S are not disjoint.
Otherwise M(V1,S),(V2,T ) is given by

∑
γ∈LV1,V2

χγ(Y ) where LV1,V2
is the set of perfect matching

induced by V1 and V2(each hyperedge in LV1,V2
direct from 1 vertice from V1 to 2 vertice from V2).

In the same way, We have N(V2,S),(V1,T ) = 0 if S ∪ {c(v) : v ∈ V2} 6= T or {c(v) : v ∈ V2} and
S are not disjoint. Otherwise N(V2,S),(V1,T ) is given by

∑
γ∈LV1,V2

χγ(Y ) where LV1,V2
is the set
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Algorithm 4: Algorithm for evaluating the thresholding polynomial

Data: Given Y ∈ Rn×n×n s.t Y = λx⊗3 +W
Result: P (Y ) =

∑
α∈S`,v χα(Y ) (up to accuracy 1 + n−Ω(1))

C = exp(300`v);
for i← 1 to C do

Sample coloring ci : [n] 7→ [3`v] uniformly at random;
Construct a matrix M ∈ R(23`v−1)nv×(23`v−1)n2v

, rows and columns of M are indexed by
(V1, S) and (V2, T ) where V1 ∈ [n]v and V2 ∈ [n]2v are set of vertices while S, T ( [3`v]
are subset of colors.;

Matrices Q,N ∈ RR(23`v−1)n2v×(23`v−1)nv

, the rows and columns of which are indexed by
(V2, S) and (V1, T ) where V1 ∈ [n]v and V2 ∈ [n]2v correspond to subset of vertices while
S, T ⊆ [3`v] are non-empty subset of colors.;

Record pci = (3`v)3`v

(3`v)! Tr((MN)`−1MQ);

Return 1
C

∑C
i=1 pci

of perfect matching induced by V1 and V2(each hyperedge in LV1,V2
direct from 2 vertice in V2 to 1

vertice in V1).

For matrix Q, the indexing and non-zero entry locations are the same as N . However the non-zero
elements are given by

∑
γ∈LV2,V1

χγ(Y ) where LV2,V1
is the set of perfect matching induced by V1

and V2(each hyperedge in LV2,V1
direct from 1 vertice in V1 to 2 vertice in V2).

Lemma B.20 (Evaluation of thresholding polynomial). There exists a n4v exp(O(`v))-time algo-
rithm that given a coloring c: [n] → [3`v](where 3`v is the number of vertices in hypergraph
α ∈ S`,v) and a tensor Y ∈ Rn×n×n evaluates degree 2`v polynomial in polynomial time

pc(Y ) =
∑

α∈S`,v
χα(Y )Fc,α (5)

Fc,α =
(3`v)3`v

(3`v)!
· 1c(α)=[3`v] (6)

when thresholding polynomial P (Y ) defined in B.5 satisfies (EP (Y ))2 = (1 − o(1))EP 2(Y ),
we can take exp(O(`v)) random colorings and give an accurate estimation of the thresholding
polynomial by averaging pc(Y )

Proof. A critical observation is that for each given random coloring c, the algorithm above evaluates
pc(Y ).

We prove that averaging random coloring for pc(Y ) will give accurate estimate for P (Y ). This
follows from the same reasoning as in matrix case. First we note that given any α ∈ S`,v, the
probability the all 3`v vertices in α are assigned different colors is given by (3`v)!

(3`v)3`v . As a result
Ec pc(Y ) = P (Y ). Next, for single coloring we have

E p2
c(Y ) =

∑
α,β∈S`,v

E[Fc,αFc,βχα(Y )χβ(Y )] ≤ exp(O(`v))EP 2(Y ) ≤ exp(O(`v))(E pc(Y ))2

where we use the result that EP 2(Y ) = (1 + o(1))(EP (Y ))2. Therefore, by averaging L =

exp(O(`v)) independent random colorings, the variance can be reduced such that
∑L
t=1 pct (Y )

L =
(1± o(1))P (Y ) w.h.p.

Proof of theorem B.4. Combining lemma B.3, B.12,B.20, and theorem B.3, thresholding P (Y ) will
lead to strong detection algorithm.
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B.5.2 Evaluation of estimator for weak recovery

Next we discuss about the evaluation of polynomial estimator for weak recovery. We denote
`v = 3(2`−1)v+1

2 , which is the number of vertices in each hypergraph contained in the set S`,v,i. The
algorithm is described in 5.

Algorithm 5: Algorithm for evaluating estimation polynomial vector

Data: Given Y ∈ Rn×n×n s.t Y = λx⊗3 +W
Result: P (Y ) ∈ Rn, the i-th entry Pi(Y ) =

∑
α∈S`,v,i χα(Y )(up to accuracy 1 + n−Ω(1))

C = exp(100`v);
for i← 1 to C do

Sample coloring ci : [n] 7→ [`v] uniformly at random;
Construct a matrix M ∈ R(2`v−1)nv×(2`v−1)n2v

, rows and columns of M are indexed by
(V1, S) and (V2, T ) where V1 ∈ [n]v and V2 ∈ [n]2v are set of vertices while S, T ( [`v]
are subset of colors.;

Construct matrix N ∈ RR(2`v−1)n2v×(2`v−1)nv

, the rows and columns of which are indexed by
(V2, S) and (V1, T ) where V1 ∈ [n]v and V2 ∈ [n]2v correspond to subset of vertices while
S, T ⊆ [`v] are non-empty subset of colors.;

Construct matrix A ∈ Rn(v+1)/2×(2`v−1)n2v

. The rows are indexed by (i, V1) where i ∈ [n]
and V1 ∈ [n](v−1)/2. The columns are indexed by (V2, S) where V2 ∈ [n]2v and S ⊆ [`v];

Construct matrix B ∈ R(2`v−1)nv×nv . The rows are indexed by (V1, S) where
V1 ∈ [n]v, S ⊆ [`v]. The columns are indexed by [n]v;

Record pci = A(NM)`−1NB1;

Return 1
C

∑C
i=1 pci

We construct matrices M,N as defined in the strong detection algorithm(but replacing the size of
color set 3`v with `v). We need to construct two additional matrices A ∈ Rn(v+1)/2×(2`v−1)n2v

and
B ∈ R(2`v−1)nv×nv .

Then we describe how to construct matrices A,B. For i ∈ [n],set of vertices V1 in level 0,set of
vertices V2 in level 1 and set of colors T , denoting Si,V1,V2 as the set of all possible connections
between level 0 and 1, entry A(i,V1),(V2,T ) is given by

∑
α∈Si,V1,V2

χα(Y ) if T = {c(v) : v ∈
V1 ∪ v}, v 6∈ V1 and 0 otherwise. In the same way, denoting LV1,V2

as all possible connections
between level 2`− 2 and 2`− 1, we have entry B(V1,S),V2

given by
∑
α∈LV1,V2

χα(Y ) if S ∪ {c(v) :

v ∈ V1 ∪ V2} = [`v], S ∩ {c(v) : v ∈ V1 ∪ V2} = ∅ and zero otherwise.

Lemma B.21 (Evaluation of polynomial estimator). There exists a n3v exp(O(`v))-time algorithm
that given a coloring c:[n] → [`v] and a tensor Y ∈ Rn×n×n evaluates vector pc(Y ) ∈ Rn with
each entry pc,i(Y ) a polynomial of entries in Y

pc,i(Y ) =
∑

α∈S`,v,i
χα(Y )Fc,α

Fc,α =
``vv
`v!
· 1c(α)=[`v]

For polynomial estimator P (Y ) defined in 3.1, for ` = O(log n), v = O(n1/2−Ω(1)), if
0.001λ2n3/2v1/2 > 1, then we can take exp(O(`v)) random colorings and give an accurate esti-
mation of the estimation polynomial Pi(Y ) by averaging pc,i(Y ). When λ2n3/2 = ω(1), we have
n3+o(1) time algorithm for evaluation.

Proof. The critical observation is that pc,i(Y ) can be obtained from vector ξ =

A(NM)`−1NB1(1 ∈ Rnv is all-1 vector), by summing up all rows in ξ indexed by (i, ·).
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By the same argument as in the strong detection algorithm, we can obtain accurate estimate of P (Y )
by averaging exp(O(`)) random colorings when weak recovery is achieved. Therefore, the estimator
can be evaluated in time nO(v) when 0.001λ2n3/2v1/2 > 1.

Moreover, when λ2n3/2 = ω(1), it’s enough to take v = 1 and ` = o(log n). Thus ξ =
A(NM)`−1NB1 can be evaluated in n3 exp(O(`)) = n3+o(1) time by recursively executing matrix-
vector multiplication. Therefore the polynomial estimator achieving strong recovery can be evaluated
in time n3+o(1).

Proof of Theorem 1.3. The estimator x̂ can simply be given by P (Y ). By choosing v such that γ is a
large enough constant, the correlation δ can be achieved by lemma B.19. Further according to lemma
B.21 by the color-coding method, P (Y ) can be evaluated in time nO(v). These proves the claim in
theorem 1.3.

B.6 Equivalence between strong and weak recovery

We focus on the polynomial time regime, i.e v is constant. Our algorithm for weak recovery can
achieve any recovery rate 1− Ω(1) by increasing v when n−3/2v−1/2λ−2 = Θ(1). But achieving
strong recovery with rate 1− o(1) requires n3/2v1/2λ2 = ω(1). In this section, we show that under
some mild conditions, combining concentration argument and ’all or nothing’ amplification, we can
actually obtain strong recovery algorithm when n−3/2v−1/2λ−2 = Θ(1).

For this we need an assumption on the tensor injective norm. The injective norm of an order-p tensor
W ∈ (Rn)⊗p is defined as

‖W‖inj = max
‖u(1)‖=···=‖u(p)‖=1

∑
i1,...,ip

Wi1,...,ipu
(1)
i1
· · ·u(p)

ip

Theorem B.22 (Strong recovery). In general spiked tensor model Y = λ · x⊗3 + W , we take
estimation vector y ∈ Rn, which is given by estimator 3.1 with γ = 0.001n3/2v1/2λ2 = 1 + Ω(1)
and ` = O(logγ n). If injective norm of W is O(n3/4−Ω(1)) with high probability, then for constant
v if v = O(n1/2−Ω(1)), we have x̂ ∈ Rn s.t x̂i =

∑
j1,j2

Yi,j1,j2yj1yj2 achieves strong recovery, i.e
we have 〈 x̂

‖x̂‖ ,
x
‖x‖ 〉 = 1− n−Ω(1) with high probability

Remark: We use assumption that the injective norm of W is n3/4−Ω(1) w.h.p. Now we interpret
this assumption. For Gaussian tensor the injective norm of W is O(n1/2) with high probability. For
general tensor, this assumption is weaker than finite bounded moments.

Lemma B.23. For a tensor W ∈ (Rn)⊗3, the injective norm is O(
√
n) with high probability if the

absolute value of entries in W are all bounded by B = o(n1/4) with high probability.

For arbitrarily small ε = Ω(1), if entries Wijk have bounded 12 + ε-th moment, then by Markov
inequality and union bound, the entries in W are all bounded by B = o(n1/4−Ω(1)) with high
probability.

Proof. For fixed unit vectors x, y, z and T =
∑
ijkWijkxiyjzk, by Hoeffding bound we have

Pr [T ≥ tB′] ≤ exp(−ct2)

where c is constant and B′ is the maximum absolute value of entries in W . We denote the event
B′ ≤ B as A. By assumption A happens with high probability. The ε-net of unit sphere Sε,n has
size at most (O(1)/ε)

n(see e.g Tao’s random matrix book [Tao12] lemma 2.3.4). Thus the size of set
B = {(x, y, z)|x, y, z ∈ Sε,n} is bounded by (O(1)/ε)

3n. Taking union bound on this set we have

Pr[ max
(x,y,z)∈B

〈W,x⊗ y ⊗ z〉 ≥ Bt] ≤ exp(c2n) exp(−ct2) + o(1)

where c2 is constant. Taking t = C
√
n with constant C large enough, it follows that

max(x,y,z)∈B〈W,x⊗ y ⊗ z〉 = O(n3/4−Ω(1)) with high probability.
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Finally we have

‖W‖inj = max
‖x‖=1,‖y‖=1,‖z‖=1

〈W,x⊗ y ⊗ z〉 = 〈W,x∗ ⊗ y∗ ⊗ z∗〉

, where x∗, y∗, z∗ is the maximizer. By definition of ε-net, we can find (x̃, ỹ, z̃) ∈ B such that
‖x̃− x∗‖, ‖ỹ − y∗‖, ‖z̃ − z∗‖ ≤ ε. Thus 〈W,x∗ ⊗ y∗ ⊗ z∗ − x̃⊗ ỹ ⊗ z̃〉 ≤ 4ε〈W,x∗ ⊗ y∗ ⊗ z∗〉.
For small ε, we have ‖W‖inj ≤ 2 max(x,y,z)∈B〈W,x⊗ y⊗ z〉 = o(n3/4−Ω(1)) with high probability.
This proves the claim.

This proof of theorem naturally follows from the weak recovery result above and the following two
lemmas.
Lemma B.24 (All or nothing phenomenon). In general spiked tensor model Y = λ · x⊗3 + W ,
if the injective norm of tensor W is O(n3/4−Ω(1)), then if we have unit norm estimator y ∈ Rn
satisfying 〈y, x/‖x‖〉 = Ω(1) w.h.p, then let x̂ ∈ Rn with x̂i =

∑
j1,j2

Yi,j1,j2yj1yj2 , we have w.h.p〈
x̂
‖x̂‖ ,

x
‖x‖

〉2

= 1− n−Ω(1)

This lemma follows the same proof as appendix D in [WAM19]
Lemma B.25 (Concentration property). For the above estimator P (Y ) ∈ Rn in definition 3.1,when
we take `, v as described in theorem B.19,we have

E〈P (Y ), x〉2 = (1 + o(1)) (E〈P (Y ), x〉)2

We now prove lemma B.25. The proof is very similar to the proof of strong detection in appendix
B.3.

Proof of Lemma B.25. We denote S`,v = ∪i∈[n]S`,v,i. For α ∈ S`,v, we denote xα = xi if α ∈
S`,v,i. Then equivalently we want to show.∑

α,β∈S`,v
E[χα(Y )χβ(Y )xαxβ ] ≤ (1− o(1))

∑
α,β∈S`,v

E[χα(Y )xα][χβ(Y )xβ ]

Since
(∑

α∈S`,v E[χα(Y )xα]
)

= λ(2`−1)v|S`,v|, we only need to bound the size of S`,v . Applying
combinatorial arguments to the generating process of S`,v , we have

|S`,v| = (1− o(1))

((
n

v

)(
n

2v

))`−1(
n

(v + 1)/2

)(
n

v

)
((2v)!)2`−1

2(3v−1)/2

.

Now we bound the right hand side. First for the case that α, β are disjoint(r = 0), we have
E[χα(Y )χβ(Y )] = E[χα(Y )]E[χβ(Y )]. Thus we have∑

α,β∈S`,v
E[χα(Y )χβ(Y )xαxβ ] ≤ (1− o(1))

∑
α,β∈S`,v

E[χα(Y )xα][χβ(Y )xβ ]

For each pair of α, β ∈ S`,v sharing k hyperedges and r vertices, we have

E[χα(Y )χβ(Y )] = (1 + n−Ω(1))kλ2(2`−1)v−2k E

 ∏
j∈α∆β

x
deg(j,α∆β)
j


≤ λ−2kΓO(2r−3k) E[χα(Y )]E[χβ(Y )]

where deg(j, α∆β) represents the degree of vertex j in hypergraph α∆β.

Next we bound the number of hypergraph pairs (α, β) sharing specified vertices and hyperedges. For
this, we first choose α∩ β and shared vertices as a subgraph of a hypergraph α contained in S`,v . We
consider the following case:

• in level t ∈ [2`− 1] of α there are rt shared vertices
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• between the levels t and t+ 1 of α there are kt shared hyperedges.

Then the number of choices for these shared hyperedges and vertices is bounded by Nα∩β(
n

r0

)(
n

r2`−1

)(
2r0

k0

)(
2r2`−1

2k2`−2

) `−1∏
t=1

(
n

r2t−1

)(
n

r2t

)(
r2t−1

k2t−1

)(
r2t−1

k2t−2

)(
r2t

2k2t

)(
r2t

2k2t−1

) 2`−2∏
t=0

(2kt)!

By Strling’s approximation, this is upper bounded by
∏2`−2
t=0 (2kt)!

∏2`−1
t=0

(
n
rt

)
exp(O(r)). Next we

choose the remaining hypergraph α \ β and β \ α respectively. For α \ β, we have

Nα\β =

(
n

v+1
2 − r0

)(
n

v − r2`−1

) `−1∏
t=1

(
n

2v − 2r2t−1

)(
n

v − r2t

) 2`−2∏
t=0

(2(v − kt))!

≤ |S`,v,i|n−rvrv−2k exp(O(r))

For bounding the number of choices for β, suppose α, β share s vertices with degree 0 or 1 in the sub-
graph α∩β. Then there are `s ways of embedding α∩β and shared vertices in hypergraph β. Further
the number of choices for the remaining hypergraph is also bounded by |S`,v|n−rvrv−2k exp(O(r)).
Therefore the contribution to E[〈P (Y ),x〉2]

(E[〈P (Y ),x〉])2 with respect to specific rt, kt is bounded by

(n−rvrv−2k)2nrvk/2`sΓO(2r−3k)λ−2k exp(O(r)) ≤
( n

cv2`2ΓO(1)

)−r+3k/2 (
cn−3/2v−1/2λ−2

)k
where c is constant. By lemma B.18, when v = ω(n1/2−Ω(1)) the dominating term is given by
r = 3

2k. In this case, we must have k ≥ `. For cn−3/2v−1/2λ−2 < 1 and ` = C log n with constant
C large enough, the contribution is n−Ω(1).

Therefore in all, we have (E〈P (Y ),x〉)2

E〈P (Y ),x〉2 = 1−o(1) when we have relation cn−3/2v−1/2λ−2 = 1−Ω(1)

and v = O(n1/2−Ω(1)).

Proof of Theorem B.22. As a result of lemma B.25, by Chebyshev’s inequality we have 〈P (Y ), x〉 =
(1± o(1))E〈P (Y ), x〉 w.h.p. Combined with correlation in expectation and Markov inequality, we
have 〈P (Y ),x〉

‖x‖‖P (Y )‖ ≥ ε · Ω(1) with probability 1 − ε. We set ε = n−Ω(1) and take estimator z ∈ Rn

with zk =
∑
ijk YijkPi(Y )Pj(Y ). Then according to the theorem B.24, we get the strong recovery

guarantee.

C Higher order general spiked tensor model

For clarity, we discuss the algorithms for order-3 spiked tensor model and spiked Wigner model
above. Such claims can be generalized to any constant order tensor without difficulties.

C.1 Strong detection and weak recovery in order-3 spiked tensor model

For spiked tensor model, we define strong detection problem. Specifically given tensor Y sampled
from general spiked tensor model, we want to detect whether it’s sampled with λ = 0 or large λ with
high probability.
Definition C.1 (Strong detection). Given tensor Y ∈ (Rn)⊗p sampled from

• Planted distribution P: the random tensor Y ∈ (Rn)⊗p is sampled as Y = λ · x⊗p + W ,
where x ∈ Rn is a random vector s.t Exi = 0, Ex2

i = 1, andW ∈ (Rn)⊗p has independent,
zero mean and unit variance entries.

• Null distribution Q: where random tensor Y ∈ (Rn)⊗p has independent, zero-mean and
unit variance entries.

with equal probability, we need to find a function of entries in Y : f(Y ) ∈ {0, 1} such that

1

2
P[f(Y ) = 1] +

1

2
Q[f(Y ) = 0] = 1− o(1)
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We also define the notion of weak recovery and strong recovery in spiked tensor model.
Definition C.2. In spiked tensor model Y = λ·x⊗p+W where x ∈ Rn is a random vector s.t Exi =
0, Ex2

i = 1, and W ∈ (Rn)⊗p has independent, zero mean and unit variance entries, We define
that the estimator x̂(Y ) ∈ Rn achieves weak recovery if E〈x̂(Y ), x〉2 ≥ Ω

((
E‖x̂(Y )‖2 E‖x‖2

))
.

Further we define that x̂(Y ) ∈ Rn achieves strong recovery if |〈x̂(Y ), x〉| ≥ (1− o(1))‖x̂(Y )‖‖x‖
with high probability.

Remark: The weak recovery here can be equivalently defined as that with constant probability〈
x̂(Y )
‖x̂(Y )‖ ,

x
‖x‖

〉2

≥ Ω(1). The equivalence follows by Markov inequality.

Theorem C.3. Let x ∈ Rn be a random vector with independent, mean-zero entries having Ex2
i = 1

and Γ = Ex4
i ≤ no(1). Let λ > 0 and Y = λ·x⊗p+W , whereW ∈ (Rn)⊗p has independent, mean-

zero and unit variance entries. Then when v = O(n1/2−Ω(1)) and cpnp/4v(p−2)/4λ = 1 + Ω(1),
there is nO(pv) time algorithm achieving strong detection.
Theorem C.4. Let x ∈ Rn be a random vector with independent, mean-zero and unit variance
entries and Γ = Ex4

i ≤ no(1). Let λ > 0 and Y = λ · x⊗p + W , where W ∈ (Rn)⊗p has
independent, mean-zero entries with EW 2

i1,i2,...,ip
= 1. Then when v = O(n1/2−Ω(1)) and δ =

cpλn
p/4v(p−2)/4 − 1 ≥ Ω(1), there is nO(pv) time algorithm giving unit norm estimator x̂ s.t

〈x̂, x
‖x‖ 〉

2 ≥ δO(1).

Specifically this leads to polynomial time algorithm when λ = Ω(n−p/4).

When the order-p is odd, the analysis is very similar to the one for the case p = 3. Therefore we
mainly talk about case where order p is even and prove the guarantee of the theorem.

C.2 Strong detection algorithm for even p

For strong detection we propose the following thresholding polynomial
Definition C.5 (thresholding polynomial for even p). On directed complete p-uniform hypergraph
with n vertices, we define S`,v as the set of all copies of 2-regular hypergraphs generated in the
following way

• We construct ` levels of vertices, with each level containing pv/2 vertices.

• For t ∈ [`], we connect a perfect matching with v hyperedges between level t and level t+ 1.
Each hyperedge directs from p/2 vertices in level t to p/2 vertices in level t+ 1.

• Finally we similarly connect a perfect matching with v hyperedges between level `− 1 and
level 0. Each hyperedge directs from p/2 vertices in level 0 to p/2 vertices in level `− 1

The thresholding polynomial is given by P (Y ) =
∑
α∈S`,v χα(Y ) where χα(Y ) is the Fourier basis

associated with hypergraph α: χα(Y ) =
∑

(i1,i2,...,ip)∈α Yi1,i2,...,ip .

Lemma C.6. Suppose we have γ = cpv
(p−2)/2λ2np/2 = 1 + Ω(1) with cp small enough constant

related to p, then taking ` = O(logγ n), the projection of likelihood ratio µ̂(Y ) with respect to S`,v
is ω(1) when v = O(n1/2−Ω(1)).

Proof. Given fixed vertices in level t and level t+1, we have ((pv/2)!)2/v! choices for the hyperedges
between level t and level t+ 1. Therefore we have

S`,v = (1− o(1))

(
(pv/2)!)

v!

)`
n`pv/2

. Therefore by Strling’s approximation this implies S`,v ≥ v(p−2)v/2λ2vn`pv/2 exp(−O(v)). There-
fore we have ∑

α∈S`
µ2
α ≥ λ2`vn`pv/2v(p−2)v/2 exp(−O(v)) = ω(1)

when we have `, v as described.
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Lemma C.7. Suppose we have γ = cpv
(p−2)/2λ2np/2 = 1 + Ω(1), and ` = O(logγ n) with cp

small enough constant related to p. If n/v2 = ω(poly(Γ`)) then we have the following concentration
property:

EP 2(Y ) = (1 + o(1))(EP (Y ))2

Proof. We consider α, β ∈ S`,v . We first choose α∩β and shared vertices as subgraph of α and then
select the remaining hypergraph of α, β. As before, we have E[χα(Y )χβ(Y )] ≤ λ4`v−2kΓ2r−pk,
where r is the number of shared vertices,k is the number of shared hyperedges, and Γ = E[x4

i ] =
no(1). Considering shared vertices and hyperedges in α, if there are rt shared vertices in level t and
kt shared hyperedges between level t and level t+ 1, then there are

Nα∩β ≤
∏̀
t=0

(
n

rt

)(
rt
pkt
2

)(
rt

pkt−1

2

)
(((pkt/2)!)2

kt!

≤ nrv(p−2)k/2 exp(O(r))

such subgraphs. On the other hand, the number of choices for the remaining hypergraph of α is
bounded by

Nα−β =

`−1∏
t=0

(
n

pv
2 − rt

)
((p(v − kt)/2)!)2

(v − kt)!

= |S`,v|n−rvr−pk+k exp(O(r))

Then we consider choices for β. Denote the number of degree-1 vertices in α ∩ β as s1 and the
number of shared vertices not contained in α ∩ β as s0. Let s = s0 + s1, then there are at most `s
ways of putting α ∩ β in β. For the same reasoning, number of ways for choosing the remaining
hypergraph of β is also bounded by |S`,v|n−rvr−pk+k exp(O(r)). Therefore, with respect to fixed
number of vertices and hyperedges rt, kt in each level of α, the total number of such hypergraph
pairs Sr,k,`,v is bounded by

|S`,v|2n−rv2r−2pk+2k`sv(p−2)k/2 exp(O(r))

Therefore the corresponding contribution is given by∑
α,β∈Sr,k,`,v

Eχα(Y )χβ(Y )

(EP (Y ))2
≤ n−rv2r−2pk+2k`sv(p−2)k/2λ−2kΓ2r−pk exp(O(r))

Since we have 2r − s ≥ pk by degree constraints, this is bounded by

cpk/2n−pk/2v−(p−2)k/2λ−2k`
( n

cv2Γ2

)−r+pk/2
where c is constant. Summing up for α, β with respect to different rt, kt and combining the fact that
if r = pk/2 then k ≥ 2`, we have∑

rt,kt

cpk/2n−pk/2v−(p−2)k/2λ−2k`
( n

cv2Γ2

)−r+pk/2
=
∑
kt≥0

∑
rt≥δ(t)max(kt,kt−1)

2r≥pk+1

cpk/2n−pk/2v−(p−2)k/2λ−2k`
( n

cv2Γ2

)−r+pk/2
+

∑
kt≥1

(
cp/2n−p/2λ−2v−(p−2)/2

)∑
kt

When γ = cpn
−p/2λ−2v−1/2 > 1 and ` = C logγ n with constant C large enough, the second term

is bounded by n−Ω(1). For the first term we note that given kt for t ∈ [`], we have `r−pk/2 choices
for rt. We denote k∆ = |kt+1 − kt|. Then we have k∆ = O(r − 3k/2). Then given k∆ we have at
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most k∆ different values for kt. As a result fixing these k∆ different values, there are `k∆ choices for
kt for t ∈ [`]. Therefore the first term is bounded by

∑
k∆≥0

( n

cv2poly(Γ`)

)−max(1/2,k∆) k∆∏
t=1

∑
kt≥0

(cp/2n−p/2λ−2v−(p−2)/2)kt

 = o(1)

In all, we have
∑
α,β∈S`,v E[χα(Y )χβ(Y )] ≤ (1 + o(1))(EP (Y ))2

Next we show that the running time can be improved using color-coding method. We describe the
evaluation algorithm 6. We describe the matrices M,N used in the algorithm. The rows and columns

Algorithm 6: Algorithm for evaluating the thresholding polynomial
Data: Given Y ∈ (Rn)⊗p s.t Y = λx⊗p +W
Result: P (Y ) =

∑
α∈S`,v χα(Y )(up to accuracy 1± n−Ω(1))

for i← 1 to C do
Sample coloring ci : [n] 7→ [`v] uniformly at random;
Construct a matrix M,N ∈ R(2p`v−1)npv/2×(2p`v−1)npv/2 ;

Record pci = (p`v)p`v

(p`v)! Tr(M `−1N);

Return 1
C

∑C
i=1 pci

of M are indexed by (V1, S) and (V2, T ) where V1 ∈ [n]pv/2 and V2 ∈ [n]pv/2 correspond to sets
of labels of vertices while S, T ( [`v] correspond to subsets of colors. We have M(V1,S),(V2,T ) = 0
if S ∪ {c(v) : v ∈ V1} 6= T or {c(v) : v ∈ V1} and S are not disjoint. Otherwise M(V1,S),(V2,T ) is
given by

∑
γ∈SV1,V2

χγ(Y ) where SV1,V2
is the set of perfect matching induced by V1 and V2(each

hyperedge in SV1,V2
direct from p/2 vertices from V1 to p/2 vertices from V2).

For matrix N , the indexing is the same as M . The entry N(V1,S),(V2,T ) = 0 if S ∪{c(v) : v ∈ V1} 6=
T or {c(v) : v ∈ V1} and S are not disjoint. Otherwise N(V1,S),(V2,T ) is given by

∑
γ∈SV2,V1

χγ(Y )

where SV2,V1 is the set of perfect matching induced by V2 and V1(each hyperedge in hypergraph
α ∈ SV2,V1 directs from p/2 vertices from V2 to p/2 vertices from V1).

Lemma C.8 (Evaluation of thresholding polynomial). There exists a nO(v)-time algorithm that given
a coloring c:[n]→ [p`v](where p`v is the number of vertices in hypergraph α ∈ S`,v) and a tensor
Y ∈ (Rn)⊗p evaluates degree 2`v polynomial below in polynomial time

pc(Y ) =
∑

α∈S`,v
χα(Y )Fc,α (7)

Fc,α =
(p`v)p`v

(p`v)!
· 1c(α)=[p`v] (8)

when thresholding polynomial P (Y ) defined in C.5 satisfies (EP (Y ))2 = (1 − o(1))EP 2(Y ),
we can take exp(O(`v)) random colorings and give an accurate estimation of the thresholding
polynomial by averaging pc(Y ).

Proof. The observation is that pc(Y ) is just given by (p`v)p`v/(p`v)! times the trace of (M)`−1N .
For any coloring c, the evaluation of pc(Y ) can be done in time n3pv/2 exp(O(`v)).

Next we prove that averaging random coloring for pc(Y ) will give accurate estimation for P (Y ) in
the detection algorithm. First we note that Ec pc(Y ) = P (Y ). Next, for single coloring we have

E p2
c(Y ) =

∑
α,β∈S`,v

E[Fc,αFc,βχα(Y )χβ(Y )] ≤ exp(O(`v))EP 2(Y ) ≤ exp(O(`v))E[(E
c
pc(Y ))2]

where we use the result that EP 2(Y ) = (1 + o(1))(EP (Y ))2. Therefore, by averaging L =

exp(O(`v)) random colorings, the variance can be reduced such that
∑L
t=1 pct (Y )

L = (1± o(1))P (Y )
w.h.p.
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Remark: When λ = Ω(n−p/4), we can take cpλnp/4v > 1 with cp being small enough constant
dependent on order p. This leads to O(n2pv) time algorithm with constant v. When λ = ω(n−p/4),
we can simply take P (Y ) =

∑
i1<i2<...<ip

Yi1,i2,...,ipYip,ip−1,...,i1 . Obviously such polynomial can
be evaluated in linear time.

Proof of Theorem C.3. Combining lemma C.6 and the concentration property proved in lemma C.7,
we get a strong detection algorithm by thresholding P (Y ). Using the lemma C.8, such polynomial
can be evaluated in nO(pv) time. This proves the theorem.

Remark: When p = 2 and v = 1, this gives polynomial time strong detection algorithm for the
spiked matrix model when λ = (1 + Ω(1))n−1/2.

C.3 Weak recovery algorithm for even p

For weak recovery we want to propose estimator P (Y ) ∈ Rn×n such that(
E
〈
P (Y ), xx>

〉)2
(EP (Y )‖2F ‖E‖xx>‖2F )

= Ω(1)

For even p, it can always be decomposed into two odd numbers p1 and p2 s.t p = p1 + p2. Let p1, p2

be such a pair of odd numbers that minimizes |p2 − p1|. Then we define the estimation vector for
weak recovery as following:

Definition C.9 (Estimator for even-p weak recovery). Given tensor Y ∈ (Rn)⊗p, we have estimator
P (Y ) ∈ Rn×n where each entry Pij(Y ) is a degree (2`−1)v polynomial given by

∑
α∈S`,v,i,j χα(Y )

where S`,v,i,j is the set of hypergraph generated in the following way:

On p-uniform directed complete hypergraph on n vertices, S`,v,i,j is the set of p-uniform hypergraph
on n vertices which can be generated in the following way

• we construct 2` levels of vertices. Level 0 contains vertex i and (p1v − 1)/2 vertices in
addition. For 0 < t < `, level 2t contains p1v vertices while for 0 < t < `− 1 level 2t+ 1
contains p2v vertices. Level 2`− 1 contains vertex j and (p2v − 1)/2 vertices in addition.
All vertices are distinct.

• We construct a perfect matching between level t, t+ 1 for t ∈ [1, 2`− 2],each hyperedge
directs from p1 vertices in even level to p2 vertices in odd level.

• Level 0 and 1 are connected as bipartite hypergraph s.t each vertex in level 0 excluding i has
degree 2 while vertex i and vertices in level 1 has degree 1. Level 2`− 2 and level 2`− 1
are connected as bipartite hypergraph s.t vertices in level 2`− 1 excluding j has degree 2
while vertices in level 2`− 2 and vertex j has degree 1

We consider the set of hypergraph pairs α, β ∈ S`,v,i,j such that in α

• at level t there are rt vertices(excluding vertice i, j) shared with β

• between level t+ 1 and level t, there are kt hyperedges shared with β.

We denote such a set of hypergraph pairs as S`,v,i,j,k,r, where k =
∑
t kt, r =

∑
t rt. Then r is just

the number of shared vertices between α, β and k is just the number of shared hyperedges between
α, β. Although we abuse the notations(since the set S`,v,i,j,k,r is related to kt, rt), by the following
lemma we can bound the size of such set only using k, r, `, v.

Lemma C.10. On the directed complete p-uniform hypergraph with n vertices, for any set S`,v,i,j,k,r
with ` = O(log n), v = o(n), k, r ≤ `v, the number of hypergraph pairs contained in the set
S`,v,i,j,k,r is bounded by

|S`,v,i,j,k,r| ≤ |S`,v,i,j |2n−rv2r−2(1−p)k+(p−2)k/2`O(2r−pk) exp(O(r))
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Proof. we only need to bound the size of S`,v,i,j . Applying combinatorial arguments to the generating
process of S`,v,i,j , we have

|S`,v,i,j | = (1− o(1))

((
n

p1v

)(
n

p2v

))`−1(
n

(p1v − 1)/2

)(
n

(p2v − 1)/2

)
((p1v)!(p2v)!)2`−1

v2`−12(pv−2)/2

On the other hand, first choose α∩β and shared vertices(excluding i and j) as subgraph of hypergraph
α ∈ S`,v,i,j . For the shared vertices and hyperedges consisting in α, if there are rt vertices in level
t ∈ [2`− 1] and kt hyperedges between level rt and level rt+1, then the number of such intersection
is bounded by Nα∩β :(

n

r0

)(
n

r2`−1

)(
2r0 + 1

p1k0

)(
2r2`−1 + 1

p2k2`−2

) `−1∏
t=1

(
n

r2t−1

)(
n

r2t

)(
r2t−1

p1k2t−1

)(
r2t−1

p1k2t−1

)(
r2t

p2k2t

)
(

r2t

p2k2t−1

) 2`−2∏
t=0

(p1kt)!(p2kt)!

kt!

This is upper bounded by
2`−2∏
t=0

(p1kt)!(p2kt)!

kt!

2`−1∏
t=0

(
n

rt

)
exp(O(r))

. Next we choose the remaining hypergraph α \ β and β \ α respectively. For α \ β, we have

Nα\β =

(
n

p1v−1
2 − r0

)(
n

p1v−1
2 − r2`−1

) `−1∏
t=1

(
n

p2v − r2t−1

)(
n

p1v − r2t

)
2`−2∏
t=0

(p1(v − kt))!(p2(v − kt))!
kt!

≤ |S`,v,i,j |n−rvrv−(p−1)k exp(O(r))

Suppose there are s1 degree 1 vertices in α∩β and s0 vertices shared between α, β but not contained in
α∩β, denoting s = s0 +s1, then there are `s ways of placing α∩β and shared vertices in hypergraph
β and the count of remaining hypergraph is also bounded by |S`,v,i,j |n−rvrv−(p−1)k exp(O(r)).
Multiplying them together, we get the claim.

Lemma C.11. For t ∈ {0, 1, . . . , 2` − 2}, we define rt, kt ∈ {0, 1, . . . , p2v} and r2`−1 ∈
{0, 1, . . . , p1v} satisfying that

• For t ∈ [2`− 1], rt ≥ δ(t) max(kt−1, kt), where parity function δ(t) = p2 if t is odd and
p1 if t is even.

• r0 + 1 ≥ p2k0

We denote k =
∑2`−1
t=0 kt and r =

∑2`−1
t=0 rt. We take scalars η = O(`−10) and constant ψ < 1.

Then for 2r ≥ pk + 1, we have:∑
kt≥0

∑
rt≥δ(t) max(kt−1,kt)

2r≥pk+1

ηr−pk/2ψk ≤ o(1)

Proof. We note that given kt for t ∈ [`], we have at most `r−(pk−1)/2 choices for all rt. Further
we denote k∆ =

∑
t|kt+1 − kt|. Then given k∆, all kt can take at most k∆ different values. As

a result, fixing these k∆ different values, there are `k∆ choices for kt for t ∈ [`]. Further we have
r − (pk − 1)/2 ≥ k∆/2 ≥ 1/2. Therefore the summation is bounded by

∑
k∆≥1

(η1/4`2
)k∆/2

k∆∏
t=1

∑
kt≥0

ψkt

 = o(1)
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Lemma C.12. Taking γ = cpn
p/2v(p−2)/2λ2 = 1 + Ω(1)(where cp is a constant related to p) a

large enough constant and ` = O(logγ n) in the estimator above, then if v = O(n1/2−Ω(1)), we have

E〈P (Y ), xx>〉
(E‖P (Y )‖2F E‖x‖4)

1/2
= 1− γ−O(1)

Proof. We need to show the estimator P (Y ) ∈ Rn above achieves constant correlation with the
hidden vector x. Equivalently we want to show that for each i, j ∈ [n], we have ∑

α∈S`,v,i,j
E[χα(Y )xixj ]

2

= Ω

 ∑
α,β∈S`,v,i,j

E[χα(Y )χβ(Y )]


Since we have

(∑
α,β∈S`,v,i,j E[χα(Y )xixj ]

)
= λ(2`−1)v|S`,v,i,j |, Moreover we have

E[χα(Y )χβ(Y )] = (1 + n−Ω(1))λ2(2`−1)v−2k E

 ∏
j∈α∆β

x
deg(j,α∆β)
j


≤ λ−2kΓO(2r−pk) E[χα(Y )xixj ]E[χβ(Y )xixj ]

where deg(j, α∆β) represents the degree of vertex j in hypergraph α∆β. By lemma C.10 the

contribution to E[P 2
ij(Y )]

(E[Pij(Y )xixj ])2 with respect to specific rt, kt is bounded by

(n−rvrv(1−p)k)2nrv(p−2)k/2`sΓO(2r−pk)λ−2k exp(O(r))

Because we have 2r− s− 2 ≥ pk by degree constraints, we study the terms in cases of 2r− s > pk
and 2r − s <= pk. For the case 2r − s > pk, the sum of contribution is o(1) by lemma C.11. For
the case 2r − s = pk, α ∩ β consists of 2 hyperpaths respectively starting from i and j. Further each
shared vertex is contained in α ∩ β. For such case the contribution is bounded by

∑
`1,`2

cp(`1+`2)n−p(`1+`2)/2v−(p−2)(`1+`2)/2λ−2(`1+`2) ≤

(∑
`1

c`1n−p`1/2v−(p−2)`1/2λ−2`1

)2

≤
(

1

1− v−(p−2)/2n−p/2λ−2

)2

For the case 2r − s < pk, α ∩ β contains more than 2` − 1 hyperedges. For ` = O(logγ n) with
hidden constant large enough, the contribution is also o(1). Therefore in all we have(

E〈P (Y ), xx>〉
)2

E‖P (Y )‖2F E‖xx>‖2F
= 1− v−(p−2)/2n−p/2λ−2 + o(1)

Therefore when n = ω(cv2Γ2polylog(n)) and γ = 1 + Ω(1) a large enough constant, we have
weak recovery algorithm by taking the leading eigenvector of matrix P (Y ). When γ = ω(1), taking
leading eigenvector of P (Y ) gives strong recovery guarantee.

Next we evaluate the polynomial estimator for weak recovery using color-coding method, as shown
in algorithm 7. We denote `v = p(2`−1)v+1

2 as the number of vertices in each hypergraph contained
in S`,v,i,j .

Next we describe how to construct matrices M,N,A,B. The rows and columns of M are indexed
by (V1, S) and (V2, T ) where V1 ∈ [n]p1v and V2 ∈ [n]p2v are set of vertices while S, T ( [`v] are
subset of colors. We have M(V1,S),(V2,T ) = 0 if S ∪ {c(v) : v ∈ V1} 6= T or {c(v) : v ∈ V1} and S
are not disjoint. Otherwise M(V1,S),(V2,T ) is given by

∑
γ∈SV1,V2

χγ(Y ) where SV1,V2
is the set of

perfect matching induced by V1 and V2(each hyperedge in SV1,V2
direct from p1 vertices from V1 to

p2 vertices from V2).

For matrix N , the indexing are the same as M . We have N(V1,S),(V2,T ) = 0 if S ∪{c(v) : v ∈ V1} 6=
T or {c(v) : v ∈ V1} and S are not disjoint. Otherwise N(V1,S),(V2,T ) is given by

∑
γ∈SV2,V1

χγ(Y )
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Algorithm 7: Algorithm for evaluating estimation matrix
Data: Given Y ∈ (Rn)⊗p s.t Y = λx⊗p +W
Result: P (Y ) ∈ Rn×n, with Pij(Y ) =

∑
α∈S`,v,i,j χα(Y )(up to accuracy 1± n−Ω(1))

C ← exp(100`v);
for i← 1 to C do

Sample coloring ci : [n] 7→ [`v] uniformly at random;
Construct matrices M,N ∈ R(2`v−1)np1v×(2`v−1)np2v ;
Construct matrices: A ∈ Rn(p1v+1)/2×(2`v−1)np2v ,B ∈ R(2`v−1)np1v×n(p2v+1)/2

;
Construct matrices L(1) ∈ Rn×n(p1v+1)/2

, L(2) ∈ Rn(p2v+1)/2×n ;
Record matrix pci = L(1)A(NM)`−2NBL(2);

Return 1
C

∑C
i=1 pci

where SV2,V1
is the set of perfect matching induced by V2 and V1(each hyperedge in hypergraph

α ∈ SV2,V1
directs from p2 vertices from V2 to p1 vertices from V1).

We consider a subset of hypergraphs contained in S`,v,i,j with i, j ∈ [n], denoted by Hi,j,V1,V2 .
The set of vertices in level 0 of these hypergraphs is fixed to be {i} ∪ V1, where V1 ⊆ [n]. The
set of vertices in the level 1 of these hypergraphs is fixed to be V2 ⊆ [n]. We denote Si,V1,V2 as
the following set of spanning subgraphs: a hypergraph α ∈ Si,V1,V2 if and only if there exists a
hypergraph β ∈ Hi,j,V1,V2

such that the hyperedge set of α is the same as the set of hyperedges
between level 0 and 1 of β.

In the same way, we consider a subset of hypergraphs contained in S`,v,i,j with i, j ∈ [n], denoted by
Li,j,V1,V2 , with vertices in levels 2`− 2 and 2`− 1 fixed. We denote SV1,V2,j as the following set of
spanning subgraphs: a hypergraph α ∈ SV1,V2,j if and only if there exists a hypergraph β ∈ Li,j,V1,V2

such that the hyperedge set of α is the same as the set of hyperedges between level 2`− 2 and 2`− 1
of β.

By these definitions, the entry A(i,V1),(V2,T ) is given by
∑
α∈Si,V1,V2

χα(Y ) if T = {c(v) : v ∈
V1 ∪ v}, v 6∈ V1 and 0 otherwise. The entry B(V1,S),V2

is given by
∑
α∈SV1,V2

χα(Y ) if S ∪ {c(v) :

v ∈ V1 ∪ V2} = [`v], S ∩ {c(v) : v ∈ V1 ∪ V2} = ∅ and zero otherwise.

Finally, we construct the deterministic matrices L(1), L(2). The columns of matrix L(1) are indexed
by (j, V1), where j ∈ [n] and V1 is a size-n(p1v+1)/2 subset of [n]. The rows are indexed by i ∈ [n].
The entry L(1)

i,(j,V1) = 1 if j = i and 0 otherwise. The transpose of L(2) is indexed in the same way.

The entry L(2)
(j,V1),i = 1 if i = j and 0 otherwise.

Lemma C.13 (Evaluation of polynomial estimator). Given sampled colorings c1, c2, . . . , cC:[n]→
[`v] and a tensor Y ∈ (Rn)⊗p, the algorithm 7 return a matrix p(Y, c1, . . . , cC) ∈ Rn×n in time
nO(pv). When E〈P (Y ),xx>〉

n(E‖P (Y )‖2F )
1/2 = δ = Ω(1), with high probability over the sampling of random

colorings c1, c2, . . . , cC we have the following guarantee:

EY 〈p(Y, c1, . . . , cC), xx>〉
n (EY ‖p(Y, c1, . . . , cC)‖2F )

1/2
≥ (1− o(1))δ ≥ Ω(1).

Remark: When λ = ω(n−p/4), using power method for extracting leading eigenvector, we have
np+o(1) time algorithm for evaluating the leading eigenvector of the matrix returned by the algorithm.

Proof. For any coloring c : [n] 7→ [`v], and any α ∈ S`,v,i,j , we define indicator random variable
Fc,α which equals to 1 if the vertices in α are assigned different colors and 0 otherwise. Then we
have

∑
α∈S`,v,i,j χα(Y )Fc,α can be obtained from the matrix H = A(NM)`−2NB in the algorithm

by summing up all entries in H indexed by row (i, ·) and column (j, ·). Thus given random coloring
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c the algorithm evaluates matrix pc(Y ) = L(1)A(NM)`−2NBL(2) whose (i, j) entry is given by

pc,i,j(Y ) =
∑

α∈S`,v,i,j
χα(Y )Fc,α

By the same argument in the strong detection algorithm, we can obtain accurate estimation of P (Y )
by averaging npv exp(O(`v)) random colorings when γ = cpλ

2np/2v(p−2)/2 = 1 + Ω(1) where
cp is small enough constant related to p. Therefore when v is chosen such that γ is a large enough
constant, taking the leading eigenvector ofD(Y ) = 1

L

∑L
t=1 pct(Y ) generates an estimator achieving

weak recovery. Since ` = O(logγ n), the polynomial can be evaluated in time nO(pv) when we have
cpλ

2np/2v(p−2)/2 > 1 and v = O(n1/2−Ω(1)). This leads to polynomial time algorithm when v is
constant.
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