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We consider algorithms with access to an unknown matrix M € F"*? via matrix-vector products, namely, the
algorithm chooses vectors vl, ..., v9, and observes Mvl, ..., MvY. Here the v} can be randomized as well
as chosen adaptively as a function of Mv', ..., Mv/~1. Motivated by applications of sketching in distributed
computation, linear algebra, and streaming models, as well as connections to areas such as communication
complexity and property testing, we initiate the study of the number ¢ of queries needed to solve various
fundamental problems. We study problems in three broad categories, including linear algebra, statistics prob-
lems, and graph problems. For example, we consider the number of queries required to approximate the rank,
trace, maximum eigenvalue, and norms of a matrix M; to compute the AND/OR/Parity of each column or row
of M, to decide whether there are identical columns or rows in M or whether M is symmetric, diagonal, or
unitary; or to compute whether a graph defined by M is connected or triangle-free. We also show separations
for algorithms that are allowed to obtain matrix-vector products only by querying vectors on the right, versus
algorithms that can query vectors on both the left and the right. We also show separations depending on the
underlying field the matrix-vector product occurs in. For graph problems, we show separations depending on
the form of the matrix (bipartite adjacency versus signed edge-vertex incidence matrix) to represent the graph.

Surprisingly, very few works discuss this fundamental model, and we believe a thorough investigation of
problems in this model would be beneficial to a number of different application areas.
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1 INTRODUCTION

Suppose there is an unknown matrix M € F™*? that you can only access via a sequence of matrix-
vector products M - vl,...,M-v9, where we call the vectors v!, . . ., v? the query vectors, which can
be chosen in a randomized, possibly adaptive way. By adaptive, we mean that v’ can depend on
vl,...,vi"las well as Mv!,...,Mvi~!. Here F is a field, and we study different fields for different
applications. Suppose our goal is to determine if M satisfies a specific property P, such as having
approximately full rank, or, for example, whether M has two identical columns. A natural question
is the following:

Question 1: How many queries g are necessary to determine if M has property £?

A number of well-studied problems are special cases of this question, i.e., compressed sensing or
sparse recovery, for which M € R™? is an approximately k-sparse vector, and one would like a
number q of queries close to k. It is known that if the query sequence is non-adaptive, meaning
v!,...,v?are chosen before making any queries, then g = @(k log(n/k)) is necessary and sufficient
[7, 14] to recover an approximately k-sparse vector.! However, if the queries can be adaptive, then
q = O(kloglog n) queries suffice [19], while there is a lower bound of Q(k+loglog n) [33] (see also
recent work [20, 32]). There is also work on compressed sensing of matrices, where one recovers
sparse matrices via queries of the form Mv!, Mv?, ..., Mvi~! [15].

The above problem is representative of an emerging field called linear sketching which is the
underlying technique behind a number of algorithmic advances the past two decades. In this model,
one queries M - vi,...,M - V" for non-adaptive queries vl,...,v". For brevity, we write this as
M -V, where V € F¥" has ith column equal to v'. Linear sketching has played a central role in
the development of streaming algorithms [3]. Perhaps more surprisingly, linear sketches are also
known to achieve the minimal space necessary of any, possibly non-linear, algorithm for processing
dynamic data streams under certain general conditions [2, 22, 27], which is an essential result
for proving a number of lower bounds for approximating matchings in a stream [5, 25]. Linear
sketching has also led to the fastest known algorithms for problems in numerical linear algebra,
such as least squares regression and low rank approximation; for a survey, see [40]. Note that
given M - Vand M’ - V, by linearity one can compute (M + M’) - V.= M-V + M’ - V. This basic
versatility property allows for fast updates in a data stream and mergeability in environments such
as MapReduce and other distributed models of computation.

Given the applications above, we consider Question 1 an important question to understand for
many different properties # of interest, which we describe in more detail below. A central goal of
this work is to answer Question 1 for such properties, and we believe the query model through
matrix-vector products is a natural model of study in its own right.

One notable difference with our model and a number of applications of linear sketching is
that we will allow for adaptive query sequences. In fact, our upper bounds will be non-adaptive,
and our nearly matching lower bounds for each problem we consider will hold even for adaptive
query sequences. The adaptive query model is common in practice. For the problems like iterative

'Here the goal is to output a vector M’ for which ||[M — M’|l, < (1 + &)|I[M — Mg ||l, where My is the best k-sparse
approximation to M, and ¢ is a constant.
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linear system solving, eigenvalue finding, and so on, many algorithms used in practice are based
on gradient descent methods, Krylov subspace methods, and the like. Those algorithms are es-
sentially adaptive query algorithms designed with the primary goal of minimizing the number of
queries.

Our model is also related to property testing, where one tries to infer properties of a large
unknown object by (possibly adaptively) sampling a sublinear number of locations of that object.
We argue that linear queries are a natural extension of sampling locations of an object, and that
this is a natural “sampling model” not only because of the desired properties of the distributed,
linear algebra, and streaming applications above, but sometimes also for physical constraints, e.g.,
in compressed sensing, where optical devices naturally capture linear measurements.

From a theoretical standpoint, any property testing algorithm, i.e., one that samples g entries of
M, can be implemented in our model with q linear queries. However, our model gives the algorithm
much more flexibility. From a lower-bound perspective, as in the case of property testing [11],
some of our lower bounds will be derived from communication complexity. However, not all of
our bounds can be proved this way. For example, one notable result we show is an optimal lower
bound on the number of queries needed to approximate the rank of M € R™ " up to a factor ¢ by
randomized, possibly adaptive algorithms; we show that  +1 queries are necessary and sufficient.
A natural alternative way to prove this would be to give part of the matrix to Alice, part of the
matrix to Bob, and have the players exchange the Mivi and MRv!, where M = M* + MR and M
is Alice’s part and MR is Bob’s part. Then, if the 2-player randomized communication complexity
of approximating the rank of M up to a factor of t were known to be Q(n?/t), we would obtain a
nearly matching query lower bound of Q(n/(t(b+logn))), where b is the number of bits needed to
specify the entries of M and the queries. However, it is unknown what the 2-player communication
complexity of approximating the rank of M up to a factor t is over R! We are not aware of any
lower bound better than Q(1) for constant ¢ for this problem for adaptive queries. We note that for
non-adaptive queries, there is an Q(n?) sketching lower bound over the reals given in [26], and an
Q(n?/ log p) lower bound for finite fields (of size p) in [4]. There is also a property testing lower
bound in [8], though such a lower bound makes additional assumptions on the input. Thus, our
model gives a new lens to study this problem from, from which we are able to derive strong lower
bounds for adaptive queries. Our techniques could be helpful for proving lower bounds in existing
models, such as two-party communication complexity.

Our model is also related to linear decision tree complexity, see, e.g., [10] and [21], though such
lower bounds typically involve just seeing a threshold applied to Mv’, and typically M is a vector.
In our case, we observe the entire output vector Mv'.

An interesting twist in our model is that, in our formulation above, we are only allowed to query
M via matrix-vector products on the right, i.e., of the form M- vi. One could ask if there are natural
properties  of M for which the number q; of queries one would need to make if querying M via
queries of the form (u!')™M, (u?)"M, . .., (u?)” M can be significantly smaller than the number gg
of queries one would need to make if querying M via queries of the form Mu!, Mu?, . . ., Mu9x:

Question 2: Are there natural problems for which q; < qgr?

We show that this is in fact the case, namely, if we can only multiply on the right, then it takes
Q(n/logn) queries to determine if there is a column of a matrix M € {0, 1}”*" which is all 1s.
However, if we can multiply on the left, then the single query (1,1, ..., 1) can determine this.

We study a few problems around Question 2, which is motivated from several perspectives. First,
matrices might be stored on computers in a specific encoding, e.g., a sparse row format, from which
it may be much easier to multiply on the right than on the left. Also, in compressed sensing, it may
be natural for physical reasons to obtain linear combinations of columns rather than rows.
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Another important question is how the query complexity depends on the underlying field for
which matrix-vector products are performed. For example, might the query complexity be signifi-
cantly different when the products are performed modulo 2 or over the reals?

Question 3: Is there a natural problem for which the query complexity in our model
over F[2] is much larger than that over the reals?

Yet another important application of this model is to querying graphs. A natural question is which
representation to use for the graph. For example, a natural representation of a graph on n vertices
is through its adjacency matrix A € {0, 1}"*", where A; ; = 1 if and only if {i, j} occurs as an edge.
A natural representation for a bipartite graph with n vertices in each part could be an n X n matrix
A where A; ; = 1 iff there is an edge from the ith left vertex to the jth right vertex. Yet another
representation could be the ('21) X n edge-vertex incidence matrix, where the {i, j}-th row is either
0, or has exactly two ones, one in location i and one in location j. One often considers a signed
edge-vertex incidence matrix, where one first arbitrarily fixes an ordering on the vertices and then
the {i, j}-th entry has a 1 in the ith position and a —1 in the jth position if i > j; otherwise, positions
i and j are swapped. Yet another possible representation of a graph is through its Laplacian.

Question 4: Do some natural representations of graphs admit much more efficient query
algorithms for certain problems than other natural representations?

We note that in the data stream model, where one sees a long sequence of insertions and deletions
to the edges of a graph, each of the matrix representations above can be simulated and so they
lead to the same complexity. We will show, perhaps surprisingly, that in this model there can be
an exponential difference in the query complexity for two different natural representations of a
graph for the same problem.

We next get into the details of our results. We would like to stress that in this model, even for
basic problems, it is not immediately obvious how to tackle them. As a puzzle for the reader, what
is the query complexity of determining if a matrix M € F™" is symmetric if one can only query
vectors on the right? We will answer this later in the paper.

1.1 Formal Model and Our Results

We now describe our model and results formally in terms of an oracle. The oracle has a matrix
M e F™" for some underlying field F that we specify in each application. We can only query
this matrix via matrix-vector products, i.e., we pick an arbitrary vector x and send it to the oracle,
and the oracle will respond with a vector y = M - x. We focus our attention when the queries
only occur on the right. Our goal is to approximate or test a number of properties of M with a
minimal number of queries, i.e., to answer Question 1 for a large number of different application
areas.

We study a number of problems as summarized in the Table 1. We assume M is an m X n matrix
and ¢ > 0 is a parameter of the problem. The bounds hold for constant probability algorithms. In
some problems, such as testing whether the matrix is a diagonal matrix, we always assume m = n,
and in the graph testing problems we explicitly describe how the graph is represented using M.
Interestingly, we are able to prove very strong lower bounds for approximating the rank, which
as described above, are unknown to hold for randomized communication complexity.

Motivated be streaming and statistics questions, we next study the query complexity of approxi-
mating the norm of each row of M. We also study the computation of the majority or parity of each
column or row of M, the AND/OR of each column or row of M, or equivalently, whether M has an
all ones column or row, whether M has two identical columns or rows, and whether M contains
an unusually large-normed row, i.e., a “heavy hitter”. Here we show there are natural problems,
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Table 1. Our Results

Problem \ Query Complexity
Linear Algebra Problems

Approximate Rank (for any p” > p p + 1 (Section 3.1)

distinguishing Rank < p from Rank p’)

Trace Estimation Q(n/logn) (Section 3.2)

Symmetric Matrix/Diagonal Matrix O (1) (Sections 3.3 and 3.4)

Unitary Matrix 1 (Section 3.5)

Approximate Maximum Eigenvalue (e %log n) for adaptive queries,

©(n) for non-adaptive queries
([29, 31, 35], Section 3.6)
Streaming and Statistics Problems

All Ones Column O(n) over F[2],
Q(n/logn) over R (Section 4.1)

Two Identical Columns Q(n/m) (m = Q(log(n/e)))
Two Identical Rows O (log m) (Section 4.2)
Approximate Row Norms/Heavy Hitters (@) (g_zlog m) (Section 4.3)
Majority of Columns Q(n/logn) over R
Majority of Rows O (1) over R (Section 4.4)
Parity of Columns O(n)
Parity of Rows O (1) (Section 4.5)

Graph Problems

Connectivity given Bipartite Adjacency Matrix | Q(n/logn) (Section 5.1)
Connectivity given Signed Edge-Vertex Matrix | O (polylog (n)) ([23], noted in Section 5.1)
Triangle Detection Q(n/logn) (Section 5.2)

such as computing the parity of all columns, which can be solved with 1 query if sketching on the
left, but require Q(n) queries if sketching on the right, thus answering Question 2. We also answer
Question 3, observing for the natural problem of testing if a row is all ones, a single deterministic
query suffices over the reals but over F[2] this deterministically requires Q(n) queries.

For graph problems, we first argue if the graph is presented as an n X n bipartite adjacency
matrix M, then it requires Q(n/log n) possibly adaptive queries to determine if the graph is con-
nected. In contrast, if the graph is presented as an n X ('21) signed vertex-edge incidence matrix,
then polylog (n) non-adaptive queries suffices. This answers Question 4, showing that the type
of representation of the graph is critical in this model. Motivated by a large body of recent work
on triangle counting (see, e.g., [16] and the references therein), we also give strong negative re-
sults for this problem in our model, which, as with all of our lower bounds unless explicitly stated
otherwise, hold even for algorithms which perform adaptive queries.

Followup Work. In [12], the authors considered other related problems in this model, including
the important problem of linear regression and top eigenvalue estimation.

2 PRELIMINARIES

We use capital bold letters, e.g., A,B,M, to denote matrices, and use lowercase bold letters,
e.g., X,y, to denote column vectors. Sometimes we write a matrix as a list of column vectors in
square brackets, e.g., M = [my, ..., m,]. We use calligraphic letters, e.g., D, to denote probability
distributions, and use M < D to denote that M is sampled from distribution D. In particular, we
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use G to denote a Gaussian distribution and G for a matrix whose entries are sampled from an
independently and identically distributed (denoted as i.i.d. in the following) Gaussian distribution.
We call a matrix M i.i.d. Gaussian if each element is i.i.d. Gaussian. Let matrix G be a p X nii.d.
Gaussian matrix, and R be an n X n rotation matrix, that is, RRT = L. It is easy to check that G X R
is still i.i.d. Gaussian, and has the same probability distribution of G.
The total variation distance, sometimes called the statistical distance, between two probability
measures P and Q is defined as

Drv (P,Q) £ sup [P(4) = Q(A).

Let X be an n X m matrix with each row ii.d. drawn from an m-variate normal distribution
N(0,Y). Then the distribution of the m X m random matrix A = XTX is called the Wishart distri-
bution with n degrees of freedom and covariance matrix %, denoted by W,,,(n, %). The distribution
of eigenvalues of A is characterized in the following lemma:

LEMMA 1 (COROLLARY 3.2.19 IN [24]). IfA is Wy, (n, AlL,), withn > m—1, the joint density function
of the eigenvalues A = (A1, ..., Am) of A (in descending order) is

m?/2 m m
T 1 (n-m-1)/2
A) = -—— > A A Ai = A)).
e (24)™"/2 L (m/2) T (n/2) eXp( 22 Z‘ ’) D i KKI_J,Lm( =4
In particular, for A = 1 and n = m, 3 a constant Z,,, independent from Ay, . .., Ay, such that
1 1< P
f) = Z—exp(—5 Zai)ﬁki”z [T @i-2.
m i=1 i=1 1<i<j<m

3 LINEAR ALGEBRA PROBLEMS

In this part, we present our lower bound for rank approximation in Section 3.1. After that, we
provide our results about trace estimation in Section 3.2, testing symmetric matrices in Section 3.3,
testing diagonal matrices in Section 3.4, testing unitary matrices in Section 3.5, and approximating
the maximum eigenvalue in Section 3.6.

3.1 Lower Bound for Rank Approximation

In this section, we discuss how to approximate the rank of a given matrix M over the reals when
the queries consist of right multiplication by vectors. A naive algorithm to learn the rank is to
pick random Gaussian query vectors non-adaptively. In order to approximate the rank, that is,
to distinguish whether rank (M) < p or rank (M) > p + 1, this algorithm needs at least p + 1
queries, and it is not hard to see that the algorithm succeeds with probability 1. Indeed, if M is
the unknown n x n matrix, and H € R™®*+ is the random Gaussian query matrix, then we can
write M in its thin singular value decomposition as M = UxVT, where U and V € R™F* have
orthonormal columns, and 3 € R¥*k has positive diagonal entries. Here, k =rank(M). We have
that rank(M - H) = rank(VTH). Since V has orthonormal columns, it can be extended to a rotation
matrix V' € R™" by adding n — k orthonormal columns. We have V'"H is a random Gaussian
matrix by rotational invariance of the Gaussian distribution. V'H is actually the first k rows of
V'TH, so it is also a random Gaussian matrix. Thus, rank(V'H) is the minimum of p + 1 and the
rank of M with probability 1.

In the following, we will show that we cannot expect anything better. We will first show for
non-adaptive queries, at least p + 1 queries are necessary to learn the approximate rank. Then we
generalize our results to adaptive queries. Our results hold for randomized algorithms by applying
Yao’s minimax principle.
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3.1.1  Non-Adaptive Query Protocols.

THEOREM 1. Let constant ¢ > 0 be the error tolerance and let M be an n X n oracle matrix and
suppose to start that we make non-adaptive queries. For integer p < p’ < n, at least p + 1 queries are
necessary to distinguish rank (M) < p from rank (M) > p” with advantage > ¢.

Proor. Given any algorithm distinguishing rank (M) < p from rank (M) > p’ for some p’ < n,
we can determine whether a p” X p” matrix M’ has full rank p’ or rank (M’) < p, by padding M’ to
an n X n matrix M. Therefore, in what follows, it suffices to prove the lower bound for two n X n
matrices M; and M; where rank (M;) < p and rank (M) = n:

(1) M; =UxGT

) M2=U><GT+ﬁ-UL><HT.

Here U has p columns and Ut has (n — p) columns such that [U,U*] forms an n X n random
orthonormal basis, GT and H are p x n and (n — p) X n matrices whose entries are sampled i.i.d.
from the standard Gaussian distribution, and Z(n) is a function in n which will be specified later.
Since M, = [U, U] x [;THT], it immediately follows that rank (M;) < p and rank (Mz) = n with
probability 1. Then we asszxme rank (Mz) = nand discuss the query lower bound for distinguishing
M; from M,.

Given M € {M;, M;}, without loss of generality we denote the g non-adaptive queries with an
n X q orthonormal?® matrix V = [vy,..., vq4], where ¢ < p and each n X 1 column vector v; is a
query to the oracle of matrix M which gets response M - v;, for i € [q]. Then, it suffices to show
that the following two distributions are hard to distinguish:

(1) M; X V = UW, where W = GTV;

(2) My xV=UW + Z(ln) -U'W’, where W’ = HTV.

Note that [U, U] is orthonormal, and hence UTU = L, (uhTut = Lip, ulut = 0,x(n—p)- We
introduce Lemma 2 to eliminate U, U+ in the representation of M X V.

LEMMA 2. For My, M; andV defined as above,

Drv (M;V, MV) = Dry ((MyV)" MyV, (M;V)" M, V)

Proor. The direction Dty (M;V, M;V) > D1y ((M;V)"M,V, (MyV)"M,V) is trivial by the data-
processing inequality (i.e., for every X, Y and random function f, Dty (X,Y) > Drv (f(X), f(Y))).
In what follows, we only prove the other direction.

For a random matrix M sampled as M; or M;, we will design a random transforma-
tion process where the input is a random sample from V' MTMV, and the output has the
same distribution as MV. If we have such a transformation, we have Dty (M;V,M,V) <
Drv((MiV)TM;V, (M2V)TM,V).

The transformation process works as follow: given a g X ¢ sample matrix X from V' MMV,
let its singular value decomposition be X = BAB?. We generate an n X q random orthonormal
matrix A, and output an n X ¢ matrix Y = AAY/?B”. We then show the matrix Y follows the same
distribution of MV.

First, let us consider the case M = M; = U x GT. Let the singular value decomposition of
W = G’V be W = CED’ where C is a p X g matrix, and X, D are g X g matrices. Then, we have
VTMlTMlV = D2?D”. Thus, we know X = AY? and D = B. We do not know the left matrix C,
but UC is an n X g random orthonormal matrix since the columns of U come from a basis for a

2Non-orthonormal queries can be made orthonormal using a change of basis in post-processing.
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random p dimensional subspace. In addition, the random matrix UC is independent of D. Thus,
the matrix A generated by the transformation process has the same distribution as UC which
means our output matrix Y follows the distribution of M;V if the input matrix is sampled from
VIMIM,V.

Second, let us consider the case M = M, = Ux GT + n) .Ut x H”. The idea is similar as
the first case. Let the singular value decomposition of M;V be MyV = CED” where Cisann X g
matrix, and X, D are g X g matrices. Then, we have VTMZTMZV = DX*D”. Thus, we know . = A2
and D = B. Consider an n X n uniformly random orthonormal matrix R, we have RM,V has the
same distribution as M,V since [RU, RU*] also forms an n X n random orthonormal basis. And
RC is an n X g uniformly random orthonormal matrix which has the same distribution of A, and
also independent of D. So our output matrix Y follows the distribution of M,V if the input matrix
sampled from VI MI M, V. ]

Let A = diag(44, . .. ,Aq),A' = diag(4/, ... ,/1:]) be diagonal matrices such that WIw = ATAA

and WTW + “ZIZ)( ‘;V = BT A’B for orthonormal matrices A and B. We assume both A4, . . ., Aq and

Al ..., Ag are sorted in decreasing order. Using Lemma 2, it suffices to prove an upper bound for
Dty (A, A’) as follows:

D (UW UwW + Uw
e Z(n) )
. U+w’ T U+w’
= Drv | (UW) (UW),(UW+ Z(n)) (UW+ Z(n))
(W/)TW/

= Drv (WTW, wWiw + 720 ) < Drv (A, A).

The last inequality uses the similar idea to Lemma 2. Given any sample X from A or A’, we
can generate a ¢ X ¢ uniformly random orthonormal matrix C, and the matrix C”XC follows the
same distribution of either W/ W or WTW + (W )W

Z%(n)
or A'.
We then apply Weyl!’s inequality as follows:

, which depends on whether X comes from A

LEMMA 3 (WEYL’S INEQUALITY, [39, 42]). Let A = B + C where B, C are n X n Hermitian matrices,
with their respective eigenvalues y;, v;, p; ordered as follows:

A:yl > 2 iy,
BIV]Z"'ZVH,
C:plZ“'an'

Then the following inequalities hold: v; + p, < u; < vi+py for1 <i<n.

% % ,
lzz(,lzlf) Ai + (lzz( ”f )]. Notice that W’ is an (n — p) X q

1.i.d. Gaussian matrix. Thus, we have ||[W’ ||2 < [IW’)2 7 which is the sum of (n — p)q independent
squared Gaussian random elements. Hence, it is bounded by O ((n — p)q) with high probability.
More specifically, we have Pr(||W'||12, > (n—p)q(1 +1t)) < exp(—(n— p)qt?/18) for all t € [0,3]
according to Example 2.12in [38] Recalling that g < p, in what follows, we condition on the event
X € [ — O(225), A + O( ).

We then show the gaps between eigenvalues A; are sufficiently large. Note that, since G is i.i.d.
Gaussian and V is an orthonormal matrix, each row in W = G’V is independently drawn from an

For every i € [q], we have 1] € [4; — O(
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g-variate normal distribution; thus, the probability distribution of WY W is a Wishart distribution
Wy (p, Iy). It is enough to show the case where g = p. Since A1, ..., A, is sorted in descending order,
by Lemma 1, the density function of A is:

1 1 P P
f(A):Z—pexp(—EZ/l)n ~1/2 ]_[ (i = ). 1)
i=1 =1 1<i<j<p

Let & denote the event that A, > % andV1<i<j<pAi—-Aj>y= 9-0(p*logp).

LEMMA 4. For WI'W defined as above and sufficiently small y = 270" logn) Pr[&] > 0.9.

Proor. By Equation (2) in [34] we know that for the smallest singular value A,, we have
Pr[vnd, > y] = exp(—(y?/2 + y)). Thus, for y = 0.01 and &, “ {Ap = 0.01/+/n}, we get:

0.01
Pr[&] =Pr [/11, > W] = exp (—0.01005) > 0.99.

Also, we note that, for every i, Pr[|A;] < 100n] > 1 — 2exp(—32n), by setting t = 8+v/n in
Corollary 5.35 of [37]. In what follows, we condition on the event &; that |;| < 100n for every
i€[p]

Then we consider the joint distribution p of A4,...,4, in A. Let 8 {/1 — Ais1 <y} be the

event that A; and A;,1 has a gap smaller than y. Thus, & = & A ( ) To lower bound Pr[&],
we need to upper bound the probability of &; for1 <i <p-1.

Let f be the density function of y as in (1), and let Leb(-) be the Lebesgue measure in n dimen-
sions. Then, for every i,

Pr[&; | El=pi—Ais1 <y)<Leb(li=Aiz1 <¥)  Iflo = O (y/n) - | flso
Note that conditioning on & such that A, > 0.01/+/n, the density function f is bounded as:
1 ;
|flo <O (exp (_5,11) (100%);:/2 /111,2/2) _ 20(p*logn)

As aresult, we get Pr[&; A & | El<y- 90(p*logn)
Therefore, the probability of & is lower bounded for sufficiently small y = 2-€®*logn),

Pr[&] =Pr[&;] - Pr [80 A (/\fz_llS_i) ‘ 86]

p-1
>Pr [&]] -(Pr [&0 | &] - D Pr]&inés | 85])
i=1
> (1 - 2pexp(-32m)) - (0.99 — (p — 1)y - 20(" ™)) > 0.9, o

Conditioned on event & and recalling that A} € [A; —O(Zg—fn)), Ai +O(Z?—fn))], the probability den-
sity of A” has only a negligible difference from that of A, since the small disturbance of eigenvalues
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is dominated by the corresponding terms in f(A).
Fy exp (=5 20, 20) T 472 Thsicjep (2] = 2)
FA) exp (=3 20, 2) T, A7 Thicyep (i = )

np \~P/2 2np
exp (P i "P) R0 1—[ Ai = A+ 7o
Z%(n) Ap 1<i<j<p Ai =4

np2 np p znp p(p-1)/2
exp 1+ 1+ -
Zz(n) /11, . Zz(n) Zz(n) * MU Ml - ).]|

np? 100yn - np\? 2np plp=)/2 B np3y !
<or( ) (2w (e 7ms) -rol%)

IA

IA

Similarly, we can prove f(A")/f(A) > 1-0 (np3y_l/Zz(n)). Thus, the total variation distance
between A and A’ conditioned on & is Drv(A, A’ | &) < (np®y~1/Z%(n)) = (1/n?) for sufficiently
large Z(n) > (np)'-3y 05 = 200" 1ogn) Thys, for sufficiently large n, we have:

Drv (A,A") < Pr[E] + Pr[E] - Drv(A, A" | &) < 0.1+ 0(1/n%) < 0.11.

Therefore, with as many as g = p non-adaptive queries to the oracle matrix M, the two distribu-
tions M; and M, cannot be distinguished with advantage greater than 0.11. At least p + 1 queries
are necessary to distinguish those two matrices My and M, of rank < p and rank n, respectively.

Indeed, the above argument holds for every constant advantage ¢ if y = ¢/3, t > v12n/e, and y
is sufficiently small in the proof of Lemma 4, and letting Z(n) be sufficiently large. ]

3.1.2  Equivalence between Adaptive and Non-Adaptive Protocols. Now, we consider the adaptive
query matrix V = [vy,...,v4] where v; is the ith query vector. Without loss of generality, we can
assume that Vi, v; is a unit vector and it is orthogonal to query vectors vy, ..., v;_1. This gives us
the following formal definition of an adaptive query protocol:

Definition 1. For a target matrix M, an adaptive query protocol P will output a sequence of query

vectors vy, Va, . ... It is called a normalized adaptive protocol if for any i, the query vector v; output
by P satisfies

(1) v; is a unit vector;

(2) v; is orthogonal to the vectors vy, ..., v;_g;

(3) v; is deterministically determined by M X [vy,...,v;_1].

Let P54 be a standard protocol which outputs ey, e;, ... where e; is the ith standard basis vec-

tor. We then show that adaptivity is unnecessary by proving that P5!¢ has the same power as
any normalized adaptive protocol to distinguish the matrix M; and M; defined in the previous
subsection.

More formally, we show the following lemma for matrix Mj:

LEMMA 5. Fix any n X n orthogonal matrix [U, U] and any normalized adaptive protocol P. Con-

sider My = U x GT + m - Ut x HT where GT be a p X n iid. Gaussian matrix, and HT be

a (n - p) X n iid Gaussian matrix. Let matrix V.= [vy,...,v4] and vstd = [e1,....eq] be the
query matrix output by protocol P and P5t%, correspondingly. We have the matrix MyV has the same
distribution as MyVste,
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ProoOF. Since the matrix GT - V!9 and H” - V%9 is i.i.d. Gaussian, that is, every element in two
matrices is from standard Gaussian distribution and independent of each other, it is enough to
show both GT - V and H” - V are i.i.d. Gaussian. In the following, we will show GT - V are i.i.d.
Gaussian and independent of H” - V, and the similar argument also holds for H - V.

LetV; = [vy,...,v;] and Vls.’d = [ey,...,e;]. Note that vy,. .., v, are unit vectors and orthog-
onal to each other. We first define orthogonal rotation matrices Ry, Ry, . .. recursively as follows.
The matrix R; will take v; to e;. The matrix R; will take e; to e; forany j < i and takesR;_; - - - Ry v;
to e;. Note, for any i, the orthogonal rotation matrix which satisfies the condition is not unique. We
can arbitrary choose any orthogonal rotation matrix R; deterministically and R; only depends on
the first i query vectors. We have R; - - - R;V; = V3! forany i < q,and GTV = GT-R{! - -- R, vstd,

Define matrix GR; £ G” - R;!---R;". In the following, we use induction to show for any i < g,
GR; is i.i.d. Gaussian and independent of H' - V. It is enough to show that, for any fixed H, for any
i < g, GR; is ii.d. Gaussian.

For i = 1, since Ry is determined by v; which is independent of G” and R; is an orthogonal
matrix, GR; = GTR; is i.i.d. Gaussian.

Now, suppose GR; is i.i.d. Gaussian, we will prove GR;;; = GR; - Ri_+11 is also i.i.d. Gaussian. On

the one hand, R, is determined by vy, . . ., v;1; which are determined by the response of the first
i queries, that is, determined by M, V;. We have

M,V;

— UGTR—l L. R—lvstd + 1 UJ_HTR—I . R—lvstd

- 1 i i poly(n) 1 i i

= (Ux (GTR{!---R;1) + —Pd;(n)Ul x (HTR;!---RY)) - vstd
It means R;y; is determined by the first i columns of matrix GR; = GTRI’1 e R;1 and

HTRl‘1 .- ~Rl.‘1. Note by the inductive assumption, GR; is i.i.d. Gaussian. Therefore, R;; is inde-
pendent of the last n — i columns of GR;.

On the other hand, R;1e; = e; for any j < i, and thus Ri_+11 =[ Ié 12, ] where I; is the i X i

identity matrix. Note the matrix R’ is actually determined by the protocol, U, U*, H and also the
first i columns of GR;, but it is independent of the last n — i columns of GR;. Consequently, in
the multiplication of GR; X Rijrll, the first i columns are the same as those in GR;. For the other
n—i columns, the ath element of jth column is Y5541 grap rl:’j where gr,p, r}’]’j are the elements in
GR;, R’ correspondingly. Since rl’)’j is independent of the last n—i columns of GR;, it is independent
of grap when b > i + 1. Since GR; is ii.d Gaussian and R’ is an orthogonal matrix, the last n — i
columns of GR;,; is also i.i.d. Gaussian and independent of the first i columns. Therefore, we show
GR;.; = G -R;!---R7], is still iid. Gaussian.

By induction G”V is i.i.d. Gaussian, and independent of H” V. This finishes our proof. O

Obliviously, the same also holds for M;. Combining these results and Theorem 1, together with
Yao’s minimax principle [41],

THEOREM 2. Let constant ¢ > 0 be the error tolerance and let M be an n X n oracle matrix with
adaptive queries. For integer p < p’ < n, at least p + 1 queries are necessary for any randomized
algorithm to distinguish whether rank (M) < p or rank (M) > p” with advantage > e.

3.2 Lower Bound for Trace Estimation

In this section, we lower bound the number of queries needed to approximate the trace tr(M)
of a matrix M. In particular we reduce this problem to triangle detection as will be proved in
Theorem 16. For the trace estimation problem, Avron and Toledo [6] analyzed the convergence of
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randomized trace estimators via a similar matrix vector products framework. In their model, for
an unknown matrix M, they can access it via v Mv; while in our model, we only consider the right
multiplication of the form Mv.

THEOREM 3. For any integer C > 0 and symmetric n X n matrix M with entries in {0,1,2, .. ., n3},
the number of possibly adaptively chosen query vectors, with entries in {0,1,2,...,n"}, needed to
approximate tr(M) up to any relative error, is Q(n/logn).

Proor. Suppose we had a possibly adaptive query algorithm making g(n) queries which for a
symmetric matrix M, could approximate tr(M) up to any relative error. If M = A® for a symmetric
matrix A, we can run the trace esimation algorithm on M as follows: if x; is the first query, we
compute Ax;, then A(Ax,), then A(A(Ax,;)) = A’x,. This then determines the second query x,
and we similarly compute Ax,, then A(Ax;), then A(A(Ax;)) = A3x;, and so on. Thus, given only
query access to A, we can simulate the algorithm on M = A® with 3q(n) adaptive queries.

Now, it is well known that for an undirected graph G with adjacency matrix A, the trace tr(A%)/6
is the number of triangles in G. By the argument above, it follows that with 3g(n) queries to A, we
can determine if G has a triangle or has no triangles. On the other hand, by Theorem 16 below, at
least Q(n/log n) queries to A are necessary for any adaptive algorithm to decide if there is a triangle
in G. Therefore, 3q(n) = Q(n/log n) and hence we complete the proof with g(n) = Q(n/logn). O

3.3 Deciding if M is a Symmetric Matrix

THEOREM 4. Given an n X n matrix M over any finite field or over fields R orC, O(log(%)) queries
are enough to test whether M is symmetric or not with probability 1 — .

Proor. We choose two random vectors u and v, where, over a finite field, we choose from a
uniform distribution and over fields R or C we choose the Gaussian distribution. We then compute
Mu and Mv. We declare M to be symmetric if and only if u” - Mv = v’ - Mu. It is easy to check
that if M is symmetric, the test will succeed. We then show if M is not symmetric, u’ Mv # v Mu
with constant probability, so we obtain success probability 1 — ¢ by repeating the test O(log(%))
times.

Let A = M — M”. When M is not symmetric, A is not 0. Thus, u'Mv = vI'Mu means
u’Av = 0. We can treat this as a degree-2 polynomial in the entries of v/ and u, i.e., this is
2. UivjAj = 3 u; 3 ; vjA; . Thus, this is a non-zero polynomial and has at most constant prob-
ability of evaluating to 0 for any underlying field. To see this, for each i, let t; = }; v;A; ;. Then
there will be at least one ¢; which is non-zero with probability at least 1/2, for any underlying
field. So now we get Y’; u;t;. Fix all the u; except u; for a given ¢; that is non-zero. Then, we obtain
S + u;t;. Then, if u; has at least two possible values, this is 0 in one case and non-zero in the other
case. So we obtain a probability of at least 1/4 of detection overall. ]

3.4 Deciding if M is a Diagonal Matrix

THEOREM 5. Given an n X n matrix M over any finite field or over fieldsR or C, O(log(%)) queries
are sufficient to test whether M is a diagonal matrix with failure probability < ¢.

Proor. The first query is an all ones vector which retrieves the sum of each row. Then we take
Q(log 1) random queries where each entry is uniformly sampled from {0, 1}. We then show that
every row containing non-zero entries off the diagonal can be detected with probability 1/2 under
such a random query. We illustrate it with the first row a = (ay, as, . . ., a,) of matrix M. Without
loss of generality, assume the off-diagonal element a, # 0. Let v be a random query. Thus, we
have Pr(Y; ajv; = (X;ai)v1) = Pr(v, = a;'(v1 + X]_5ai(v1 — v;))) < 1/2. This means every
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random query can detect this row with probability at least 1/2. This implies bounded error < ¢
after Q(log 1) random queries. Furthermore, this algorithm works over any field. O

3.5 Deciding if M is a Unitary Matrix

THEOREM 6. Given an n X n complex matrix M, 1 query is enough to test whether M is unitary or
not, that is M*M = MM* = I.

Proor. We choose a random Gaussian vector v, and compute Mv. We declare M to be unitary
if and only if [Mv|; = |v];. It is easy to check that, if M is unitary, the test will succeed. We then
show that if M is not unitary, [Mv|; # |v|, with probability 1. Let the singular value decomposition
of M be M = USV’. We have [Mv|? = |Zu|?, where u = V'v is a random Gaussian vector with
lu|Z = |v|%. The diagonal values in ¥ are not all 1 since M is not unitary. Consider Y}; o?u?, where
o; = 2 ;. We want this to equal |v|§ = |u|§ = u?, so this is ) ; u?(aiz — 1) = 0. This is a non-
zero polynomial and has probability 0 of evaluating to 0 since the u? are drawn from a continuous
distribution. O

3.6 Approximating the Maximum Eigenvalue

The upper bound is due to [31]. Given a matrix M € R™", we can e-approximate the maxi-
mum eigenvalue of M by taking a random vector v € R" and computing Mv, M?v,...,M"v for
r = O(e7%logn). This requires r adaptive oracle queries to M. See [31] for details. See [35] for a
matching lower bound for adaptive queries. A non-adaptive Q(n) lower bound is given in [29].

4 STREAMING AND STATISTICS PROBLEMS

In this part, we discuss the following streaming and statistics problems: testing an all ones col-
umn/row and identical columns/rows; approximating row norms or finding heavy hitters; and
computing the majority or parity of columns/rows.

4.1 Testing Existence of an All Ones Column/Row

Given a matrix M € {0, 1}™*", we want to test if M has a column (or row) with all 1 entries. It is
trivial to test whether M has an all 1 column (or row) using n queries, e.g., €1, . . . , €,. We consider
this problem both over F[2] and R. Note in the case over R, if we allow an arbitrary query vector,
we can set one query v = {1,2,4,8,...,2"}, and then reconstruct M exactly. Thus, in order to
avoid such trivial cases, we also restrict the entries in the query to be in {0, 1,2, . . ., nc).

For testing the existence of an all ones column, we reduce the problem to the communication
complexity of D1SJOINTNESS. DISJOINTNESS requires Q(n) bits of communication to decide whether
two sets with characteristic vectors x,y € {0,1}" are disjoint with constant probability, where
the randomness is taken only over the coin tosses of the protocol (not over the inputs). Suppose
the first m — 1 rows in M each equal x” while the last row equals y”. If we can decide whether
M has an all ones column with g non-adaptive queries vy, ..., v, then we obtain a protocol for
DISJOINTNESS with communication g by letting Alice send a message (x' vy, . . ., XTVq). Thus, from
the communication complexity lower bound of DisjoINTNESS, ¢ = Q(n) queries over F[2] are
necessary to test if there is an all ones column in M, which shows that the naive algorithm is
already optimal. For queries over R, note that each entry x’v; in the message is represented with
log n bits, and as a result ¢ > Q(n/log n). To summarize, we have:

THEOREM 7. Given a matrix M € {0, 1}™*", we want to test if M has a column with all 1 entries.
Over field F[2], g = Q(n) queries are necessary; while over field R, Q(n/log n) queries are necessary
if we restrict the entries in the query to be in {0,1,2, ..., nc) for some constant C.
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Testing the existence of an all ones row with queries over R is trivial deterministically by query-
ing v = (1,1,...,1). Next, we study the query complexity of testing an all 1s row deterministi-
cally with queries over F[2]. With any ¢ < n — 1 queries V = [vy,..., V4], there is a non-zero
vector z # 0 such that z'V = 0. Therefore, the query matrix V cannot distinguish whether
a row is from x? or x¥ + z'. However, x! and x? + z! cannot be both all 1 rows, and hence
n queries are necessary. This result also shows that the query complexity of the same problem
over different fields might be quite different. We note for randomized algorithms, O(log(1/¢))
queries suffice over F[2]. Suppose a row a is not all ones where a; = 0 without loss of gener-
ality. Choose a random query v where each entry is uniformly sampled from {0, 1}. Thus, we have
Pr(¥;aivi = 2;vi) = Pr(v; = Y7, (a; — 1)v;) = 1/2. This means, a random query can detect a
not-all-ones row with probability 1/2. So O(log(1/¢)) random queries suffice to check the existence
of an all ones row with failure probability < ¢ over F[2]. To summarize, we have:

THEOREM 8. Given a matrix M € {0, 1}™*", we want to test if M has a row with all 1 entries. Over
field R, 1 query is enough. Over field F[2], if we use deterministic algorithm, n queries are necessary
to test; while O(log(1/¢)) random queries suffice to check the existence of an all ones row with failure
probability < ¢.

Evaluating the OR/AND function of columns/rows of a Boolean matrix can be reduced to testing
existence of an all 1 or all 0 column/row, and hence the same bounds follow.

4.2 Identical Columns/Rows

Given an m X n matrix M, we want to test whether M has two identical columns or rows. The
trivial solution naively retrieves all information with n queries (column vectors). In this section,
we consider the query complexity over F[2].

THEOREM 9. Given an mxn matrix M, over fieldF[2], to test whether M has two identical columns,
when m > 4log(n/e), any randomized algorithm with successful probability at least 1 — ¢ needs

Q(n/m) queries. On the other hand, to test whether M has two identical rows, O(log(m/¢)) queries
are enough with probability 1 — ¢.

Proor. Testing identical columns can be reduced to DisjoINTNESS. Suppose Alice and Bob have
x,y € {0,1}". Let Alice expand her vector x to an % X n matrix M; as follows: the first row is
(l,xT) = (L, xg,...,xp);for2 < i < % the ith row is (l,zY),...,zfj)) where zj(.i) =1lifx; =1,
and z\" is uniformly random over {0, 1} if x; = 0, for 1 < j < n. Bob expands his vector y to M,

J
similarly. Putting M;, M; together, we let M «f [x; ]. Then, M is an m X (n+ 1) matrix with the first

column being all 1s. For j > 2, the jth column is all 1s if and only if x; = y; = 1, in which case M has
two identical rows of all 1 entries. For columns where x;, y; are not both equal to 1, without loss
of generality, we may assume the jth and j’th columns satisfy x; = x; = 0 and y; = y;. Then, two
columns are identical only if (zﬁz), . ,z](%)) = (zj(.,z), e, zj(,% )), which happens with probability
< 1/27 71, Therefore, the overall probability of two not-all-ones columns in M being identical is
bounded by n?/2™/2, Thus, the error probability is less than ¢ if m > 4log(n/e).

That is, except for a small error ¢, two identical columns in M are both all ones columns, which
turns out to be equivalent to the case that two vectors x, y held by Alice and Bob are not disjoint.
Then, because D1sjoINTNESS requires Q(n) bits of communication, and after one oracle queries,
Alice or Bob can communicate at most m bits, at least Q(n/m) oracle queries to M are necessary.

On the other hand, to test identical rows with error ¢, if suffices to make g = O(log(m/¢)) random
queries with each entry uniform random over {0, 1}. Since for every pair of distinct rows, a random

query distinguishes them with probability % with [log(m?/¢)] queries each pair of distinct rows is
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miscounted as identical with probability < e/m?. By a union bound, the overall false-positive error
is bounded by £ - ('g) < ¢, while there is no false-negative error since for all queries, identical
rows always lead to identical outputs. O

4.3 Approximating Row Norms and Finding Heavy Hitters

THEOREM 10. Given a matrix M € R™", O(¢~2logm) queries are enough to approximate the
row norms up to a (1 + ¢)-factor, and O(¢~? log m) queries are enough to find the heavy hitters with
probability 1 — e.

Proor. To approximate the norms of each row in a matrix M € R™*", we recall the Johnson-
Lindenstrauss lemma which guarantees that norms are roughly preserved when embedded to a
lower dimensional space. Thus, with ¢ = O(¢7?logm) and an n X q random query matrix V, the
output M - V preserves the row norms of M up to a (1 + ¢)-factor.

The above algorithm also gives a natural upper bound for finding heavy hitters in the matrix
M, which requires finding all rows M; with norm |M; |§ > % IM| f; and not outputting any row M;
with |M; |§ < zio |M|IZ: (rows with norm in between the two quantities can be classified arbitrarily).
Again we use the Johnson-Lindenstrauss lemma to approximate all row norms and decide which
row is a heavy hitter. O

4.4 Majority

THEOREM 11. Given a matrix M € {0, 1} with queries over R, 1 query is enough to compute the
majority of rows in M; while Q(n/logn) queries are necessary to compute the majority of columns
in M.

mxn

Proor. The majority of each row in M is trivial with an all 1 query and addition over R.

For the majority of columns in M, we use a similar matrix M as that reduced from D1sjOINTNESS
in Section 4.2 to obtain a lower bound. More specifically, we consider x, y whose intersection is at
most 1. Let M be obtained from x, y such that the first m/2 rows are identical to x and the remaining
rows are identical to y. Thus, if M has a column with majority 1, then the column must be all 1s
and we can conclude that x and y are not disjoint. As a result, Q(n/log n) queries are necessary to

compute the majority of columns in M. O
4.5 Parity

For parity, we consider a matrix M € {0, 1}"™" with only queries over F[2]. Computing the parity
of rows in M is trivial by using a vector (1,1, . . ., 1). However, to compute the parity of all columns

of M, we claim at least n queries are necessary.

THEOREM 12. Given a matrix M € {0, 1} with only queries over F[2], 1 query is enough to

compute the parity of rows in M; while Q(n) queries are necessary to compute the parity of columns
in M.

Proor. Let V be any n X g query matrix. Note that the parity of columns of M remains the same

if we sum up all the rows, i.e., M’ &P . M has the same parity on each column as M, where P is
defined to be

11 .01
bt |0 ? o 0
00 of
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Thus, M’V = PMV is a 1 X g row vector followed by m — 1 zero rows, since M, as well as P, is
non-zero only in the first row. Then, we must have ¢ = Q(n) to obtain the output of n parity
instances from M’V. Indeed, if we were to place the uniform distribution on M, then its columns
define n uniform parity bits, and for any fixed V, we only obtain g bits of information, which is
a contradiction to Yao’s minimax principle (since there must be a fixed V which succeeds with
at least 2/3 probability on this distribution). This is a typical example illustrating the difference
between left- and right-queries. ]

5 GRAPH PROBLEMS

In this part, we provide our results related to graph problems: testing graph connectivity in
Section 5.1 and triangle detection in Section 5.2.

5.1 Connectivity

THEOREM 13. Given the bipartite adjacency matrix A € {0, 1}"™*" of a graph, we need Q(n/ log n)
queries to decide whether the graph is connected with constant probability.

Proor. Consider two row vectors u,v € {0,1}" ! and construct matrix A as follows: The first
n/2 rows of A equal u and the rest are equal to v. Also, add an all 1s column to A. Now, matrix
A can be treated as a bipartite adjacency matrix of a graph G with n vertices in each part, where
A;; = 1iff there is an edge from the ith left vertex to the jth right vertex. Since all left vertices
connect with the nth right vertex, the graph G is disconnected if and only if there exists some right
vertex which does not connect with any left vertices, that is, the corresponding column of matrix
A is an all 0s column. In other words, G is disconnected if and only if the two vectors u and v are
0 on the same position.

Thus, any algorithm that uses q(n) non-adaptive queries on the right of A to decide the connec-
tivity of G immediately implies a protocol for set disjointness, provided we replace 1s with 0s in
the input characteristic vectors to the set disjointness problem. So the communication is at most
q(n) log n, thus q(n) = Q(n/logn). ]

THEOREM 14. Given the signed edge-vertex incidence matrix M € {0, il}"X(g) of a graph G with
n vertices, the connectivity of G can be decided with polylog (n) non-adaptive queries.

This follows from the main theorem of [23] (also proved in the work [1]). By the following the-
orem, every cut of G is multiplicatively approximated and hence G is connected iff H is connected,
since a graph is disconnected iff it has a zero cut.

THEOREM 15 ([23]). There is a distribution on (’21) % polylog (n) matrices S such that from MS,

one can construct a (1 + 0.1)-sparsifier H of the graph G with constant probability. Here, x' Lgx =
(1 +0.1)x"Lgx for all x, with constant probability, where Lg and Ly are the corresponding graph
Laplacians.

By the above, every cut of G is multiplicatively approximated and hence G is connected iff H is
connected, since a graph is disconnected iff it has a zero cut.
5.2 Triangle Detection

THEOREM 16. If an nXn matrix A is the adjacency matrix of a graph G, then determining whether
G contains a triangle or not requires Q(n/ log n) queries, even for randomized algorithms succeeding
with constant probability.

Proor. To obtain a lower bound on q(n), we use a 2-player communication lower bound of
counting the number of triangles in a graph G, where the edges are distributed across the two
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players, Alice and Bob. Namely, it is known [9, 17, 18] that if Alice has a subset of the edges of
G, and Bob has the remaining (disjoint) subset of edges of G, then the multiround randomized
communication complexity of deciding if there is a triangle in G is Q(n?). Alice can view her
subset of edges as an adjacency matrix A’, and Bob can view his subset of edges as an adjacency
matrix A”, so that A = A’ + A”. To execute the query algorithm on A, Alice sends A’x; to Bob,
who computes A”’x; followed by A’x; + A”’x; = Axy, and sends the result back to Alice. Alice
then possibly adaptively chooses x,, which is also known to Bob who knows x; and Ax;, and
sends Bob A’x,, from which Bob can compute A”x; and Ax; = A’x, + A”'x;,. This process repeats
until the entire q(n) queries have been executed, at which point Bob, by the success guarantee
of the algorithm, can decide if G contains a triangle with say, probability at least 2/3. Because of
the bounds on the bit complexity of the queries while the total communication is O (q(n)nlogn),
which must be Q(n?), and consequently g(n) = Q(n/logn), as desired. O

6 CONCLUSIONS

We initiated the study of querying a matrix through matrix-vector products. We illustrated that, for
some quantities, if one can only query matrix-vector products on one side, the problem becomes
harder. We also illustrated the importance of the underlying field defining the matrix-vector prod-
ucts, as well as the representation of the graph for graph problems. Given connections to sketching
algorithms, streaming, and compressed sensing, we believe this area deserves its own study. Some
interesting open questions are for computing matrix norms, such as Schatten-p norms, for which
tight bounds in streaming and communication complexity models remain elusive; for recent work
on this, see [13], [28], and [30]. Given the success of our model in proving lower bounds for approx-
imate rank, which we also do not have streaming or communication lower bounds for, perhaps
tight bounds in our query model are possible for matrix norms. Such bounds may give insight for
other models.
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