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Abstract

We overcome two major bottlenecks in the study of low rank approximation by assuming the low
rank factors themselves are sparse. Specifically,

(1) for low rank approximation with spectral norm error, we show how to improve the best known
nnz(A)k/+/e running time to nnz(A)//e running time plus low order terms depending on the
sparsity of the low rank factors, and

(2) for streaming algorithms for Frobenius norm error, we show how to bypass the known Q(nk/e)
memory lower bound and obtain an sk(logn)/ poly(e) memory bound, where s is the number of
non-zeros of each low rank factor. Although this algorithm runs in exponential time, as it must
under standard complexity-theoretic assumptions, we also present polynomial time algorithms using
poly(s, k,logn, ™) memory that output rank k approximations supported on an O(sk/e) x O(sk/e)
submatrix.

Both the prior nnz(A)k/+/¢ running time and the nk/c memory for these problems were long-standing
barriers; our results give a natural way of overcoming them assuming sparsity of the low rank factors.
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1 Introduction

In modern computational problems, one often encounters large scale and high dimensional datasets that are
too large and complex to be understood as is. A common approach to dealing with this complexity is to
find low rank approzimations to these datasets. That is, given a matrix A € R"*¢ and a target rank k, one
seeks a rank k matrix B € R"*? such that A is well-approximated by B. This is advantageous, as a rank
k matrix can be written as B = U -V for an n x k matrix U and a d x k matrix V, which only takes
(n + d)k parameters to describe rather than nd. Oftentimes, the task of finding this B is accomplished by
computing a rank k£ matrix B that approximately minimizes the reconstruction error ||A — B||, where ||-|| is
some norm, e.g., the Frobenius norm or the spectral norm.

In practice, the coordinates often have physical interpretations, and in such cases, it is desirable to be
able to interpret the low rank approximation found. However, B as obtained above, now described with
(n + d)k parameters, is often still too large to interpret easily. Thus, one could further ask for the low rank
approximation factor B to be sparse as well. One way to formalize this is to require that B can be written as
the sum of k£ rank 1 matrices, each of which is supported on an s x s submatrix for some sparsity parameter
5. We refer to such a B as being an s x s-sparse rank k matriz.

Definition 1.1 (s x s-sparse rank k matrix). For a sparsity parameter s € N and rank parameter k < n, an
n x d matrix B is s X s sparse rank k if it can be written as

k

T

B= E TiXiY;
1=1

where 7; € R and x; € R™ and y; € R? are s-sparse unit vectors for each i € [k]. When the ambient
dimensions n and d are clear from context, we write Sq 1, C R"™%4 for the set of s x s-sparse rank k matrices.

The above notion of sparse low rank matrices can be either used as an assumption or a constraint.
We study both variants of the low rank approximation problem, and in both cases, we obtain improved
algorithms over prior low rank approximation algorithms in certain settings.

In the first setting, one assumes that the optimal rank k approximation takes the form of a sparse low
rank matrix. This scenario is a phenomenon known as localization of eigenvectors, and occurs frequently
in many applications [HBCY21, ZYC"20], for example in quantum many-body problems [LVTW09, NH15]
and network analysis [PSC18]. In this case, the optimal solution to the low rank approximation problem
can be computed by an SVD, which has efficient approximation algorithms [CW13, MM15, Z1.16]. However,
one may further ask the question of whether we can do better than the best known algorithms for approx-
imate SVD under this additional sparsity assumption on the singular vectors. This question was studied
in the work of [HBCY21] and a followup work of [ZYC"20], which studied algorithms for computing eigen-
vectors in symmetric matrices with localized eigenvectors. In [HIBCY21], the authors study an algorithm
for finding a small submatrix containing the supports of the leading eigenvectors by greedily adding rows
and columns without formal guarantees, and [ZYC"20] seek to improve this approach using reinforcement
learning techniques.

In the second setting, we instead deal with an arbitrary input matrix A, but still seek a sparse low rank
matrix to approximate A. Thus, we constrain our low rank approximation to be sparse, and optimize over
this smaller space instead. It turns out that this constraint makes the problem significantly harder in time
complexity (as we show later), which is a phenomenon that is well-documented in the context of the related
sparse PCA problem (see Section 1.4 for a discussion). Nonetheless, we show that this formulation of the
problem is in fact easier than the unconstrained low rank approximation problem in the context of streaming
algorithms.

1.1 Randomized Block Krylov Methods for Sparse Singular Vectors

Our first contribution gives new algorithms for the spectral low rank approximation problem, when we are
promised that the top k singular components are s-sparse. Let A € R"*? be a rank 7 matrix whose top k
left and right singular vectors are s-sparse. The best previous known general case algorithm of [MM15] (see



Theorem 1.11), based on block Krylov methods, runs in time dominated by roughly

nnz(A)k
o
We improve this bound to roughly
nnz(A)
e
Theorem 1.2 (Spectral low rank approximation for sparse singular vectors). Let A € R"*? be a rank r

matriz whose top k left and right singular vectors are supported on s coordinates. Then, there is an algorithm
which outputs A such that
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Remark 1.3. By a simple modification of our analyses, the condition for s-sparse singular vectors can be

replaced by an approximate sparsity condition, such that for the jth singular component, there is a set of s
coordinates which captures a

1
+ poly (s, k,—,log n) .
€
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fraction of the €2 mass of the left singular vector, and similarly for the right singular vector.
We note that this robustness condition is a strong assumption, and we believe that an important direction
for future work is to find algorithms that handle more relaxed assumptions on the approximate sparsity of
the singular vectors.

Our algorithm proceeds in two steps: (1) we first identify small subsets of coordinates S C [n] and
T C [d] that contain all large coordinates of the sparse left and right singular vectors (2) we proceed with
standard low rank approximation algorithms on the subset of coordinates. The idea is that finding top
singular vectors in the smaller submatrix is sufficient to find the top singular vectors in the original matrix,
since all of our original singular vectors roughly retain their singular values in the submatrix, while the other
singular components can only decrease. The observation for this general approach has already been made in
[HBCY21, ZYC'20]. However, to implement this idea efficiently, several additional new ideas are needed,
and our algorithm carefully combines power method, Chebyshev polynomials, and binary search to obtain
the result of Theorem 1.2.

1.1.1 Overview of Techniques

Our first idea is that with a budget of nnz(A)/\/e running time, we can run naive power method for 1/4/
iterations initialized with a single random Gaussian vector g ~ A(0,14) to compute (AAT)/vVZAg. Using
the SVD A = UXV' of A, we may write this as UEO(l/‘/E)VTg. Then by the rotational invariance
of the Gaussian, this random vector is distributed as a random linear combination of the left singular

vectors of A, where the ith left singular vector is scaled by roughly oV Then if i € [k] is such that

i
o; > (14 +/¢)ok+1, then az-l/‘/g is a constant factor larger than a,lci‘l/g, so the s entries corresponding to the

ith left singular vector stand out in (AAT)Y/VEAg. Thus, selecting the top sk entries with largest absolute
value in (AAT)Y VE Ag retrieves a superset of the support of the left singular vectors with singular value
o; for which o; > (1 4 \/€)og+1. We can repeat on the right side as well to obtain the support of the large
right singular vectors.

The above approach is enough to find the large singular components with singular value at least (1 +
VE)ok+1, but we must find singular values all the way down to (1 + €)ogy1 for a (1 4 €) relative error
approximation. To do this, we use the approach of [MM15] of using Chebyshev polynomials, which, given a
location parameter «, gives us a degree 1/+/¢ polynomial p for which p(x), for all x > (1+¢)a, is a constant
times greater than any p(z) for z < a (see Lemma 3.9 for the mathematical statement). If we knew the



location & = oj41, then we could compute p(A)g in nnz(A)/+/c time and use the same approach as before
to find the support of all singular components ¢ for which o; > (14 ¢)ok11. The challenge, of course, is that
we do not know og1.

We first show how to find the value of ;11 up to a (1 + 1/¢) factor. To this end, we first show that if
o; for ¢ € [k] is large, i.e. 0y > (1 + v/€)ok+1, then we can find o; up to a (1 + €) factor using the set of
sk large coordinates on the left and right located before, using the power method. However, note that we
do not know for which 4 this is true. That is, if we let A be the sk x sk submatrix supported on the large
coordinates identified using the power method, we expect the large singular values of A to be good estimates
of the large singular values of A, but we do not know which of them are large enough to actually be good
estimates.

To address this, let i € [k], and first note that o;(A) is always a lower bound on o;(A) by the Cauchy

interlacing theorem. Furthermore, suppose that B is a rank i — 1 approximation to A. Then, HA - ]A3H
2

serves as an upper bound for o;(A), as

oi(A)= min [|A-C]|,< HA - BH .
rank i — 1 C 2
We show that for ¢ € [k] such that o; > (14 +v/€)0ok+1, these are good lower and upper bounds on the singular
value 0;(A), i.e., they are within (1 4 ¢) factors of each other. Furthermore, they can both be computed in
time roughly
nnz(A)
VE
Thus, we have an extremely efficient way to certify our estimates to the singular values o;(A), if they are
large enough. We then consider the following binary search strategy over the singular values: if the upper

and lower bounds are within (1 + €) factors of each other, then we keep searching lower, and otherwise,
we search higher. If the oy, (A) found is such that o;, (A) > (1 + v/€)ok+1(A), then the top i. singular

components are found in the initial power method step accurately enough so that HA - ]3“ is close to
2

+ poly(s, k,e ).

i +1(A) < (1++/€)oks1(A), where B is a rank i, approximation B of A. Otherwise, oy, (A) itself is within
a (14 +/e) factor of o1 (A).

Now that we are within a (1 4+ /) factor of ox11(A), we just need 1/4/ guesses in powers of (1 + ¢)
in order to guess or11(A) up to a factor of (1 +¢). We can in fact afford to guess all of these locations
a, compute the corresponding Chebyshev polynomial p, compute p(A)g from precomputed Krylov iterates,
select the top sk entries, and then add the entries to the support that we consider.

With the support superset in hand, we finish the algorithm by performing an approximate SVD on this
submatrix. Our full discussion can be found in Section 3.

1.2 Streaming Frobenius Low Rank Approximation with Sparse Factors

We now discuss our results on the Frobenius norm sparse low rank approximation problem. For the Frobenius
norm, a variant of the sparse low rank approximation problem has previously been studied in [ZZ502, ZZS04],
who slightly relax the sparsity requirement compared to our formulation.

We consider the streaming setting, in which our input matrix A arrives as one pass over entrywise
additive updates A;; < A;; + A for A € R. The goal is to design algorithms which use low space. A
standard approach is to consider sketching algorithms, in which we choose a random m x (nd) matrix S and
maintain S(vec(A)), where vec(A) is the flattening of the n x d matrix A into an nd-dimensional vector,
and then postprocess S(vec(A)) for the final result. This yields an algorithm of space roughly O(m), up to
bit complexity factors. We refer to each row of S as a measurement. In fact, it is known that, with some
restrictions, any turnstile streaming algorithm can be implemented as a linear sketch with roughly the same
amount of memory [LNW14, AHLW16, KP20], so in some sense, the number of measurements required for
a sketching algorithm in a turnstile stream captures the space complexity of the streaming problem.

For the standard Frobenius norm low rank approximation problem, it is known since the work of [CW09,
BWZ16] that ©(nk/e) measurements are necessary and sufficient to output a rank k approximation of an
n X d matrix A with a relative error Frobenius norm guarantee.



Theorem 1.4 ([CW09, BWZ16]). Let A € R**4. Then, any randomized sketching algorithm which outputs
a rank k matriz B such that
2 . 2
|A-B%<(+e) min_|A-Cl
with probability at least 2/3 requires O((n+d)k/c) measurements, and this lower bound is tight up to constant
factors.

1.2.1 Upper Bounds

We overcome the above negative result by showing that we can find an s x s-sparse rank k& matrix B such
that

A-B|} <(1+¢) min [|[A-C|?

|A =Bl < (1+2) gnin A~ C};
in only O(sk(logn)/c?) measurements, which for constant ¢ replaces the dependence on the ambient dimen-
sion n by a dependence of s on the desired sparsity. Our algorithm achieving this space bound iterates over
a net and runs in exponential time, which is necessary as we show in Section 4.2. We additionally present
polynomial time algorithms with some relaxations by allowing the output to be s’ x s’-sparse rank k, for
s’ = O(sk/e), one with a relative error guarantee introduced above, as well as an improved algorithm with
the weaker additive error guarantee, i.e.,

A —B|>% < min |A—C|? Al
I Ib_&gﬂ 7 +ellAllz

Theorem Sparsity Measurements Running Time Error
Theorem 4.3 $X 8 sk -poly(logn,e~1)  Exponential Time Relative Error
Theorem 4.4  O(sk/e) x O(sk/e) s?k? - poly(logn,e~t) Polynomial Time Relative Error
Theorem 4.8  O(sk/e) x O(sk/e)  sk?-poly(logn,e~!)  Polynomial Time  Additive Error

Table 1: Our results for Frobenius norm sparse low rank approximation.

Both of our polynomial time bicriteria algorithms proceed by identifying O(sk/e) heavy rows and columns
that must contain an approximately optimal s X s-sparse rank k£ matrix, and then computing an approximate
SVD on them. Although this algorithm is simple in the offline model, the challenge here is to implement
this algorithm in one pass over a stream with low memory.

By employing variations on classical techniques for finding heavy hitters in a stream, we show that the
identification of the indices of O(sk/e) heavy rows and columns can be done in roughly O(sk/c) measure-
ments. For our first relative error algorithm, we also maintain a separate heavy hitters data structure which
recovers every entry of A up to an additive error of

2

)
F

84
i | A

where A7y denotes the matrix obtained by deleting the 52k? /e* largest entries of A in absolute value.

This takes an additional s2k2/e* measurements. Then, we recover the O(sk/g) x O(sk/¢) submatrix of the
heavy rows and columns up to an overall additive Frobenius norm error of

sk sk et 2
O<?) 'O<?> A

L<O0E)|A-B}

where B is any matrix supported on at most s?k%/e? entries. This is small enough so that we can simply
perform an offline approximate SVD on the recovered entries.

In order to improve upon the measurement bound of this simple algorithm, we change our approximate
SVD routine from a black box offline SVD algorithm to the ¢» sampling based approach of [FIKXV04, DKMO06],
which first performs an adaptive sampling routine in order to reduce the dimension before performing an
SVD. Although this has a weaker additive error guarantee, we show that by carefully combining this approach
with heavy hitter algorithms, we can remove a factor of s in the measurement bound.



1.2.2 Lower Bounds

Our upper bounds are complemented by relatively straightforward reductions from known lower bounds for
related problems. Perhaps the most obvious is the lower bound for the usual Frobenius norm low rank
approximation problem (Theorem 1.4), which already gives an §2(sk/e) lower bound.

Corollary 1.5. Let A € R™* be such that there exists a unique B € S, that minimizes ||A — BH; over
B € S, 1, that is supported on an s x s submatriz and has orthogonal factors. Then, any randomized sketching
algorithm which outputs a matriz B € Sg 1, such that

2 . 2
| Bl <(+¢) mnnkngcll Cllx

with probability at least 2/3 requires Q(sk/e) measurements.

Importantly, this lower bound holds even when there is a unique optimal solution that is promised
to lie on an s x s submatrix, and the sparse low rank factors are orthogonal. Note that none of these
properties is guaranteed for the general problem. In fact, given the promise that an optimal solution exists
on an s X s submatrix, our additive error polynomial time algorithm improves to a measurement bound of
sk - poly(logn,e~1), which has a tight dependence on s and k.

Despite this natural lower bound, tighter lower bounds can be obtained from reductions from work in the
sparse recovery literature when the optimal solution need not be supported on an s X s submatrix. In the
sparse recovery problem, one is given a hidden vector x € R", and the goal is to output an s-sparse vector
%X such that

Ix—%I2< (1+e) min [x—x|2

S-sparse X
given linear measurements of the vector. The following lower bounds are known for this problem:
Theorem 1.6 ([PW11]). Let x € R™. Then, any randomized sketching algorithm which outputs an X such

that

Ix —%[3 < (1+e) min [jx—x;
s—sparse X

with probability at least 2/3 requires Q(s(log(n/s))/e) measurements. Furthermore, if the algorithm guaran-
tees that X is s-sparse, then Q(s/e?) measurements are required.

Note that an sk-sparse vector can be written as the sum of & many s-sparse vectors. This simple
observation immediately gives the following:

Corollary 1.7. Let A € R"*?. Then, any randomized sketching algorithm which outputs a B such that
12
HA - BH <(1+¢) min [|A—C|?
F CGSS,;C

with probability at least 2/3 requires Q(sk(log(n/sk))/e) measurements. Furthermore, if the algorithm guar-
antees that B is in Ss i, then Q(sk/e?) measurements are required.

Thus, in the general case, both the logn factor as well as the quadratic dependence on ¢ are required.
Table 2 summarizes the above discussion:

Theorem Lower Bound Notes
Corollary 1.5 sk/e Optimal solution supported on s X s submatrix
Corollary 1.7 sk(log(n/sk))/e Non-sparse output allowed
Corollary 1.7 sk /e? Output required to be in S;

Table 2: Measurement lower bounds for Frobenius norm sparse low rank approximation.

Our full discussion can be found in Section 4.



1.3 Gaussian Noise Spectral Sparse Low Rank Approximation

As a final contribution, we study the sketching complexity of sparse low rank approximation in the common
setting where the input matrix A € R™*" is the sum of a low rank signal and additive Gaussian noise. That
is,
A=X+G

where G; ; ~ N(0,1), || X]|, =1, and X is roughly O(y/n). This “low rank signal plus Gaussian noise” setting
is ubiquitous in both theory and in practice, in areas such as matrix denoising (see, e.g., [SN13, CST13] and
references therein) which has applications to image denoising. Here, the normalization is such that two parts
G and AX have roughly the same operator norm. Two common computational problems in this setting are

(1) detection, the problem of distinguishing between the above distribution and A ~ N(0,1)"*™, and
(2) estimation, the problem of computing an estimate X such that HX — XH is small.
2

We study these two problems in the streaming setting, where the main resource of study is the number of
measurements required for the computational task.

It is known that without the sparsity requirement for X, Q(n?) measurements are required to even detect
the presence of a rank 1 X [LNW19, Corollary 3.3], that is, one must essentially read every entry of the
matrix.

Theorem 1.8 ([LNW19]). Let A € R™ ™ be drawn as either G ~ N(0,1)"*" or G+Auv' foru~ N(0,1,)
and v ~ N(0,14) drawn independently and X = ©(1//n). Then, any randomized sketching algorithm that
distinguishes between these two cases must make at least (n?) measurements.

As in the previous setting of Frobenius norm low rank approximation, we ask whether this bound can be
improved when we assume that X is s X s-sparse rank k. In this setting, we further restrict our attention to
X with disjoint support, in order to obtain space-efficient algorithms.

Definition 1.9 (Disjoint s x s-sparse rank k matrix). An s x s-sparse rank k matriz B € Ss ), for

k

T

B= E TiXiY;
1=1

is disjoint if the support of the component matrices x;y, are pairwise disjoint. When the ambient dimensions
n and d are clear from the context, we write Oy C R"™ for the set of disjoint s x s-sparse rank k matrices.

It is often desirable for the components of a sparse low rank approximation to be orthogonal [Mac08,
BSBP16], and one could view this assumption as a strengthening of this notion.
For the problem of detecting the “signal” X, we obtain a lower bound of

Q(n + s%k)

measurements, where the first term comes from a 4-norm estimation lower bound of [AKO11], while the
second term is achieved by a generalization of the construction of Theorem 1.8. We complement these lower
bounds with algorithms achieving a measurement bound of

On + $2K4/%)

which is off by a factor of k/3 compared to the lower bound. The O(n) term follows also from a 4-norm
estimation algorithm, while the O(s2k%/3) term comes from an analysis of an algorithm which samples a
submatrix and iterates over a net to detect the signal.

For the problem of estimation of X, we show that, ©(nsklog(n/s)) measurements is tight for obtaining
an X’ such that |X — X[, < 15v/n. The upper bound again is a net iteration argument, while the lower
bound is a modification of sparse recovery lower bounds of [PW11].

Our full discussion can be found in Section 5.



Problem Upper Bound Lower Bound
Detection (s < y/n/klogn) O(n) Q(n) [ANPW13]
Detection (s > /n/klogn) s2k4/3) Q(s%k)

(
Estimation O(nsk) Q(nsk) [PW11]

Table 3: Sketching complexity of Gaussian noise sparse low rank approximation.

1.4 Other Related Work

Sparse PCA. The closely related problem of sparse PCA also seeks sparse low rank approximations and
has been studied intensely in a variety of settings. In this problem, one seeks only a sparse right factor, that
is, an s-sparse unit vector x that maximizes the quantity x" AT Ax. We refer to [Nm.J15, ZX18] for surveys
on various formulations, algorithms, and hardness results on sparse PCA. Note the distinction between
this problem and our problem, which seeks to minimize the reconstruction error with both sparse left and
right factors. From the perspective of computational complexity, it is known that sparse PCA is NP-hard
even to approximate [MWAOG, Magl7], with improved inapproximability results under other complexity
theoretic assumptions [CPR16]. Sparse PCA has also recently been studied from an average-case complexity
perspective under the natural input distribution of the form “signal plus noise”, see e.g., [BB19].

1.5 Notation

We denote the ith standard basis vector (0,0,...,0,1,0,...,0) by e;. For a matrix A € R"*¢, we denote
the number of nonzero entries in A by nnz(A), the spectral norm by

A
||A||2 — max || XH2,
x20 ||x|l

and the Frobenius norm by

n d
>3 (A2

i=1 j=1

[Allp =

We will often use coordinate projection and sampling matrices:

Definition 1.10. For a set S C [n], we write Pg for the n X n coordinate projection matrix that zeros out
all rows except for those indexed by S, i.e.,

(Ps)s, = {1 ifi=jesS

0 otherwise

and we write Sg for the |S| x n sampling matrix for S, i.ce.,

0 otherwise

1 ifj €S is the ith element of S
(Ss)ij =

For a matrix A € R"*?, we write

rank(A)
A=UZV' = > oAy

=1

for its singular value decomposition (SVD), where U and V have orthonormal columns, ¥ is a diagonal
matrix with o;(A) along its diagonal, and u,; and v; are the ith columns of U and V, respectively. For
k € [rank(A)], we write Ay, = UpX; V] for the truncated SVD of A. Here, Uy, is an n x k matrix with the
first k£ u; as its columns, Vi is a d X k matrix with the first k£ v; as its columns, and Xy, is the k£ x k diagonal
matrix with the first k¥ 0;(A) along the diagonal.



By now, extremely efficient approximation algorithms for the SVD are known [CW13, MM15, ZL16].
In particular, [MM15] show the following for relative error spectral norm SVD using the randomized block
Krylov iteration algorithm:

Theorem 1.11 (Randomized block Krylov iteration [MIM15]). Let A € R"*<. Then, there is an algorithm
[MM15, Algorithm 2] running in time

o (nnz(A) k 1\3§d> + npoly(k,logd, e ")

[MM15, Theorem 7] which outputs a matriz Z € R™** with orthogonal columns with the following guarantee
[MM15, Theorem 10]:
|A—ZZTA|, < (1+e)|A— Ak,

2 Preliminaries

2.1 e-Nets
We will need the notion of e-nets for our analyses. See, e.g., Section 4.2 of [Ver18] for a standard reference.

Definition 2.1 (¢-net). For a set K, a subset N C K is an e-net of K if for every x € K there exists an
X such that
[x = x|, <e.

For K = S% ! the unit sphere in d dimensions, there exist small e-nets.

Lemma 2.2 (Corollary 4.2.13, [Ver15]). Let e € (0,1). There exists an e-net N of S4=1 of size at most

WV < (g)d

Using this, we can construct an e-net for S NS"*4=1 where S"*4~1 denotes the set of all n x d matrices
with Frobenius norm 1, provided that the coefficients 7; in Definition 1.1 are bounded by poly(n).

Corollary 2.3 (e-net for S5 ). Lete € (0,1). There exists an e-net N of Sf)%u“ded NS™¥4=1 of size at most
[N < poly(nk/e)*",
where Sg%u“ded is the set of s x s-sparse rank k matrices with 7; bounded by poly(n).

ﬁProof. We first construct an e-net A over rank 1 s X s sparse matrices in the Frobenius norm and bound

its size. Consider an (g/2)-net for S*~!, of size at most (6/¢)* (see Lemma 2.2). Then for any rank 1 s x s
sparse matrix ocuv ', we may find vectors u’ and v’ in the net such that

[uv” =o' (V)T < fluv T —u'v T+ fluvT = ()T,
< u— u/H2||vH2 + ||u/H2||v - V/||2
<e.

Then we choose a sparsity pattern for this submatrix, which requires a net of total size at most
2 2s 2s
m)?(6)  (Gen
S € T\ €s

k

T

X = ZTiXiyi .
i=1

We now approximate each component up to £/k Frobenius norm error. Because 7; < poly(n), for each

Now suppose X € S, with



i € [k], we can find a 7] among at most poly(n)k/e candidates such that

€
Then,
HT{X/Z-YET - TixiyZTHF < HT{XQYQT - Ti/xiy;rHF + HT{Xz‘yiT - Tixiy;rHF
< Inilllxiyi" = xayi || o+ |7 = iy ||
€ €
<ok ok
e
< .
—k

Then summing over the k components, we find an X’ € S, j, for

k
1 A
X = E TiXiYi
i=1

that is at most a distance of € to X, by the triangle inequality. The total net size is

2s k
[poly(n)k (POIY(”)k) ] = poly(nk/e)*".
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2.2 CountSketch [CCF04]

We collect some results on CountSketch [CCF04], a versatile primitive for the design of sketching algorithms.

Definition 2.4 (CountSketch [CCF04]). A CountSketch matriz is a distribution over r X n matrices S where
samples are drawn as follows. Let h : [n] — [r] and o : [n] — {£1} be random hash functions. Then,

(S)e, = {oj ifi=h(j)

0 otherwise

Equivalently,
S=HD

where D is an n X n diagonal matriz with o(j) in the jth diagonal position for j € [n], and H is an r X n
matriz where the jth column is the random standard basis vector ey ;) for j € [n].

That is, S acts on a vector by multiplying each coordinate by a random sign and hashing it to one of r
buckets.

2.2.1 Tail Error Guarantee

The first guarantee achieved by CountSketch, introduced by [CCF04], is the tail error guarantee.

Lemma 2.5 (Tail error guarantee [CCF04]). Let x € R™. Let BE€ N and § € (0,1). Consider r = O(log %)
independent copies of O(B) x n CountSketch matrices SM. 8@ .. S Then, given

SWx s@x, ... sMx,



for each i € [n], one can recover an estimate X; such that

S

where X[5] denotes the vector obtained by zeroing out the B coordinates of x with largest absolute value.

2.2.2 Row-wise Approximation

The tail error guarantee generalizes to the following guarantee for estimating the rows of a matrix [MRWZ20,
Lemma 2.2]:

Lemma 2.6 (Row-wise approximation [MRWZ20]). Let A € R™ ¢ ¢ > 0, and 6 € (0,1). Consider
= O(log(%)) independent copies of O(L) x n CountSketch matrices S, S ... S Then, given

SWA,SPA, ... SMA,
one can obtain an estimate A € R"*4 such that for each i € [n],

2
Pr{ }21—5,

where A[l/s] denotes the matriz with the top 1/ rows with largest {2 norm zeroed out.

el A - eTAH < aHA

[1/e],*

As a corollary, we obtain the following lemma for approximating row norms with an additive-multiplicative
error guarantee.

Corollary 2.7 (Row norm approximation). Let A € R"¥% ¢ >0, a > 0, and 6 € (0,1). C’onsider r =
O(log(%)) independent copies of O(L) x n CountSketch matrices st ,8(2 ..,S(") and an O(L(log %)) x d

i.i.d. Gaussian matriz G. Then, given
SHUAGT,SPAGT,...,.SMAGT,
one can obtain an estimate AGT € R™*4 such that for each i € [n],
TACQT T T
e, AGTH2 ~ el All,| < alle] AL, + VT +a)e| Aqr.. i

where A[l/ o, denotes the matriz with the top 1/ rows with largest la norm zeroed out.

-

Proof. Lemma 2.7 provides us with an estimate AGT such that

Pr{HejA/G\T—ejAGTH H(AGT)

| >

2
Jor-

Note that G is a Johnson-Lindenstrauss transform (see, e.g., [DG03]) so that

[1/¢e]x

Pr{Vi € [n], (1+a)e] A} =1~

N>

By a union bound, both of these happen with probability at least 1 — J. We now condition on this event.
)
We first bound [(AGT )77,

any set of 1/¢ rows. By letting these 1/e rows be the 1/e heaviest rows of A, say S C [n], we have the
bound

. This quantity is at most the Frobenius norm of AG" after deleting

2
.
|AG 7.

Z leAGT| < S (1+a)|eAll = —|—o¢HA[1/E
i€[n]\S

Note then that

|le/AGT| = [e/AGT,
2

e;-rﬁ - e;-rAGTH
2

10



= (1= a)[e] All, = V| (AGT) .

F

= (10)le] A, = /T T o) Ar.

L F

2.2.3 Approximate Matrix Product

The final guarantee for CountSketch is approzimate matriz product, from [CW13, Lemma 32] (see also [TZ04]
and Theorems 2.8 and 2.9 of [Wool4]).

Lemma 2.8 (Approximate matrix product for CountSketch). Let A € R™ 4 B € R™*? agnd ¢ > 0.
Consider an r x d CountSketch matriz S for r = Q(¢~2). Then,

99

Pr{|ASTSBT - AB” |}, < 2| AILIBI} | > 1o

3 Sparse Singular Vectors

In this section, we discuss our results on performing an approximate SVD with relative spectral norm error,
when we are promised that the input matrix A € R"*¢ has top k left and right singular vectors that are
s-sparse.

3.1 Approximating Singular Components

To carry out our plan as described in the introduction (Section 1.1.1), we first calculate the magnitude of
coordinates that we need to capture in order to achieve a relative error spectral approximation. We follow
[MM15] and make use of the fact that additive Frobenius norm low rank approximation implies additive
spectral norm low rank approximation, originally due to [Gul5].

Lemma 3.1 (Theorem 3.4 of [CGul5]). For any A € R"*? let B € R"*? be any rank k matriz satisfying
IA = Bl[7 < A = A3 + 0. Then,
1A = BIl3 < [|A = Ag]l3 +7.
By the above result, it suffices to find a rank £ matrix B such that
1A = Bl% < A — Axllf +e07ys-
Using this, we show that it suffices to find all coordinates of the top left singular vectors Ue; such that

€ Ok+1
ky/sr o ’

and similarly, all coordinates of the top right singular vectors Ve; such that

le/ Ue;| >

€ Ok+1
k\/ﬁ g;j ’
Lemma 3.2. Let A € R"*¢ have rank r with singular value decomposition A = UV and let e € (0,1/2).
Let S C [n] and T C [d] be a set of coordinates such that

. T € Ok+1
: R P
SO lle[l]{z € [n] : |e; Uej| > PN }
J T

. T € Ok+1
: A P
T> lle[l]{z € [d] : |e; Ve;| > P }
JE[r

e/ Ve;| >

Let B be a rank k matriz such that
|PsAPr — B[ < min |[PsAPr — C||y +1.

Then,
IA =B} < |A — Axl5 + 80741 +1-

11



rProof. Note first that

T T

2
1A= Akl = D of(A) < Y 0ii(A) <opp(A)r
t=k+1 t=k+1

Then,
IA —B|} = |A - PsAPr|} + |[PsAPr — B,

(1)
< |A —PsAPr|} + |[PsAPr — Ag|5 +1

2
@ |A — PsAP1|% + |[PsAPr — PsA Pr|> + A — PsAPr|2 + 1

3
DA — PsAPr|2 + A — PoALPr|% + 1

(4)
< (|A = Apllp + [|[Ax — PsAyPr| ) + | Ar — PsAyPr| 7 + 1

= [|A — Ag|7 + 2||A — Al pl|Ax — PsArPr| p + 2| Ar — PsAPr|l5 + 1
<A = Akl + 20501 V7 || A — PsALPr||p + 2||Ax — PsALPr|7 + 1)

In the above, the inequality (1) is due to the approximate optimality of B, the identities (2) and (3) are by
the Pythagorean theorem, and inequality (4) is the triangle inequality. Finally, we calculate that

|Ar — PsAxPr|p < |Ax —PsAi|p + [PsAr — PsAiPr|

k k
ZO’ngUe]‘(VEj)T + ZUjpsUEj(VEj)TPT

Jj=1

Jj=1

F F

k
<Y " 0;l[PgUe; |, |[Vesl, + 05 PsUe;|, | Pr Ve,

j=1
b e o
gzzaj(_ +)f
= ky/sr oj
2e
= —o0,
\//]—ﬂ k+1

so the previous bound is

|A — B3 < |A - Ayll7 + 4051 VPl|AL — PsAPr| o + 2| Ag — PsAyPr||3 +1
8e2
<[A - AkH?«“ +4eoj + TUIE+1 +n

B < HA—AkHi"—FSea,%H + 7. O

3.2 Finding the Support of Singular Vectors with Large Singular Value

We next show how to find all large coordinates of singular vectors whose singular values o; are at least a
(1 + /e) factor larger than op41. By the results of the previous section, we seek to find all of the large
coordinates of the top sparse singular vectors, which have absolute value at least

. € Ok+1
Tj

NS

for the jth singular vector.
Our identification of the large coordinates of the top sparse singular vectors starts from the standard
analysis of the power method (see also, e.g., the overview of [MM15]). If we run power method starting from

12



a random Gaussian vector g ~ N(0,1;), that is, we compute (AAT)?Ag for some ¢ € N, then we retrieve a

random Gaussian linear combination of the left singular vectors Ue;, each scaled by Uf—‘”l. This is a simple

consequence of the rotational invariance of the Gaussian:

Lemma 3.3. Let g’ ~ N (0,1;) and let ¢ € N. Let A € R™*? be a rank r matriz and let A = UV be its
singular value decomposition. Then, (AAT)1Ag’ has the same distribution as

Uxttlg — Z ng?querj
j=1
for g ~ N(0,1,.).

Note then that for o; > (1 + y/€)ok41, the jth singular vector is scaled more than the (k + 1)-st singular
vector by a factor of at least (0;/0k+1)??"!. For ¢ roughly order 1/4/, this separates all large coordinates
of the jth singular vector from the coordinates of the (k + 1)-st singular vector.

Lemma 3.4. For

)

1 sk?y/srlogn
q=0|—x=log————=—
NG 5
the sk coordinates of (AAT)1Ag with largest absolute value are guaranteed to contain all entries i € [n] for
which there exists a j € [k] with o; > (1 + \/€)ok41 and

’e;rUej‘ Z Tj-

ﬁProof. For
1 sk?y/srlogn
q=0| —=log——— |,
Ve €

the blow up factor (o;/ok+1)?7"! is at least

< o; >2q+1 > (14 VA oj _e(st /srlogn> o _e(sk\/logn>
.

Ok+1 Ok+1 € Ok+1

J

for the jth singular component. The time required to compute this vector (AAT)Ag is

2
0 nnz(A) log sk*+/srlogn _0 nnz(A) log srklogn
NG 5 NG 5

Now note that for each i € [n], we have that

e/ US g ~ (0,

T 2¢+1]|2
e/ US|,
Since the maximum absolute value among n Gaussians is O(y/logn) with constant probability, we have

eiTUEQQHg’ <O(v IOgn)HeiTUEZQHHT

Furthermore, if we consider all 7 in the support of the top & singular vectors, which is at most sk coordinates,
then the minimum absolute value among the sk Gaussians is

e US| 0 T U,

Now consider a coordinate ¢ € [n] such that

|eiTUej| Z Tj

13



for some j € [k] such that o; > (1 + \/€)ok41. Then by the previous results,

ol USHig| > Q%) lef US|,

1\ 241
Q(E)qu T;
2g+1
i o2att 0j ! .
sk k1 Ok+1 J

O <i> Ui,ﬁl@ (sk«/logn) -

sk Tj
=0 (Ji‘f{l v/log n) .

On the other hand, for any i € [n] that is outside of the at most sk coordinates of the support of the top k
singular vectors, then

v

Il
)

vV

le] US*tlg| < O(\/logn)He;rUEZ”‘”'lH2 < O(JZﬂI\/logn).

LVVe thus conclude as desired. O

In other words, we can identify a set of sk coordinates that contains all large entries of left singular
vectors j for which o; > (14 v/€)ok+1. Repeating for the right singular vectors, we may identify the sets S
and T as required by Lemma 3.2.

3.3 Approximating Large Singular Values

Our next task is to compute the singular values of A with o;(A) > (1 4+ /&)ok+1(A), up to (1 + ¢) factors.
We first show that approximating the singular values of PgAPr directly approximates the singular values
of A, when the singular values are sufficiently large.

Lemma 3.5. Let m be the number of singular values of A such that o;(A) > (1++/€)ok+1(A). Let S C [n]
and T C [d] be sets satisfying the hypotheses of Lemma 3.2. Then for each | € [m)],

(1 - 82)07(A) < 07 (PsAPy) < o7 (A).

fProof. Recall the Cauchy interlacing theorem:

Theorem 3.6 (Cauchy interlacing theorem). Let M be a symmetric matriz and let N be a principal
submatriz of size | x 1. Then for all j € [l],

A (M) 2 A (N) > Ayoisy (M),

Then applying the interlacing theorem to M = AAT and N = PSAATPE, we find that the singular
values of PgA uniformly bound the top sk singular values of A from below, and similarly, the singular
values of P AP 7 uniformly bound the singular values of PsA from below. We thus have that

0j(A) > 0;(PsA) > 0;(PsAPr)
for all j € [sk]. Furthermore, we know by Lemma 3.2 that for each [ € [m],
IA — A} < A = (PsAPr)i|[7 < A — A7 + 8o111(A)” (1)
where (PsAP7); is the best rank [ approximation PgAP7. Now note that

AL — A = A% = A%

14



and

(A — (PsAP7);, (PsAPr)) = (A — PsAPr, (PsAP7);)
+ <P5APT — (PsAPT)l, (PsAPT)l> =0

SO
IAI7 — | A = (PsAPr)|7 = |(PsAPz)7

by the Pythagorean theorem. Then subtracting the inequalities of Equation 1 from HA||§77 we have that

A7 — 8e0141(A)? < ||(PsAPr) |5 < [[Adf3-

Then,
0} (PsAPr) = ||(PsAPr)|3 — [(PsAP7)_1 7
> || A7 — 8eori1(A)? — || A1l
=07 (A) — 8e0111(A)?
> (1 - 8¢)a?(A)
| as desired. O

We may use the existing results of [MM15] to find (1 + ¢) factor approximations to the top k singular
values of Ps AP in time

0 <W log(sk)> -0 <% log(sk)> .

However, note that given estimates for the singular values of Pg AP, we do not know which ones are within
a (14 €) factor of the singular values of A, since we do not know the number m of singular values j with
0j(A) > (14 +/€)ok+1(A). However, by the Cauchy interlacing theorem, the singular values of PsAPy are
always a lower bound on the singular values of A, so it suffices to compute an upper bound for the singular
values of A that are at most a (1 + ) factor larger than the lower bound. We obtain such an upper bound
on the singular values of A by approximating ||A — B||, for a rank [ matrix B. Indeed, if B is rank /, then

|A-B[5> min [|A—C|% =011(A)
rank | C

This idea is executed in the following lemma.

Lemma 3.7. Let S C [n] and T C [d] be sets of size sk each that satisfy the hypotheses of Lemma 3.2.
Given such S and T and an index j € [k], there is a randomized algorithm that runs in time

0 (W log(sk))

LSUJQ»(A) <U

with probability at least 0.99. Furthermore, if j € [m], where m is the number of singular values j with
0j > (14 v/€)ok+1, we have that

and outputs numbers U and L such that

g<1+105
L = 1—-09¢

<1+ 20e.

ﬁProof. We first show how to obtain the lower bound L. By the Cauchy interlacing theorem (as in Lemma
3.5), we have that
O'j(PsAPT) S (Tj(A).

Then by the randomized block Krylov algorithm of [MM15] (see Theorem 1.11), we may find an estimate

15



L to 0;(PsAP7) such that
(1 — 6)0’j(PsAPT) S L S O'j(PsAPT)

0 (w log(sk;)) - 0(8\2/’“; log(sk;)) .

Furthermore, if j € [m], then by Lemma 3.5,

in time

L>(1-¢)o;j(PsAPp) > (1 —¢)(1 —8¢)o;(A) > (1 —9¢)o;(A).

For the upper bound, we use the rank j approximation B obtained by running the randomized block
Krylov algorithm of [MM15] on PgAPr. Note that

oi(A) = minC||A -CJ, <[|A-B,

rank j

for any rank j — 1 matrix B. By the results of [MM15], we may compute an estimate U such that

(1+e)|A =B, >2U > [[A =Bl

oA ZBY) _ o(meA) LY

in time
Ve Ve
Furthermore, for j € [m], if we find a rank j — 1 matrix B such that
IPsAPr — B2 < D JIPsAPT — C|3 +c0;(PsAP7)?

<  min [[PsAPr — C|% +£0;(A)?,
rank 7 — 1 C

which we can by the results of [MM15] as before, then by Lemma 3.2,
|A =Bl < A=Al + 9207 (A).
By Lemma 3.1, this implies that

3 |A =Bl < ||A — Aj|f5 +9202(A) = (1+ 92)o}(A). O

We now show how to use the above result to efficiently find a (14 +/¢) factor approximation to oj11(A)
using binary search.

Lemma 3.8. There is a randomized algorithm that runs in time

nnz(A) + s%k3
o[

that finds a (14 +/€) factor approzimation to o1 (A).

log(sk)(log k))

’?’roof. If o1, (A) > (1 ++1/€)or+1(A), then deflating off the top k& components already gives a (1 + ¢) factor
approximation to ox41(A). Otherwise, we proceed with binary search as follows.
Suppose we consider j € [k]. If the upper and lower bounds for ¢;(A) in Lemma 3.7 are within a
(1 + O(e)) factor, then we know that oj41(A) is smaller than this, up to a (1 + O(¢)) factor. On the
other hand, if the upper and lower bounds for ¢;(A) are further than a (1 + O(e)) factor, then o;(A) <
(1 + /€)ok41(A), since otherwise the upper and lower bounds for ¢;(A) would have matched up to a
(1£0O(e)) factor by the second guarantee of Lemma 3.7. Thus, we may use binary search over the at most
Lk singular values in at most O(log k) calls to the algorithm of Lemma 3.7. |
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3.4 Approximating Small Singular Values

With a (1 + /¢) factor approximation to ok+1(A) in hand, we now zoom into the singular values between
ok+1(A) and (14 v/€)or11(A). We consider partitioning this (1 + /¢) factor window into O(1/4/€) buckets
that increase in powers of (1 + ¢), that is

L,L(1+¢),LA+¢e)% LA +e),...,L(14¢)°1/VE = (1 4+ /&)L

where L is a lower bound on o11(A), up to a (1 + /) factor. Our idea now is to simply enumerate over
these O(1/+/€) guesses to a (1 £ €)-approximation of oj4+1(A), and then choose the best result.

With only a (1 + ¢) factor gap in the singular values, using power method as before will require roughly
(ignoring log factors) 1/e iterations, which takes time roughly nnz(A)/e to separate out the singular compo-
nents, which is above our target budget. However, using Chebyshev polynomials, it is known that a (1 + ¢)
factor gap in the singular values can be separated with only roughly 1/4/¢ iterations [MM15] which takes
time only nnz(A)/y/e. The main lemma for this technique is the following:

Lemma 3.9 (Lemma 5, [MM15]). Given a specified value o > 0, gap v € (0,1], and ¢ > 1, there exists a
degree q polynomial p(x) such that:

1. p((A+ 7)) = (1 + 7)o
2. p(x) >z forallz>(1+7)a
3. |p(z)| < 5= for allz €[0,q]
Furthermore, when q is odd, the polynomial only contains odd powered monomials.

In words, the above lemma states that there is a polynomial that “jumps” by a factor of 29v7~1 in a
window of size (1 + ) at a specified location «. The difference between this lemma and our power method
analysis from before is that we must specify the location of our “jump”, «, in order to use the above
polynomial in the Krylov method, whereas in the power method, the polynomial p(x) = 2% had the “jump”
property at any location . Thus, in order to use the above lemma, we must first specify our jump location
«, and then proceed with our previous techniques.

Our procedure is thus as follows. We first compute Krylov iterates (AAT)’Ag for i € [g], where g ~

N(0,1;) and
1 sk?\/srlogn
qg=0|—x=log————|.
NG €

We then proceed with our enumeration procedure. We guess a bucket o = L(1+¢)* for some t € [O(1//2)],

and then consider the degree ¢ polynomial p,(x) that jumps by a 24ve—1 factor at a by Lemma 3.9. Then,
we may compute the vector Up,(X)V g as a linear combination of the Krylov iterates

(AAT)zAg _ UE?H—IVTg
where the coefficients of the linear combination are the coefficients of the polynomial p,. Next, we take the

top sk entries of Up,(X)V g as sets S, and T, combine them with the sk entries S and T obtained earlier
by the power method, and then take our new subset of entries to be

S = SulJSa
T =TUu|JT.
Finally we compute a rank k£ matrix B such that
[Py APy ~BJ% < min_|[Ps APy — Clf% + ot (Psr APr)

using the results of [MM15].
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Note that if the o we choose satisfies o € [o441(A), (1 + €)og+1(A)], then all singular values j that are
at least a (1 + ) factor larger than « and at most ©(1)oy11(A) are scaled by at least a factor of

QavE-1 _@<sk2 /srlogn) _@<sk2,/srlogn) o _ G(Sk\/logn),

€ € Ok+1 Tj

which means we may recover all coordinates of the jth singular vectors that are at least 7; for these singular
values, as done in the analyses in Section 3.2. Thus, we have that
IA = BJ; < A = A5 + 82071 (A) + €07,y (Psr APT)
< [|A = Ayl + 92071 (A)
= (1+9¢)o7}1(A)
< (1+9e)(1+¢e)op,q(A)
< (1+11e)o7 4 (A)

by Lemma 3.2, where [ € [k] is such that o}, | (A) < o7 (A) < (1+¢)o7 4 (A).
The initial computation of the Krylov iterates takes time

O(nnz(A)q) = o(“"Z(A> log &7 log”>

Ve €
and a single guess of a takes time

n
NG

which we repeat O(1/4/€) times, so the total running time in this section is

o ()i,

We then additionally run an approximate SVD using Theorem 1.11 on the O(sk/+/e) x O(sk/+/€) matrix,
which adds an s2k*(log(sk))/e3/? term, for a running time of

nnz(A) n srklogn = s%k3
O(( N +g)logf+m10g(sk) .

This dominates the running times of the previous steps and thus is the running time of our entire algorithm.

log

Olng) = o( W)

4 Frobenius Sparse Low Rank Approximation

We now switch to discussing sparse low rank approximation with no assumptions on the input matrix, in
the Frobenius norm, in the streaming setting.

4.1 Algorithms
4.1.1 Exponential Time Algorithms for Sparse Output

Our first result is a naive exponential time algorithm which iterates over an e-net to find a good s x s sparse
rank k approximation, taking time roughly exp(O(sklogn)) and only O(sk(logn)/e?) sketching dimensions.
In order to make our net argument, we will assume for this section that the 7; in Definition 1.1 are bounded
by 7; < poly(n), to support Corollary 2.3. The exponential dependence on s and k is necessary, as we show
later in Section 4.2. The sketch is just a Gaussian matrix, and the analysis of the algorithm follows from
Gordon’s theorem, which is a dimensionality reduction result which shows the preservation of norms of sets
under random projections, when the target dimension scales with the Gaussian width of the set.
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Definition 4.1 (Gaussian width). The Gaussian width of a subset S C R" is defined as

ws)=  E - Lsupten).

g~N(0.1,) [xeS

Gordon’s theorem essentially states that a random projection to approximately

1 1
— S)2 4+ log =
(w5 + 1005
dimensions suffices to preserve the norms of all points in .S, with probability at least 1 — 4.

Theorem 4.2 (Gordon’s Theorem (Theorem 9.11, [BSS20])). Let G ~ N(0,1)™*? and let S C S?~! be a
closed subset of the d-dimensional unit sphere. Let

m = E =0 .
am =Byl (vm)

Then for e > \/w(S)?/a2,,
2
Pr{(l —o)|x||2 < LHGXHQ < (14 9)|x]2,Vx € S} >1-— 2exp<— (g _ w(S)> m)
am, m

The use of Gordon’s theorem for low rank matrix recovery is standard, see e.g. [Verl5]. We show that
this technique can be used for sparse low rank matrix approximation as well, by setting the failure rate ¢ to

(’:) -2 and then iterating over all s x s submatrices of A.

Theorem 4.3. There is a randomized sketching algorithm which solves the Frobenius sparse low rank ap-

proximation with
k
(0] (5—2 log E)
€ S

(poly(n)k/e)**

measurements and takes time

to output a D € S, such that
IA = DJ% < (1+¢) min |A - C|.

CeSs i
ﬁProof. Note that we may write the objective as
min |A-C|% = min min _||A|sxr — C||%
s X s sparse rank k C S,TE([Z'])X ([:,]) rank k C

where A|gxr denotes the restriction of A to the submatrix indexed by coordinates S x T.
By [Verl5, Proposition 10.4], the Gaussian mean width of the set

D = {X eR***: | X||} = 1,rank(X) < k}

is at most

w(D) < 4V/sk.

We now fix S, T € ([Z]) X ([Z]). Then by the translational invariance of Gaussian width [Ver15, Proposition
3.5] as well as the fact that padding zeros does not change the Gaussian width, we also have that w(D’) <
4+/sk for the set

D'={A-Xc¢ R™ . ||X||% = 1,rank(X) < k, X supported on S x T}.

m = Q(Eiz <w(D') +log (Z))) - Q(i—flogg)
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Then by Gordon’s theorem (Theorem 4.2), an m x s? Gaussian matrix G' ~ N(0, 1)7"”2 will satisfy

2
= (1=<)|A - X|}}
2

LG vec(A — X)

am

for all X of rank at most k supported on .S x T', with probability at least 1 — (Z)_2/200. Thus, solving the

problem
2

iG vec(A — X)

Am,

min
XeD

2

provides a (1 + €) multiplicative error solution for

in||A — X||7
min | I

with probability at least 1 — (2)_2/200. By a union bound, this holds for all S,T € ([Z]) X ([Z]) with
probability at least 1 — 1/200.

To solve the approximate minimization problem supported on S x T, we simply iterate over an e-net
using Corollary 2.3, which has size at most

B (poly(n)k/e)*". O

4.1.2 Polynomial Time Bicriteria Algorithm with Relative Error

Although the above algorithm runs in exponential time, by our results in Section 4.2, we cannot hope for
polynomial time algorithms for the sparse low rank approximation problem. In order to find polynomial
time algorithms, we relax our requirement of outputting an s x s-sparse rank k matrix and instead allow for
larger matrices.

As a warm-up to our more technically involved additive error bicriteria algorithm of Section 4.1.3 and
Theorem 4.8 achieving roughly O(st) measurements, we prove a relative error algorithm achieving roughly
O(s2k2) measurements. More specifically, we show the following:

Theorem 4.4. Let A € R"*%. There is a randomized sketching algorithm which makes

s2k? sk o
O< g log(nd) + - log (nd)>

measurements to A and outputs a rank k matriz D which is supported on an O(sk/e) x O(sk/e) submatrix
such that
2 . 2
IA =Dl < (1 +¢) min [|A - Bk

in polynomial time.

Throughout this section, let B denote any s x s sparse rank k matrix. For our relative error polynomial
time algorithm, our first observation is that

2
2
A - Bl% > HAWHF

where Am is the matrix obtained by zeroing out the s?k largest entries in absolute value from A. We can
similarly note that

2
lA-BI} = |Agg.

where AW . denotes the matrix obtained by zeroing out the sk heaviest rows of A, since B is supported
on at most sk rows. These tail guarantees are compatible with guarantees achievable efficiently in a stream
using CountSketch (see Section 2.2).
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Our next observation is to note that a relative error solution is supported on the intersection of the rows
and columns of A with squared norm at least 7, for

2 15 2
< |A-B
Sl 7

1S
T= E HA[sk/aL*

since we miss at most sk rows of the optimal solution, and each of these will have squared norm at most 7.
This is formalized in the following lemma.

Lemma 4.5. Consider an s X s-sparse rank k matriz

k

T

B= Z TiXiY;
1=1

that minimizes ||A — B||2F Let 7 > 0 be a threshold parameter. Then, there exists a rank k matriz D
supported on the rows and columns of A with norm at least T such that

|A - DI < A~ BJ% + shr.

’_Proof. Let W be the support of an sk x sk submatrix that contains B, let X C W be the part of W
contained in columns of A with norm at most 7, and let W\ X be the part of W contained in columns of
A with norm at least 7 (see Figure 1).

Figure 1: The supports W, X, W \ X to be used in the proof.

Let A |w denote the matrix A restricted to W, and similarly define A |x and A |y x. Then, by
repeatedly using the Pythagorean theorem, we have that

1A = (A [w)ell> = |A = A w2+ 1A [w —(A w5
= [|A — A x| = A [xI%+ 1A [ —(A )l 3
= A=A lux s~ A x5+ A T —(A w3
+ A Twx —(A w5 = 1A T —(A fwx)]| 5
= [|[A = (A lx el = 1A [x]5% + 1A [ —(A [w)ellm
— 1A T x = (A x| 5

Note that if we restrict (A |w )k to W\ X, then this is a rank k matrix supported on W\ X and thus

1A Twx —(A Tk < (1A Twax —((A w)i) x| = [[(Aw — (A Tw)e) x| -
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Furthermore, we can remove the restriction to W\ X so that the above is bounded above by ||Aw —

SO
2
1A Jw (A [w)ell = A fwx —(A fw x|l > 0.
We thus have that

1A = (A [w)ell s > [|A = (A fwx k][5 — A x5

Rearranging and noting that
|AxI < sk,

we have that ) ,
A = (A [ x )k p < 1A = (A [w)illm + sk

Finally, since B is a rank k£ matrix supported on W, we have that

L |A - (A |W\X)kH2F < ||A—BH2F—|—$I<:7'.

€
a’A

We set the parameter 7 in the above lemma to 7 =
D such that

[sk/e],*

2
|A=DI} <A~ Bl}+ sk — | Agr

[sk/e],*

< 1A =B} +e|Aga.|

<|A-B|% +¢llA-B|}
=(1+¢)|A-B|%

We can efficiently find such rows and columns using Lemma 2.7:

O (% log® (nd))

measurements, one can find a set S C [n] of rows of size O(sk/e) containing all i € [n] such that

Lemma 4.6. With

el Ally >

’A

Sk [sk/e],* P

(A [w)rll s

O

, so that there exists a rank k£ solution

Proof. We use Lemma 2.7 with ¢ in the lemma set to 55— and « set to 1/4. Suppose row i € [n] has norm

at least

£
lel all, > /< Ag.

k
0 (8? log® (nd))
measurements to identify. Then,

T AT T 1y T \/g €
[eTAGT]|, > fleT All, = llel All, =\ 3\ fo057l Amra -
5 €
s\ sk |asez.,

This requires only

\%
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On the other hand, if HeZTKG\TH2 >

[sk/a - then

5 € 1 5 €

s\ lAm||, — gl Al - \/;\/ Toost [ AT
2 €

— [le; All, > g\/@HAw,* .

Thus, by selecting all rows with
—= 5 e
T T s /= -
|erasT], = 5y |amm. [,

13
e/ All, >y EHAW’* -

Furthermore, there are at most 25 k such rows belonging to A——— . and thus we select at most
& [sk/e],*

lei Al

v

we select all rows with

e

| Tows of A. O

Finally, we let ¢ = O(s2k?/c*) and let r = log(nd). We then treat A as an nd-dimensional vector and
use the tail error guarantee of CountSketch (Lemma 2.5) in order to reconstruct a matrix A such that

2 4 5
1 @”A - BJ[p

2
q 1

When restricted to the O(sk/e) x O(sk/e) submatrix S x T of the heavy rows and columns identified before,
we have that

} A |sxr —A |sxr

’2<0( )HA AH <2|A-B|2.

s2k?
o ( = log(nd))

measurements. We can then show that the optimal low rank approximation to A |sxT will give us a relative
error sparse low rank approximation to A.

This requires only

Lemma 4.7. Let S C [n] and T C [n] be supersets of the rows and columns of A that have squared norm at
least .

= —||A - B|}
and let A be a matriz such that

. 2
HA lsxT —A |S><THF <A - B[}

where for a matric M, Mg« denotes the restriction of M to the submatrix indexed by rows S and columns
T. Then,

|A- A lsen|, < a+0e)a B2
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rProof. We have that

A lsxr —(A lsxrn]| < [A lsxr —(A lsxr)e|| + A lsxr —Alsxr]|
S HA |S><T _(A |S><T)kHF + HA ‘SXT —A ‘SXTHF

< 1A fsxr —(A lsx )l + 2 A lsxr —Alsxr]|
<A [sx7 —(A [sx7)kllp + 2¢]|A = Bl

so by squaring both sides, we get

~ 2
| & Iz ~(A Lsxr)i| < (1A Isxr ~(A sxr)ill + 25 = B )
= 1A Issr ~(A Isxr)sllp + 42 [sxr —(A lsxr)illpl A = Bllp +42°] A = B,
= 1A Issr ~(A Isxr)sllf +42(1 + )| A~ B | A~ Bll +42°|[ A~ B,
< 1A Issr ~(A lssr)i [+ (4=(1 + &) +42%)|A B
= 1A Issr ~(A Iswr)sllp + (41 + ) +42%) | A = B

Adding |A — A | SxT||§7 on both sides and applying the Pythagorean theorem, we obtain
. 2
A= Alsxr)]|, < 1A= (A lsxr)ll; + 0@ A - B

Since (A |sx7)k is the optimal matrix supported on the rows and column at least 7, we have by Lemma
4.5 that

“ 2
|A=(Alscrn]| <A -BI}+0E)IA - Bl
= (1+0())|A - B

as desired. O
| &

4.1.3 Polynomial Time Bicriteria Algorithm with Additive Error

The previous polynomial time relative error algorithm has a quadratic dependence on both s and k, whereas
a linear dependence is possible if we allow for exponential time algorithms. A natural question is whether
these can be improved to linear or not. The quadratic dependencies can be attributed to the tail error
guarantee we seek from every entry on our O(sk/e) x O(sk/e) submatrix that contains an approximately
optimal solution, which was used to compute an SVD. If we change our approximate SVD approach to be
based on sampling rows of this submatrix, then we would require a tail error guarantee on fewer entries,
and thus should lead to better upper bounds. This leads to the idea of implementing the [FKV04] £y
sampling approach to approximate SVD in this setting. This approximate SVD subroutine gives additive
error guarantees rather than the stronger relative error guarantees in the previous section. However, with
this relaxation, we are able to improve the quadratic dependence on s to linear. In this section, we prove
the following theorem:

Theorem 4.8. Let A € R"*?. There is a randomized sketching algorithm which makes

sk? . o
0] <5_6 log n)
measurements to A and outputs a rank k matriz D supported on an O(sk/e) x O(sk/e) submatriz such that

A —D|% < min |A - B|J? Al
[ Hp_ggaH Iz +ellAllz
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in polynomial time.

Remark 4.9. If we optimize over only rank k matrices that are supported on an s X s submatrix rather than
sums of k s X s matrices, then by making small adjustments to our argument, we can show that we use only

k
(0] (S—G log? n) = skpoly(logn,e™')
€

measurements, i.e., linear in both s and k, which is the correct dependence on s and k.

Our algorithm roughly proceeds in the same way as the previous one: by identifying O(sk/e) heavy rows
and columns that contain an additive error rank k approximation to A, and then performing an approximate
SVD on this O(sk/e) x O(sk/e) submatrix. The difference is that the approximate SVD will be replaced by
the [FKV04] routine which samples rows proportional to their ¢5 norms.

Note that naively, the [FIKXV04] algorithm is implemented in two passes over a stream [DIKMO06]: one pass
to compute the 5 norms of the rows, and one pass to obtain the sample of the rows. We now show the
intuition for conducting this sampling in one pass. The work of [MRWZ20] recently implemented subspace
sampling, a seemingly even more sequential sampling scheme, in one pass over a stream, and includes ¢
sampling as a special case. We show an alternate one pass implementation for 5 sampling.

Our idea is to switch the /5 norm computation step and then sampling step. That is, we first obtain
a sample of rows each sampled with probability p, and then later restrict to the rows of the sample with
£ norm @(p||A||§7) By running this procedure in parallel for geometrically decreasing values of p, say
p=1,1/2,1/4,...,1/n, we obtain an [FKV04] sample. The advantage of this approach is that by sampling
first, we need to approximate fewer values of the matrix, which improves our upper bounds.

Approximate /5 Sampling of Rows. By setting

€ 2
- |IAl

=
s
in Lemma 4.5, we see that an additive error solution is supported in the O(sk/e) x O(sk/e) submatrix at
the intersection of the rows and columns with ¢5 norm at least 7. Let these rows and columns be indexed
by S C [n] and T C [d], respectively. Then, Lemma 2.7 allows us to find the subset of coordinates S and T'.
Next, we discuss how to approximately find a rank k projection VVT that is supported on these coordinates
S and T. Our strategy is to obtain approximations to the rows of A that are sampled proportionally to
their £5 norm, formalized in the following definition.

Definition 4.10 (/ sampling [FKV04]). Let A € R"*4. Then, P is a c-approximate fo sampling distribu-

tion if
el All;
P, > min{clif, 1}
A%

for each i € [n].

It is known that a ©(k/e?)-approximate £, sample of the rows of A yields additive low rank approxima-
tions, which we seek [DKMO06, Theorem 2].

Theorem 4.11 (LINEARTIMESVD [DKMO6]). Let A € R"*?. Then, there is an algorithm that samples
rows from a ©(k/e?)-approvimate £y distribution and outputs a matriz Z € R¥* with orthogonal columns
such that )
2 2
|A—AZZT |, < |A - Allz + el Al

Before we proceed with the sampling result, we show several lemmas that allow us to reduce the task
of obtaining an additive rank k approximation to A to obtaining an additive rank k approximation to a
surrogate matrix A that is close to A in Frobenius norm.

Our first lemma shows that if A is close to A in Frobenius norm and AVV" is a good rank k approxi-
mation for A, then AVVT is also a good rank k approximation for A.
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Lemma 4.12. Let VV be a rank k projection and let A be such that

N 2
-
F
Then,
A 2 PN 2 PPN
HA _ AVVTHF < HA —AVVTHF +6+2\/5HA —AVVTHF.
’7Proof.
A 2 PN A A 2
AW < (A Ae ] e A )
F F a
PN " A 2
((a- A fea -]
F a
PN R 2
< ([a-avvr| +[a-a])
F F
N~ A A 2 N 2 ~ A A N
=|a-AvvT| 4 [A-af +ofa-AvVT| A - af
F ' a F
NN 2 NN
< HA—AVVTHF +5+2\/SHA—AVVTHF
L O

Our second lemma shows that if A and A are close in Frobenius norm, then a good additive error low
rank approximation of A is a good additive error low rank approximation of A.

Lemma 4.13. Let A € R"*? and let A be such that
. 2
aafl <
F
Let D be a rank k matrixz such that
. 2 R 2
[a-pf, < A-A], +n
F F

Then

7

A~ DI < 1A~ Aul +2VBIAlL +20+ 0+ 2(/5(20-+ 20 Al + 7).

fProof. We first estimate

. 2 . 2
A— AkHF < (HA - AHF +[|A — Ak||F) by triangle inequality

< (Vo4 1A~ Auly)’

Then, we can bound

~ N 2
la-DI% < (|]a-A4]| +|A-Df )
F F

2
N N 2
g(HA—A’ +4/ A—AkH +n>
F P

< <\/5+ ’A—Ak”i-i-??)Q




2

< <\/5+ \/(Vﬂ A - Akllp)2 +n)

5+ (Vo+ A - Adly) +n+2\/5<(¢5+ 1A~ Adly) +n>

<6+ (MS+ A - Ak||F)2 +n+2\/5(25+2||A— Ay +’7)

<6+ (ﬁ+ A — A,€||F)2 +n+2\/6(26+2||A|? +?7)

< |A — Apl%+2VE|A ]+ 25+ + 2\/5(25 + 2| Al +n). =
L

Finally, we show that an £ norm approximation of the rows of A implies a Frobenius norm approximation
of A.

Lemma 4.14. Let A € R"*? and let A be such that for every i € [n],

|

el A~ el Al <<l Al

Then )
|A-a| <elal

rPmo f.

~ 2 n R 2 n
Al =X flera-eraf, < 3ocleral <laf; =

Outputting a Good Sparse Projection. By setting 7 in Lemma 4.5 to (a/sk)”AH;, we may identify an
O(sk/e) x O(sk/e) submatrix that contains a good additive error s x s-sparse rank k low rank approximation

to A using
(0] (ﬁ log n>
3

measurements. Let S and T be the indices of the O(sk/e) heavy rows and columns, and let Agxr denote
the O(sk/e) x O(sk/e) submatrix indexed by S and T'. We now wish to perform an SVD on this submatrix.
We do this approximately by using the £5 sampling machinery developed in [FKV04, DKMO06].

Note that if ||A5XT||§, < <€||A||§,7 then

2 2 2 2 2
|A7 = A = Asxrlz + [[Asxrllz < |A = Asxr| 7 +el|AllR
so 0 is already a good additive error low rank approximation. We thus WLOG assume that HASXT||2F >
el A

If we conduct the o sampling process (Definition 4.10) with ¢ = ©(k/e?), note in particular that we
must sample all rows i € S such that

T 2 g 2
el Asxr|, > Q i lAsxr|F
with probability 1. Let ¢ € S be such a row. Note then that

3
el Assrlly = (T ) 1Al
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. 2 2
since [[Asr|? > <Al A

Suppose that we view A as a vector and attempt to reconstruct A using CountSketch. With O(sk? /&)
CountSketch buckets, we may recover a matrix A such that

~ 2 g6 9
|A Al < gl

For row i, the error over the O(sk/e) coordinates of the row is at most

Similarly, suppose that a row ¢ € S has squared norm at least

. 2 sk\ &S es 2
TAsar— e Ascr, <0( L) 1Al <0 1Al < el Asur

T 2 g2 2 e 2
Hei AS><TH2 >Q aTs [AsxT|z > T A,

then we must sample the row with probability at least a. Consider sampling each row of A with probability
a and let W be this sample and let Py, be the associated sampling matrix. Then the resulting matrix Py A
has an expected squared Frobenius mass of E||PWA||; = a||A||§7, and at most

n
IPwAl} < O(alog = )| Al%

with probability at least 1 —O(1/log(n/e)). Then again treating this subsampled matrix as a vector, we may
reconstruct this submatrix using CountSketch with O(sk?log(n/e)/e%) buckets to recover an approximation

P/WTX such that
6

Hﬂ_P AH2 < A
W Wl = skZlog(n/e) sk? E

Then for this row ¢, if sampled, the error over the O(sk/e) coordinates of the row is at most

with probability at least 1 — O(1/log(n/e)). By a union bound over all O(log(n/e)) sampling levels for
a=1,1/2,1/4,1/8,...,2/n?, this is true for all of these sampling levels with constant probability.
Thus, we may obtain a ©(k/e?)-approximate £ sample of some matrix Ag,r that satisfies

o 2 o o
Agyr — ASXTH < £2|\AngH2F. Now let Cgx7 be the rows sampled from Agyr
F

and let V be the O(sk/e) x k matrix of the top k right singular vectors of Cgx . Then by [DKMO06, Theorem
2], we have that

IPw A7 = O(a)

TP As, TPwA
e, FwAsxT — €, wAgxT

2 sk eb 2 eb 2l T 2
L <0( %) 0t 1Al < 0(aT ) < 2l Aserl]

~ 2
e] Asyr — e;‘rASxTH2 < 52HelTAS><TH§a

where by Lemma 4.14,

. . 2 . . 2
Agyr — ASXTVVTHF < HASXT - (ASXT)kHF +el|Asxr|>

Then by Lemma 4.13,

R N 2
HASXT — ASXTVVTHF < Asxr — (Asxr)ill s + (3 + €2 + V2 + & + 222) | Agwr|
< |Asxr — (Asxr)ill 7 + O@E) | Asxr| 7

and thus by Lemma 4.12,

2
HASXT - ASXTVVTHF < ||Asxr — (ASXT)k”?? + O(E)HASXTH;
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as well.
We now add back the squared Frobenius mass of the entries outside of the S x T submatrix, i.e.,

|A — S{AsxrSr|%. Adding |A —SEAs.rSr|% on both sides, we have that
~ o~ 2 NN 2
|A - S3AsSe|} + |[Asxr — AsaVVT | = [A - ST A5 VTS|

and
1A =SS AsrSt; + [ Ascr — (Asxr)ill} = [|A = SF(Asur)iSr|,

which shows that
~ A 2 2
HA - sgAVVTsTHF < ||A = S5 (Asxr)iSr| % + 0E) | Asxr|?.
Note then that )
2 ~
|A ST (Asxr)sr; < [A-B|

where B keeps only the columns of an optimal s x s-sparse rank k B with ¢, norm at least (2/ sk)||AH§,,
and
2 2
[Asxrlp < [AllE,

so by combining the above bounds,
o 2 2
HA - sgASXTVVTsTHF < ||A =S (Asxr)iSt || + O@E) | Asxrlly
2
< ||A - ST(Asxr)iSt| ;. + OE)IAl%
~ 112
< |a-B| +oelAl:
< min |A - C||% + O(e)| A

s X s-sparse rank k C

By rescaling € by a constant factor, we conclude that

A 2
HA—sgASXTVVTsTHF < min |A = C|% + || A%

~ s X s-sparse rank k C

as desired.

Outputting a Good Factorization. Given the above result, we have coordinate projections down to a

submatrix supported on S x T, with S and T each of size O(sk/e), and a rank k right projection for this

submatrix. Our final task is to obtain an actual O(sk/e) x O(sk/e) matrix, rather than just a right factor.
Recall the current form of our sparse low rank approximation:

~ ~ 2 A 2
HA - sgASXTVVTsTHF - HA - sgsSAP;VVTsTHF.
Note that here, we have S, T, and V., but we don’t have all of the entries of Agyr. We first use approximate

matrix product (Lemma 2.8) to approximate ASLVVT by ARTRSLVVT, where R is an O(k/e?) x n
CountSketch matrix. By applying Lemma 2.8 with ¢ in the lemma set to 5/\/%, we have that

~ A~ A 2 2 . 2 2
|ASTVVT —ARTRSIVVT | < AL STVVT| = - AlL -k = %Al

Next, suppose that TM, T3 . T are (sk/e?) x n CountSketch matrices for r = O(log(nsk/c)). Then,
by applying row-wise approximation (Lemma 2.6) with ¢ in the lemma set to €3/sk and d to O(sk/e), if we
maintain TWART for j € [r], from which we can compute

TYWARTRSIVVT,
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for every i € [n], we can compute an approximate row w(® such that

‘ e ARTRSIVVT — w(® z < gHARTRs}VvTH;
Note that
|ASTRTRVVT| <|ASivVT| 4+ [ASIVVT - ASIRTRVV|
< Allp +ellAllp
=1+ Al
SO

iHASTRTRVVTHQ <o) a2
sk T F- o \sk £

Thus, summing over the O(sk/e) rows in S, and letting W be the matrix corresponding to the approximate
rows w(® for i € S,

sk

A 2
HSSAS}RTRVVT — WHF < 0( -

e 2 2 2
)SHIALE = 1AL
Then by a couple of applications of the triangle inequality,

|A - sEWST|, < HA - sgsSAs}RTR\?VTSTHF +ellA
< |[A - sissASIVVTSy| +2¢)\Al,

SO
T 2 . 2 2
_ < _
HA SSWSTHF - sXs—spaIgéliankaHA C||F+O(E)”A”F
as desired.
To implement the above, we must maintain T AR for j € [r], which requires

k k k k2 k
0(5_3) . O<_2> g ™ O<S_510g2>
€ € € € €
which is within our measurement budget.

4.2 Computational Complexity

In this section, we show that under a randomized version of the Exponential Time Hypothesis, the (1 + ¢)-
approximate Frobenius sparse low rank approximation problem has no algorithm running in time

f(s)<%>ow§>.

Related works have shown NP-completeness and computational hardness results for related low rank approx-
imation variants, including sparse PCA [MWAOQ6, Mag17, CPR16], low rank approximation with weights or
missing data [GG11, RSW16] and ¢, low rank approximation for p € (1,2) [BBB' 19]. The NP-completeness
result of [GG11] employs a reduction from the maximum-edge biclique problem to show hardness for the
rank 1 weighted low rank approximation problem, which is similar to our reduction from the s-biclique prob-
lem to show exponential running time in s under a randomized variant of the Exponential Time Hypothesis.
Related hardness results were shown by [RSW16, Theorem 1.4], also by a reduction to the maximum biclique
problem.
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4.2.1 Dependence on s and ¢

We first note that the sparse low rank approximation problem is NP-complete for € = 1/n?. This is obtained
through a reduction from the s-BICLIQUE problem, which asks whether a given bipartite graph contains an
s-biclique K ¢ or not:

Lemma 4.15. Let G = (L, R, E) be a bipartite graph with |L| = |R| = n, and let Ag denote the n X n
biadjacency matric for G, that is, (Ag)i; is 1 if vertex i € L and j € R are adjacent and 0 otherwise. Then
for e =1/n?, it is NP-hard to compute the cost |A — A*||% of the optimal solution A* for the s x s-sparse
low rank approximation problem within a (1 + ) factor.

G’mof If G contains a Kj s, then Ag contains an s x s all ones matrix, so the optimal cost is [|A — A*||% =
|A]|% — s%. On the other hand, if G contains no K, s, then every s x s submatrix of Ag must have at
most s2 — 1 ones. Thus, the optimal cost is at least ||[A — A*||2 > ||A||% — s® + 1. In any case, we have

that |A — A*||2 < ||A||% < n? so the costs in these two cases are separated by at least a 1 + ¢ factor for

€= 1/n2. O

This is similar to the reduction of sparse PCA to the s-CLIQUE problem [Mag17]. The NP-completeness
of s-biclique K s is stated without proof in [GJ79] and proven in e.g., [ADLT94].

In fact, it is also known that s-BICLIQUE does not admit fixed parameter tractable (FPT) algorithms,
assuming a randomized version of the Exponential Time Hypothesis.

Theorem 4.16 (Corollary 1.8, [Lin18]). Under the randomized ETH, there is no f(s)-n°®) -time algorithm
to decide whether a given graph contains a subgraph isomorphic to K ;.

Then by a similar reduction as before, under the randomized ETH, the (1 + n~2)-approximate s x s-
sparse low rank approximation problem admits no f(s) - n°V5)_time algorithm as well. Stated in terms of
the accuracy parameter € and s, we have the following:

Corollary 4.17. Under the randomized ETH, there is no f(s) - (1/4/2)°V®)-time algorithm to compute a
(1 + &)-approzimate s X s-sparse low rank approximation.

Remark 4.18. Recently, the running time lower bound for the s-BICLIQUE problem has been shown to
admit no algorithms running in time f (s)no(s) under a variant of the Planted Clique conjecture, termed the
Strongish Planted Clique Hypothesis [MRS21]. Then using this, one concludes that there is no algorithm
running in time f(s)(1/1/2)°®) for the (1+¢)-approzimate Frobenius sparse low rank approzimation problem
as well, under the Strongish Planted Clique Conjecture.

5 Gaussian Noise Spectral Sparse Low Rank Approximation

We finally consider the setting where we are given a matrix
A=XX+G

for G ~ N (0,1)"*™ X\ = O(y/n), and X € O}, has operator norm 1. Note that we consider disjoint s x s-
sparse rank k matrices O j, rather than S;j in order to obtain tight bounds for this problem. Furthermore,
throughout this section, we will assume that the coefficients 7; in the Definition 1.1 are bounded by 7; <
poly(n), for convenience for certain net arguments.

In this setting, we consider both the problem of detection of the low rank signal X as well as the estimation
of the low rank signal.

5.1 Lemmas for Analysis

We first introduce simple lemmas which will be useful for our analysis. The first argues that orthogonal
sparse components can only add Frobenius mass to each other.

Lemma 5.1. Let uy, vy and us, vy be two s-sparse left and right singular vector pairs. Then, the Frobenius
norm of the restriction of uyv{ +uavy to the s x s support of wyvy is at least |[u1vy || 5.
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rproof. Let Sy, be intersection of the supports of u; and us. Note then that (ui|s,,us|s,) = (ui,us) = 0.
Similarly, (vi|s,,Vva|s,) = 0 where Sy is the intersection of the supports of vi and vs. Then by the
Pythagorean theorem, the Frobenius norm of the sum ulvir + ugvg— restricted to Sy x Sy is

Hu1|s.,V1\5T~V + uz\suvz\g‘,ﬂi = Hu1|s.,V1\5T~VH2F + Hu2|s.,V2|gvH2F + 2<u1|SuV1\5T~V,u2|SuV2\5T~V>

— |[wilsavi & |5+ [[ualsaval &, |5 + 20w 5o, wzls.) (Visy, vals,)

= [l vild, [ + el veld, [ > folsovild,Ix

\Ey adding in the rest of the entries of u;v; outside of S, x Sy, we conclude as desired. O

Our second lemma shows that any unit vector is essentially an s-sparse vector with entries of squared
value roughly 1/s, for some s.

Lemma 5.2. Let v € R™. Then, there exists an s € [m] such that there are at least s/2 entries of A with
2 —1
squared value at least ||v||5(s(1 4 logym)) .

rP?“oof. By scaling, assume WLOG that ||V||§ = 1. If v has an entry with squared value at least (1+logy m) ™1,
then we are already done with s = 1. Thus, let |v;| < (1 + logym)~! for all i € [m].
Suppose for contradiction that for every ¢ € [log, m], there are fewer than 2¢/2 entries of v with absolute
value at least (2¢log, m)~!. We then partition the entries of A into the multiset Sy of entries with squared
value at most 1/m(1 + log, m) and the multisets S; with squared value in

1 2
2¢(1 + logym)’ 2¢(1 + log, m)>
for each ¢ € [log, m]. Note then that

1 log, m 9
2
<|Sy| ——— E( Syl —

Ivllz < 15| m(1 + log, m) + — el 2¢(1 + logy m)

log, m

cm_yE 2
~m(l+logym) = 2 2¢(1 + logy m)

log, m

1 1
_1+log2m+ zz—; 1+ logym
_ I+logam
~ 1+logym
| a contradiction. O

5.2 Detection

We first consider the problem of detection.

5.2.1 Lower Bounds

As previously noted, [LNW19] give sketching lower bounds for the detection problem when X is a random
n x n rank 1 matrix. We first adapt this lower bound to the setting where X € O, . For our sparse low
rank signal lower bound, we draw our low rank signal matrix as a random sparse vector.

Definition 5.3 (Random sparse vector). We define the distribution vs,, which samples a vector u € R™ by
sampling a subset S C [n] of |S| = s random coordinates, drawing the values for u on the coordinates of S
as u|lg ~ N(0,1;), and Os everywhere else.
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Now consider the problem of distinguishing between two distributions where D; = N(0,1)"*" isann xn
matrix with independent standard Gaussian entries, and Dy is the distribution drawn as Z?:l wjud (vi)T
where W/ ~ v, 5, and v/ ~ v,,, are all drawn independently (recall Definition 5.3). We take m linear
measurements and denote the corresponding measurements as L', L2,...,L™. We WLOG assume that
HL1H2F =1 and tr(L¥(L7) ") = 0 for i # j. Let £; and £, denote the distribution of the m dimensional linear
sketches of Dy and Ds, respectively.

Useful Computations. We will need the following simple lemma.

Lemma 5.4. Let A € R"*?, Then,

SAl= S S eTAl = Y %1) ‘

S~ ("]) se(™) i€s i€[n]

S
2= 2)Al

We also need the following computation for later use. This slightly modifies [LNW19, Lemma 3.1].

Lemma 5.5. Let A € R"™*? with ||Al|. < 1. Let 0’ ~ vs, ,, and v/ ~ v, 4 be drawn independently. Then,

E exp(u'TAV) <1+ ﬂHAHF

u’, v’

’?’mof. It is shown in the proof of [LNW19, Lemma 3.1] that for a matrix M € R****2 and independent
Gaussians x ~ N(0,1,,) and y ~ N(0,1,,) that

Eex (x"My"
p(x My H ﬁ—a
Applying this identity, we obtain
E exp(uTAV) = E E exp(x' (SsAS)y
W'V n ( ) (1), T (1) XN (0.e) ¥y ~N (0. 1:) e 7))

’
VinVsy d

1
- n] b [d] H

S~(I)T~(5) T /1 — 02(SsAST)

We then continue to bound as

1 1
B [d] H = n]

s () 5 /1 - 02(8sAST) s~ () T~(E) |1 - 3, 02(SsAST)
- E
s~(I).r~(1) (/1= ||SSAST||
< E  1+|SsASH| 1/V/T—1<1+ton0,1/2]

s~(1)).r~(5)
1+ E E [SsAS;|?
sy oty AT IE

=1+ ﬂHAHF Lemma 5.4

uvhich is the desired conclusion. O

Main Lower Bound.
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Lemma 5.6. We consider sketching dimension m with normalization vector w € R¥*. Let s1 and so be
sparsity parameters and let n,d be the dimensions of the Gaussian matrix. Further suppose

5152

nd

m

Iwlz < e

for a small enough constant c. Then,
1
Ly —L < —.
1£1 = Lallrv < 75

ﬁProof. Note that £, = N(0,1L,,) and Lo = N(0,1,,,) * u where y is the distribution of

cR™
23—1 wj(u/) T LmvI
Define
m k 2
€= Z ij(uj)TLivj
i=1 \ j=1

Note that for a single j € [k], E(w/) T Liv/ =0 so

2

m k
E¢= Z;E lej(uj)TLivj
1= Jj=

m k
- ZZE(Wj(uj)TLiVj)Q

i=1 j=1

m k n d

=22 W 2> WL, B EW)]
=1 j=1 a=1b=1
msiS82

= [IwlI3

nd

We now define the event
£ = {Ilwli3€ < 1/2}.
The expected value of ||w||3¢ is
ms18g
nd
so by Markov’s inequality, Pr(€) > 1—2c. Restrict p to this event and let ji denote the resulting distribution.
Let £2 = N(0,1,,,) * fi. Then using Propositions 2.1 and 2.2 of [LNW19],

Iwllz < e

P R R N

s¢ E exp((z1,22)) — 1+ i — pll vy

Z1,Z2~ [

1
6] -1 ey,
> \/Pr(é’) zlwﬁ]?zQN#eXp(<Z1,Z2>) +PI‘(€ )
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Then,

m k k
z1~£2~y exp((z1,22)) = Eexp Z Z Z w;(w)TLiv? - wy(w?) TLivI

k m k
= Eexp Z(uj/)T ZZWj(uj)TLivj~wj/Li v/’

= E H JE exp((uj/)TQj/vj/)
vl 2

v vk
where Q7 is an n X d matrix defined by
m k
Q = Z ij(u])TL’vj w; L
i=1 j=1

We have that

2
m k
7
1Q7 1% = 30> wy (W) TLiv - w L
=1 j=1 F
2
m k
= g g w;(uw) "LV - wj L since the L" are orthogonal
i=1]|j=1 P
2
m k
J TLZ J . L?
w;(u v’ w; F
i=1 \j=1
2
m k
w2 ] TL,ivI
Wi E E w;(u’) L'v:
=1 \ j=1
= W & <1

since we have conditioned on £. Thus,

J 3’7
ul,. ukv1 vk\EH E eXp(u ) Q v )S

wi’ vi’ ul .. uk vl .. vFk|

1 k 1 k
ul,.uk vl vk E

5182
= B e wli)

ul,...uk vl .. vk|E

IA
i
<.
M=
3‘3
SN
Q\I\D
72x%

IN

5182 2
14+2——
+2=22 lwl3e

ul,ub vl v

<1+ 2¢
Thus,

1
+2c < —

L1—L <
161 = Lallrv =3/ 75 =10
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LWhen ¢ is small enough. [l

Corollary 5.7. Let k=1,d=n, and
vn
\/8182.

Then, a randomized sketching algorithm distinguishing between Dy and Ds must make at least m = (s152)
measurements.

w =

’7Pr00f. By Lemma 5.6, we must have that
1
S152

m w =m >c

Lfor a constant ¢. Thus, m > ¢s182 = Q(s12), as desired. O

Now note that if we set s; = s and s = sk in the above theorem, this yields a disjoint s X s-sparse rank
k matrix. To detect this matrix, our theorem states that Q(s?k) measurements are required.

Corollary 5.8. Any randomized sketching algorithm distinguishing between A = G and A = AX + G for
G ~ N(0,1)"", A= y/n, and X € Oy, with || X||, = 1 requires Q(s?k) measurements.

Despite this natural lower bound, there is in fact a better lower bound when s%k is small. Consider the
task of distinguishing between A = G and A = G + \/ﬁeie;r for two randomly chosen coordinates i ~ [n]
and j ~ [n]. This is the hard instance in [ANPW13] for estimating the p = 4 norm of an n? dimensional
vector in the context of frequency moment estimation. For this problem, they show that

Q((n2)1=2/7 log(n?)) = Q(nlogn)
measurements are required. Putting these together, the lower bound we obtain is

Q(nlogn + s%k).

5.2.2 Upper Bounds

We have two upper bounds, each matching the two terms, the nlogn and the s2k, in the lower bound.

Small s Regime: s < \/n/klogn. We first show that when
s*klog(s*k) < n

or equivalently when s < y/n/klogn, that is, when the first term in the lower bound is roughly tight, then
an algorithm based on 4-norm estimation achieves a bound of n - poly log(n) measurements. In this setting,
we essentially need none of the structure provided by the fact that X € O, . In fact, all we use is that
||X||§7 > 1 and that X is supported on s?k coordinates.

For intuition, let b < n and suppose that X is supported on b entries with each nonzero entry equal to
1/ Vb, so the corresponding entry in A is \/n_/b Now consider a random sample S of n?/b? elements of A,
whose 4-norm we compute in roughly y/n2/b? = n/b measurements. If S contains no entries of X, then
ISI13 = ©(n?/b?), while if S does contain an entry of X, then 4-norm is a constant times larger, so we can
distinguish between the two cases. If we now repeat this b times, for a total of b (n/b) = n measurements,
then we sample a total of b- (n?/b?) = n?/b elements, so one of these trials will find one of the b elements of
X.

As described earlier, when s < /n/klogn, then we may make use of 4-norm estimation algorithms to
detect the presence of the signal.

Theorem 5.9 (Sketching frequency moments [BO10, AKO11, Ganl5, GW18]). For p > 2, the p-norm of
an n-dimensional vector can be approrimated up to constant factors with probability 1 — § with sketching
complezity ©(n'~2/Plog(1/8) + n' =2/ log??(1/8) logn).
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Algorithm 1 Detection algorithm for s < y/n/klogn

Input: A € R"*" sparsity s, rank k
Output: True if A = G + /nX and false otherwise

1: for i = 0 to i = [logy(s?k)] do

2. 8 =21 a=0((s?log(s?k)) 1), m = O(n%a?), T := O(m)

3. for j =1toj = O(slog?(s%k)) do

4: Sample a set S of m entries of A

5: Obtain an estimate y for ||S|| with O(y/m(log s?k)(logn)) measurements (Theorem 5.9)
6: if y > 7 then

7: return True

8: end if

9: end for

10: end for

11: return False

Theorem 5.10. Let X € S, . Then Algorithm 1 makes O(n(log®(sk))(logn)) sketching measurements
and distinguishes between the cases of A = G + /nX and A = G with constant probability, where G ~
N(0, 1),

Proof. We show in general that when X has Frobenius norm HX||§, > r for some r and is supported on b
entries, then the sketching complexity is

0 (% (log® b) (log log b) (log n)) .

The result then follows since , ,
X[z = [X]z; =1

and X is supported on s2k entries. In this case, we assume the parameter regime

nr_..
blogh —

for some sufficiently large constant c.
By applying Lemma 5.2 to X viewed as a vector in b dimensions, there exists some s’ € [b] such that
there are at least s’/2 entries of X with squared value at least

a=r7(s'(1+logy b)) .

This translates to an entry of squared value at least na in A after scaling X by y/n. Now consider a
random sample of m = O(n?a?) entries of A. Note that m > 1 by assumption on our parameter regime.
The 4-norm of this sample can be approximated up to constant factors with probability at least 1 — O(1/b)
with O(y/m(logb)(logn)) measurements by Theorem 5.9.

If this sample contains only Gaussian entries, then the 4-norm has an expectation of O(m'/4) [PVZ17,
Proposition 2.4] and concentrates to this expectation up to a (1 + €) factor with probability at least
1 —exp(—Q(ey/m)) [PVZ17, Theorem 1.1]. On the other hand, if this sample contains an entry of squared
size na, then this single entry increases the 4-norm of the sample by a constant factor, so this distinguishes
between the two cases. The probability that this random sample contains one of these entries of squared

size nao is , )
ms T
=0 = 0(a?s’ :O<7>.
p ( n2 > (a”s') s'log? b
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Thus, with O(log(1/8)/p) repetitions for § = 1/log, b, the probability that we find none of the s’ large
entries is at most

1
(1= p)os/d)/p < exp(_ploﬂ) .
p

we find one of the s’ entries of squared size at least na with constant probability.
The total number of sketching measurements assuming that we know s’ was

0 (m(log b)(log n) - loi ; ) -0 (na(log b)(logn) - lﬁj )
-0 (; (log? b)(logn) log %)

By guessing s’ up to constant factors by s’ = 1,2,4,...,b in log, b guesses, our final sketching complexity
is
o(ﬁ(bg3 b)(log log b) (log n)>. O
L r

Thus, in the regime where s < y/n/klogn, the detection problem can roughly be viewed as a simpler
case of the 4-norm estimation problem, since both the algorithms and lower bounds are captured by 4-norm
estimation.

Large s Regime: s > y/n/klogn. When s > /n/klogn, the 4-norm estimation approach cannot work,
and our approach shifts to sampling a submatrix and iterating over a net to identify the signal. We illustrate
the basic idea of the algorithm on the hard instance of the lower bound in Corollary 5.8, where the signal
matrix is X is essentially uv' for u ~ N(0,I,) and u ~ A(0,I), normalized appropriately, so that the
signal matrix added to the Gaussian noise has operator norm /n. To detect this signal, suppose we sample
an sk x s submatrix. Then, in expectation, we sample a

2k S%k
—_— X —_—
n n

submatrix X" of X. We then iterate over a net N for (s*k/n) x (s?k/n)-sparse rank 1 matrices, which has
log size roughly O(s2k/n), to try to find a net vector that aligns with X’. If we find such a net vector, then
the inner product between the net vector and X’ will be

2k 2k n s2k
oo 53K STk [STR
IXNr =A==\

On the other hand, note that the inner product between the net vector and the Gaussian noise will just be
a standard Gaussian, since the net vector has Frobenius norm 1. Now for any § € (0, 1), the Gaussian will

be at most y/log + with probability at least 1 — 4, so with § = 1/©(|\|), we can union bound over the net

1 ~ 2k

We thus see that by adjusting constants and log factors appropriately, we can distinguish between the
Gaussian noise and the signal and thus solve the detection problem.

In general, this approach will work to give a sketching upper bound of O(s%) dimensions, if we can find
an a X b submatrix with operator norm at least Q(l) for ab < O(SQk). However, we are unable to show that
such a submatrix exists for every X € O . Instead, we obtain a looser bound of

to see that the Gaussian noise is at most

0(82/€4/3)

measurements by showing two algorithms that roughly follow the above approach, one for when the Frobenius
norm of X is large and one for when the Frobenius norm of X is small:
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Lemma 5.11. Let X € O, be an n X n matriz with Frobenius norm at least
2
X% > .

Then, we can distinguish G + v/nX and G for G ~ N (0,1)™*™ with

r2

2I€2
) (S (log® s)(log? n)>
measurements.

ﬁProof. Write
k
X = Z TiXiyZT.
i=1
Note then that A A
2 T2 2
X115 = D[y |l = 272
i=1 i=1
Then there is some i € [k] such that 72 > r/k.
We now apply Lemma 5.2 to each of the vectors x; and y;, so that x; has at least s1/2 entries, say

S1 C [n] of x; have squared size at least (s1(1 + log, s))~!, and similarly, y; has at least s2/2 entries, say
Sy C [n], of y; have squared size at least (s2(1 + log, s)) ™%, We refer to these entries as the flat entries.

Handling Sparse Components. Suppose that

nr ~/nr
< = — .
152 = O(k(l + log, s)ﬂogn) O( k )

Then, there is a submatrix supported on s;se entries with squared Frobenius norm at least

nt? nr

> >
s182(1 + logy 8)2 — ksys2(1 4 logy s)2 —

which has a sparsity of b = s;s9 and Frobenius norm r > 1 such that

.
blogb —

so we can detect this submatrix by using the 4-norm estimation procedure of Theorem 5.10. We thus

assume that
nr - /nr
0 — Q(—) 2
S152 > (k(l + log, 5)? logn> k (

Handling Dense Components. When s1s9 = Q(m’/k) as in Equation (2), then our algorithm is to
sample a submatrix. Suppose for the moment that we know s; and s, and we will remove this assumption
later. We then sample a random n1 x ng submatrix A’ of A, for n; and ns to be determined later. Then by
Chernoff bounds, we sample t; := O(nys1/n) rows and ty := O(ngse/n) columns of the component 7;x;y;
in expectation, and with high probability 1 — O(1/log? s) as long as

@(”151) - @(%) > log log s.

n

~
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Denote this flat sampled submatrix of X, supported on the flat entries S; x S, as X'. We now consider an
e-net A/ (in the Frobenius norm) over rank 1 nj X ny matrices with ¢; X t2-sparse components and operator

norm 1. This has size
n) /6\" /o) /6\" < 6eny \ "' [/ 6eno \ 2
3] € to € - ety eto

by a straightforward modification of the proof of Corollary 2.3. If A ~ N (0,1)™*"™, then A’ is just a nq X ng
Gaussian matrix so for all B € N,

(A", B) ~ N(0,|BII%) = N(0,1)

On the other hand, if A has the rank 1 signal, then for some B € N, B is e-close to X’ in Frobenius norm
and thus

<A/3B> ~ N(<\/HX/3B>3 HBH%‘) = N(<\/EX/,B>’ 1)

2
(Vi ) (IvnX'|lr) (\/ 1 25132(1+log2 s)2> - knlog® s

Then the two Gaussians means are separated by ©(y/n||X’||r), while by a union bound over the net N,
the Gaussian noise can be as large as

6en 6en
O(/log|NV]) = @<\/t1 log etll + 2 log €t22>
VN1S1 + N2Sa
< ~ =/l .
< O( N ogn

where

One can check that this is at most ©(y/n||X'| F) if
k 2 k 2
ny =0 ;52(10g s)(logm) |, ng =0 ;sl(log s)(logn) ).
Thus, the total sketching complexity so far is
O X 5155108 5) 1082
F s1sa(log" 5)(10g? n)

Now to remove our assumption that we know s; and s9, we must iterate over O(log2 s) guesses for s; =
1,2,4,...,sand so =1,2,4,...,s, which brings the total sketching complexity up to

s2k? 6 2
0 2 (log” s)(log”n) . O
L

Lemma 5.12. Let X € Og 1 be an n x n matriz with Frobenius norm at most
X% < 7.
Then, we can distinguish G + /nX and G for G ~ N(0,1)"*™ with
O(s%krlog®(sk)log® n).

measurements.

ﬁPmof. The proof proceeds in two stages. We first prove the existence of a small rank 1 approximation to
X, and then iterate over a net to find it.
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Existence of a Sparse Rank 1 Approximation. Let uand v be the top left and right singular vectors
of X. Write the vectors u and v in level sets by

O(log(sk)) O(log(sk))
i=1 i=1
Then,
O(logn) O(logn)

1_|uTXv| < Z Z |u Xv]|

and thus by averaging, there exist 4, j such that

1

<Xy
©(log™(sk))

where u; is si-sparse and v, is so-sparse. Let X |, denote the restriction of X to the supports of u and

v. Then,
\/nan|uv | 2 V 82k
\/% Vab T Vab

|uZTij| <

Combining the previous bounds,
5189 < O(s%krlog?(sk)).

Net Argument. By the previous argument, there exist vectors u and v of norm at most 1 that are
s1-sparse and sg-sparse for s, so € [sk], respectively, such that

l,lVT = 1,1T v s

and
5189 < O(s%krlog?(sk)).

We then proceed as in the subsampling and net iteration step of Lemma 5.11. Since the calculations are
essentially the same, we only quickly outline the proof. We first assume we know s; and s and we sample
a ny X ng submatrix. This samples a t; X to submatrix of X |, where

wme(). nmo(22)

We then iterate over a net N over t; X to rank 1 matrices of log size at most

logn
Let B € NV. If there is no signal, then
2
(B,A) ~N(0, B ) =N(0,1)
while if there is a signal, then for some B € N/,

(B,A) ~N((

B).|B[}) = N((vAX |uv.B),1)

(ViiX |y, B) = @(\/“t2m> B @< #;Zk))

where
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This is larger than the noise from the Gaussian over N as long as

log|N| = \/771182 :;nzsz logn = O( _mn2 )

nlog?(sk)

which happens for
ni = O(sy log?(sk) logn), ny = O(sy log*(sk)logn).

Thus, the required number of samples in this case is
O(s152log*(sk)log? n) = O(s%krlog*(sk)log? n)
Tterating over logz(sk) choices of s1 and so, the total number of measurements is

L O(s%krlog®(sk)log® n). O

By combining Lemmas 5.11 and 5.12 and balancing parameters, we obtain the following:

Theorem 5.13. Let X € O,y be an n x n matriz. Then, we can distinguish G + /nX and G for
G ~ N(0,1)™*"™ with
0 (s2k4/3 (log® sk)(log® n))

measurements.

rProof. If HX||§, > k'/3 then we use Lemma 5.11 to obtain a bound of
08 (10g® s)(1og* ) ) < O(s2K*/3(10g" (sk)) 082 m))
1273 (log” s)(log™n) | < O(s og”(sk))(log”n) ).

Otherwise, when ||X||; < k3, we use Lemma 5.12 to obtain a bound of

B 0 (3%4/ 3(log® (sk)) (log? n)) . O

5.3 Estimation

We now consider the estimation problem, in which, given a matrix A = G + y/nX, we must output an
s X s-sparse matrix rank k X’ € S; 1 such that

X =|X-X|<e.

For this problem, for constant £, we show that iteration over a net gives an algorithm that makes O(nsk log(nk))
measurements in Theorem 5.15, and this is approximately optimal by a Gaussian channel information ca-
pacity argument in Theorem 5.16 by showing a lower bound of (nsklog(n/sk)) measurements.

5.3.1 Gaussian Noise Estimation Upper Bound

We will need an analogue of the approximate matrix product lemma (Lemma 2.8) for matrices with i.i.d.
Gaussian entries from [Sar06, Lemma 6].

Lemma 5.14 (Gaussian approximate matrix product [Sar06]). Let A € R4 B € R™*4 and e > 0.
Consider an r x d matriz S of all i.i.d. Gaussian entries for r = Q(e~*(log(n + m))(log 1)). Then,

Pr{HAsTSBT ~ABT|2 < a2||A|\§||B||§} >1-4.

Given this lemma, our algorithm is simply to approximately maximize the inner product between A and
net vectors given by Corollary 2.3.
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Theorem 5.15. Let €,s,n be such that

3
\/2slog XN <2/,
£s

m= O(n—flogﬁ).
€ €s

Let H be an m x n? Gaussian matriz for

Consider A = G + /nX for a s x s sparse rank 1 matriz X with operator norm 1 and G ~ N(0,1)™*™.
Then, there is an algorithm which, given m Gaussian measurements of A, outputs an s X s sparse rank 1
matriz X' such that

X =Xl <e.

-
Proof. We iterate over an e-net N for S, of size at most (poly(n)k/e)**, which exists by Corollary 2.3.

Our approach is to select the best candidate in the net by finding the X’ € N that approximately maximizes
the inner product with X. Indeed, if we find a X’ such that

(X, X"y >1-¢€%/2
then

2 2
X —X'|l; < [IX = X'||;
2 2
= [IX% + X[z — 2(X, X)
=2 - 2(X,X’) <&

To do this, we make use of the approrimate matriz product lemma, Lemma 5.14. Then with the failure
rate set to 6 = 1/10|N| and the accuracy parameter ¢ in the lemma set to £2/,/n, we use

measurements to guarantee that for an m x n? i.i.d. Gaussian matrix S and a net vector X’ € N,

g2 1
Pr{(A,X’> — (Svec(A),Svec(X'))| < %|A”F|X!”F} 21- 10N
Note that
52 , 52 9
%”AHF”X Ir= % ‘n-1=¢e*yn.
Furthermore,

(A, X') = (G + /X, X') ~ N((VaX,X), |X|7) = N(Vr(X, X'), 1),

and a standard Gaussian is at most O(y/log(1/6)) with probability at least 1—§. Then by setting § = 1/|N|,
we have by a union bound over the net that, with constant probability,

(Svec(A),Svec(X')) = (A, X') +*/n
= Vn(X,X') £ (O(sk) log ”?k + 52\/E>
= (X, X') +2¢2/n
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= n((X,X') £ 2¢%)

for all X’ € N. Thus by rescaling €, we may approximately maximize the inner product between X and
X', and thus retrieve a net vector X’ such that

L X =X, <e. 0

5.3.2 (Gaussian Noise Estimation Lower Bound

Theorem 5.16. Suppose that S is a random m x (nd) matriz such that, given S(vec(A)) for A = /nX +
+5G for s x s-sparse rank k matriz X with | X|, =1 and G ~ N(0,1)"*", there is an algorithm which
outputs an s X s-sparse rank k matrix B such that

1
IA =B, < Gl

Then, m = Q(nsklog(n/sk)).

ﬁProof. We follow the sparse recovery lower bound technique of [PW11] using the information capacity of a
Gaussian channel. The techniques are essentially the same, so we only briefly outline their argument and
the modifications that are necessary.

Consider a family F of sk-sparse supports such that:

o |SAS'|>skfor S#S e€F
o Prscr[i € S| = sk/n for all i € [n]
o log|F| = Q(sklog(n/sk))

which can be taken to be a random linear code in [n/sk]** with relative distance 1/2.

We then define a communication game as follows. Alice first chooses a random S ~ F. Then to construct
a random rank 1 matrix X, she chooses a random row ¢ € [n] and chooses a random sign vector supported
on the support S on the ith row, and normalizes by \/n/sk so that the resulting matrix X has operator
norm /n. She then sets y = S(vec(X + 155G)) for G ~ N(0,1)"*" and sends y to Bob. Bob performs
the Gaussian noise estimation algorithm on y to retrieve some s X s sparse rank k matrix B, rounds to a
matrix X’ in the set of possible matrices X, and returns the support S’ = supp(X’).

We WLOG assume that S has orthonormal rows. Note that for any fixed matrix V with Frobenius
norm 1,

nsk_l

n
Ex(X,V)? = EESN}"EiN[n] Z(ez—TVej)z =

, T skn2  n
JeSs
while E(G, V)? = E, xr(0.1y 2 = 1. Thus, for i € [m], if V = e/ S, then

1 1
eiy—els<vec<X+1OOG)> (V,X>+100<V,G>

is a Gaussian channel with noise-to-signal ratio

_ E(G,V)® _
CEx(X,V)?

The following lemma follows exactly as in [PW11]:

Lemma 5.17 (Lemma 4.1 of [PW11]).
, 1
I1(S; 8"y = O mlog 1+5
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We now show that a successful Gaussian noise estimation output must necessarily retrieve S’ with
constant probability. Because the recovery is successful with probability at least 9/10, with this probabiliy,
we have that ||A — BJ|, < [|G]|,/10 so

1 1
IX - BJ|, < Hx+—G—B——G

100 100 |,
<lx+Lta-B| +-1g|
- 100 , 100" "2
1

=||A - B, + —||G

I 2 + 155 1Gll2

11
< —|IG]l,-
< 705 /IGll2

By [Verl2], |G|, < 2.1y/n so the above bound is at most (24/100)/n. Now note that if X # X', then
X = X'[| = vV

SO

76
X' = Bll, > X = X', = |X = Bll, > 7551/

and thus X’ is not the closest matrix to B in the allowed matrices, which is a contradiction.
By Fano’s inequality, we then have that

1(S:8') = H(S) - H(S | §') > —1 + 19—0 log| F| = Q(sk log(n/sk))
but we showed that I(S;8") = O(mlog(1 + 1/n)) = O(m/n), so
m = Q(nsklog(n/sk))
as claimed.
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