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Abstract

We study the problem of estimating the covariance matrix of a high-dimensional distribution when
a small constant fraction of the samples can be arbitrarily corrupted. Recent work gave the first
polynomial time algorithms for this problem with near-optimal error guarantees for several natural
structured distributions. Our main contribution is to develop faster algorithms for this problem
whose running time nearly matches that of computing the empirical covariance.

Given N = (d?/€?) samples from a d-dimensional Gaussian distribution, an e-fraction of
which may be arbitrarily corrupted, our algorithm runs in time 6(d3'26)/ poly(e) and approxi-
mates the unknown covariance matrix to optimal error up to a logarithmic factor. Previous robust
algorithms with comparable error guarantees all have runtimes 2(d?*) when € = Q(1), where w is
the exponent of matrix multiplication. We also provide evidence that improving the running time
of our algorithm may require new algorithmic techniques.

1. Introduction

Estimating the covariance matrix of a high-dimensional distribution (covariance estimation) is one
of the most fundamental statistical tasks (see, e.g., Bickel and Levina (2008a,b) and references
therein). For a range of well-behaved distribution families, the empirical covariance matrix is known
to converge to the true covariance matrix at an optimal statistical rate (with respect to various norms).
For concreteness, suppose we are given N independent samples from a centered Gaussian N (0, X)
on R?, with unknown covariance ¥, and we want to estimate Y. with respect to the Frobenius norm.
It is well-known (see, e.g., Section 4 of Cai et al. (2010) for an explicit reference) that the empirical
covariance matrix has expected Frobenius error at most O(d/v/N) - |||z from X, where || - [|2
denotes the spectral norm; and this bound is the best possible, within a constant factor, among all V-
sample estimators. Equivalently, after N = Q(d?/e?) samples, the empirical covariance will have
Frobenius error at most € - ||X||2 with high constant probability. This gives a computationally and
statistically efficient covariance estimator for this fundamental setting. (By Lemma 5, the empirical
covariance can be computed in time O(d®25/¢2), which is the best known bound to date.)
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In this paper, we study the outlier robust setting when a small constant fraction of our samples
can be arbitrarily corrupted. We work in the following model of corruptions (see, e.g., Diakonikolas
et al. (2016)) that generalizes Huber’s contamination model (Huber (1964)):

Definition 1 (e-Corruption) Given € > 0 and a distribution family D on R?, the adversary oper-

ates as follows: The algorithm specifies some number of samples N, and N samples X1, Xo,..., XN
are drawn from some (unknown) D € D. The adversary is allowed to inspect the samples, removes

eN of them, and replaces them with arbitrary points. This set of N points is then given to the

algorithm. We say that a set of samples is e-corrupted if it is generated by the above process.

More concretely, we study the following problem: Given an e-corrupted set of N samples from
an unknown N (0, ) on R?, we want to compute an accurate estimate of 3. in Frobenius norm (or
in a stronger, affine invariant version that guarantees small total variation distance). Note that even
a single corrupted point can arbitrarily compromise the behavior of the empirical covariance matrix.
Classical and more recent work in statistics has obtained minimax optimal robust covariance esti-
mators. For example, Rousseeuw (1985) proposed the minimum volume ellipsoid — a natural gener-
alization of the interquartile range — and showed that it is provably robust in high-dimensions. More
recently, Chen et al. (2018) proposes a (similarly robust) generalization of Tukey’s median (Tukey
(1975)) for the covariance matrix. We note that the information-theoretically optimal error for ro-
bustly estimating the covariance of A’(0, X) in Frobenius norm is O (e +d/v/N) -||X||2. That s, for
N = Q(d?/e?), one can estimate the covariance to accuracy O(¢) - ||3|2, which is almost as well
as in the non-contaminated setting. Unfortunately, these estimators are hard to compute in general,
i.e., their runtime scales exponentially with the dimension.

Recent work in TCS (Diakonikolas et al. (2016); Lai et al. (2016)) gave the first polynomial time
robust estimators for a range of high-dimensional statistical tasks, including mean and covariance
estimation. Since these initial papers (Diakonikolas et al. (2016); Lai et al. (2016)), a growing
body of subsequent works have obtained polynomial-time robust learning algorithms for a variety
of unsupervised and supervised high-dimensional models. (See Section 1.3 for more related work.)

It should be noted that the aforementioned robust estimators have already been useful in ex-
ploratory data analysis. Specifically, Diakonikolas et al. (2017a) evaluated the robust covariance
estimators of Diakonikolas et al. (2016) and Lai et al. (2016) to detect patterns in a well-known
genetic dataset (Novembre et al. (2008)) in the presence of corruptions. Perhaps surprisingly, it was
found that the robust algorithms developed for A/ (0, X) outperformed all previous approaches on
this real dataset, essentially matching the setting where there are no corruptions at all.

Once a polynomial-time algorithm for a computational problem has been discovered, the next
step is to focus on designing asymptotically faster algorithms for the problem — with linear time as
the ultimate goal. We note that the aforementioned robust estimators (Diakonikolas et al. (2016);
Lai et al. (2016)) are significantly slower than their non-robust counterparts (e.g., computing the
empirical mean/covariance), hence may not be scalable when the dimension is very high. This
raises the following natural question:

Can we design robust estimators that are as efficient as their non-robust analogues?

This direction was initiated in Cheng et al. (2019) who gave a robust mean estimation algorithm with
runtime O(Nd)/ poly(¢),' nearly matching the runtime of computing the empirical mean (when ¢
is constant).

1. The O(-) notation hides logarithmic factors in its argument.
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In this work, we continue this line of investigation. At a high-level, our main contribution
is the first robust covariance estimator whose running time nearly matches that of computing the
empirical covariance matrix. Moreover, we provide evidence that the runtime of our algorithm may
not be improvable with current algorithmic techniques. In more detail, on input an e-corrupted set
of N = O(d?/€?) samples from N'(0, ) on R¢, our algorithm runs in time O(d®25)/ poly(¢), and
outputs a covariance estimate with near-optimal error guarantee, matching the one in Diakonikolas
etal. (2016) (see Theorem 2). Our algorithm uses the primal-dual framework of Cheng et al. (2019)
recently developed for robust mean estimation, with a number of crucial twists that are required for
the more challenging task of covariance estimation (see Section 1.2).

For the sake of direct comparison, we note that the filtering-based robust covariance estimator
of Diakonikolas et al. (2016) has runtime Q(N?d) = Q(d®)/ poly(e). On the other hand, the
recursive dimension-halving estimator of Lai et al. (2016) requires 2(logd) SVD computations
of a d®> x d? “covariance” matrix, hence has runtime (d*), where w is the exponent of matrix
multiplication. (Plugging in the best-known value for w (Gall (2014)) gives a runtime of Q(d*7).)

We note that the runtime of our algorithm, while being super-linear, essentially matches the
best-known runtime to compute the empirical covariance matrix (see Section C.1). Moreover, we
provide evidence (Section C.2) that this runtime may be a bottleneck even for the weaker task of
obtaining an implicit representation to the output (by reweighing the input samples). It should be
noted that all known computationally efficient robust estimators fit in this framework.

1.1. Our Results

Our first algorithmic result states that we can robustly estimate the covariance matrix of a high-
dimensional Gaussian within multiplicative, dimension-independent error, with running time that
almost matches that of computing the empirical covariance matrix.

Theorem 2 (Robust Covariance Estimation (Multiplicative)) Ler D ~ N (0, Y) be a zero-mean
unknown covariance Gaussian on R, Let r denote the condition number of ¥. Let 0 < € < €
for some universal constant €y. Given as input an e-corrupted set of N = £~2(d2 /€2) samples drawn
from D, there is an algorithm (Algorithm 1) that runs in time O(d>26log(k))/ poly(€) and outputs
53 € R4 such that with high probability it holds |S~/2S5 =12 — I||p < O(elog(1/e)).

We also develop a related robust covariance estimation algorithm (Algorithm 3) with additive
error guarantee, whose running time does not depend on the condition number of X.

Theorem 3 (Robust Covariance Estimation (Additi~ve)) For the same setting as Ain Theorem 2,
there is an algorithm (Algorithm 3) that runs in time O(d?25)/ poly(e) and outputs > € R such
that with high probability it holds | X — X||p < O(elog(1/e)) ||X]|5-

We will prove Theorem 2 in Section 3.1 and Theorem 3 in Appendix B.1.

In Section C, we provide evidence that the runtime of our algorithm may be difficult to improve.
Specifically, we show that the best-known runtime for computing (or even approximating) the em-
pirical covariance is Q(d®2%). Moreover, even outputting a set of weights for the samples (such that
the weighted empirical covariance works) seems to require €2(d>-??) time with current methods.
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1.2. Our Approach and Techniques

When X ~ N (0,), we have E [X X T] = 2, so at a high level, we want to reduce the robust
covariance estimation problem to the problem of robustly estimating the mean of the d2-dimensional
random variable Z = X ® X. However, there are two main difficulties in this reduction.

Faster Positive SDP Solvers for Tensor Input. The first difficulty is that the input of the mean
estimation problem is now a set of d2-dimensional vectors. Even just computing all of these vectors
explicitly will take time (N d?). Our algorithm needs to solve the robust mean estimation problem
for X ® X without computing these vectors explicitly. To achieve that, we adapt the approach in
Cheng et al. (2019). Given data points Z; = X; ® X, the algorithm in Cheng et al. (2019) starts
with a guess v € R, and approximately solves the following two (dual) SDPs at every iteration:

minimize  Apax (Zf\il wi(Z; —v)(Z; — IJ)T>

)]
subject to Zf\;l wi=1, Vi,0<w; < O—ﬁ

maximize average of the smallest (1 — €)-fraction of ((Z; — v)" M (Z; — 1/))2].\;1 ?)

subjectto M > 0,tr(M) <1

Cheng et al. (2019) showed the following win-win phenomenon: If the primal SDP (1) has a
good solution, then it gives weights w € RY such that the weighted average ZZ]\L L w; Z; is close
to the true mean. Otherwise, if (1) does not have a good solution, then the dual SDP (2) gives a
direction of improvement that allows the algorithm to find v/ that is much closer to the true mean. In
our setting of covariance estimation, writing out the matrix of (Z;)¥, already takes O(Nd?) time.
We circumvent this problem by “opening up” the fast positive SDP solver (Peng et al. (2016)) they
used. The slowest step of this SDP solver is to compute multiplicative approximations of the values
exp(¥) o Z,;ZiT for all 7, where ¥ = Zf\il wiZZ-ZZ-T. We exploit the structure of Z; = X; ® X
and design faster algorithms for getting such approximations. More precisely, let Z be a N x d
matrix whose i-th column is \/w;Z;, so that ¥ = ZZ'. We express exp(V) as a low-degree
polynomial over Z and 7T, then use fast matrix multiplication (Lemma 5) and the transposition
principle (Lemma 6) to show it is possible to right-multiply a vector with Z and Z' efficiently.

Iterative Refinement. The second difficulty is that existing robust mean estimation algorithms
rely on the assumption that the distribution of the good data either has known covariance or unknown
bounded covariance. By reducing covariance estimation to the mean estimation of X ® X, we run
into the difficulty that the covariance of such vectors would correspond to the fourth order moments
of the original variables X. So, directly applying the mean estimation algorithms does not give our
desired strong guarantees.

We solve this problem using iterative refinement steps. Similar iterative refinement steps were
discussed in Kane (2018), which does not seem sufficient for our purposes, as it may require a linear
number of iterations. We adapt this approach to obtain faster algorithms. More precisely, given an
upper bound ¥; on the true covariance matrix >, we can compute a more accurate upper bound
Y41 = 2. We use two different types of iterative refinement steps (see Lemmas 8 and 9). Both

refinement steps first rotate the input samples Y; = 3, Y 2X¢ and compute the Kronecker products
Z; =Y;®Y;. When X ~ N (0, ), the covariance matrix of Y is 2;1/222;1/2, and the mean of Z
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b
isE[Z] = <2;1/222;1/2) . Note that if we had E[Z], we could recover X from ¥; immediately.

We show that a good estimate of E[Z] will help us improve 3, and get a better upper bound ;1.

We establish two guarantees for the robust estimation of the mean of Z. In the first phase, we
only use the fact that the covariance of Z is bounded. Repeating this will give a rough estimation
of the covariance of X. In the second phase, we use the fact that the current estimate 3; is already
very close to X, therefore V; = 3, Y 2Xi is very close to a standard Gaussian N (0, I) for the good
samples. In this case, we need to open up the algorithm in Cheng et al. (2019) and prove stronger
robust estimation guarantees tailored for the specific distribution of Z = Y ®Y . Our main algorithm
(Algorithm 1) combines these two refinement steps to match the best-known robustness guarantees
for covariance estimation.

Evidence of Hardness. It is natural to ask whether one can obtain faster running times than ours.
There is a sample complexity lower bound of N = €(d?), so we assume we are given X € RV*? as
our sample matrix (here we will focus on constant €). We note that even in the non-robust setting, it
is not known how to output an approximate covariance matrix 3. for which || — +XTX||p=0(1)
in time faster than (d, d2, d) matrix multiplication time, which is the time to multiply a d x d? matrix
by a d? x d matrix. Since the non-robust case is a special case of our setting, one cannot improve
our running time without improving the running time of non-robust covariance estimation.

A natural way of improving the running time of non-robust covariance estimation is to try to
approximate the product X X using oblivious sketching (see, e.g., Woodruff (2014) for a survey)
which works roughly as follows. One samples a random .S from a certain family of random matrices,
and computes S - X where S has much fewer than N rows. For structured random families of
matrices, like fast JL matrices, S - X can be computed very quickly. Then one instead computes
XTSTSX with the guarantee that | X7 ST SX — X7 X||% is small. Note that the matrix product
(XTST) . (SX) can be performed more quickly if S has a small number of rows. Unfortunately,
for the guarantees we want, all known constructions of S require (V) rows. In fact, we prove
an information-theoretic result that any oblivious sketching matrix S must have Q(N/ log N) rows
in Lemma 26, thus ruling out this approach for achieving faster running time. Our proof uses
arguments from communication complexity, arguing that such a family of sketching matrices would
imply a better protocol for solving multiple copies of the Gap-Hamming communication problem.

Another way of trying to improve the runtime is to give an alternative definition of the problem:
Instead of outputting a d X d matrix that is close to 3., the algorithm outputs a set of nonnegative
weights w such that wly = 1, [Jw]le < =iy, and | SN wiXiXI — S| = O(1). This
bypasses the arguments above, since in the case of no corruption, we do not have to actually output
XTX and can just set w; = 1/N for all 5. However, even for this relaxed version of the prob-
lem, we show that unless one can solve a certain “column norm” distinguishing problem faster than
rectangular matrix multiplication, one cannot solve this problem faster than (d, d?, d) matrix multi-
plication time. This problem can be intuitively stated as follows: the good samples are drawn from
N (0, 1), and the corrupted samples are drawn from a mean-zero Gaussian distribution with a very
slight and known perturbation to the identity covariance matrix. One needs to identify a large frac-
tion of these corrupted samples. Even though the covariance of the perturbed Gaussians is known, it
is so slight that the norms of the corrupted samples are very similar to the uncorrupted ones. There-
fore, one needs to measure these norms along certain directions, which requires computing a matrix
product of the samples with a worst-case covariance matrix. We show that outputting the weights
described above requires solving this problem, which we conjecture to be hard.
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1.3. Related and Prior Work

Learning in the presence of outliers is an important goal in statistics and has been studied in the
robust statistics community since the 1960s (Huber (1964)). After several decades of work, a
number of sample-efficient and robust estimators have been discovered. The reader is referred
to (Diakonikolas et al. (2016); Lai et al. (2016)) for a detailed summary of this line of work. Un-
til recently, all known computationally efficient high-dimensional estimators could only tolerate a
negligible fraction of outliers. Recent work (Diakonikolas et al. (2016); Lai et al. (2016)) gave the
first efficient robust estimators for basic high-dimensional unsupervised tasks. Since these works,
there has been a flurry of research activity on robust learning algorithms in both supervised and un-
supervised settings (Balakrishnan et al. (2017); Charikar et al. (2017); Diakonikolas et al. (2017a,b,
2018a); Steinhardt et al. (2018); Diakonikolas et al. (2018b,c); Hopkins and Li (2018); Kothari et al.
(2018); Prasad et al. (2018); Diakonikolas et al. (2019a); Klivans et al. (2018); Diakonikolas et al.
(2019b); Liu et al. (2018); Cheng et al. (2018)).

The most relevant prior work is that of Cheng et al. (2019), initiating the direction of obtain-
ing fast algorithms for robust high-dimensional estimation. For the problem of robust mean esti-
mation, Cheng et al. (2019) proposed a primal-dual approach with runtime O(Nd)/ poly(e). This
improved on the O(Nd?) runtime of the iterative filtering method in Diakonikolas et al. (2016). Our
algorithm uses the same primal-dual framework; however, we emphasize that a standard applica-
tion of their framework would only lead to a runtime of O(Nd?)/ poly(e). To obtain our improved
runtime, we need to overcome a number of technical obstacles, as we explained in Section 1.2.

2. Preliminaries

Basic Notations. For a positive integer n, we write [n] for the set {1,...,n}. We use e; to denote
the i-th standard basis vector, and I to denote the identity matrix. For a vector x, we use ||z||,,
||z||5, and ||z|,, to denote the ¢1, {2, and ¢, norm of x respectively. For a matrix A, we use || Al
and || A||  to denote the spectral norm and Frobenius norm of A respectively.

Let tr(A) be the trace of A, and x(A) be the condition number of A. A symmetric matrix
A € R™" is said to be positive semidefinite (PSD) if " Az > 0 for all z € R”. For two
symmetric matrices A and B, we write A =< B iff the matrix B — A is positive semidefinite.

For two vectors = and y of the same dimensions, let (z,y) = 2"y = 3, z;y; be the inner
product of x and y. For two matrices A and B of the same dimensions, let A @ B = (A, B) =
tr(AT B) be the entry-wise inner product of A and B. For a matrix A € R"*", we use A” € R" to
denote its canonical flattening into a vector.

Throughout this paper, we use D to denote the ground-truth distribution. We use d for the
dimension of D, N for the number of samples, and € for the fraction of corrupted samples. We
use X ~ D to denote a sample (i.e., a vector random variable) drawn from D. Given NN (possibly
corrupted) samples (X Z)f\;l drawn from D, we often abuse notation and again use X to denote the
N x d matrix where the i-th column of X is the i-th sample X; € RA.

Connections Between the Second and Fourth Moments of a Gaussian. Let A ® B denote the
Kronecker product of A and B. In this paper, we frequently consider the Kronecker product of a
sample X € R? withiitself: Z = X ® X € R%. Our algorithms crucially rely on the following
lemma, which characterizes the connections between the second-moment and fourth-moment tensor
of a Gaussian. Lemma 4 is proved in Appendix A.
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Lemmad Let X ~ N(0,%) and Z = X ® X. Let ©; € RY*% be the covariance matrix of
Z. We have (i) if ¥ = I, then cov(Z) =< 2I; and (ii) if 0 < 7 < 1l and || —I||, < T, then
lcov(Z) — 2I||, < 67.

Fast Rectangular Matrix Multiplication. We will frequently use fast rectangular matrix mul-
tiplication in our algorithms. Let (a, b, ¢)-matrix multiplication time denote the time it takes to
multiply an a X b matrix with a b X ¢ matrix. It is forklore (see, e.g., Lotti and Romani (1983))
that (a,a,b), (a,b,a), and (b, a,a) matrix multiplications require the same number of arithmetic
operations. More specifically, we use the algorithm proposed in Gall (2012). They obtained new
upper bounds on (n, n%, n) matrix multiplication time. We use a special case of their result (v = 2).

Lemma 5 (Fast Rectangular Matrix Multiplication (Gall (2012))) We can compute (n, n?, n)-

matrix multiplication in time O(n2%). This implies that for d > 0 and N = O(d%/e?), we can
multiply a d x N matrix with an N x d matrix in time O(d>2¢/?).

To multiply a d x N matrix with an N x d matrix when N = O(d2/¢2), we split the matrices into
blocks of size d x d? or d? x d, multiply each pair of matrices and then add the results together. The
total running time is 25 - O(d*%6 + d?) = O(d>%6 /e?).

Transposition Principle for Matrix-Vector Multiplication. The transposition principle (see,
e.g., Bordewijk (1957); Fiduccia (1973)) plays a central role in our faster implementation of pos-
itive SDP solvers. It states that matrix-vector multiplication by AT has almost exactly the same
computational complexity as matrix-vector multiplication by A.

Lemma 6 (Transposition Principle (Fiduccia (1973))) Fix a matrix A € R"*¢. Suppose there
exists an arithmetic circuit of size s that can compute Ax for arbitrary x € R®. Then, there exists
an arithmetic circuit of size O(s + m) that computes ATy for arbitrary y € R".

3. Estimating the Covariance of a Gaussian Distribution

In this section, we present our key structural and computational lemmas, and use them to prove our
main algorithmic results (Theorems 2 and 3).

3.1. Robust Covariance Estimation: Multiplicative Approximation

We first present our algorithm (Algorithm 1) for robustly estimating the covariance of Gaussian

distributions with multiplicative error guarantees. Algorithm 1 starts with an upper bound >y on the

true covariance matrix 3, and iteratively compute more and more accurate upper bounds >; > 3.
First we need a reasonable starting point before we can run any iterative refinement steps.

Lemma 7 Consider the same setting as in Theorem 2. We can compute a matrix ¥ in 5(d3‘26 /€2)
time such that, with high probability, ¥ < 3y = (k poly(d))X and ||X¢||, < poly(d) |||,

We use two different iterative refinement steps (Lemmas 8 and 9), which correspond to the two
loops in Algorithm 1. In the first phase (Lemma 8), we only have a crude upper bound on .. The
first phase can only converge to a matrix Y, with ¥ < X7, < (1 4+ O(y/€)X. In the second phase
(Lemma 9), we already have a fairly accurate estimate of X, so the refinement steps converge faster
and eventually we can get to a matrix Y7, with ¥ < X7, < (1 + O(elog(1/¢))%.
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Algorithm 1: Robust Covariance Estimation for Gaussian Distributions (Multiplicative Error)

Input : 0 < € < €, and an e-corrupted set of N = €2(d? /e2) samples drawn from N (0, 2).
Output: A matrix & € R%? such that with high prob., ‘ Sol2yy-2 IHF < O(elog(1/e)).
Compute an initial upper bound ¥y with ¥ < 3y < & poly(d)X using Lemma 7.

Let 71 = O(log k + logd) and Ty = T1 + O(loglog(1/e€)).

fort =0to77 — 1do

L Compute ¥y, 1 € R4 with ¥ < ;1 < ¥ + O(\/€)X; using Lemma 8 on ¥;.

Let 71, = O(\/e).

fort =T to1Ty, — 1 do

L Let 7411 = O(\/€1; + €log(1/e)).

Compute >y € R4¥d with 3 < Yi+1 2+ 1412 using Lemma 9 on X,.

Compute 5 by invoking Lemma 9 on X, .
return ..

Lemma 8 (Iterative Refinement: Getting /¢ Error) Consider the same setting as in Theorem 2.
Given an upper bound ¥; € RY%? on the unknown covariance matrix Y, i.e., . =< 3 we can
compute in time 5(d3'26 /€8) an upper bound matrix X1 € R¥9, and a hypothesis matrix S e
R4 such that, with high probability,

EXTn 2B+0(WO%  and  [E-E[r < OWE I, -

Lemma 9 (Iterative Refinement: Getting e log(1/¢) Error) Consider the same setting as in The-
orem2. Let 0 < 13 < 19 fgr some universal constant Ty. Given T and Xy with ¥ < 3; < (1 + )3,
we can compute in time O(d>26/e3) an upper bound matrix ¥y 1 and a hypothesis matrix ¥ such

that, with high probability, for 7,11 = O(\/eT + elog(1/¢)),
SN XS+ 7S and  |STVRESTV2 _|p < Ty

We defer the proof of Lemmas 7, 8, and 9 to Appendix B. We will sketch the proofs of Lem-
mas 8 and 9 in Section 3.2. We first use these three lemmas to prove Theorem 2 (correctness and
runtime of Algorithm 1).

Proof [Proof of Theorem 2] We first use Lemma 7 to find an upper bound 3 € R4 on the true
covariance matrix ¥ such that ¥ < 3y < (k poly(d))2.

For any integer ¢ > 0, given the upper bound matrix 3, we can use Lemma 8 to obtain a
better upper bound ;41 such that 3,1 < ¥ 4+ O(\/€)%;. Since ¥y < kpoly(d)X, after Ty =
O(log k + log d) iterations, we have a matrix X7, with ¥ < 3 < (1 + O(V/e)) 2.

At this point we have a pretty accurate upper bound X7, with ¥ < ¥, < (1 + 71,)%, where
71, = O(y/€). For any integer t > T}, given ¥; and 7, we can use Lemma 9 to obtain a better
upper bound matrix ¥; 1 such that ¥ < ¥, < ¥ + 74413, where 7,11 = O( /eT; + elog(1/e€)).
Similar to the previous step, after O(loglog(1/¢)) iterations, we have a matrix X7, such that 3 <
Y1, 2 (14 7p,)X, where 71, = O(elog(1/e)).

Finally, using Lemma 9 one more time with X7, and 77, we can get a matrix S with

Hz—1/2iz—1/2 - IHF = O(\/er, + elog(1/€)) = O(elog(1/e)) .

8



ROBUST COVARIANCE ESTIMATION

We note that both Lemmas 8 and 9 hold with high probability, so we can take a union bound over
the failure probabilities and conclude that with high probability all iterative refinement steps are
successful, and therefore, we can return & as our final answer.

Now we analyze the running time of Algorithm 1. We call Lemma 7 once to compute X,
which takes time O(d326 /€2). After that, we use two iterative refinement steps. The total number
of iterations is O(log k + logd + loglog(1/€)). In each iteration, we invoke either Lemma 8 or 9.
Since both lemmas run in time 5(d3'26~/68), the overall running time is O(d26 /e2) + O(log k +
log d + loglog(1/e€)) - O(d326 /e8) = O(d3%0 /€®). [

3.2. Implementing the Iterative Refinement Steps

In this section, we sketch the proofs of the iterative refinement lemmas (Lemmas 8 and 9). Both
refinement steps use robust mean estimation algorithms as subroutines. More specifically, let

Y, = 2;1/2XZ- and Z; = Y; ® Y;. When X ~ N(0,Y), the covariance matrix of YV is Xy =
b
2;1/222;1/2, so the mean of Z is E[Z] = (2;1/222;1/2) . If we can get a good estimate of
E[Z], we can use this information to obtain a better upper bound ;1.
In the first phase (Lemma 8), we only have a crude upper bound on . For any 3; > X, we

have Xy = 2;1/222;1/2 =< I, which implies ¥z < 2] (Lemma 4). Because Z has bounded
covariance, we can use the following robust mean estimation algorithm from Cheng et al. (2019).

Lemma 10 (Mean Estimation for Bounded-Covariance Distributions Cheng et al. (2019)) Let
D be a distribution on supported on R? with unknown mean and unknown covariance matrix ¥ such
that ¥ < 021, Let 0 < € < € for some universal constant ¢o, and let 5 = O(+/€). Given an -
corrupted set of N = ﬁ(d/ €) samples drawn from D, Algorithm 5 outputs a hypothesis vector [i
such that with high probability, || — p*]|, < O(00) = O(o+/e).

In the second phase (Lemma 9), we use the fact that the current estimate 3; is already very

close to X, therefore Y = X, 12X is very close to NV'(0, I). In this case we need an algorithm with
stronger robust estimation guarantees tailored for the specific distributionof Z =Y ® Y.

Lemma 11 (Mean Estimation with Approximately Known Covariance) Let D be a distribu-
tion supported on R with unknown mean ji* and covariance Y. Let 0 < € < € for some universal
constant €, 7 < O(y/€), and § = O(y/Te+elog(1/€)). Suppose that D has exponentially decaying
tails, and ¥ is close to the identity matrix | X — I||, < 7. Given an e-corrupted set of N = Q(d/6?)
samples drawn from D, Algorithm 2 outputs a hypothesis vector [i such that with high probability,

I =y < O().

We will use Lemmas 10, 11, and Proposition 12 to prove the iterative refinement lemmas (Lem-
mas 8 and 9) in Appendix B.

It is worth noting that we cannot use these mean estimation algorithms in a black-box manner.
This is because writing down the input explicitly takes Q(Nd2) = Q(d*/e?) time, and these algo-
rithms run in time Q(Nd2)/ poly(e) in d2 dimensions. One of our main contributions is to show that
it is possible to open up these algorithms and take advantage of the additional structures of our inputs
(they all have the form Y; ® Y;) to implement both algorithms to run in time O(d326) / poly ().
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Proposition 12 (Mean Estimation with Tensor Input) If all input samples (Zl')i]\;l have the form
Z; = Y; @Y, for some Y; € R, and they are given implicitly as the vectors (Xi)f-v:l, then both
Algorithms 5 and 2 can be implemented to run in O(d>%0 /€8) time.

We give a description of the algorithm for Lemma 10 in Appendix B.2 (Algorithm 5). We sketch
a proof of Lemma 11 and present its algorithm (Algorithm 2) in Section 4. In Section 5, we show
that both algorithms can be implemented to run in time O(d®2%)/ poly(e) (Proposition 12).

4. Robust Mean Estimation Subroutines

We first present the robust mean estimation algorithm (Algorithm 2) that achieves Lemma 11.

Algorithm 2: Robust Mean Estimation with Approximately Known Covariance

Input : An e-corrupted set of N samples {Z;}Y., on R? with N = Q(d/e2) and € < «o.
Output: A vector /i € R? such that, with high probability, ||ii — p*||, < O(V/eT + elog(1/e)).
Let v € RY be an initial guess with || — p*||, < poly(d).
for i = 1 to O(log d) do
Compute a near-optimal solution w € R to the primal SDP (1) with parameters v and 2e.
Compute a near-optimal solution M € R%*? for the dual SDP (2) with parameters v and e.
if the value of w in SDP (1) is at most 1 + ¢(1 + elog?(1/¢)) for a universal constant c then
‘ return the weighted empirical mean [i,, = Zf\i 1 w; Z; (Lemma 24) .
else
| Move v closer to p/* using the top eigenvector of M (Lemma 25).

We first recall the primal-dual approach developed in (Cheng et al. (2019)). Given data points
Z;, their algorithm starts with a guess v € R, and then in each iteration solves the primal and dual
SDPs (1) and (2). They showed that either a good primal solution gives weights w € R” such that
the weighted average ZZ]\L 1 w; Z; is close to the true mean; or a good dual solution must identify a
direction of improvement that allows the algorithm to move v much closer to the true mean of Z.

There are two obstacles for applying the algorithmic framework of Cheng et al. (2019) to our
setting. First, the input samples Z; = X; ® X;’s are d?-dimensional vectors. Writing down these
vectors explicitly takes time Q(Nd?) = Q(d*). Therefore, we want to solve the SDPs (1) and (2)
on input Z; without computing them explicitly. We resolve this issue in Section 5 (Proposition 12).

Second, their algorithms have error O(y/€) for bounded-covariance distributions, and error
O(eq/log(1/e)) for sub-gaussian distributions with identity covariance matrix. While we can use
their result for bounded-covariance distributions for Lemma 10, we need to develop a new algorithm
for Lemma 11. In Lemma 11, we have an exponentially decaying distribution whose covariance ma-
trix is 7-close to I, and we want optimal error guarantees that depend on both € and 7. We generalize
the analysis of Cheng et al. (2019) to handle this case. Lemma 11 is proved in Appendix B.3.

5. Faster Implementation of Robust Mean Estimation with Tensor Inputs

The bottleneck of both Algorithms 5 and 2 are solving SDPs (1) and (2). In this section, we prove
Proposition 12, which states that when all input samples have the tensor-product form ¥ ® Y, we
can solve these SDPs in time O(d32%)/ poly(e).

10
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We first convert the SDPs (1) and (2) into packing/covering SDPs as follows.

maximize 1w

3
subjectto  w; > 0, Zfil w;A; X T ®
minimize tr(M) @)
subjectto A; e M >1,M >0,
where each A; € R(@TN)x(@>+N) jg 4 PSD matrix given by?
[ eZi-v)(Zi-v)T 0
Ai = 0 (1—€)N-ee] |- )

Here p is a binary search parameter that is between é and 1. At the core of nearly-linear time
width-independent SDP solvers (e.g., Allen-Zhu et al. (2016); Peng et al. (2016)) is an application
of matrix multiplicative weight update, where the algorithm maintains a weighted sum ¥ of the

matrices. In iteration ¢, we have W' = > w;A;, and we will update the weights based on the
exp(T)

values of A; @ oI

Lemma 13 (Positive SDP Solver, Peng et al. (2016)) Ler A4,..., A, be m x m PSD matrices
given in factorized form A; = C,CZ»T . Consider the following pair of packing and covering SDPs:

n

-

max1'zx s.t. x;A; < 1T.

i IS
1=

max tr(Y) st A, eY >1Vi.

Y0
Fix € > 0. Given an oracle algorithm that, on input ¥ = """ | w; A; with || V||, = O(log(n)/e),
runs in time Teyxp, and returns (1 £ €)-multiplicative approximations to % o A; for all i.
Then, we can compute feasible primal and dual solutions x and 'Y, such that with high probability,
172 > (1 -0(e))OPT and tr(Y) < (1+ O(e))OPT. Moreover;, we can do so in time 5((Texp +
n)log® n/e3), where q is the total number of non-zero entries in the C;’s.

In the rest of this section, we will prove that when each Z; has the form Z; =Y, QY;, we
can implement the oracle algorithm required by Lemma 13 in time Ty, = O(d326/€%). Tt is worth
pointing out that we need to implement this oracle without ever writing down ¥ € R xd? explicitly.

We will approximate each exp(¥)eA; and tr(exp(¥)) separately. Observe that ¥ = > | w; A;
and exp(V) have the same block structure as the A;’s. Due to the special structure of the bottom-
right block, we can compute its contribution to tr(exp(¥)) and exp(V) e A; exactly. Therefore, we
can focus on the top-left block. Moreover, because the goal is to compute a multiplicative approxi-
mation of the top-left block’s contribution to tr(exp(¥)) and exp(¥) e A;, we can ignore the scalar
p. We prove the following lemma.

Lemmald Fixd > 0and N = Q(d?/€?). FixY € R*N w € RV, v € R, and 0 <
€ < 1. Let Z; = Y; ® Y; and (abusing notation) let ¥ = Zf\il wi(Z; —v)(Z; — v)". Suppose
| W], = O(log d/e€). We can compute, in time O(d3>26 /é%), (1 + €)-multiplicative approximations
to tr(exp(V)) and exp(¥) o ((Z; — v)(Z; —v) ") forall i € [N].

2. Recall that X; € R4*! is the i-th sample, and e; € RN *1 is the 4-th standard basis vector.

11
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Proof Let Z € R¥¥ be the matrix whose i-th column is Z;. Observe that ¥ = (Z —v17)D,,(Z —
v1h)’ € R4 where D,, € RN*Y is a diagonal matrix with w on the diagonal. First we
show that, for any vector s € pr’ we can compute the matrix-vector multiplication ¥s = (Z —
v1 1) Dy (Z — v1T) T s in time O(d®26/€?). This is because

(i) (Z —v1T)s = Zs — (17s)v and we can compute Zs = (YDSYT)b via fast rectangular
matrix multiplication (Lemma 5),
(ii) matrix-vector multiplication with (Z — v1") or (Z — v1")" has the same running time by
the Transposition Principle (Lemma 6 in Section 2)), and
(iii) multiplication with a diagonal matrix D,, can be done in time O(N).

We continue to show how to compute some 7 such that n =/, tr(exp(¥)). Since ||¥||, =
e llogd, by Lemma 15, we can find a degree—(e_1 log d) matrix polynomial p such that p(¥) Ree/8
exp(¥/2). Let M = p(¥), we have tr(M?) ~e/4 tr(exp(¥)). Thus, it is sufficient to compute
some 1) Ay tr(M?). We will write tr(M?) = Zfil(MQ)“ and approximate all (M?);; =
| Me;||5 simultaneously. By the Johnson-Lindenstrauss lemma, there is a O(log d/e?) x d? matrix
Q such that with high probability, || Me; ||§ ~e/a ||QMe;|, foralli € [d?]. Note that ¥ is symmetric
and so is M. We can compute QM = (MQT)" by multiplying each column of Q' through M,
and each M Q; = p(¥)Q; can be evaluated using deg(M ) matrix-vector multiplications Wv for
some v € R?. The overall running time to approximate tr(exp(¥)) is O(log d/e?) - O(log d/e) -
O(N + d*2 /e2) = O(d*26 /€5).

We approximate exp(V) e (Z; —v)(Z; —v) ' using a similar approach: exp(V) e (Z; —v)(Z; —
V)T = |lexp(¥/2)(Z; — V)3 Reja |M(Zi — v)||5 ~esa ||QM (Z; — v)|)5. Notice that the last line
is precisely the squared norm of the i-th column of QM (Z — v1 ). For the same reasons as in the
previous case, we can compute this matrix in time O(d?26 /¢5). |

)T

We can approximate exp(A) with a matrix polynomial of A, whose degree depends on the
spectral norm of A and the desired precision (see, e.g., Arora and Kale (2016)).

Lemma 15 (Taylor Expansion of Matrix Exponential) Ler A be PSD matrix with || A|l, < ¢,
then there exists a polynomial p(A) of degree O(max(¢,log(2/¢€))) such that p(A) ~. exp(A).

Proof [Proof of Proposition 12] By Lemma 13, we only need to show that the required oracle
algorithm can be implemented in time O(d320 /¢%). We approximate tr(exp(¥)) and each exp(¥)e
A; separately. Given ¥ = ZZ]\; 1 w; A, we will compute the contribution from bottom-right block
explicitly, and use Lemma 14 for the top-left block. The bottom-right block adds ZZ]\L L exp(w;(1—
€)N) to tr(exp(V)), and for every i, it adds w; exp(w;(1 — €)N) to exp(¥) o A;. [
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Appendix A. Omitted Proofs from Section 2

Lemmad Let X ~N(0,X)and Z = X @ X. Let ¥z € R*% be the covariance matrix of Z.
We have

(i) If X2 I, then ¥z = 21I.

(ii) If0 <7 < land || —I|, <7, then || Xz — 21|, < 67.

15



ROBUST COVARIANCE ESTIMATION

Proof Let a € R be any unit vector. Note that

Iz, = max a'Xza.
a€R? lal,=1

Let A be the unique matrix such that A> = v. We have
v S0 = Varl! Z] = Var[X TAX] = tr (AZ(A + AT)E) .

Note that 3. is a covariance matrix, so it is always symmetric and PSD. We can write > as ¥ =
Z?Zl )\iviv;r . Let Apax and Ay denote the maximum and minimum eigenvalues of Y. Let A =

ALQAT. The right hand side is equal to

a'Sza = tr (AZ(A + AT)2> —2tr (2222)
=2 Z Y tr(zzl\viv;rﬁvjv;)

2%
< 2(Amax)2 Z(U;A\Uj)z
i,
< 2(>\max)2 .

N 2 N
The last step uses the fact that Y, (v Av;)? = HVAVTHF = || 4|3 < Al = llall = 1. Since

this holds for all unit vector a € Rd2, we have ¥z =< 2(Amax)?I. Similarly, we can prove that
EZ = 2(Amin)QI-

For (i), by assumption Apax = ||X||5 < 1, so we have ||Xz]], < 2.

For (ii), we know 1 — 7 < Apin < Apax < 1+ 7and 0 < 7 < 1. It follows that (1 — 27)2] =<
¥ < (1+37)21, and thus ||Xz — 2I||, < 67. [

Appendix B. Omitted Proofs from Section 3

Lemma 7 Let D ~ N(0,X) be a zero-mean unknown covariance Gaussian on R%. Let  denote
the condition number of 3. Let 0 < € < €q for some universal constant €. Given an e-corrupted set
of N = Q(d2/e2) samples drawn from D, we can compute a matrix Xq in O(d>26 /¢2) time such
that, with high probability, ¥ < ¥y < (k poly(d))X and || o], < poly(d) ||X]|,.

Proof Let (G;)Y, be the original set of good samples drawn from A/(0, %), and let (X;)¥ | be the
corrupted samples. Let S denote the set of (1 — €)N samples with the smallest norm || X;||,. We
define o = 2 (& Y5 Xi X, ).

We first show that >y > X with high probability. Since the adversary corrupts at most e N
samples and we throw away ¢ N samples, we are left with at least (1 — 2¢) N good samples in S. We
will use the fact that removing any (2¢)-fraction of the good samples will not change the empirical
covariance too much. Let Y; = X ~'/2G; so that if G; ~ N(0,%) then Y; ~ N(0,1). When
N = Q(d/e?), forany T C [N] with |T'| = (1 — 2¢) N, we have that with high probability,

1
SO LAY
i€T

< O(clog(1/e)) .
2
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We set T C S to be a set of (1 — 2¢)N good samples in S, i.e., G; = X; foralli € T. Let
M=+, YY", We know that M = + 3, . 571/2G;G] £ ~1/2 by definition, and M =
(1 — O(elog(1/e)))I = L by the above concentration inequality. Therefore,

2 2 2
So= 5 2 XX = LY XX = 5> ] =2 (21/2M21/2) =3
€S €T €T

Next we show that ||Xo||, < poly(d) |||, and ¢ =< (kpoly(d))X. Let o2 denote the largest
eigenvalue of X.. Again let Y; = X ~1/2@G;, we know that when N = Q(d/e?), with high probability,

vie[N], [[Yill, <O(Vdlogd) .
We assume this condition holds for the rest of the proof. As a result, |G|, = HEI/ 2Y¢H2 <
O(o+/dlogd) for all i. Since only corrupted samples can have larger norm, and we remove the e N
samples with the largest norm, all samples in S have norm at most O(o+/dlogd). This gives an
upper bound on the spectral norm of g,

2 2 )
ol < 37 3 |xix|, < - v max ]G3 = O(0*d?10g% )
2

’2_]\7

This proves ||X|, < poly(d) ||3]|,. Moreover, by the definition of condition number we know that
Y= %QI, which implies ¥ < (o2 poly(d))I < (xpoly(d))X.

We conclude the proof by noting that 3y can be computed by multiplying a d x |S| matrix with
an |S| x d matrix. This can be done in time O(d*26 /€2) by fast rectangular matrix multiplication
(Lemma 5). |

Lemma 8 (Iterative Refinement: Getting /e Error) Consider the same setting as in Lemma 7.
Given an upper Igvound X € R4 on the unknown covariance matrix Y, i.e., ¥ =< >, we can
compute in time O(d>?®/e8) an upper bound matrix ¥y11 € R¥9, and a hypothesis matrix S e
R4 such that, with high probability,

Y <541 X2+ 0We)E; ,and

I = Slr < OWE) |Z]l, -

Proof Given an upper bound X; on the true covariance matrix, we can rotate the input samples to
compute Y; = Z;l/QXi. Let Z; = Y; ® Y;. Note that when X ~ N (0,Y), the random variable
Y =%, /2 X is drawn from a Gaussian distribution with covariance Xy =%, Y 222; 12 4
I. Lemma 4 implies that, if 3y =< I, then X, < 2I. Therefore, (Zi)fil is an e-corrupted set
of samples drawn from a distribution with bounded covariance, so we can apply Algorithm 5 to
robustly estimate its mean.

Let M be the output of Algorithm 5 reshaped into a d x d matrix. Because E[Z] = (E [YYT} )b =
b
<E;1/222;1/2) and Algorithm 5 (Lemma 10) guarantees that HM" —E[Z] H2 < O(Ve),

HM - 2;1/222;1/2“F < O(Ve) .
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Let S = E;/ZMZI}/Q. Using || AB|| < ||All5 || Bl| > we can prove the first part of the lemma,

o], = a5, <onarm,

As aresult, we have that —O(/e)I < 2;1/2@ - E)Et_l/2 =< O(v/€)1, or equivalently
S OWOS 2B <5+ 0/, .

Now Y41 = S+ O(y/€)%; is a better upper bound, which satisfies ¥ < 311 X X + O(v/¢€)X%;.
For the running time, we can compute %, 1/2 explicitly in time O(d*) using SVD (Demmel
et al. (2007)). Given the input sample matrix X € R™ we can apply ¥, 12 (o all samples by

computingY =%, 2 X via fast rectangular matrix multiplication in time 6(d3'26 /€?) (Lemma 5).

Since all the Z;’s have the form Y; ® Y;, Proposition 12 shows that Algorithms 5 has running
time 5(d3'26 /€%). Given the output of Algorithms 5, we can compute the new upper bound ¥; 1 in
time O(d“) using a constant number of d x d matrix additions and multiplications. |

Lemma 9 (Iterative Refinement: Getting ¢log(1/¢) Error) Consider the same setting as in
Lemma 7. Let 0 < 1y < 7o for some universal constant 1o. Given T and %y with ¥ <X 33y =X (14;7})2,
we can compute in time O(d>2%/e®) an upper bound matrix ¥y, 1 and a hypothesis matrix 3. such
that, with high probability, for T;+1 = O(\/eT + €log(1/¢)),

Y23 2+ 11X ,and

IS~2E8 2 2 g < 1ga

1/2

Proof LetY; =%, /"X, and Z; = Y; ® Y;. We know that

ISy — 1Tl = |

I3 S IH2 <r.

By Lemma 4, we have ||Xz — 2I||, < O(7). By standard concentration results, Z = Y ® Y has
exponential concentration about its mean in any direction. Therefore, (Z;)_; is an e-corrupted set
of samples drawn from a distribution that satisfies the conditions in Lemma 11, and we can apply
Algorithm 2 to robustly learn the mean of Z. By Lemma 11, we can compute a matrix M such that

HM - 2;1/222;1/2“F < O(ver +elog(1/¢)) .

Let 3 = %M, "%, Using [|AB| < ||Al, | B|

> We can prove the first part of the lemma,
s = [t ],

< [ Jor e, s

< (14 7)-O(Ver + €elog(1/¢))

= O(\/eT + elog(1/e)) .
This gives a better upper bound ¥, = T+ O(y/er + elog(1/€))X; such that ¥ < ¥y <
Y+ O(Ver +elog(1/e)) ;.
We omit the running time analysis because it is identical to the one in the previous proof. |
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B.1. Robust Covariance Estimation: Additive Approximations

In this section, we prove Theorem 3. At a high level, we first use Lemma 8 to get a O (/) additive
approximation (Algorithm 4). We will then run this algorithm on subspaces that have much smaller
eigenvalues in order to improve the guarantee (Algorithm 3). More precisely, we partition R? into
three disjoint subspaces S, S2, and S3, then we use Corollary 17, Lemma 19, and Lemma 20
to learn the covariance in each component separately, and combine them together to get the final
answer. The fact that we only need an additive approximation to is crucial for this approach.

For a subspace S, we use IIg to denote the projection matrix that maps z € R? onto S, and
S to denote the orthogonal complement of S. Given a matrix A and two subspaces S and So, we
use X[S1, S2] = Ilg, Allg, to denote the projection of the rows and columns of A onto .S} and So
respectively. We write A[S] for A[S, S].

Algorithm 3: Robust Covariance Estimation for Gaussian Distributions (Multiplicative Error)

Input : 0 < € < €, and an e-corrupted set of N = Q(d?/€?) samples (X;), drawn from
N(0,%).
Output: A matrix & € R%*? such that with high probability, Hf] - EHF < O(elog(1/€)) ||2]]5-

Compute My by running Algorithm 4 on input (X;)X,.

Compute eigendecomposition of My, let S be the subspace of all eigenvalues at least C /€.
Compute M; by running Algorithm 4 on input (II st XN,

Compute eigendecomposition of M; [Sﬂ, let S5 be the subspace of all eigenvalues at least Ce.
Let S35 be (Sl ) SQ)J_.

Compute M» by calling Algorithm 1 on inputs {IIg, g5, X }.

Compute M3 by calling Algorithm 4 on inputs {(v/€Ils, + €'/*IIg, + (s, 05,1 )Xo}

Let i =M + My — MQ[SQ} + ﬁ (Mg[Sl, Sg] + M3[53,Sl]).

return X..

Algorithm 4: Crude Robust Covariance Estimation

Input : 0 < ¢ < €, and an e-corrupted set of N = Q(d? /€2) samples drawn from A/(0, X).
Output: A matrix 3 € R%*? such that with high probability, Hi\] - EHF < O(Ve) |12,
Compute an initial upper bound Xy with ¥ < ¥ and || Xg||, < poly(d) ||X]|, using Lemma 7.
Let T = O(logd).
fort=0to7 —1do

L Compute X1 € R with ¥ < %y, 1 < X + O(1/€)X; using Lemma 8 on X;.

return ¥ = Y.

Let us first prove the guarantee for the crude O(+/€) additive estimation.

Lemma 16 Under the same setting as Theorem 3, there exists universal constant Cy such that
Algorithm 4 outputs an estimate 3 that satisfies Hf] - EHF = O(V/€) || X||5 with high probability in

time O(d325) / poly (e).
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Proof By Lemma 7, in Algorithm 4, we can compute ¥y > X such that ||Xg||, < poly(d) [|X]],.
Lemma 8 allows us to iteratively compute ¥, such that ¥ < Y11 < X + O(y/€)%;. It follows
that ||Z;11]l, < [|Z]l, + O(Ve) || Z¢]l5. and thus after O(log d) iterations we have a matrix X7

with ||X7], < 2||X||,. Using Lemma 8 with Y7, we can get a matrix S with ||§ —X|lF =
O(Ve) ||Xr]l; = O(y/€)X. The running time follows from the running time of Lemmas 7 and 8.

Suppose the constant hiding in the O(-) notation in Lemma 16 is Cj, we have the following
immediate corollary of Lemma 16.

Corollary 17 In Algorithm 3, the matrix My satisfies | My — 2| p < Cov/€ |35

In Algorithm 3 we will choose C'; = 20C, and define S to be the subspace where the eigen-
values of M are at least C+/e. We can then show the following lemma:

Lemma 18 In Algorithm 3, with high probability, the matrix M satisfies
|3 = sist]|, < @C1+ Co)CoeSl, -

Proof We assume the calls to compute My, M; are successful, which happens with high probability.
By Lemma 16, we know

o -t < v

zist]|
st
We continue to bound ||S[S7] H2 Notice that by Corollary 17,

st < st + iz

< C1Ve || Molly + Cove 2],
< (2C1 + Co)Ve 2|, -

Here the last step uses the fact when e is small enough ||Mo]|, < 2 [|X]]. |

Let S5 denote the subspace of Sf where the eigenvalues of M [Sf] is at least Coe where
Cy = 20(2C1 + Cy)Cp. Let S5 denote the orthogonal subspace of S; @ Sz (which corresponds
to the eigenvectors of My [Sﬂ that are smaller than Cse). Note that S, Ss, and S3 form a disjoint
partition of R%. We will learn ¥ separately on the product of these subspaces, and combine them
together to get the final answer . We use S12 to denote the subspace S1 D Ss.

We will now show that My computed by Algorithm 3 has low additive error in the subspace
512.

Lemma 19 [In Algorithm 3, with high probability, the matrix Ms satisfies
Mz — %[S12]||p < O(elog(1/e) Xl -

Moreover, if we consider 11g,, X; as vectors of dimension equal to the dimension of S12, the algo-
rithm runs in time O(d®2%)/ poly (e).
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Proof We assume the calls for computing matrices My, M7, M> are all successful, which happens
with high probability.

Let Y; = Ilg,, X;, we know the covariance of these samples are exactly equal to ¥[S12].

In this case, by the guarantee of Theorem 2 we know

HM;/Qz[SH]M;/Q - IHF < O(elog(1/e)).

We can left and right multiply by M. 21 /% and get
1E[S12] = M| < O(elog(1/€)) [|Ma]], -

When e is small enough this implies || Ma||, < 2 ||X[S12]]], < 2||X]|,, therefore as desired we have
[%[S12] — Ma||p < O(elog(1/€)) 2], -

The only thing that’s left to prove is the running time. To bound the running time we will show
k(X[S12]) = O(1/€). Here we restrict the attention to the subspace Sj2, so if S12 as dimension £,
k is the ratio of the largest eigenvalue and the k-th eigenvalue.

Let S* be the subspace of eigenvectors of ¥ with eigenvalue at most € ||X||,. We first show the
following claim:

HSMUHS < 1/5'

Claim For any unit vector v € S*,

Proof Since ||TTs,,v||3 = ||TTs,v||3 + ||TLs,v||3, we will bound the contributions separately. Notice
that for any v € S*, we have v Yv < ¢, therefore by Corollary 17,

v Myv < 0TS0+ [|S — Molly < (Cove + ) [Sll, < 2Cov/e Sl

On the other hand, v " Mov > C11/€ || 3| ||HSI7JH§. Combining the two equations we get ||H51v||§ <
2C,./C1 = 1/10. The proof for ||IIg,v||; is exactly the same except we use Lemma 18. [

For any two subspaces U and V', one can check that

Z(u,v),

sup  ||[Tyulls3= sup |Myovl3 = cos? in
u€el, ||ull2=1 veV,|vll2=1 u€UeV,||lull=|lv]=1

where /(u,v) is the angle between u, v. Therefore we know for any vector v € Sya, [|g+v||3 <
1/5. This implies for every v € Sya,

4e
T 2
v Zv 2 e|[E Uzl = -

This shows A\ (Xs,,) > % ||

5,80 £ < 2 = O(1/e). [ |
Finally we give the guarantee for Ms.

Lemma 20 In Algorithm 3, with high probability, the matrix M3 satisfies

<O %], -
F
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Proof We assume the calls to compute M, M7, M3 are successful, which happens with high prob-
ability.

Set Y; = (e'/%IIg, + €'/*1Lg, 4 I1g, ) X;. Let Xy denote the covariance of Y. It is easy to check
that Xy =< 3 (eX[S1] + /€X[S2] + X[S3]). By Lemma 17,

I=(Sal, < | 2871, < 0@ 12N, + || Mol = Ove) Bl
Similarly by Lemma 18,
IZS5]ll; < O(€) ISl + IM[S5]ll, = Ofe) ISl

Combining these we have ||Xy ||, < O(e) ||X]|,. Therefore by Lemma 16 we know the estimation
Mj satisfies | M3 — Sy || < O(eX5) |||,
On the other hand, it is easy to check that 3y [S1, S3] = %E[Sl, Ss], therefore we have

1 1
H\/EMs[Sl, S| — X[S1, 53] . = \z”MS[ShSS] — Xy [S1, 53|
1
< \ﬁ”M?)—EYHF:O(E) 1215 - u

Finally we are ready to combine all the steps.
Proof [Proof of Theorem 3] We will assume the 4 calls to Algorithm 1 and Algorithm 4 are all
successful, which happens with high probability. The running time follows from Lemma 16 and
Lemma 19. Now the resulting matrix looks like

M>[S1] M5[S1, Sa] ﬁM?,[SbS?J
M>[Ss, S M, [Ss] M;[Ss, S5
L M3[S3,81] M;[Ss, Sa] M, [S5]

/e
By Lemmas 18, 19, 20 we know for each one of these 9 blocks the error is bounded by
O(elog(1/€)) ||X]|,- Therefore the entire matrix also has error at most O(elog(1/e)) ||X]],. [

B.2. Robust Mean Estimation for Bounded-Covariance Distributions

We use the robust mean estimation algorithm for bounded-covariance distributions from (Cheng
et al. (2019)) to achieve Lemma 10.

We state this algorithm (Algorithm 5) to be self-contained.

Notice that Algorithm 5 is almost identical to Algorithm 2, except the stopping criteria in the “if”’
statement. Therefore, we can speed up Algorithm 5 using Proposition 12 as we do for Algorithm 2.

B.3. Robust Mean Estimation with Approximately Known Covariance

In this section, we prove the error guarantee part of Lemma 11, i.e., correctness of Algorithm 2.
Note that we will not worry about running time here, so we can use the naive implementation of
Algorithm 2 which runs in time O(d*)/ poly(¢). For the same reason, we ignore the additional
structure in our input and focus on the mean estimation problem. For the rest of this section, we
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Algorithm 5: Robust Mean Estimation for Bounded Covariance Distributions

Input : 0 < € < €, and an e-corrupted set of N = Q(d/e) samples (Z;)X., drawn from D.
D is the ground-truth distribution supported on R? with mean z* and covariance ¥ < 1.
Output: A vector /i € R? such that, with high probability, ||z — p* |, < O(\/€).
Let v € R? be an initial guess with || — p*||, < poly(d).
for i = 1 to O(log d) do
Compute a near-optimal solution w € R¥ to the primal SDP (1) with parameters v and 2e.
Compute a near-optimal solution M € R?*? for the dual SDP (2) with parameters v and e.
if the objective value of w in SDP (1) is at most c (c is a universal constant) then

‘ return the weighted empirical mean Ji,, = ZZJ\; L WiZ;.
else
| Move v closer to p* using the top eigenvector of M.

use d to denote the dimensionality of the problem, and N = ﬁ(d/ €2) to denote the number of
samples. (We have d = (d’)? if we are trying to estimate the covariance matrix of a (d’)-dimensional
Gaussian.)

We use (X;) ij\il to denote the input, which is a set of d-dimensional e-corrupted samples drawn
from some ground-truth distribution D. We know D has covariance matrix ¥ with ||¥ — I||, < 7,
and the goal is to estimate the unknown mean p* of D. We first restate Lemma 11.

Lemma 11 Ler D be a distribution supported on R with unknown mean 1* and covariance ¥. Let
0 < € < € for some universal constant €y, T < O(y/€), and 6 = O(\/Te + elog(1/e)). Suppose
that D has exponentially decaying tails, and X is close to the identity matrix |¥ — I||, < 7. Given
an e-corrupted set of N = ﬁ(d /6%) samples drawn from D, Algorithm 2 outputs a hypothesis vector
[ such that, with high probability, ||pn — p* ||, < O(9).

We use G* for the original set of NV good samples drawn from D. After e-fraction of the samples
are corrupted, we use G C G* for the remaining good samples and B for the corrupted samples.
The input to the algorithm is G U B. We have |G| > (1 — €)N and |B| < eN. Let Ay ¢ denote the
convex hull of all uniform distributions over subsets .S C [N] of size |S| = (1 —¢)N:

N
1
AN75 = {’LU GRN : ;wz = 1and0§wz S (1_6)]\71:01'3112} .
Every weight vector w € Ay correspond to a fractional set of (1 — €) /N samples.

By standard concentration results, we know that degree-2 polynomials of Gaussian random
variables are exponentially concentrated around its mean.

Definition 21 (Exponentially Decaying Tails) We say a distribution D supported on R has ex-
ponentially decaying tails iff, for any unit vector v € R% we have Pry.p[(v, Z — p*) > t] <

exp(=9(t))-

To avoid dealing with the randomness of the good samples, we require the following deter-
ministic conditions on the original set of N good samples G* (which hold with high probability
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when N = Q(d/e?) when D satisfies Definition 21). For all w € A N,2¢» we require the following
conditions to hold for 6 = O(elog(1/¢)) and 6o = O(7 + elog?®(1/¢)):

> wilXi — )

i€G*

§517
2

D wil X — ) (X — ) =1
1€G* 2

Vi€ G, | X, — ptll, < O(/dlog(d) . ()

At a high level, they state that with high probability, the good samples are never too far from p*,
and the empirical first and second moments of the good samples behave as we expect them to.
More specifically, §; upper bounds the change in the mean when we remove any e-fraction of the
samples, and J2 upper bounds the change in the second-moment matrix. The second-order condition
follows from the fact that || £ — I, < 7, the triangle inequality for the spectral norm, and with high
probability for our choice of NV,

S 52 ) (6)

< O(elog(1/e)) [IS]l, = O(elog(1/e)) .
2

D wiXi =) (X — ) =%
icGr

We adapt the proof of Cheng et al. (2019) to prove the following lemma, which holds for general
distributions that satisfy the concentration bounds above.

Lemma 22 Assume the concentration bounds (Conditions (6) and (7)) hold for the good samples
with parameters §1 and 6o where §o > 5%. Let 6 = +/edy. Then Algorithm 2, with threshold
(1 + O(02)) in the “if” statement, will output a weight vector w such that the weighted empirical
mean iy, = Zfil w; X; satisfies || — [, < O(0) for 6 = O(9).

Lemma 11 follows immediately from Lemma 22, because the output of Algorithm 2 has error
§ = 0(Veds) = O(\/G(T + elog®(1/€))) = O(y/eT + elog(1/¢)) as needed.

Algorithm 2 is based on the primal-dual approach proposed by Cheng et al. (2019) for robust
mean estimation. Their algorithm starts with a guess v € R?, and then in each iteration solves the
primal and dual SDPs (1) and (2). They gave a win-win analysis: either a good primal solution
gives weights w € RY such that [i,, is close to the true mean; or a good dual solution must identify
a direction of improvement that allows the algorithm to move v much closer to the true mean.

minimize Apax (Zf\il wi(X; — v)(X; — l/)T>
subjectto w € Ay,

D

maximize average of the smallest (1 — €)-fraction of ((X; — v) " M (X; — y))iil 2
subjectto M > 0,tr(M) <1

To prove Lemma 22, we will show that the win-win analysis still holds in our setting by proving
two structural lemmas. Lemma 24 proves that a good primal solution for any guess v will give
an accurate weighted empirical mean. Lemma 25 shows that we can use the top eigenvector of a
near-optimal dual solution to move v closer to * by a constant factor.

First we prove a helper lemma. Lemma 23 gives upper and lower bounds on the optimal value
of the SDPs (1) and (2). For example, Lemma 23 allows us to estimate how far v is from p* from
the optimal value of the SDPs.
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Lemma 23 (Optimal Value of the SDPs) Fix 0 < € < €, 01, 02 > 0%, and v € R Let § =
Veds. Let {XZ}Z]\L 1 be an e-corrupted set of N samples that satisfy Condition (6). Let OPT, .
denote the optimal value of the SDPs (1) and (2) with parameters v and €. Let r = ||v — p*|,.
Then, we have:

(1 —69) + 7% — 2617 < OPT, . < (14 d2) + % + 2017 .
In particular, when r = Q(1/52), we can simplify the above as
1+0.92 <OPT,, <1+ 1L.1r%.

Proof Let OPT = OPT, ..
One feasible primal solution is to set w; = Il G| forall - € GG (and w; = 0 for all ¢ € B):

N
OPT < Anmax (Z wi(X; —v)(X; — I/)T> = max sz(Xi —v,y)?

Rd =1

=  max (Z wi(Xi =, y)? + (0t = v, ) + 20 wil(Xi — i), )t — v, y>>
i€G

Rd =1
ye 7”3/“2 ieq@

< max  ((1+48)+ (u* —v,y)* + 251 (u* — v,y))
yeRd’”yH2:1

= (1+8) + [l = vll3 + 200 |* = vl -

We used Condition (6), since w can be viewed as a weight vector on G* where w € Ay ..
One feasible dual solution is M = yy' where y = H:**%:II The dual objective value is the
2

mean of the smallest (1 — €)-fraction of ((X; — v) " M (X; — 1/))5\;1, which is at least

1 .
(1—¢N SCG,|SI|n:1?1—26)N

> (Xi—v) M(X;—v).

€S
This is because the smallest (1 — €) N entries in G must include the smallest (1 — 2¢) N entries. Let
w, = |S| forall i € S and w} = 0 otherwise. Note that S C G and |S| = (1 — 2¢)N, so w’ can be

viewed as a weight vector on G* with w’ € A N,2¢. Therefore we have

OPT > Z |S| )T M(X = wi(X y)?

€S i€G
2
= wi(Xi — p*, ) w3+ 2D wi(Xs — gy [t - vl
i€G 1€G

> (1= ) + It = vl — 260 lu* = vl -

To obtain the simpler upper and lower bounds, we note when r = §(1/92), the error term is
89 + 2017 = O(r?). Therefore, by increasing the constant in r = (+1/52), we can get 1 + 0.9r% <
OPT <1+ 1.172, u

Next we show that a good primal solution w for any guess v will give an accurate estimate fi,,.
Lemma 24 proves the contrapositive statement: if the weighted empirical mean fi,, is far from p*,
then no matter what our current guess v is, w cannot be a good solution to the primal SDP.
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Lemma 24 (Good Primal Solution = Correct Mean) Fix 0 < ¢ < ¢, 61, and dy > 63. Let
0 = +/eby. Let {XZ}Z]\L1 be an e-corrupted set of N samples that satisfy Condition (6). For all
w € AN e If ||[lw — 1|5 = 2(6) where fi, = Zfil w; X, then for all v € RY,

N
Amax <Z wi(X; — v)(Xi — u)T> > 1+ Q) -
i=1
Proof Fix any w € Ay g If ||p* — v||, = Q(1/d2), then because w is feasible and by Lemma 23,
N
T * 2
)\max (ZwZ(XZ — V)(XZ — l/) ) Z OPT,/,QG Z 1 + 0.9 H,LL — V||2 Z 1 + 9(62) .

i=1

Therefore, for the rest of this proof, we can assume ||u* — v, = O(1/52).
We project the samples along the direction of (ji,, — p*). Consider the unit vector y = (fi,, —
1)/ || w — 1*||5- To bound from below the maximum eigenvalue, it is sufficient to show that

N N
y' <Z wi(Xi —v)(Xi — V)T) y=> wilXi—v,y)° > 1+Q(5) .
i=1 =1

We first bound from below the contribution of the bad samples by €2(d2). By triangle inequality,

> wilXi — vy = D wilXi — pt,y)| — wa|(w* — v, y)|
i€B i€EB
N
> 1> wil X — it )| — D wil X — it )| = 2€ |t = vl
=1 1€G
> |[fiw — 1|y — 61 — 26 - O(V/62) = Q(5) .

The last line follows from our choice of y, 6 > max(dy, e\/g), and the good samples satisfy
Condition (6). By Cauchy-Schwarz,

(Z wi(X; — v, y)2> (Z wl-) > <Z wi(X; — v, y)) =Q(6%) .

i€B i€B i€B

Since wp < 2¢, we have Y. p wi(X; — v,y)? = Q(6?/€) = Q(d2).
We continue to lower bound the contribution of the good samples to the quadratic form by
1 — O(62). By Condition (6),

> wilXi —vy)? =D wi ((Xi = %, 9) + (" — ) + 2K — 1hy) (et — v, )

i€G i€G
> wilXi = ity + 200 = v ) (Y wi(Xi - ), y)
ieG e

> (1=62) =261 [|p* = vl =1—=0(b2) .
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In the last step, we used 01 ||* — v||, < 2811/02 = O(d2). Putting together the contribution of
good and bad samples, we have SN | w; (X; — v,4)2 > 1 — O(82) + Q(d) = 1+ Q(J2). [

Lemma 24 guarantees that, any solution to the primal SDP whose objective value is at most
1+ O(d2) will give good weights, and this is independent of our current guess v.

We now deal with the other possibility: the primal SDP has no good solution. Lemma 25 shows
that in this case, we can solve the dual SDP (2) and move v closer to p* by a constant factor. We
simplify the proof by assuming that we can solve the dual SDP exactly. This assumption is wlog as
shown in Cheng et al. (2019).

Lemma 25 (Good Dual Solution = Better v) Fix 0 < ¢ < e, 01, and 53 > 62. Let § = \/eba.
Let {Xi}i]il be an e-corrupted set of N samples that satisfy Condition (6). If the optimal solution
M € R to the dual SDP (2) (with parameters v and €) has objective value at least 1 + Q(53),
then we can efficiently find a vector V' € R, such that ||V — pi*||o < 2 ||v — p*|,.

Proof Because M is a feasible solution to the dual SDP (2) with parameters v and €, we know that
OPT, . > 1+ Q(d2). When OPT, . > 1 + Q(d2), Lemma 23 implies that ||* — v|l, > Q(1/52)
and OPT,. > 1+ 0.9 u* — v|3.
We know M » 0 and tr(M ) = 1. Without loss of generality, we can assume M is symmetric.
Since the objective value is the average of the smallest (1 —¢) N entries of (X; —v) T M (X; —v)

and one way to choose (1 — €) N entries is to focus on the good samples, using Condition (6),
1+0.9]p* —v|3 <OPT,,

< (1;| (X —v) T M(X; - v)
i€G

- é;| D M, (X = ) (X — )T+ 2K — ) (=) + (=) (= v)T)
i€G

<1+ 8+ 201 || — vy + (M, (0 —v)(p* — V)T>

S 1401t = vz + (M, (1" —v) (" —v)T) .

Therefore, we have (M, (u* — v)(u* —v) ) > & ||u* — v|]3.
We will continue to show that the top eigenvector of M aligns with (v — p*). Let Ay > Ao >

... > Ag > 0 denote the eigenvalues of M, and let vy, ..., vq denote the corresponding eigenvec-
tors. The conditions on M implies that Zle A¢ = 1. We decompose (u* — v) and write it as
we—v = Zgzl a;v; where Zgzl a? = ||p* — v||3. Using these decompositions, we can rewrite

(M, (" = v) (5" =) T) = XL a2,

First observe that \; > 2, because A\ ., 02 > >, Nja? > 2 ||p* — I/HS = 2, a2. More-
over, because £ 5,07 < Y. Na? < Mad 4+ (1—M)(1—af) < 2o+ 13, a2, we know
that (viv] , (¥ — v)(p* — v)") = o} > 23, a?. Thus, we have a unit vector v; € R? with
(v, p* —v)y =a; > § ||t — v||5, so the angle between v and p* — v is at most § < cos_l(é).

Finally, we can estimate r from the value of OPT, . using Lemma 23, and move v in a direction
almost aligned with /* — v, to obtain a new point ¢/ that is on a circle of radius 7’ =~ r centered at

v. A basic geometric analysis shows that ||/ — p*[|, < 2 ||l — p*||,. [ |

27



ROBUST COVARIANCE ESTIMATION

Appendix C. Evidence of Hardness

In this section, we provide some evidence which suggests that the running time of our algorithm
has near-optimal dependence on d. We start by noting that our sample complexity N = fvl(d2 /e2)
is tight up to polylogarithmic factors, and this holds even when there is no corruption. For the
rest of this section, we will assume both € and x are constants, and focus on the dependence on
d in the running time. Since the running time of our algorithm is dominated by (d, d?, d)-matrix
multiplication time, faster matrix multiplication algorithms time will improve our running time.

In Section C.1, we show that even when there are no corrupted samples, it is not known how to
compute the empirical covariance matrix faster than (d, d2, d)-matrix multiplication time. We give
a communication complexity lower bound that rules out all oblivious matrix sketching approaches.

In Section C.2, to circumvent the difficulty raised in Section C.1, we consider a weaker problem
where the algorithm only need to find a set of good weights (instead of a d x d matrix). We give
a reduction to show that this problem is still at least as hard as some basic matrix computation
question, which we do not know how to solve faster than (d, d?, d)-matrix multiplication time.

C.1. Approximating the Empirical Covariance Matrix

Our algorithm matches the running time of the best non-robust covariance estimation algorithm.
When there are no corrupted samples and N = Q(d?/¢?), with high probability, the empirical
second-moment matrix % Efi 1 XX lT is e-close to the true covariance matrix in Frobenius norm.
However, it is not known how to (approximately) compute this empirical second-moment matrix
faster than (d, d?, d) matrix multiplication time.

Problem 1 (Approximating Matrix Products) Let d > 0 and N = Q(d?). Given X € RN Xf\l
where each column of X is drawn from N (0,X) for some unknown . < I, compute a matrix ¥.
such that

Hi _lxTx| - O(1).

N

F

For approximate matrix product of an NV x d matrix A with ||A||, = O(1), we want to choose a

sketching matrix S so that HATS TSA— ATAH?: = O(1). Known results for approximate matrix
4
product state that if S has s rows, then HATS TSA - ATAH? =0 <m> with probability at

S
least 9/10, see, e.g., Section 2.2 of Woodruff (2014) for a survey. In the context of Problem 1,

letting A = V%X’ we have ||Al|, = O(1) and ||A||jlp = O(d?). The error is then O(d?/s), and

consequently S must have s = 2(d?) rows for the error to be at most O(1).
We can show that the argument above is almost tight for all oblivious sketches.

Lemma 26 Let N = d>. There is no distribution over t x N matrices S, oblivious to the underlying

input N x d matrix A, where t = o(d?/log d), such that with probability at least 2/3, it holds that

|ATSTSA - ATAIZ <Oy H’z!%, where C1 = 4 - 25 - 20002 is a positive constant.

Proof Suppose, to the contrary, there were such a distribution on matrices S satisfying ¢ =
o(d?/logd).

For N = d?, consider a uniformly random N x d matrix A € {—%, 13V*d Then ||A||% = d,
and so for a random matrix S from our family and a random input A from this family of inputs, it
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holds that with probability atleast Z, |ATSTSA-ATA|2 < C; 4 H = (1. By anti-concentration
of the binomial distribution, with probability at least 19090, at least a m—fractron of the off-diagonal

entries of A" A have absolute value at least 1000 10004

Consequently, for at least a %—fractlon of the entries in the bottom left L submatrlx of
AT A, we have the property that the entry has the same sign asin AT ST SA, and also the entries in
ATSTSA are at least 5557 Indeed, otherwise e would have [[ATSTSA— ATA|% > (4)2- % -
(o509 1000 4~ 3000 d) > (' with probability at least - 100 over the choice of A and S, and in particular there
exists a fixed A for which this holds with probability at least - 100 over the choice of S, contradicting
our assumption on the family of matrices .S.

Now consider the following two-player communication game with public shared randomness.
Alice has the first g columns of A, denoted Ay, € {—1,1}¥ *d/2 while Bob has the remaining g
columns of A, denoted Ar € {—1,1}V*%2. The entries in the in the bottom left % X % submatrix of
AT A are exactly the inner products between all columns of Alice and all columns of Bob. Suppose
there were such a family of matrices S as described above. Alice and Bob use the public coin to
agree upon S with no communication. Alice then computes S - Ay, and rounds each entry to the

nearest power of (1 + p()%()) Note all entries of S A7, need to be at most poly(d) and rounding
preserves ||[ATSTSA— AT A||2 up to additive pol (

least a 3‘51 -fraction of the entries in the bottom left §x3 submatrlx of AT A have the same signs in
ATAand ATSTSA. Alice sends each of the rounded entrres of S-Ar, whichis ©(tdlog d) = o(d?)
bits. Bob then computes S- A and thus forms S - A, from which he can compute AT ST SA. At this
point, Bob can recover the sign of a uniformly random entry in the bottom left d/2 x d/2 submatrix
of AT A with probability at least 2/3 — 1/25 — 1/100 > 3/5.

Notice that the sign of such an entry is the same as solving the Gap-Hamming communication
problem under the uniform distribution: in this communication problem there are two players, Alice
and Bob, who hold uniformly random vectors =,y € {—1,1}V, respectively, and wish to decide
if (x,y) > 0 or (x,y) < 0. This problem requires 2(N') randomized communication complexity
Chakrabarti and Regev (2012). Moreover, as shown by Braverman et al. Braverman et al. (2016),
the information complexity of this problem is Z = (N bits. In our setting, we can think of Alice
as having g independent instances zh ... ,:cd/Q, and Bob having an index i € {1,2,..., %} as well
as a vector y and Bob wants to solve the Gap-Hamming problem on the pair (x,y). However, only
Alice is allowed to speak, and she sends a single message to Bob, without knowing 7. By standard
direct sum arguments in communication complexity Braverman and Rao (2011) (see also Pagh et al.
(2014) where Gap-Hamming composed with the Index problem was used), the randomized one-way
communication complexity of this problem is Q(d - Z) = Q(d?) bits. However, the communication
cost of our protocol is ©(tdlog d) = o(d?) bits, which is a contradiction. Consequently, we must
have t = Q(d?/log d), as desired. [ |

- Therefore, we maintain the property that, at

It is worth noting that this lower bound holds for any possible algorithm one can run on S A (i.e.,
the algorithm can do more than just computing A" S S A), so it is a stronger information-theoretic
statement.

C.2. Finding Good Weights

To circumvent the difficulty of Problem 1, we could redefine our problem so that the algorithm
does not need to output a d X d matrix, instead it outputs a set of good weights w such that
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N wiX; X;” — 3| = O(y/€). We will show that, even for this weaker problem of finding
good weights, one still need to come up with faster algorithms for a basic matrix problem.

Problem 2 (Identifying Columns with Larger Norms in a Product Matrix) Letd > Oand N =
Q(d?). Fix an arbitrary U € RS ywith orthonormal columns. Let ' be defined as in Equation (8).
Let X € RN be a matrix with (1 — €)N columns drawn from D = N(0,1) and eN columns
drawn from D' = N'(0,%). Let B be a set of €N columns from D'. Find a set S C [N| such that

S| < 2eN and |S N B| > 12

Consider the following instance. Let U be an arbitrary d X % matrix with orthonormal columns.
Let the good distribution be D = N (0, % = I), and the noise distribution D’ is defined as

1
I+
1+6< E\f

We draw (1 — ¢)N samples from D and e N samples from D’. The empirical covariance matrix
of the mixed distribution is & = (1 — €)% + ¢/ = (1 - W) I+ < ) UUT. Observe

D'=N(0,%), whereY = UUT> for some ¢ = O(log'/?d) . (8)

f+1/

2
that ||S — EH =d < f+ e ) = (1), so the bad samples are distorting the empirical covariance

matrix by more than we could tolerate.

Observe that the good and bad samples have similar ¢2-norm: Ex/..p/ [|| X'[|,] = tr(¥') =d =
Ex~p[||X]|,]. However, the bad samples have slightly larger norm in the column space of U

EXND[HUTXHE} =tr(UU") = g , and
d 1+25 d 0.9¢
Tx/ W% evd O
EX/ND/“U X'|| } = te(UU") = 5 e >2<1 €f>

Therefore, a natural way of distinguishing them is to compute U " X, which requires (d, d?, d)-
matrix multiplication time. We could compute the column norms of SU " A, where S is a Johnson-
Lindenstrauss matrix. However, .S must have e% rows to obtain (1+ €)-approximation, and therefore
S must have §~2(d2) rows. Even if one uses a sparse matrix S, one has that SU " is a dense matrix,
and it is unclear how to compute SU " A quickly.

Finally, we show that for this specific instance, any algorithm that can find a set of good weights
w € RY must solve Problem 2.

Lemma 27 Consider the same setting as in Problem 2. Given a set of weights w such that || w||; =
L flw|ly < = e)N’ and | N L w X X, = I||p = O(1), we can solve Problem 2 in O(N) time.

Proof Let G and B denote the set of good and bad samples respectively. We have shown that

Eicc [HUTXi H;] =4, and E;ep [HUTXZ’Hz] (1 + 0\39) By standard concentration result of

Chi-squared distributions, we know that there exists ¢ = O(logl/ 2 d) such that with high probability,

>d<1—0'16> , and

Vi € G, H 23 N
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Vi € B, HUTXi

(10
27 2 6\/& '

For the rest of proof we assume the samples meet these conditions.
Let X, = Zf\; 1 wiXZ-XiT . Let wg and wp denote the total weights on G and B respectively.
Since ||3,, — I|| = O(1), by Cauchy-Schwarz,

UT (S — DU = (UUT) o (Sy — 1) < HUUTHFHEw —I||p = O(Vd) < 0.05¢- Vd .
On the other hand,

d
.
x| - =
v 2

2
2

N
Ul(Sw - DU =) w
i=1

o (125) (4 )
> %(0.40\/&) — (0.05¢ - Vd) .

Putting these two inequalities together, we get that wp < ;. In other words, the average weight of
a bad sample is ﬁ.

Let S = {i € [N] : w; < 55} By Markov’s inequality, we have |S N B| > @. Since
|lw|lo < ﬁ and wg = |lw|; —wp > 1 — {, again by Markov’s inequality, we get that

|S NG| <eN and hence |S| < |B| + €N = 2eN. [ |
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