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Tensor completion exhibits an interesting computational-statistical gap in terms of the number of samples
needed to perform tensor estimation. While there are only @(tn) degrees of freedom in a t-order tensor with n’
entries, the best known polynomial time algorithm requires O(n‘/2) samples in order to guarantee consistent
estimation. In this paper, we show that weak side information is sufficient to reduce the sample complexity
to O(n). The side information consists of a weight vector for each of the modes which is not orthogonal to
any of the latent factors along that mode; this is significantly weaker than assuming noisy knowledge of the
subspaces. We provide an algorithm that utilizes this side information to produce a consistent estimator with
O(n'**) samples for any small constant k > 0. We also provide experiments on both synthetic and real-world
datasets that validate our theoretical insights.

CCS Concepts: « Theory of computation — Design and analysis of algorithms; Sample complexity
and generalization bounds; - Mathematics of computing — Dimensionality reduction.

Additional Key Words and Phrases: tensor completion, side information, low rank, matrix estimation

ACM Reference Format:

Christina Lee Yu and Xumei Xi. 2022. Tensor Completion with Nearly Linear Samples Given Weak Side
Information. Proc. ACM Meas. Anal. Comput. Syst. 6, 2, Article 39 (June 2022), 35 pages. https://doi.org/10.1145/
3530905

1 INTRODUCTION

A tensor is a mathematical object that can be used to represent multiway data. A dataset in which
each datapoint is indexed by t indices can be represented by a t order tensor. A 2-order tensor is
simply a matrix, with each datapoint being referenced by two indices referring to the row and
column. Multiway data arises in many applications. For example, image data can be represented by
a 3-order tensor, with two indices referring to the pixel location, and the third index referring to
the color modes of RGB. Video data could then be represented by a 4-order tensor with the 4th
mode representing time. E-commerce data is also multiway, with each datapoint of interaction on
the platform being associated to a user id, product id, and timestamp. As network data is naturally
represented in a matrix form, data collected from monitoring a network changing over time can
be represented in a 3-order tensor. Neuroimaging data involves 3D-scans that can be represented
in a 3-order tensor. Microbiome studies or protein interaction data involves network data of co-
ocurrence or interaction counts; this network can be collected across many different patients with
different demographics, and it may be useful to represent the full data as a 3-order data to look for
patterns amongst subpopulations rather than to just aggregate the data into a single matrix.
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Often the tensor dataset can be very sparse due to the observation process. For example, e-
commerce data is very sparse as any given user only interacts with a small subset of the products
at sparse timepoints. In experimental studies, each datapoint may be costly to collect, and thus
the sparsity could be limited by available budget. The observations themselves can also be noisy
or corrupted due to the experimental process or mistakes in data entry. As a result, the task of
tensor estimation, or learning the underlying structure given noisy and incomplete tensor data, is a
significant building block in the data analysis pipeline.

In the setting of sparse tensor completion, a critical question is how many datapoints does one
need to observe (sampled uniformly at random) in order to estimate the underlying tensor structure?
Consider a t- order data tensor with n’ entries, i.e. each mode has dimension n. When we only
observe a small subset of entries, it is impossible to guarantee recovery without imposing structure
on the underlying tensor. The typical assumptions to impose are low rank and incoherence style
conditions. Essentially the low rank conditions reduce the number of unknown model parameters
to linear in n even though the number of possible tensor entries is n’ for a ¢-order tensor. The simple
statistical lower bound on the sample complexity, or minimum number of observations for recovery,
is thus Q(n), as there are linear in n degrees of freedom in the low-rank model. Tensor nuclear
norm minimization requires O(n*?) observations for a t-order tensor, however the algorithm is
not polynomial time computable as tensor nuclear norm is NP-hard to compute [16, 38]. The best
existing polynomial time algorithms require O(n'/?) observations for a t-order tensor. There is a
large gap between what is polynomial time achievable and the statistical lower bound.

For a 3-order tensor, [1] conjectured that Q(n*?) samples are needed for polynomial time
computation based on a reduction of tensor completion for a class of a rank 1 tensors to the random
3-XOR distinguishability problem. Conditioned on the hardness of random 3-XOR distinguishability,
their result proves that any approach for tensor completion that relies on the sum of squares
hierarchy or Rademacher complexity will require Q(n%?) samples. The fact that the class of hard
instances in [1] are simply rank 1 tensors suggests that rank may not be a sufficient measure
of complexity for tensor estimation. As a result of the hardness conjecture, recent literature has
accepted the threshold of ©(n*/?) as a likely lower bound for computationally efficient algorithms,
and instead has shifted attention to reducing dependence with respect to constant properties of the
model, such as rank or incoherence constants.

In this paper we consider what conditions are sufficient to achieve nearly linear sample complexity
by the use of auxiliary information. In the most general setting of tensor estimation, the indices of
the data entries themselves are not expected to carry valuable information other than linking it to
other entries associated to the same index. In particular, the distribution of the data is expected
to be equivalent up to permutations of the indices. However, in reality we often have addition
knowledge or side information about the indices in each mode such that the full generality of an
exchangeable model is not the most appropriate model. For example, with video or imaging data,
we expect the data to exhibit smoothness with respect to the pixel location and frame number,
which are encoded in the indices of the associated modes. For e-commerce data, there is auxiliary
data about the users and products that could relate to the latent factors. While there has been
several empirical works studying the potential promise for utilizing side information in tensor
completion, none of the works provide theoretical results with statistical guarantees.

1.1 Related Literature

Tensor completion has been studied in the literature as a natural extension of matrix completion to
higher dimensions. The approach and techniques have naturally focused around extensions of matrix
completion techniques to tensor completion. The earliest approaches unfold the tensor to a matrix,
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and apply variations of matrix completion algorithms to the constructed matrix [17, 25, 33, 34].
Given a t-order tensor where each mode has dimension n, there are 2/ — 1 possible unfoldings of
the tensor to a matrix, each corresponding to a partition of the ¢ modes. For example, if 74 and 75
are disjoint non-empty subsets of ] such that 74 U rg = [¢], the corresponding unfolding of the
tensor would result in a n/™! x n!™8! matrix, where each row would correspond to a member of the
cartesian product of coordinates in the modes referenced by 74, and each column would correspond
to a member of the cartesian product of coordinates in the modes referenced by z5. There would
still be overall n’ entries in the matrix, with a 1-1 mapping to the n’ entries in the original tensor.
The above results utilize the fact that low rank and incoherence conditions for the original tensor
result in low rank and incoherence conditions for the unfolding of the tensor to the constructed
matrix. As matrix completion algorithms are limited in their sample complexity by the maximum of
the dimensions of the rows and columns, the unfoldings that minimize sample complexity are those
that unfold the tensor to a nl/2l x nl*/21 matrix, resulting in a sample complexity of O(n!*/21).

Unfolding the tensor to a matrix is limiting as the algorithm loses knowledge of the relationships
amongst the rows and columns of the matrix that were exhibited in the original tensor, i.e. there are
rows and columns in the unfolded matrix that share coordinates along some modes of the original
tensor. There have subsequently been a series of works that have attempted to use tensor structure
to reduce the sample complexity. The majority of results have focused on the setting of a 3rd order
tensor, but many of the results can also be extended to general t-order tensors. Tensor nuclear
norm minimization requires only sample complexity of O(n?/?) for a general t-order tensor, but
tensor nuclear norm is NP-hard to compute and thus does not lead to a polynomial time algorithm
[16, 37]. The best polynomial time algorithms require a sample complexity of O(n‘/?) for an order
t tensor. These results have been attained using extensions from a variety of techniques similar to
the matrix completion setting, including spectral style methods [27, 35], convex relaxation via sum
of squares [1, 30], minimizing the nonconvex objective directly via gradient descent [8, 35, 36] or
alternating least squares [3, 20], or iterative collaborative filtering [31]. The naive statistical lower
bound is Q(n) as the number of unknown parameters in a low rank model grows linearly in n.
This still leaves a large gap between the sample complexity of the best existing polynomial time
algorithms and the statistical lower bound. [1] provides evidence for a computational-statistical
gap by relating tensor completion via the Rademacher complexity and sum of squares framework
to refutation of random 3-SAT.

While the above works all consider a uniform sampling model, [40] considers an active sampling
scheme that achieves optimal sample efficiency of O(n). Their approach requires a specific sampling
scheme that aligns all the samples to guarantee that along each subspace there are entire columns of
data sampled. While this result yields optimal bounds and is useful for settings where the data can
be actively sampled, many applications do not allow such active control over the sampling process.
[9] considers the tensor recovery problem, which allows for general measurement operators instead
of only single entry observations. They prove that spectral initialization with Riemannian gradient
descent can recover the underlying tensor with only O(nr?) Gaussian measurements, achieving the
optimal linear dependence on n. Their result relies on the tensor restricted isometry property that
arises from the Gaussian measurements. As such, it does not extend to entrywise observations.

The inductive matrix completion problem considers the setting when exact or partial subspace
information is provided alongside the matrix completion task [7, 13, 14, 18, 19]. When exact subspace
information is given, the degrees of freedom in the model is significantly reduced as one only
needs to estimate the smaller core matrix governing the interaction between the row and column
subspaces. As a result, the sample complexity reduces from a linear to logarithmic dependence on
the matrix dimension n [19]. [14] further considers the setting where noisy or partial information
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about the subspace is given, modeling the desired matrix as a sum of the interaction between the
side information and a low rank residual matrix. However, under partial or noisy side information,
the sample complexity is still linear in n as the degrees of freedom in the model is still linear
in n. There have been empirical works showing benefits of utilizing side information for tensor
completion. The most common model assumes that the side information is given in the form of a
subspace for each of the modes that contains the associated column subspace of each matricization
associated to an unfolding of the tensor [2, 6, 10, 29, 43]; this is a natural extension of the inductive
matrix completion setting. Given the subspaces, since the degrees of freedom in the model no
longer grows with n, one would expect that the sample complexity would reduce to logarithmic in
n, although none of these papers provide formal statistical guarantees. [28] assumes that the side
information is given in the form of similarity matrices amongst indices in each mode of the tensor,
which they incorporate into the algorithm via a Laplacian regularizer. [23] considers a Bayesian
setup in which the side information is in the form of kernel matrices that are used to construct
Gaussian process priors for the latent factors. None of these above mentioned results in tensor
completion with side information provide formal statistical guarantees, although the empirical
results seem promising.

We utilize a similar insight as [22], which shows that for orthogonal symmetric tensors, when all
entries are observed, tensor decomposition can be computed by constructing n X n matrices with
the same latent factors as the tensor. Their setting assumes that all entries are observed, and thus
does not provide an algorithm or statistical guarantees for noisy and sparsely observed datasets.
We extend the idea to sparsely observed tensors and beyond orthogonal symmetric tensors. Our
specific algorithm uses the nearest neighbor collaborative filtering approach for matrix completion,
introduced in [4, 5, 24, 31, 32].

1.2 Contributions

Consider a t-order tensor with dimension n along each mode, and assume we are given a sparse set
of noisy observations where each entry is sampled independently with probability p and observed
with mean zero bounded noise. When the tensor has low orthogonal CP-rank, we assume a weak
form of side information consisting of a single vector for each mode which simply lies in the column
space of the associated matricization of the tensor along that mode. Furthermore suppose the side
information vectors are not exactly aligned with any of the latent factors. Under these assumptions,
we provide a simple polynomial time algorithm which provably outputs a consistent estimator as
long as the number of observed entries is at least Q(n!™) for any arbitrarily small constant k > 0,
nearly achieving the linear lower bound resulting from the degrees of freedom in the model. We
extend our results beyond low orthogonal CP-rank tensors as well, providing a characterization for
sufficient side information to admit nearly linear sample complexity.

To our knowledge, this is the first theoretical result for tensor completion with side information,
provably showing that given weak side information the sample complexity of tensor estimation
can reduce from the conjectured n'/? to nearly linear in n. The side information we assume is
significantly weaker than assuming knowledge of the full subspaces, and thus is more plausible for
real applciations. Our proposed algorithm is simple, essentially using matrix estimation techniques
on constructed matrices of size n X n to learn similarities between coordinates. These similarities
are used to estimate the underlying tensor via a nearest neighbor estimator. An additional benefit
of our analysis is that we are able to prove that with high probability, the maximum entrywise error
of our estimate decays as O(max(n*/4, n=(*1)/(t+2)) \here the expected number of observations
is n!** for any small constant x > 0 and the O notation simply hides polylog factors. Our result
implies an infinity norm bound on the error rather than the looser typical mean squared error
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Fig. 1. Depicting an unfolding of a 3rd order tensor along mode 1, denoted as T(;). The columns of the
resulting matrix are referred to as the mode-1 fibers of the tensor. The submatrices alternating in color are
referred to as slices of the tensor along modes (1, 2).

bounds provided in the existing literature. We also provide experiments on both synthetic and
real-world datasets that validate our theoretical insights.

2 PRELIMINARIES

Consider the task of estimating a t-order tensor T given observations {T°% (i) }jcq for some Q c
[n1] X [n2] X - - - [n;] where |Q| is significantly smaller than nin; ... n,. Assume an additive noise
model where T°%% (i) = T(i) + E(i) for i € Q, and E is the noise matrix with independent mean zero
entries. We assume a uniform Bernoulli sampling model where each entry is observed independently
with probability p, i.e. 1jeq] ~ Bernoulli(p).

Let T(;) denote the unfolded tensor along the £-th mode, which is a matrix of dimension n, X
[1e e\ ey ner- We refer to columns of T(;) as mode-¢ fibers of tensor T, which consists of vectors
constructed by varying only the index in mode ¢ and fixing the indices along all other modes not
equal to ¢£. We refer to slices of the tensor along modes (¢, ') to be the matrix of entries resulting
from varying the indices in modes ¢ and ¢’ and fixing the indices along all modes not equal to ¢ or
¢’. Figure 1 visualizes one such unfolding of the tensor.

We must impose low dimensional structure on the underlying tensor to reasonably expect sparse
tensor estimation to be feasible. Unlike in the matrix setting, there are multiple definitions of tensor
rank. CP-rank is the minimum number of rank-1 tensors such that their sum is equal to the desired
tensor. An overcomplete tensor is one for which the CP-rank is larger than the dimension n. The
latent factors in the minimal rank-1 CP-decomposition may not be orthogonal. The Tucker rank, or
multilinear rank, is a vector (r1, 75, ...r;) such that for each mode ¢ € [¢], r; is the dimension of the
column space of T(;), the unfolded tensor along the £-th mode to a n, X [;,, n; matrix. The Tucker
rank is also the minimal values of (r,ry, ... r;) for which the tensor can be decomposed according
to a multilinear multiplication of a core tensor A € R"*"2%-"t with latent factor matrices Q; ... Q;
for Q, € R™*", denoted as

T=(Qi®Q0)- (A= > ARGk ®(k)-®Q(k), (1)
ke[r]x[rz]---x[r:]

and depicted in Figure 2. The higher order SVD (HOSVD) specifies a unique Tucker decomposition
in which the factor matrices Q; . .. Q; are orthonormal and correspond to the left singular vectors
of the unfolded tensor along each mode. Furthermore, the slices of the core tensor A along each
mode are mutually orthogonal with respect to entrywise multiplication, and the Frobenius norm of
the slices of the core tensor are ordered decreasingly and correspond to the singular values of the
matrix resulting from unfolding the tensor along each mode [15]. The direct relationship between
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Fig. 2. (Left) The tensor CP-rank admits a decomposition corresponding to the sum of r rank-1 tensors.
(Right) The Tucker rank or multilinear rank (rq, ra, ... r;) admits a decomposition corresponding to a multi-
linear multiplication of a core tensor of dimensions (r1, 2, ...r;) with latent factor matrices associated to
each mode. The number of degrees of freedom in each model scales linearly with n via the latent factors.

the HOSVD and the SVD of each unfolded tensor provides a direct method to compute the HOSVD
and thus the multilinear rank from complete observation of a tensor.

If the CP-rank is r, the Tucker-rank is bounded above by (r,r,...r) by constructing a superdiago-
nal core tensor. If the Tucker rank is (ry, 73, . . . r+), the CP-rank is bounded by the number of nonzero
entries in the core tensor, which is at most ryr, - - - r;/(max, r,) [15]. While the latent factors of the
HOSVD are orthogonal, the latent factors corresponding to the minimal CP-decomposition may not
be orthogonal. For simplicity of presentation, we will first consider a limited setting where there
exists a decomposition of the tensor into the sum of orthogonal rank-1 tensors. This is equivalent
to enforcing that the core tensor A associated to the Tucker decomposition is superdiagonal, or
equivalently enforcing that the latent factors in the minimal CP-decomposition are orthogonal.
There does not always exist such an orthogonal CP-decomposition, however this class still includes
all rank 1 tensors which encompasses the class of instances used to construct the hardness conjec-
ture in [1]. Our results also extend beyond to general tensors as well, though the presentation is
simpler in the orthogonal setting.

As some of our matrix and tensor variables will have subscripts, we will index entries in the matrix
or tensor by arguments in parentheses, i.e. Q;(a, b) denoting the entry in matrix Q, associated to
index (a, b). We will use bold font i = (i, iy, ... ;) to denote the index vector of a tensor and i, to
denote the ¢-th coordinate of vector i. For data vectors, we use parentheses notation to access entries
in the vector. We use e, to denote the standard basis vector with 1 at coordinate a and zero elsewhere,
and we use 1 to denote the all ones vector. We denote the set [n] = {1,2,...n}. A(S) denotes the
probability simplex over S. Fory # z € [t]% let T,;(a,b) = {i € [n1] X - -+ X [n;] s.t. iy = a,i; = b}
denotes the set of indices i such that the y-th coordinate is equal to a and the z-th coordinate is
equal to b. Similarly define . (a,b) = {k € [r1] X --- X [r¢] s.t. ky = a,k, = b}.

3 KEY INTUITION IN A SIMPLE SETTING

Consider a simple setting for a 3-order tensor that has low orthogonal CP-rank r, i.e.
r
T =" 4Qi(-k) ® Qs k) ® Qs(-, k), (2)
k=1

where ® denotes an outer product and the columns of the latent factor matrices Q; € R™*",
Q, € R™*" and Q3 € R™*" are orthonormal. This is equivalent to assuming a Tucker decomposition
consisting of the latent factor matrices Q1, Qs, and Qs, with a superdiagonal core tensor A having
(A1, A2, ... A;) on the superdiagonal. Suppose that you were given additional information that for
each k € [r] and ¢ € [3], [{Q,(- k), nial)| > p > 0. Let us construct matrix Mfzbs by averaging
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observed entries along the 3rd mode,

3 T (a,b, 1)L (api)ea
Y2 Lapiea) )

M7y (a,b) = 3
The expectation of Mfzbs with respect to the randomness in the sampling pattern and obser-
vation noise is a rank r matrix that has the same latent factors as the underlying tensor, i.e.
(ionditioned on (a,b) being observed, E [Mfzbs(a, b)] = eZQJ\QZT ep where A is diagonal with
Apr = A{05(+, k), n%l). The key observation is that the matrix E [Mfzbs (a, b)] and tensor T share
the same latent factor matrices Q; and Q,. In Section 5.3, we show that this insight extends to the
general context of a t-order tensor. Repeating this construction along other modes would result
in matrices whose expected values share the latent factor matrix Qs with the tensor. A natural
approach is to use these constructed matrices to estimate the latent factors of the original tensor
along each mode. This insight is also used by [22] in the context of tensor factorization with a fully
observed tensor.

Denote the sparsity pattern of matrix M{’st with Q;,, where (a,b) € Q,, iff there exists at least
one i € [ns3] such that (a,b,i) € Q, i.e. there is an observed tensor datapoint involving both
coordinates a and b. Due to the Bernoulli sampling model, 1 [(@b)etus] is independent across all

(a,b) € [n1] X [n3], and P((a,b) € Q13) = 1— (1 —p)™ =: p ~ pns, where the approximation
holds if pns = 0(1). As a result, the density of observations in Mfzbs is p = ©(min(1, pns)), which is
significantly more dense than the original tensor dataset.

In this simple setting where |[(Q,(-, k), nisl)l > 1, we have reduced the task of estimating the
latent factor matrices of a sparsely observed tensor T to the easier task of estimating the latent
factors of a not-as-sparsely observed matrix E [Mfzbs ] where the data is also generated from a
Bernoulli sampling model. As matrix estimation is very well understood, we can then apply methods
from matrix estimation to learn the latent factors of E [Mfzbs] The non-zero singular values of
E [Mlozbs] are Ak (Qs(-, k), nlal), which has magnitude bounded below by |Ax|p by assumption from
the additional information. If this inner product were equal to zero for any value of k, it would
imply that the rank of E [Mfzbs] is strictly smaller than the r such that we would not be able to
recover the full desired latent factor matrices for T by estimating E [Mlozbs].

The distribution of Mfzbs (a, b) depends not only on the original additive noise model of the tensor,
but also the sampling process and the latent factors Qs. For example the simplest rank-1 setting
with exact observation of the tensor entries is depicted in Figure 3. The observation M°’*(a, b)

12
takes value 1Q;(a, 1)Q2(b, 1)Z,;,, where

7 22 Qs(i, DI [(apieq)
b= .
¢ 2 Lapieal

(4)

This highlights that the noise is in fact a multiplicative factor Z,;, where E [Z,5] = (Qs (-, k), nis 1)
and the independence in the original tensor observations also implies Z,;, are independent across
indices (a, b). Incoherence style assumptions on the latent factor guarantee that this multiplicative
noise factor is not ill-behaved. While any matrix estimation algorithm could plausibly be used on
Mfzbs , the theoretical results require analyses that are robust to more general noise models beyond
the commonly assumed Gaussian additive noise model. When the data entries are bounded, we
will use the approach in [4, 31, 32] as they provide statistical guarantees for general mean zero
bounded noise.

Let’s consider the impact on the sample complexity when the dimensions are equal, i.e. n; = n, =
---n; = n. In contrast to approaches that unfold the tensor to a matrix, our algorithm collapses the
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Entrywise multiplication

> Qs(d, e p,iyeq)
22 Lapiea)

ii.d. entries Zgp =

Each entry observed with probability p for Q3(+,1) = (1,1,3,1,2) s.t. E[Zyp] = 1.6p

Fig. 3. For arank 1 tensor with no additive noise, averaging out entries in the third mode results in a matrix
whose expected value is a rank 1 matrix with the same latent factors as the original tensor.

tensor such that the constructed matrix has only O(n?) entries rather than O(n') entries. Since
matrix estimation algorithms require sample complexity scaling linearly in the maximum dimension
of the matrix, this can be high for flattenings of the tensor to a matrix, in fact the maximum matrix
dimension will always be at least O(n'/?). By collapsing the tensor via averaging out other modes,
the maximum matrix dimension of Mfzbs is only linear in n. As a result estimating E [Mfzbs] only
requires roughly linear in n observations, which is significantly lower than the O(n'/?) sample
complexity common in tensor estimation.

To summarize, the key insight is that while there may not be sufficient observations to directly
perform inference over the tensor T°?* due to high noise or sparsity, the constructed matrix Mfzbs
can be significantly less noisy and sparse due to aggregating many datapoints. As low rank matrix
completion algorithms only requires observing roughly linear number of entries in order to recover
the underlying matrix, the goal is to show that we could recover the underlying tensor T when
the number of observations is roughly linear in the dimension n, by applying matrix completion
methods to appropriately constructed n X n matrices.

3.1 Sufficient Side Information

While we sketched the intuition for the simplest setting with low orthogonal CP-rank and the
condition that [(Q¢ (", k), 5, L 1)| > p > 0, this approach can be extended. The key property we needed

was knowledge of some We1ght vector W, € R™ such that |(Q,(-, k) Wg)l > p1 > 0. Given such a
weight vector, instead of computing M"bs according to a uniform averaging of observed entries as
in (3), we simply compute a modified average using the given weight vector according to,
S T (a, b, )Y Ws (D)1 [ ap, De]

YiZi Labieol

M7} (a,b) = ©)
The expectation of M“bs would still share the same latent factor matrices as the tensor T, with

[M"bs(a b)] = eTQlAQ2 ep for (a,b) € Q where A is diagonal with Agr = 4(Qs (-, k) Wg)
which has magnitude bounded away from zero by assumption on W;. As a result, we could apply
the same approach of estimating the latent factor matrices of the tensor using the more densely
populated matrix M"bs (a,b). In the same way that we will require incoherence style regularity
conditions on Qy, under the weighted model, we additionally require regularity conditions on the
weighted latent factor matrices diag(W;)Qp.
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When does such side information in the form of these specified weight vectors exist? And
when would it be reasonable to assume knowledge of such side information? The condition that
[{Qe (-, k), %MH > p > 0 for all £, k simply imposes that the properly scaled weight vector W,
must not be nearly orthogonal to any of the latent factors Q, (-, k). In comparison to other common
models of side information, this is significantly weaker than assuming full knowledge of the column
space of Q,. The requirement that W; is not directly aligned to the latent factors is mild, for example
it would be satisfied by any linear combination of the latent factors with coefficients bounded
away from zero, e.g. choosing a weight vector according to n%Wg = 22:1 1eQr (-, k) would satisfy
(Qr(+ k), nile) = yy. If the latent factor matrices Q, satisfy incoherence-like properties, the vector
W, would also satisfy similar regularity conditions. As a result, given observed features of the
indices, it is relatively mild to assume that one can construct a vector that satisfies the desired
properties for the side information.

When the tensor does not have low orthogonal CP-rank, i.e. the core tensor corresponding to
the HOSVD is not superdiagonal, the equivalent condition for sufficient side information is slightly
more involved. We discuss the formal conditions for general tensors in Section 5. Also, one may
ask whether we could simply use the observed entries to construct a weight vector W, in which
case one would not need to be provided the weight vector in advance as auxiliary side information.
Although this could be possible in special scenarios, a case study of the set of hard instances used
in [1] shows that this is not possible in fullest generality, which we discuss in section 5.2.

4 ALGORITHM

Given sparse noisy observations of the tensor T°%, and given side information in the form of
a weight vector W, € R™ for each mode ¢ € [t], the main approach is to transform the tensor
estimation problem into a matrix problem where the latent factors of the matrix are the same as
the latent factors of the tensor. Once we learn the latent factors of the tensor, we use the estimates
to reconstruct the original tensor. While one could use different existing matrix algorithms for
estimating the latent factor matrices given the constructed matrices, we choose to use a variant of
the iterative collaborative filtering algorithm from [5] due to its ability to handle general bounded
noise models.

Our algorithm uses a subroutine from the iterative collaborative filtering algorithm in [5] to
compute distances cfy(a, b) that approximate ||Q£(ea — ep)||lw for an appropriate W. Subsequently
it uses those distance estimates to compute nearest neighbor estimates over the tensor dataset. For
simpler notation, we assume that n; = ny = ... n, = n and the density of observations p = n~(!=D+x
for k¥ > 0. The analysis can be modified to extend to tensors with uneven dimensions as long as the
dimensions scale according to the same order. An additional benefit of using a nearest neighbor
style algorithm is that the analysis leads to bounds on the maximum entrywise error of the final
estimate as opposed to aggregate mean squared error bounds typical in the literature.

4.1 Formal Algorithm Statement

To facilitate cleaner analysis, we assume access to three fresh samples of the dataset, TI"bS, Tz"bs ,
and T;’bs associated to observation sets Q1, Q,, Q3 respectively (this is not necessary and can be
instead handled by sample splitting as illustrated in [5]). Each dataset is used for different part of
the algorithm to remove correlation across computations in different steps. Tl"bs is used to construct
M;I;S in (6); TZObS is used in the distance computation in (8), and T;’bs will be used for the final
estimates in (10).

Phase 1 (Estimating distances): For each mode y € [t], choose some z # y and follow Steps 1-3
to estimate distances d(a, b) for each pair of (a,b) € [ny]2 using the datasets Tl"bs and Tz"bs .

Proc. ACM Meas. Anal. Comput. Syst., Vol. 6, No. 2, Article 39. Publication date: June 2022.



39:10 Christina Lee Yu and Xumei Xi

Step 1: Construct MZfs and associated data graph. Construct M"IZ’S using data in Tl"bS according to

il .(ab) I PS(@) [reqep g2y We(ie)
|QﬂIyz(a>b)| ,

b
My (a,b) = (6)
where recall that 7,;(a,b) = {i € [n1] X --- X [n/] s.t. iy = a,i; = b}, and i = (i1, i3, ...i;). Let Qyz
denote the index set of nonzero entries in M;’ﬁs. Let G, denote the bipartite graph with vertex sets
[ny] and [n.] and edge set E,.. The pair (g, b) € [ny] X [n.] is an edge in E; iff (a,b) € Qyz.
Step 2: Construct BFS trees and associated statistics. For each a € [ny], construct a breadth first
search tree rooted at vertex a using edges in G.. Let S, denote the set of vertices in G, that are
at distance s from root vertex a. Let B, denote the set of vertices in G, that are at distance at

most s from a, i.e. Bys = Uj_ Sap. Let path(a, i) denote the set of edges along the shortest path
from vertex a to i. Define neighborhood vectors

Nos() =T[es,y || Mir(wo). (7)

(u,0) epath(a,i)
Denote normalized neighborhood vectors as Na,s = Ngs/|Sas|- Choose the depth s = [In(n)/In(pn'~')].

Step 3: Distance computation. For each a # b € [n]?, compute distance estimates oiy(a, b) via

dy(a,b) = D(a a) + D(b,b) — D(a,b) — D(b, a) (8)
D(w,0) = — ZNus<z>st+1<J> D, M [ Wk 9)
hel (i,j) te[t]\{y.z}

where 7 (i, j) = I, (i, j) for even values of s and 7 (i, j) = Z,,.(j, i) for odd values of s.

Step 4: Latent subspace computation (optional). While the distance estimates in oiy will be sufficient to
compute the nearest neighbor estimator described below in Phase 2, if one desires to directly obtain
an estimate for the latent subspaces, one could compute the singular value decomposition of the
symmetric matrix corresponding to the distance estimates dy, and let Qy denote the eigenvectors
corresponding to the top r, eigenvalues of the estimated distance matrix. Qy serves as an ry-
dimensional approximation for the latent subspace along the y-th mode of the tensor.

Phase 2 (Nearest neighbor averaging): Given the distance estimates ofy(a, b) for all y € [¢] and
(a,b) € [ny]?, estimate the tensor using nearest neighbor averaging,

Siea, TP (K (i)

10 == K

for K(i,i) = 1—[ Uayiniy <ol (10)

telt]

where we use a simple threshold kernel with parameter = © (max(n~*/2, n=2(x+1)/(t+2)))

Let m = |Q| denote the number of observations in the tensor, and let m’ = max,; |f2yz| denote
the maximum number of observations in the matrices that are constructed from averaging out
t — 2 modes of the tensor, where the maximium is taken over y, z. A naive upper bound on the
computational complexity of the algorithm is t(m + nm’ + nm’) + n'm, where the terms are from
constructing the matrix M;i’s , for constructing the BFS trees associated to G, computing pairwise
distances, and calculating the nearest neighbor estimator. One could improve the computational
complexity of the algorithm by choosing only to compute pairwise distances between a subset
of vertex pairs, and clustering the vertices. For an appropriate choice of number of clusters, this
would achieve the same theoretical guarantees while having significantly reduced computation.
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4.2 Variations of the Algorithm

We presented a specific algorithm above to illustrate how to use the given side information to
simplify tensor completion. However, the basic approach of using the side information to reduce
the tensor to a matrix along each mode can also lead to other natural algorithms arising from other
matrix estimation algorithms, as presented below.

Phase 1 (Estimate latent subspaces): For each mode y € [¢] and some z # y, construct the
matrix MZ';S according to equation (6). Use any low rank matrix estimation algorithm to estimate

E [M;’Z’S ] denoting the output as Myz. Compute the singular value decomposition of Myz, and let

Qy denote the left singular vectors corresponding to the top r, largest singular values of Myz. Qy
is as an ry-dimensional approximation for the latent subspace along the y-th mode of the tensor.

Phase 2 (Least squares minimization): Using the matrices Qy as an approximation for the latent
factor matrices Q,, the tensor can be approximated by a multilinear multiplication of the latent
factor matrices Ql, Qg, ... Qt with a r; X rp X - - - 7, core tensor. Compute T by solving the following
unconstrained convex program minimizing the squared error

minimize Z(T"bs(i) —T(i))? 11)
ieQ

st. T=(01®---01) - (A) (12)

A e RrxrxT (13)

Empirically, we find that both proposed variants of Phase 1 are not computationally costly (unless
the matrix estimation subroutine chosen is itself costly), but the nearest neighbor averaging in
Phase 2 can be slow. The least squares minimization variant of Phase 2 is both faster and seems to
perform slightly better in practice, as it does not require tuning of hyperparameters, whereas nearest
neighbor averaging is sensitive to the choice of the averaging threshold. The nearest neighbor
averaging variant is still useful to present though as it facilitates an easier analysis for showing our
significant gains in sample complexity.

5 THEORETICAL GUARANTEES

We will present theoretical guarantees for the algorithm presented in Section 4.1, which builds
upon the iterative collaborative filtering style matrix estimation algorithm; as a result the model
assumptions and analysis are similar to [5]. The first two are standard assumptions on uniform
sampling and mean zero bounded observation noise.

AsSUMPTION 1 (SAMPLING MoDEL). The set of observations is draw from a uniform Bernoulli(p)
sampling model, i.e. each entryi € [n1] X [nz] X -[n;] is observed independently with probability p.

AssuMPTION 2 (OBSERVATION NOISE). Each observation is perturbed by independent mean zero
additive noise, i.e. T°(i) = T(i) + E(i) where E(i) are mean zero and independent across indices.
Furthermore we assume boundedness such that |T°% (i)| < 1.

The boundedness on T°% (i) implies that the noise terms E(i) are also bounded and and also allow
for heteroskedastic noise. The next assumption is in lieu of the standard incoherence assumption,
which imposes regularity. We assume a latent variable model, in which the coordinates of each
mode ¢ are associated to latent variables that are drawn from a population distribution, which for
simplicity of notation is modeled as uniform over the unit interval. The population distribution can
be easily extended to general distributions over a bounded set.
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AssUMPTION 3 (LATENT VARIABLE MODEL). For each mode t € [t], each coordinate i, € [n,] is
associated to an i.i.d. sampled latent variable x,(i;) ~ U[0, 1]. Each mode is associated to a set of r
bounded orthonormal functions {qex }xe[,] With respect to U[0, 1], i.e. |qp(x)| < B and

1
E [qoe (x)qen ()] = /0 ek (X)qen () = Lo (14)

The ground truth tensor can be described by a bounded latent function f of the latent variables with
finite spectrum r, where |f(x)| < 1 and f can be decomposed according to

T(i) = f(x1(i1), x2(i2), .. . x:(iy)) = Z A(K) gk, (x1(i1)) qak, (x2(i2)) - - - qek, (x4 (i) (15)

ke[r]t
for some core tensor A € RV,

The decomposition in (15) implies that the tensor T can be written according to a Tucker
decomposition as in (1) with latent factor matrices Q,(i,k) = g (x,(i)) and core tensor A(k)
having dimension r X r X - - - r. This implies the multilinear rank or Tucker rank is bounded above
by (r,r,...r). The multilinear rank of the tensor T will be given by the multilinear rank of the core
tensor A. As formally stated, we assume the latent variables are sampled from U[0, 1], but this can
be relaxed to any general population distribution P, over a bounded set.

The latent variable model assumptions impose a distribution over the latent factors of the tensor
such that in expectation over the randomness in the latent factors, they are orthogonal. The latent
variables induce a distribution on the latent factors of the low rank decomposition via the functions
qexk (x). For sufficiently large ny, ny, . . . ny, the distribution of the sampled latent variables will be
close to that of the population distribution, such that the finite averages over the sampled latent
variables will converge to the population mean over the latent variable distribution. As a result,
Qs ...Q; are random latent factor matrices that have orthogonal columns in expectation with
respect to the latent variable distribution, and as ny, ng, ...n; — oo the columns of the sampled
latent factor matrices of the tensor will be approximately orthogonal with high probability.

Along with the boundedness property, the generative model over the latent factors also guarantees
incoherence style regularity conditions with high probability. Intuitively, incoherence attempts
to formalize the concept that the signal is well spread amongst the coordinates and no single
coordinate contains a critical component of the signal that is not exhibited by any other coordinate.
When the latent factors are sampled from an underlying population distribution over a bounded
set, then for sufficiently large n,, there will be other coordinates that exhibit similar latent variables,
and thus carry similar information content. This assumption also helps to ensure that the ground
truth tensor is not too empty. In particular, as the latent function is independent of the dimensions
ni, ... n; and sparsity p, even if the latent function f may take value zero for some subset of the
latent feature space, it is still a constant measure with respect to the dimensions and sparsity
parameters. As a result, the fraction of indices i for which i € Q and f(i) # 0 will scale as ©(p).

AssuMPTION 4 (LipscHITZNESS). The latent function f(x) is L-Lipschitz with respect to the 1-norm
over the latent vector x € [0, 1]".

The Lipschitz assumption is used only in the analysis of the final estimate computed from nearest
neighbor averaging. This assumption can be replaced by conditions on the induced distribution
over Q,(i, -) guaranteeing that for any index i € [n,], there exists sufficiently many indices j € [n,]
such that ||Qt,T(el- — ¢;)||2 is small, such that averaging over similar indices in the nearest neighbor
estimator will converge.
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AsSUMPTION 5 (SIDE INFORMATION). Side information is provided in the form of weight vectors W, €
[—1,1]" such that their values are consistent with associated weight functions wy : [0,1] — [-1,1]
evaluated on the latent variables, i.e. W;(i) = w;(x;(i)). Furthermore, for each pairy # z € [t]?, the
matrix Ayz € R™" defined by

Maby= 3 A0 [ 3 awlawele). (16)

keJyz(ab) te[t]\{y.z}  i€[n]

is well conditioned with high probability with respect to the latent variables, i.e. the condition number
of the matrix A is bounded by a constant. Recall that J,.(a,b) = {k € [r]* s.t. k, = a, k, = b}.

When the core tensor A is superdiagonal, i.e. only having nonzero entries in indices k =
(k,k,...k), then the assumption on side information is equivalent to assuming that for each
t € [t]and k € [r], % 2iefn] 9ek (xe(i))we (x(i)) is bounded away from zero. Assumption 5 gener-
alizes the intuition presented in Section 3 beyond low CP-orthogonal rank tensors as A does not
need to be superdiagonal for this condition to be satisfied. However, Assumption 5 does require the
multilinear rank of the core tensor A to be balanced and equal to (r,r,...r) in order for there to
exist such a weight function such that IN\yz is full rank and well-conditioned for all (y, z).

For simplicity of notation, we present our main theorem for ny = ny = - - - = n; = n, however the
result extends to uneven dimensions as well as long as they scale proportionally together.

THEOREM 1. Assume the data generating model for the observation tensor T°?® satisfies Assumptions
1to 4, and assume the side information {W;},c[;) satisfies Assumption 5. Under sparse observations
with p = n= =D for i > 0, with probability 1 — 8(1+—Z(1)) the max entrywise error of the estimate
output by our algorithm is bounded above by

10g1/4(n2) logl/(t+2) (nt+1) ))

max [T ~TM] = O( max( pmin(e /4" (e [(642)

It follows then that the mean squared error is also bounded above by

1 AL . log /2 (n2) 1og?/(t+2) (pt+1
B| 7 Siepue (F0) — T(0)?| = 0 max (S, B,

Theorem 1 implies that given our model assumptions for ultra-sparse settings where the density
p = n~ =V for any arbitrarily small x > 0, with high probability the max entrywise error of the
estimate output by our algorithm goes to zero. Our result suggests that given appropriate side
information, the estimation task is no harder for tensor estimation relative to matrix estimation,
requiring only nearly linear sample complexity. This nearly linear sample complexity is a significant
improvement from the best sample complexity of O(n‘/?) achieved by polynomial time algorithm,
and is even better than the best achieved bound of O(n%/?) of any statistical estimator. This form of
side information only requires weak signal of the latent subspaces, and is significantly easier to
satisfy than assuming full knowledge of the latent subspaces, as has been commonly assumed for
previous empirical works studying tensor completion with side information.

The proof of the main theorem revolves around showing that the estimated distances tfy(a, b)
concentrate around a function of the true distances with respect to the tensor latent factors,
ie. ||AQg(ea — ¢p)||2 for a well conditioned matrix A. Given bounds on the estimated distances,
we only need to bound the performance of the nearest neighbor estimator, which follows from
the independence of observation noise, the assumption that there are sufficiently many nearby
datapoints, and a simple bias variance tradeoff.
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5.1 Discussion

Our results assume a latent variable model and constant rank as it builds upon the algorithm and
techniques from [4]. These assumptions replace the typical incoherence style conditions, as they
guarantee that with high probability the latent factors are incoherent. This is reasonable for real-
world settings with high dimensional data, as it essentially imposes regularity that the dimensions
are associated to an underlying population distribution which satisfies regularity properties. The
Lipschitz assumption is used to analyze the final nearest neighbor estimator, and is not necessary if
we directly estimate the tensor from the latent factors.

Simulations suggest that the alternate variations of the algorithm using other matrix estimation
algorithms also attain similar guarantees, which give us reason to believe that the theoretical
guarantees also likely extend. However, the analysis of the matrix estimation algorithms would
need to handle heteroskedastic noise (or just arbitrary bounded mean zero noise), as the variance
across sampling of entries in the other t — 2 modes would depend on how widely the entries vary
across the tensor. Additionally one would need guarantees on the row recovery of latent factors,
which many of the previous work do not have. Recent work by [12] provides stronger control
on recovery of latent factors, however it assumes a Gaussian noise model and would need to be
extended to allow for arbitrary bounded noise that could result from aggregating entries sampled
along other modes of the tensor.

The most restrictive assumption on the tensor is that the multilinear rank must be balanced, i.e.
equal to (r,r,...r) for some constant value of r. When the multilinear rank is not evenly balanced,
the proposed algorithm will not be able to fully recover information about the latent subspaces,
since the dimension of the column space of Ayz for any choice of weight vectors may be strictly
lower than r,, which is equal to the dimension of the column space of T(,), the unfolded tensor
along the y-th mode. The limitation of our result follows from the specific construction of the
matrix MZIZ’S by computing a weighted averaging along all other modes of the tensor except y and z.
In particular, the i-th column of Ml‘;ﬁs consists of a weighted average of mode-y fibers of the tensor,
but specifically restricted to fibers corresponding to the i-th column of the slices of the tensor along
modes (y, z), weighted according to the same weight vector. As such, the dimension of the column

obs
yz
of the tensor along mode-z, which could be smaller if r, < r,. A possible extension of our idea
that we leave for future exploration is to construct a different type of matrix MZbS which consist of
columns derived from weighted combinations of the mode-y fibers, not limited to aligning fibers
along slices of the tensor. The goal would be to construct M;bs such that the column space of

space of the expected matrix E [M ] is limited by the dimension of the column space of unfolding

expected matrix E [MZ”S ] is equal to the column space of T ). This seems plausible as the mode-y

fibers span the desired subspace. The weighted combinations should combine a significant number
of the mode-y fibers in order to guarantee that even when the dataset is only sparsely sampled, the
density of observations in M;’bs is sufficiently large.

5.2 In the Absence of Side Information

The requirements of the side information for our result are weak and minimal in contrast to the
assumptions made by other works in the literature, which either assume knowledge of the latent
subspace [2, 6, 10, 29, 43], or similarity or kernel matrices that express relationship amongst the
coordinates [23, 28]. We only require knowledge of a weight vector for which taking a weighted
average along the specified mode does not zero out any component of the signal, which is far from
requiring knowledge of the latent subspaces. One may ask whether it could be possible to construct
the side information perhaps by sampling random weight vectors, or computing it as a function of
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the data itself. If this were possible, it would suggest an algorithm achieving nearly linear sample
complexity even without side information. In general this is not possible without further conditions
restricting the class of possible tensors. For example, consider the class of rank-1 tensors used to
argue the hardness result from [1]. The latent factor vector 8 € {—1,+1}" consists of randomly
sampled entries where 0(i) for i € [n] is —1 with probability 1/2 and +1 with probability 1/2.
As a result, for any choice of weight vector W € R” which is not too sparse, the expected value
of (0, W) is zero, and furthermore with high probability, the typical vector § will also result in a
small inner product with the weight vector due to the symmetry in the generating distribution.
As a result, the constructed matrices MZIZ’S would have an expected value of zero, clearly not
preserving the latent subspace. Any class of tensors with such symmetry would also exhibit similar
properties; for example if we sampled the latent factor matrices by normalizing random matrices
where each entry is sampled from an independent mean-zero Gaussian, with high probability the
latent factors would be orthogonal to any fixed or randomly sampled weight vector. However, one
could argue that such perfect symmetry is in fact not common in real-world datasets. In section
6, we benchmark our algorithm on both synthetic and real-world datasets, and we find that this
assumption on side information is in fact satisfied for the real-world datasets derived from traffic
and MRI measurements. We conjecture that in fact many real-world datasets are not perfectly
symmetric, such that the naive all ones weight vector would perform well; this only requires that
the sums of the latent factors are not too close to zero.

The ability to collect a limited amount of active samples could alternately replace the requirement
for side information. If for each mode ¢ € [t] we actively sampled an entire mode-¢ fiber at random,
then the sampled vector could be used as the weight vector W;. The mode-¢ fiber lies in the desired
column space by definition, and by sampling a fiber at random, it is likely that the sampled vector
would satisfy the required conditions. This suggests that given a budget of tn active samples, we
could produce a consistent estimate of the full tensor with nearly linear sample complexity, in
contrast to the n/? sample complexity without the active samples. This is consistent to the result
in [40], which states that with an active sampling scheme, one can estimate the full tensor with
O(rtn) samples by directly estimating the latent subspaces from the actively sampled datapoints.
Our result shows that limited ability to collect samples actively, can still be immensely beneficial
even if the active samples are not sufficient themselves to fully recover the tensor.

5.3 Proof Sketch

While we defer the formal proof to the appendix, we give the rough intuition and sketch of the

proof here. The main property that the approach hinges on is that the column space of E [MZ'Z’S] is

the same as the column space of T(,), and furthermore the matrix M;’/lz’sresulting from collapsing

the tensor satisfies the desired regularity conditions in order to use a similar analysis as [5].
First, we show that the expected value of the constructed matrix, with respect to the additive

noise terms and the sampling distribution conditioned on the latent variables, indeed shares the
same column space as the original tensor.

B[ Mg (ab) | (ab) € O, ()] (a7)

| Zieryan) TP (1) Tleefe)) g.z) WeGie) . .

=E QN Ty (a.b)] (a,b) € Q, {x,(i)} (18)
Ljieq)

= > B|TG) [] W] {x®}|E

iEIyz(ayb) fe[t]\{%z}

m (a, b) € Q] (19)
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= > D AWy, (@) ger (:(B) [ ] qfkf(xf(imwf(x[(i[))ﬁ (20)

i€y, (ab) ke[r]* te[t\{y.z}
1n
= D Gwy@ga(e®) > AR [ - gu a@)weln(@)  (21)
Jj-helr]? keJyz(j.h) te[t\{yz} =1
= ¢,Q0yAQ e (22)

for matrix A as defined in (16). If we take expectation with respect to the latent variables, then it
follows that A concencentrates around /N\yz, which is full rank by Assumption 5. Let the SVD of
A be denoted USVT, where the diagonal entries of 3. are denoted as &1 . .. &,. Let Qy = QyU and
Qz = QZV with the associated latent functions Gk, Gz« defined similarly. It follows then that M;lz’s
is modeled by a latent variable model where the latent function is low rank and L-Lipshitz.

E [Mg’;S(a, b) | (ab) € Q] = 70,30 e, = f(x,(a), x(b)). (23)

We can verify that the associated latent functions also exhibit orthonormality, e.g.

[ awinac= [ 3 au06|[ Y a@00.5 |ax (2)
0 0 \ielr] jelr]
= Y 0aRUGH [ quay =g @)
Ljelr]? 0

Let B be an upper bound on the latent functions g such that |G (x)| < B. Due to boundedness of
the functions g, B is at most Br. As a result, the latent function associated to f(x,(a), x;(b)) is
rank r with the decomposition

Flex) = ) rdiyr () Gy (). (26)

k=1

Furthermore we can verify that f is also L-Lipschitz, inheriting the property from the latent function
f-We use f(xy, x;,Xx_y(i)) to denote the latent function f evaluated at the vector having values x,
and x; in the y and z coordinates, and having values x,(i) for all other coordinates ¢ € [¢] \ {y, z}.

~ ~ , , 1 . ’ ’ . .
Fop) = Fp Dl = [y Y (e xe@) = e x e @) [ Wi
ie[n]t2 te[t]\{y.z}
< Llxy = xy| + Llx, — x7] (27)

where the last inequality follows from Lipschitzness of f as well as the boundedness assumption on
|W;(i;)| < 1. This setup nearly satisfies the same data generating model that is used in [5]. A minor
difference is that our model is asymmetric, however this leads to very little change in the analysis.
The key difference in our model is that the distribution over Mgi’s (a, b) is more involved as it arises
from the averaging of values over the other modes of the tensor. Furthermore we consider a wider
range of densities p, from as sparse as O(n~1**) to as dense as constant.

The proof relies on Lemma 1, stated below, which shows that the estimated distances that our
algorithm produces will approximate a function of the true distances with respect to the tensor
latent factors. The first step is to argue that the sparsity of the observed local neighborhood graph
grows sufficiently quickly, which follows from standard arguments for the properties of an Erdos-
Renyi graph that results from the Bernoulli sampling model. The second step is a careful martingale
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concentration argument to show that e,ZQNyI\NIa, J= ezﬁj dea. The third step is to use show that
D(a, a’) concentrates around NaT SQZ?QNZN‘:/,SH. Standard applications of concentration inequalities
yield results that are too loose when p is very sparse, i.e. p = n~*"D** for x € (0, 1). As a result
we define a “truncated” modification of D(a, a’), which can be shown to concentrate well via a
standard application of Bernstein’s inequality, and we use the sparsity condition to argue that the
truncated modification of D(a, a’) is in fact equal to D(a, a’) with high probability.

6(1+0(1))
tn ’

LEMMA 1. Assume p =n~ ("D foric > 0. Let p = 1— (1 — p)" . With probability 1 —
ciy(a, a’) computed from (8) satisfies

e e s 5rB&SHL (14 65,.) log!?(trn?) (1 + 0(1))
max |dy(a,a’) - |30} (ea — ex)II3] < . m*"‘(nﬁ)l,z :

a,a’ €[n]?
Next Lemma 2 uses the Lipschitz and latent variable model assumptions to argue that there are
sufficiently many nearest neighbors with respect to the distances defined by ||ZS+1Q£(ea —eq)|3

LEMMA 2. Foranyi € [n],f € [t],n’ >0

Pl D Liseiotenenizey] < (1= =1)

i'#i€(n]

< exp

i
T

max

(_52(n - 1)«/?) |

20maxL

The final steps of the proof of the main theorem follow from a straightforward analysis of the
nearest neighbor averaging estimator given the estimated distances.

6 EXPERIMENTS

We provide a sequence of experiments ranging from synthetic to real-world datasets in order to
understand the performance of our proposed algorithm as compared against state-of-the-art tensor
completion algorithms. We benchmark the algorithms in the following four datasets.

Synthetic: We generate Gaussian matrices U, V, W € R1%X10 with entries that are independently
sampled from N(1,1). We sample a diagonal core tensor S € [0, 1]19%1%¥10 where each of the 10
diagonal entries is sampled from U[0, 1]. Let Z = (U®V ® W) - (S) be the multilinear multiplication
of the core tensor S with the latent factor matrices U, V, W. We then construct the ground truth
tensor by normalizing Z so that |T (i, j, k)| < 1, according to T = Z/max; jx |Z(i, j, k)|. The ground
truth tensor has rank 10 and dimensions 100 X 100 x 100. For each observed location (i, j, k) € Q,
we add zero mean Gaussian observation noise with variance o2, for o = 0.1.

MRI: We construct a dataset in which the tensor T is a scaled version of a volumetric MRI brain-
scan. We used a volumetric MRI brain-scan dataset from the MIRIAD dataset, which contains brain
scans of Alzheimer’s sufferers and healthy elderly people [26]. We used a single MRI scan from the
dataset, which is represented as a 256 X 256 X 124 tensor. We normalized the data such that the
absolute value is bounded by 1. We do not add additional noise to the measurements, but study the
performance under sparse sampling.

Traffic: We use the urban traffic speed dataset of Guangzhou, China from [11]. This is a dataset
which consists of speed measurements from 214 anonymous road segments (consisting of urban
expressways and arterials) from Guangzhou, China. The measurements were collected at 10-minute
intervals from August 1, 2016 to September 30, 2016. The dataset is represented as a 214 X 61 X 144
tensor, where the modes correspond to road segment, day, and time window. We normalized the data
such that the absolute value is bounded by 1. We do not add additional noise to the measurements,
but study the performance under sparse sampling.

Proc. ACM Meas. Anal. Comput. Syst., Vol. 6, No. 2, Article 39. Publication date: June 2022.



39:18 Christina Lee Yu and Xumei Xi

Random 3XOR: We generate an instance of tensor completion which embeds a 3XOR formula, as
described in [1]. We randomly sample a latent vector a € {—1, +1}", where a; independently takes
values —1 or +1 each with probability 1/2. For each observed index (i, j, k) € Q,

T (i, j k) = {aiajak with prob 15/16,

—a;jajar  with prob 1/16.
The expected tensor is rank 1, given by T = %a ® a ® a, such that B [T"bs(i)] =T(i) foralli € Q.

We will use the naive all ones weight vector for the “side information”. While this does not
inherently encode extra information, we will see that the algorithm performs well for the Synthetic,
MR, and Traffic datasets. To verify the required condition on the weight vector, we took each of the
ground truth tensors T, computed the true latent factor matrices, and computed the inner product
between the column in the latent factor matrices and the all ones vector. For the Synthetic, MRI,
and Traffic datasets, the minimum inner product across all modes and latent factors is 0.135, 0.0149,
and 0.000992, respectively. This supports our conjecture that real-world datasets are not perfectly
symmetric, such that a naive choice of weight vector may indeed suffice. In contrast, the inner
product between the all ones vector and the latent factor in the 3XOR setting is as small as
9.71 x 10”"7. Consistent with the intuition from our analysis, our algorithm performs poorly for
the random 3XOR dataset, as the latent factor is orthogonal to the weight vector.

6.1 Implementation Details of Our Proposed Algorithm

The key idea of our proposed algorithm is to reduce the tensor latent subspace estimation task to the
simpler matrix latent subspace estimation task over a small matrix. We include implementations of
three variations of our algorithm arising from different choices for Phases 1 and 2 of the algorithm.

e ICF_NN denotes the original algorithm as presented in Section 4.1, which consists of esti-
mating distances in Phase 1 followed by nearest neighbor averaging in Phase 2.

e ICF_LS denotes the algorithm which uses Phase 1 from Section 4.1, which estimates latent
subspaces via the estimated distances as described in Step 4, followed by least squares
minimization for Phase 2 as presented in Section 4.2.

e ALS_LS denotes the algorithm presented in Section 4.2, using alternating least squares [39]
for matrix estimation in Phase 1, followed by least squares minimization in Phase 2.

The depth parameter used in steps 2 and 3 of estimating distances in Phase 1 is chosen to be s = 1.
The threshold for the nearest neighbor averaging in Phase 2 is chosen to be the 10th percentile of
the estimated distances. We found that the algorithm performed well even without optimizing the
hyperparameters; naturally the least squares variant (which has no hyperparameters) performed
better than the nearest neighbor variant with the above fixed choice of hyperparameters. The rank
hyperparameter for least squares minimization in Phase 2 is set to 10 along each mode for the
Synthetic, MR, and Traffic datasets, and set to 1 along each mode for the random 3XOR dataset.

6.2 Other Algorithms for Comparison

As a simple baseline, we compare with the naive average, which simply fills in all missing entries
with the average of all observed datapoints. When the data is extremely sparse, the benchmarked
algorithms start to degrade significantly such that they perform worse than the naive average. In
addition, we compare against the following state of the art tensor completion algorithms. As all
of these algorithms are iterative, the stopping criteria is met after a certain number of iterations
(specified below) or when the difference between the iterates falls below a tolerance of 107°.
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TenALS: Tensor alternating least squares (TenALS) uses an alternating minimization based method
to solve a non-convex least square problem, initializing with a tensor power method [20]. The
authors prove that under incoherence assumptions, TenALS can provably recover a three-mode
n X n x n dimensional rank-r tensor exactly from O(n%?r° log* n) randomly sampled entries [20].
We set the rank hyperparameter of TenALS to 10 for the Synthetic, MRI, and Traffic datasets, and
we set it to 1 for the random 3XOR dataset. We use the default of 10 initializations and 50 iterations.

LRTC: Low rank tensor completion (LRTC) refers to a class of algorithms minimizing a variant of
the tensor nuclear norm, which is a weighted average of the nuclear norms of all matrices unfolded
along each mode [25]. The authors do not provide statistical guarantees for their algorithms.
We benchmark against SILRTC, which uses block coordinate descent, and HaLRTC, which uses
alternating direction method of multipliers (ADMM). For SiLRTC, we set the hyperparameters as:
a= (% % %) and f = (1, 1,1). Due to slow convergence, we set the number of maximum iterations
to be 1000. For HaLRTC, we set the weights as a = (% % %) We adaptively increase the Lagrangian
multiplier, setting the initial value to be 1072, and increasing the multiplier by a factor of 1.1 in
each iteration. The upper bound for the multiplier is set to be 10!°, and the number of maximum
iterations is set to be 500.

TNN: [42] proposed a tensor nuclear norm (TNN) minimization algorithm which uses a definition of
tensor nuclear norm constructed from the tensor-Singular Value Decomposition (t-SVD) proposed
in [21]. Under incoherence condtions, TNN can provably recover a three-mode nxnxn dimensional
rank-r tensor exactly from O(n?r log n) randomly sampled entries [41]. To minimize the tensor
nuclear norm penalized objective function, they employ the general framework of ADMM. We set
the initial value of the Lagrange multiplier to be 1072, and increase it gradually by a factor of 1.1
until it reaches 10%°. The number of maximum iterations is set to be 500.

6.3 Empirical Results

In each of these experiments, we specifically pay attention to the performance at extreme levels
of data sparsity, close to the threshold where the algorithms “breaks”, i.e. performs worse than
the naive average baseline. As a result, we benchmark on values of p € [0, 0.08]. We evaluate the
algorithm’s performance with respect to the normalized mean squared error (MSE), defined as

~ 2
Sictm) et Zkepm) (F01.0) = T(0 1K)
Yiciny] Zjelny] Lkelns] T (s Js k)

Figure 4 plots the normalized MSE achieved by the output of each algorithm as a function of the
data sparsity p. The scale of the x-axis for each plot are set differently in order to highlight the
results at the sparsest regimes near the lower threshold of performance. The scale of the y-axis
for each plot are set to highlight the performance relative to the naive average baseline, which
is depicted by the red dashed line. Let us first focus on the results from the Synthetic, MRI, and
Traffic datasets. Firstly, we notice that ICF_LS consistently performs the best in the sparsest regimes
relative to any other algorithm, followed by ALS_LS and ICF_NN. This suggests that our proposed
algorithm in fact does do well in addressing data-poor settings. TenALS and HaLRTC perform very
poorly in these sparse regimes, at times having MSE that is orders of magnitude higher than the
average baseline (and thus not depicted in Figure 4). TNN and SiLRTC give reasonable performance,
though it degrades more quickly than our proposed algorithms as the data becomes sparser. These
experiments validate that our approach of reducing the tensor to a significantly smaller matrix to
estimate the latent subspaces in fact does allow the algorithm to perform well at extreme levels of
sparsity, even when the “side information” weight vector is naively chosen to be the all ones vector.

Normalized MSE :=
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Fig. 4. These plots show the normalized mean squared error attained by different tensor completion algorithms
on a synthetic dataset, an MRI dataset, a traffic dataset, and a random 3XOR dataset. The scaling of the y
and x axis are chosen to show the performance relative to the naive average baseline on the extremely sparse
settings near the limits of the algorithms’ performance.

These examples also indicate that the side information requirements are indeed weak, and may not
truly require “additional information” as long as the underlying model is not too symmetric.

In contrast, the random 3XOR dataset shows very different results. Our algorithms perform no
better than the naive average baseline, while TNN and HaLRTC show reasonably smooth degrading
performance, and SiLRTC and TenALS perform extremely well even at low levels of sparsity. In
fact, this example is chosen to illustrate when our algorithm will completely fail. The ground truth
tensor is only rank-1, and the size of the tensor is not too large, i.e. 100 X 100 X 100, so any brute
force algorithm could perform very well. However, the entries in the latent factor are sampled
independently from {—1,+1}, such that the latent factor is essentially orthogonal to the all ones
vector. As our algorithm collapses the tensor along the third mode by summing according to the
weight vector, this step unfortunately zeros out all the signal, resulting in a matrix that is essentially
all zeros. As a result, our algorithms perform horribly poor on the random 3XOR dataset at all
levels of sparsity p. Furthermore,it follows that without having access to secret knowledge of the
latent factors, any attempt to construct a suitable weight vector for our algorithm will fail, as the
symmetry in the distribution that the latent factors are sampled from will result in the latent factor
being orthogonal in expectation to any chosen weight vector.
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APPENDIX A: PROOFS

Proof of Main Theorem

The proof of the main theorem uses Lemmas 2 and 1, whose proofs we defer to Sections 7.2 and

7.3.

Given the results in these lemmas, the remaining proof of the main theorem follows from a

straightforward analysis of the nearest neighbor averaging estimator given the estimated distances.
Proof of Theorem 1: Recall that our final estimate is computed via a nearest neighbor,

o Xy TP ()KL )
T(i) = —
2y Lireq, K(31,i7)

where K(i,i’) = I_l 1
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We can decompose the entrywise error into a bias term and an observation noise term,

Si Lreog KAITW) =T | Iy Lireog K@) (T () - T({))

IT() - T = — —
Zir ]]-[i’eﬂg]K(ls 1') Zi’ ]]-[i’EQg]K(L 1,)

Let us denote py(h) = Ykep,r A(k)1 [ky=h]" The bias term we can bound by

IT@) =T@I=| Y. AG| [ quw, (xelio)) - ]_[ Qe (xe(i7)

ke[r]t te(t]
< 3D A [ [ gors o) ek, (e (i) = ot oG [ | Gk (e (i)
ret] [ke[r]* <t £>f
< D7 (@en(xe(ie)) = qen(xe(i7))) pe (h)
te(t] he(r]
< DB > (qen(xelie)) = gen(xe(ig)))?pe(h)?
te(t] he(r]

IA

Bt_l h T, _ . 2,
Vr ZH max [pe (W17 (ei, = eI

where we used the assumption that maxgx sup,. |gex (x)| < B. By construction, A = UV and
Qy QyU where U and V are orthonormal such that

125*107 (0 — ea) 1% = (ea =€) 0y 32V 01 (€0 — )
= (eq— ea’)TQy(AAT)(SH)Qy(ea - ey)

~2(s+1 2
> 25110 (64 — ea) 2.

Let pmax = maxee[s]he(r] |pe(h)]. It follows then that,

IT(W) = T()] < B Vrpmaxop™ " 155107 (ei, — ez (28)

te(t]

By construction, if K(i,i") > 0, then for all ¢ € [¢], dg(ig, i;) < 5. Conditioned on the good event
from Lemma 1, it follows that for i,i’ such that K(i,i’) > 0 and for all ¢ € [¢],

SrBoSEL (1+ 65,,) log"* (trn?) (1 + o(1)).
(np)'/?
Let C; = 5rB65ik (1 + 63,,). Next we argue that the number of datapoints i’ € Q3 such that

K(i,i’) > 0 is sufficiently large such that the noise term in the estimate is small. Conditioned on
the good event in Lemmas 1 and 2 with

Z°1Q] (ei, —e)llF <+

_Ca logl/z(trnz)(l +0(1))
(np)'/2 ’

Proc. ACM Meas. Anal. Comput. Syst., Vol. 6, No. 2, Article 39. Publication date: June 2022.



39:24 Christina Lee Yu and Xumei Xi

it follows that

14 (np)112
t

(1—5)(71—1)\/ Cdlogl/z(trnz)(1+o(l)))t
1+ — 2\ [p - ~

ZK(I’I) Z 1_[ IHZS*IQg (ew—ez)\|2<r7 ACdlogl/ZW"z)(“”(l))j
i te|

IIZSHQ[T (ei—ey ) I3 <n-

Cq logl/z(trnz)(uo(l))
#ip (np)

172

= 29
OmaxL (np)*/? )
We assumed that Qs is a freshly sampled dataset such that 3}y 1yeq,)K(i,i’) is distributed as a

Binomial(}}y K(i,i’), p). By Chernoff’s bound,

P Z Tyeo, K(i 1) < (1-y)p Y K1) (30)

1 ’
< exp (—Eyzp ZK(i,i ).

Conditioned on Q3, the noise terms (T3°b5 (i") = T(i")) are independent, mean zero, and bounded in

[-1,1]. By Hoeffding’s bound,
. 2 Lveq, 1 K(, i’)(T3°bs(i’) -T({")) S 2log(nt+1)
a Zi' ]l[i’ng]K(i> i’)

2 Lveo,K(i,17)

As a result, conditioned on the good events in Lemmas 1 and 2, with probability

2
nt+l : (31)

<

t
2 —ex _l 2 1+ (1 - 5)(71 - 1) _ Cdlogl/z(tVHZ)(l +O(1))
I & ! (np)? :
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for constants 6, y, and for

. 2Ca log!/?(trn?) (1 + 0(1))
B (np)1/2

it holds that
IT@{) - T()|

= tBt‘lﬁpmax6,;§§+l)\/ n+

Cqlog!?(trn?)(1+0(1))
(np)1/2

b
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By choosing 7 to balance the two terms, the bound is minimized for

l 1/2 2 l 2/(t+2) 1+1
max("g (n?) log" () (n'*)

n= © (nﬁ)l/z T p2(x+1)/(t+2)

(32)
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Recall that np = ©(n™"(D)), For this choice of 7, it follows by (29) that with high probability
- Nt log(n*!) min(x/2,1/2,2(k+1)/ (£42))
p Y K(ii) =0 (p(ni)') = © e B G ).

We can plug in this bound to simplify (30). Given this choice of 1, we can also simplify the probability
of error in Lemma 2 by the fact that

nyi = © (max (nlfmin(lc,l)/ét 10g1/4(n2), pl=(c+1)/ (142) 10g1/<t+z)(nt+1))) - Q(n'/?).

As we would like to show the entrywise error bound over all n entries, we take the intersection
of all the good events and apply union bound. We use Lemma 1 for each of the ¢ € [¢] modes. We
use 2 for each of the ¢ € [t] modes and i € [n] coordinates. We union bound over alli € [n]*
entries for the bounds in (30) and (31). It follows that for constant 8, y, and 1 chosen according to
(32), with probability at least

2
-n' (nt+1 )

p_Sro) (_M) ~nf exp (_%}/ZPZK(L i)

tn 265axL
1 8(1+0(1) tnexp (_Q(nl/Z)) _n'exp (_nmin(K/2,1/2,2(K+1)/(t+2)))
n
1 8(1+0(1))
= . ,

the estimate output by our algorithm satisfies

l 1/4,. 2 1 1/(t+2) t+1
max("g (n?) log" "™ (n'*)

iren[%(t IT() -TH[ =0 amin(e) /4 p(cr)/ (t42)

It follows then that

E % 3 () - T)| =0

ie[n]?

1 1/2/. 2 1 2/(t+2) ¢ t+1
(max("g (n") log” ") (n'*1)

pmin(x,1)/2°  p2(k+1)/(2+2)

7.2 Sufficiently Many Nearest Neighbors

In this section, we prove Lemma 2, which states that there are sufficiently many nearest neighbors.
Proof of Lemma 2: By construction,

157107 (e — eI} < 6281507 (e — eI
= i [ (@) = fny @)

< 6rztfaxL2(xy(a) - xy(a’))z

where the last inequality follows from Lipschitzness of f as shown in (27). As a result, for any

n’ > 0,if |x,(i) — x,(i")| < &\SWL, then ||ﬁs+1Q~£(ea — eq)||2 < n’. By the model assumption that for

i € [n], the latent variables x,(i) are sampled i.i.d., it follows that for any i € [n],

Z ]1[Hﬁ“léﬁ(eafea/)llisrf]
i’#i€[n]

VT
GmaxL

stochastically dominates a Binomial(n -1, ) distributed random variable. Therefore the lemma

statement follows by Chernoff’s bound. ]
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7.3 Concentration of Distance Estimates

This section focuses on proving the key Lemma 1, which shows that the estimated distances
concentrate well. We will assume p = n~(*"D** for x > 0; it follows then that s = [m%;(T",)_l)] = [%'|
When k < 1, then p = ©(n*"!) such that § = 0(1). When « > 1, then p = ©(1) and the constructed
matrix Mgi’s is dense.

Let us denote event
AL (8,C) = Ui {ISael € [(1=8)np) (1-0(1)), (1+8)np) 1} U{|Sas| = Cn}U{|Sqss1] > Cn}.

LEMMA 3. Assume p = n~ "D forx > 0. Fors = f%] and any d € (0,1) and a € [n], there exists
some constant C such that

P (=A}(C)) < 2exp

& (np)(1 —0(1)))
3 .

The proof is deferred to Section 7.4.

Recall that 6 denotes the k-th singular value of the matrix A defined in (16), and 3. is the diagonal
matrix with &y on the k-th diagonal entry.

Let us denote event

lel QN '—eTijQNe|<M if j is even
2 (8 kYR RT YT (G-0np) e J :
AL (8) = ¢
Jok N N 677 log"/? (trn?) .
{'eZQZNa,j - e{ZJdea| < W lf] is odd.

LEMMA 4. Assume p = n~ "% forx > 0. Fors = [%], constants § € (0,1) and C, and any
a€[nl,kelr],je[s+1],

2(1+0(1))

P (A2,48) | AL (8. O (ke D et by ) €~

where T = [t] \ {y, z}.

The proof is deferred to Section 7.5.
If s is even, let us denote event

A= {|D(a, ') = N 01 20:Nu o1

21og!/?(tn?) 8log(tn?)
< max R 1+o0(1 .
((pnf-2|sa,s||sar,s+1|>1/z WSasllSasl | O

and if s is odd, let us denote event
A= {|D(a, a) - NZSQZTEQB,N“,,HJ

21log!?(tn?) 8log(tn?)
< max s 1+o0(1 .
(<pnf-2|sa,s||sar,s+1|>1/2 WSaslSurr] | O
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LEMMA 5. Assume p = n~ U for i > 0. Fors = f%], constants § € (0,1) and C, and any
a,a’ € [n], it holds that

P (< (9) | AL (8,0, Ny T (8), AL (8,0, Ny A Ly (), (oD et Yeetn tus) )

2 1
= F E.
The proof is deferred to Section 7.6.
Proof of Lemma 1: Conditioned on events Ay (6, C), A, (8,C),Nj_ A% (8),M_ A2 . (5),
if s is even,

LT AT N T AT 25+2 A
|Na,szzQzNa’,s+1 — € Qyz o dea'|

= Z 6’k(e]ZQ~yNa,s)(e]ZQ~zNa’,s+1 - egﬁﬁléyea’) + Z &k(e]ZQyNa,s - ezﬁszea)(ek DA leea )
k k

5 &3+ log!/? (trn?) 52+ log! /2 (trn?)
— ;T T N ~~1/0
= ((1=08)np)1/? o ((1=d)np)1/?
rB63tl (1+ 63,5 log!/?(trn?)

((1=06)np)'/?

When s is odd, a similar argument shows that

<

rB&stL

M A s~ . ~ (1+63 )logl/z(trn)
|Na7:sQZZQyNa/,S+1 — 62Q5225+2dea/| < max max

(1= 8)np)1/2
To put it all together, conditioned on events Aj, (8, C), A, ((8,C), N} _, (‘?{Z,s,k(é) n ﬂi,m,k (8)),
(ﬂa, k(0N ﬂa/ ek () A (), A (), A, ($), A, (¢), for constant 6,

8log"?(tn®) 32log(tn’) (14 0(1)
s o
n' =285 l1Sw 5412 3|Sas|Sw sl

4rB&SHL (1463, ) log!/*(trn?)
(1= 6)np)1/2
log"/?(tn®) log(tn?)

log"/? (¢rn?)
The first term scales as © (max(w, —)) and the second term scales as © (m)
The first term is always dominated by the second term. We plug in a choice of § = 2—95 to get the
final bound.

To guarantee this bound on the distance estimates for all pairs a, a’ € [n] 2 we take the intersection
of the good events over pairs a,a’ € [n]%. The max bound on the distance estimates hold when
events ﬁae[n]ﬂé,s(& C), Naefn] NMy_, (ﬂz,s,k(ﬁ) N ﬂi)sﬂ,k(cS)), na,a'e[n]zﬂz,a/(L) hold. By Lemmas
3, 4, 5 and union bound, for constant §, these good events hold with probability at least

§%n*(1 —0(1))) _4rn(1+0(1) ﬁ 1 - 6(1+0(1))

3 trn? tn3 né tn

I%wﬂﬁwﬁméﬂ%—wmQSmn((

1-2nexp (—

7.4 Rate of Local Neighborhood Growth
Proof of Lemma 3: We first handle the setting that p = n~(*")** for k > 1. By definition,

k-1

p=(-(-p")=0-01-—

t-2

)" )
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Recall that e™ = lim,, (1 + _7" ", Therefore for k = 1, p — 1 — ¢! = ©(1). For k > 1, then
p — 1 = O(1). As a result, in the setting where x > 1, the density of observations p in our
constructed matrix is constant. For s = 1, |S, | ~ Binomial(n, p). By Chernoff’s bound, it holds

that for C = (1 - §)p = ©(1),

P (|Sas| = Cn) > 1—exp (_52(@5)).

3

Conditioned on |Sq| > Cn, |S,s41] ~ Binomial(n—1, 1-(1—p)!Sesl). As 1-p < 1and |S,4| = w(1),
then 1 — (1 — p)!Ses| — 1. By Chernoff’s bound, it holds that for C = (1 - §)p = ©(1),

(1- C)zn)

P (|Sgs+1| = Cn | |Sas| > Cn) >1—exp (— 3

For § € (0, 1), we can verify that (1-C)? > 4.

We next address the ultra-sparse setting where p = n~*"V*< for x € (0,1), such that p =
1-(1- p)”h2 = ©(n* 1) = 0(1). Recall that our graph is bipartite between vertex sets V; = [n]
and V, = [n]. Without loss of generality, assume that a € V. Let 7, denote the sigma-algebra
containing information about the latent parameters, edges and the values associated with vertices
in the bipartite graph up to distance A from g, i.e. the depth h radius neighborhood of a.

Let par = 1— (1 - p)lSar-1l and let

MZIY Ufigflsa,zﬂ if £ is even.

{|(V2 \ UiL:[(/)ZJilsa,znﬂ if £ is odd
Nar =

For depth ¢, conditioned on %;_1, | S, | is distributed according to a Binomial with parameters
(N, pa,e)- It follows by Chernoff’s bound that

52 na,t’pa,t’ )

P(|Sael ¢ (1 +8)naepae | Fare-1) < 2exp (— 3

Let us define the following event Ay,
Aan = ey (1Sael & (1£ O)naepar.
Next we argue that for s = [%], event A, implies that for all £ € [s — 1],

{ISacl € [((1=8)np)" (1~ o(1)), ((1+8)np) T},

[Sasl = O(n), and [Sasoal = O(n). ]
We first prove the upper bounds on |S,,|. Naively, |S,,| < n. Conditioned on A,

|Sael < (1+8)ngepae
< (1+8)n (1 e —ﬁ)‘sav**')
< (1+0)np|Sae-1l-
By inductively repeating this argument and using the fact that |S,| = 1, it follow that
|Sael < ((1+8)np)".

For ¢ < L, (np)! =o(n).
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Next we prove the lower bounds on |S, | for £ € [s+1]. Let us assume without loss of generality
that ¢ is even (same argument holds for ¢ odd). Conditioned on A,

t/2-1
Nayr zn- Z |Sa,2i|
i=0
£/2—-1
>n-— Z ((1+8)np)*
i=0
=n(1-o0(1))

The last step follows from the fact that 2i < -2 < [1] -1 < <, such that ((1+8)np)* = o(1).
Furthermore our choice of s guarantees it to be a constant (as k is constant). Next we want to lower
bound p, . Conditioned on A,

Pac=1- (1= )5l > 518, 0 1|(1 = plSae1])

This lower bound is only useful when p|S,,—1| = 0(1), otherwise the bound could be negative. By
the upper bound on |S, 1|, for £ < s, it holds that p|S,,-1] < %(ﬁn)f = 0(1). Therefore, for £ < s,

|Sael = (1= 8)naepae
> (1-0)n(1 = 0(1))plSar-11(1 = plSae-1l)
2 (1=-8)n(1-0(1))plSae-11(1 - 0(1)).
By inductively repeating this argument and using the fact that |S,o| = 1, it follow that for ¢ < s,
[Sael = ((1+8)np)" (1= o(1)).
Next we prove that [S,,| = Q(n) for £ € {s,s + 1}. Recall that e™ = lim, (1 + =*)". For
£>s> % using the fact that p = @(n*™1),
PlSae-1] = p((1+ 5)nj3)1_7,C =0(n* 1 ((1+ 5)nK)1_TK) = 0(1), for some constant > 0.
As a result,

jad S _ |Sa,(’71| .
lim (1 - p—l ol 1|) < e PlSarl <,
n—c0 [Sae-1l

which implies that for ¢ € {s,s + 1}, por > C for some constant C > 0. Therefore, for ¢ < s,
[Sael = (1= 08)naepae
> (1-98)n(1-0(1))C
= Q(n).
To complete the proof, we use the lower bounds on |S,,| to reduce the probability bounds.
P(~Agst1) = P (Ui{ISael & (1£8)naipar})

s+1

< D P (1Sarl € (1% O)naspar | A

=1

s+1 527'1 )
<> 2exp (——“; “”)
=1

s—1 ~
< Z 2exp (_52(np)[(1 — 0(1))) +4exp (_yTnC) .

=1 3
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Note that the first term significantly dominates the remaining terms, as np is asymptotically smaller
than n and (np)? for any ¢ > 1. Therefore, the remaining terms get absorbed by the 0(1) in the
exponent, leading to

6% (np)(1-o(1))

P(_‘sﬁa,s-{_l) < 2exp (— 3

7.5 Martingale Concentration of Neighborhood Statistics
Proof of Lemma 4: Assume without loss of generality that a € V;. Let us define

TZS“ hQTNah if h is even
Ya,h

TZS“ hQTN n ifhisodd
Da,h = Ya,h - Ya,hfl

so that Z{m Dap =Yy~ e,ffl”légea. Conditioned on S, for all ¢ € [s+ 1] and conditioned on all
{{xg(i)},-e[n] }fe[t]\{y’z}, let ¥, denote the sigma-algebra containing information about the latent

parameters, edges and the values associated with vertices in the bipartite graph up to distance h
from q, i.e. the depth h radius neighborhood of a. This includes x, (i) and x. (i) for all i € U? oSahs
as well as MObs(l j) for any edge i, j such that i or j is at distance at most h — 1 from vertex a.
Conditioned on 7,5, the BFS tree rooted at vertex a up to depth h is measurable, as are quantities
~ag for any ¢ < h.

We will show that conditioned on S, ¢ forall £ € [s+1] and conditioned on all {{X[(l) Yieln) }t,e T\ {g.z)
{(Dgn, Fr)} is a martingale difference sequence with controlled conditional variances such that
martingale concentration holds.

Without loss of generality, let’s assume that h is even (the below argument will also follow for

odd h)
Dap = ef 3" "INy i - eTﬁS‘hQZ Noh1

= ]i“ h(eka h_eszz ah 1)

6s+1 —-h

= > (Nap(Ddye ey (D) — ef 50T Nopy).

|Sa,h| i€San

D, can be written as a sum of independent terms X; for i € S, p,

As+1 h

Xi = |S I ( a,h(i)ka(Xy(i)) —ekZQz ah 1)
5.;+1—h o
=157\ 20 Nan1 (O Liomr M2 (D) (e (D) = €507 Nes |
o bESa,Iz—l

where 7 (i) denote the parent of i in the BFS tree. Conditioned on 7, 51, for any i € S, 5, any coordi-
nate b € S, -1 is equally likely to be the parent of i in the BFS tree due to the symmetry/uniformity
of the sampling process. As a result, conditioned on %, ,—1 and i € Sy p,

6.s+1—h

BN = b D" Nanes(8) (B [MG2(10)k (ey ()10, 5) € ©4z] = ok ez (86 )

SanllSan-
SanllSaral , 44

Proc. ACM Meas. Anal. Comput. Syst., Vol. 6, No. 2, Article 39. Publication date: June 2022.



Tensor Completion with Nearly Linear Samples
Given Weak Side Information 39:31

First we verify that

Lheoy) .
E| ————— | (i,b) € Q
[mmfyz(i,bn (10 € Qe
nt=2-1 1
= > mP(heQl,|QlﬁIyZ(i,b)|:g+1| 11 N I, (1, b)| > 1)
g=0
= t-2_ 1-2_
_HZZT (", -
) = 1ty 1-(1-p)
p m 1 nt= 2
— g+1 1— n'~%—(g+1)
1-(1-p)n™ Z pn”(gﬂ)p (1=p)
_ P 1-(a-pm”
1-(1-p)n*  pn'?
_ 1
=
Conditioned on {{x;(l)}le[n }(e T igz) i.e. all latent variables in modes 3,4, ... t, by (23),

[MObS(l b)Cka(xy(l)) | (i,b) € Qyz] = Z 6'thyh(xy(i))ka(xy(i))C?zh(xz(b))
he(r]

= 6k qGzk (xz(b)),
implying that E [X;] = 0. Furthermore, as ||Ngplle < 1,

Bo (1 +164)

1Xi| <
' |Sa,h|
Therefore {(Dgp, )} is a martingale difference sequence with uniformly bounded differences.
Next we want to establish concentration. Using the model assumptions that |T°%(i)| < 1 such that
|lez’s(i, b)] < 1and ||[Nyp|l < 1, it follows that

6_2(s+1—h)
Val‘[X,' | i€ Sa,h] = |Ii5—|zvar Z ah l(b)]1 b=mn(i)] Mobs(l b)qyk(xy(z))
ah beSan-1
6’2(5+1_h)
<~ E Z (] NZ g (B) (M52 (5, 5))* (G (30 (1))
|Sa,h| bESunr
5’2(S+1_h) 1
k
< ——E
|Sa,h|2 begalh—l |Sa,h—1|
~2(s+1-h)
%%
|Sanl?
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Conditioned on {Sq}e[s+1] and {{X[(i)}ie [n] }ZE[tJ\{y e it follows that D,, ;, conditioned on 74 p—1
is sub-exponential with parameters

6" By (1 + 16k
VISanl 1Sanl

Conditioned on the event \7(;’3(5, C), the quantity |S, 5| can be lower bounded so that the sub-
exponential parameters are bounded above by

geTh B&$ R (1 + 161)
V(@ =8)np)"(1-o0(1)) ((1=8)np)i(1-o(1))

for h € [s — 1], and

G BasHh (14 |6k])
\[Cn ’ Cn

for h € {s,s+1}.

By the Bernstein style bound for martingale concentration, it holds that Zfl:l D, j is sub-
exponential with parameters v, and a, for

min(s—1,j ~2(s+1-h ~
. (s—1,)) Gk(s+ ) . 61 [s<j) .\ Lise1<)]
: £ ((1-8)np)h(1-0(1) Cn Cn

_ Gi(1+0(1)
((1=8)np)/2

_ B&Sh(1+16k)  Bo(1+ |6%]) B(1+|6%))
. = max max = 5 5
hels-1] ((1 = 8)np)(1 - 0(1)) Cn Cn
_ B&S(1+16%])(1+0(1))
- (1-6)np

where we use the fact that for sufficiently large n, ((1 — §)np)~! asymptotically dominates ((1 —
8)np)~" for any h > 1. For the setting where x > 1 and s = 1, we choose constant C = (1 — 8)p

such that v, and . also scale as the expressions above. It follows by Bernstein’s inequality that for
0<z< g1zom)
B(1+6kl) *

_(1=9)npo*(1-0(1))
267 '

P (IYa,J- - 6;25+1Q§ea| > 0| Ag(8,0), {{xt’(i)}iE[H]}[E[t]\{y,z}) = 2exp(

We will choose 6 = 63 ((1 - §)np) /2 log"/?(trn?), such that with probability 1 — 21xe(l)

trn?
&3 log" (trn?)
(1= 8)np)t/z’

which implies event A ;(5) holds. o

Yo — (2" Qlea| <

Proc. ACM Meas. Anal. Comput. Syst., Vol. 6, No. 2, Article 39. Publication date: June 2022.



Tensor Completion with Nearly Linear Samples
Given Weak Side Information 39:33

7.6 Concentration of Inner Product Statistic

Proof of Lemma 5: Recall that we assume TZ"bS is a fresh data sample (alternatively this assumption
can be removed by sample splitting instead). Let us define the shrinkg operator to be

¢ ifx>¢
shrinkg (x) = { x ifxe[-¢,¢].
-¢ ifx<—¢

Without loss of generality assume s is even (the same argument follows for odd s). Let us define

Xij = Nas@Nasn ()| ) BP0 [ | Wk

hel,. (i.j) te[t]\{y.z}

Xij = Ngs (i) Ny 541 (j) shrinkg Z 9% (i, j, h) ]_[ We(he) |-
hel,. (i) te[tI\{y.z}

The statistic D(a, a’) as defined in (9) can be constructed as sums of X;;. We will show that
with high probability X;; = )~(,~j, and additionally \E [Xij] -E [)2,]” is small. As |T°%(h)| < 1 and
W (he)| < 1Dby our model assumptions, | ZherZ(i,j) T;’bs(h) [Teer (y.zy We(he)l < 192N 2y (i, j)I-

It follows that X;; = )~(,~j whenever |Q; N 1, (i, j)| < ¢. The difference between their expected
values can be expressed as

B %] = B[R] < 1 icsisesenn] B Lo (192 0 Zus i) = 6)].

where |Q; N Ty (i, j)| is distributed as Bernoulli(n’~2, p).
For the setting where x > 1, by Chernoff’s bound,

_ nt—Z
P19 N Zy2(i, )] > §) < exp (_¢+)

and

B 110y 9] (192 0 Tz D = $)| = 2192 0 22 )] 2 6+ 9)

s 1M

R
< exp(_W_P")
3
=2
S3exp(—¢%).

If « = 1, we choose ¢ = 24log(n) such that P(|Q; N 7,.(i, j)| > ¢) and ’E [X,-j] -E [)N(,-j” are
bounded by O(n™®).If k > 1, then we choose ¢ = 2pn’~? such that the P(|Q, N 7. (i, j)| > ¢) and
|E [Xl-j] -E [Xij]\ decays exponentially in 7, i.e. bounded by exp(—n*~1).
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For the ultra-sparse setting where k € (0, 1), we use a different argument as Chernoff’s bound is
not strong enough.

nt—2

nt—Z 2
B(Q N e (i) > ) = . ( )pgu—p)" ‘
g=¢+1 9
) ff pnt2\
<(1-p" ( )
g=¢+1 1=p

t—2\ $+1 t—2\ 1
o () 2
1-p 1-p

(1 _p)nH+1 (pnt—2)¢+l

1-p(ni2+1)

= (pn' )P (14 0(1)) = n~ 1D (1 4 0(1)).
Similarly,

E L[ 10,07,. () 15¢] (1922 0 Ly (0, )] = ¢ﬂ 2;(9 ¢%

g=p+1 9

)p-"(l )"
) t 2 ¢
<(1-p)" 9(

) g+¢
g=1

oo [ pntT P+l pnt=2 -2
=t-p (1—p) (1_1—17)
__(-pm (pntE)
S (- (n”+1))2(1—p) '
We choose ¢ = [8In(n)/In((pn'?)™)] = [8/(1 — K)1, so that P(|Q; N (i, j)| > ¢) and

|E [Xij] -E [Xij]’ are bounded by O(n™®). Therefore, by union bound, P(U;;{X;; # )Zij}) <
2ij P(1Q2N 1. (i, j)| 2 ¢) < n=6

Next, we show that X; ; concentrates around [E [f(i j]. As X; ; results from shrinking values of Xj;

towards zero, the variance of Xi ; is bounded by the variance of X;;. Conditioned on %, Fur s+1
and {{xg(i)}ie[,,] }[E[t]\{yz}, i.e. the latent variables for modes t \ {y, z},

vvar[)(ij | T;z,sw ﬂ’,s+1a {{x[(i)}ie["]}fe[t]\{y,z}]

=NZONZoa () D, D0 Cov[T (h), T97* (h')]
hel,.(ij) W el (i))

= N2, ONZ () D, Var[T ()]

hel,.(ij)
< pn' PN (DONZ o1 ().

By independence oinj and given that || Ngs|lo < 1 and || Ny s+1lle < 1,
5%
Lj
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By construction of the shrink operator, |X; il < @. As a result, it follows by Bernstein’s inequality
that

P (| > (X -E [Xij])) 20
Lj
<2exp|- 30°
- 6pnt_2|Sa,s||Sa’,s+1| +2¢0

We choose 0 = max (2 log!/2(tn?) (pn*=?|Sas||Sw ss1 ) /2 w), such that the above probabil-
ity is bounded above by 2/tn*. Conditioned on A} (6, C), AL, (8,C), it follows that |Sa||Sw s+1| =
O(n) such that pn'=2|S,4||Sx ss1] = O(n*¥). ’

Conditioned on ¥4, Fo s+1 and {{X[(i)}ie[n] }fe[t]

Fass Farsi1s {{x[(i)}ie[n] }t’e[tJ\{y’Z})

\{y.z}’
E [Xij ‘ 7—:1,5» 7—:1’,5+la {{xl’(i)}iE[n]}{;E[t]\{y’z}]
= Nus(Nown(D| Y, BT We(he)
heTy.(i.j) te[t]\{y,z}
= Nas(DNas1 ()P Y AR ye, (e (D) [ ] D qer Gee ()W)
k te[t]\{y.z} he[n]
= PNas(DNarsi1 (1) D qyaliy(1))gap (x=(1)A(a byn' ™

abe[r]?
= pn' 2 Nas () Nasi1 (j)e] QyAQT e;
= pn' 2 Nas () Na 541 (j)e] 0,207 e;
such that

1 , o e
DI [ | Fas Tt (e it b ey | = N QuS 0 Nersr
Sasal &

For sufficiently large n, conditioned on Ay, (8, C), A, ((8,C), A (8), AL, (5) for constants
§ and C, it holds that with probability 1 — % - %,

‘D(a, a,) - NZSQNyiQNzNa',s+1|
( 21og"/?(tn?) 4¢ log(tn*)
<m

s 1+o0(1
P28 us1Seae DV 31218 [18arerr] | 7O

—o (max (logl/z(tn3) log(tn®) )) ’

n(+x)/2 2 n2
where the last equality comes from plugging in the choice of ¢ as
[8In(n)/In((pn'~2)"1)]1 if pn'~2 = n*! fork € (0,1)
¢ = 124log(n) if pn’~2 = ©(1)
2pn'~? if pn'=2 = n* ! for k > 1,

and verifying the above holds for each case of k < 1, x =1, and k > 1.
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