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ABSTRACT
We introduce a new method to derive lower bounds on ran-
domized and quantum communication complexity. Our
method is based on factorization norms, a notion from Ba-
nach Space theory. This approach gives us access to several
powerful tools from this area such as normed spaces duality
and Grothendiek’s inequality. This extends the arsenal of
methods for deriving lower bounds in communication com-
plexity.

As we show, our method subsumes most of the previously
known general approaches to lower bounds on communica-
tion complexity. Moreover, we extend all (but one) of these
lower bounds to the realm of quantum communication com-
plexity with entanglement.

Our results also shed some light on the question how much
communication can be saved by using entanglement. It is
known that entanglement can save one of every two qubits,
and examples for which this is tight are also known. It
follows from our results that this bound on the saving in
communication is tight almost always.

Categories and Subject Descriptors: F.2.3 [Analysis
of algorithms and problem complexity]: Tradeoffs between
Complexity Measures.

General Terms: Theory.

Keywords: Communication complexity, Factorization
norms, Discrepancy, Fourier analysis.

1. INTRODUCTION
We study lower bounds for randomized and quantum com-

munication complexity. Our bounds are expressed in terms
of factorization norms, a concept of great interest in Ba-
nach Space Theory which we now introduce. Consider a
matrix M as a linear operator between two normed spaces
M : (X, ‖ · ‖X) → (Y, ‖ · ‖Y ). We define its operator norm
‖M‖‖·‖X→‖·‖Y

as the supremum of ‖Mx‖Y over all x ∈ X
with ‖x‖X = 1. Factorization norms, and in particular the
γ2 norm are defined by considering all possible ways of ex-
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pressing M as the composition of two linear operators via a
given middle normed space. Specifically, the γ2 norm of an
m× n real matrix B is defined via: 1

γ2(B) = min
XY =B

‖X‖�2→�m∞‖Y ‖�n
1 →�2 . (1)

We introduce here a variation on this definition that plays a
key role in our paper. Let A be a sign matrix and let α ≥ 1

γα
2 (A) = min γ2(B), (2)

where the minimum is over all matrices B such that 1 ≤
aijbij ≤ α for all i, j. In particular

γ∞
2 (A) = min

B: ∀i,j 1≤aijbij

γ2(B).

Let A be a sign matrix and let an error bound ε > 0
be given. We consider A’s randomized communication com-
plexity and quantum communication complexity with entan-
glement and denote them by Rε(A) and Q∗

ε (A) respectively.
We are now able to state one of our main theorems:

Theorem 1. For every sign matrix A and any ε > 0

Rε(A) ≥ 2 log γαε
2 (A) − 2 logαε,

and

Q∗
ε (A) ≥ log γαε

2 (A) − logαε − 2,

where αε = 1
1−2ε

. Both bounds are tight up to the additive
term.

These bounds are proved in Sections 3.1 and 3.2. Although
the two proofs are rather different, they both rely on the key
observation that γ2 and its variants are complexity measures
of matrices. It is this basic idea and its broad applicability
that we consider as the key contributions of our work.

The usefulness of the lower bounds in Theorem 1 is further
elaborated in Section 4. There we prove that these bounds
extend and improve previously known general bounds on
randomized and quantum communication complexity. It is
shown that our bounds extend the discrepancy method ini-
tiated in [17, 1]. It also extends a general bound in terms
of the trace norm from [16], and bounds using the Fourier
Transform of boolean functions studied in [15, 6]. (Some
of the basic features of these methods are explained in Sec-
tion 4). We are also able to generalize other bounds, in terms

1In order to develop some intuition for this definition, it is
useful to observe that ‖Y ‖�n

1 →�2 is the largest �2 norm of a
column of Y , and ‖X‖�2→�m∞ is the largest �2 norm of a row
of X.
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of singular values, and entropy, proved in [6]. Thus, our work
immediately yields simpler and more transparent proofs of
previously known bounds. It also implies that bounds based
on discrepancy arguments and on Fourier analysis apply
to quantum communication complexity with entanglement,
thus answering a well-known open question in that area.

In Section 3.5 we prove an upper bound on communication
complexity in terms of factorization norms.

Claim 2. The one round probabilistic communication
complexity with public random bits of a matrix A is at most
O((γ∞

2 (A))2). The bound is tight.

We raise the possibility that a better bound may hold in
which γ∞

2 (A) is replaced by γα
2 for some small α.

Another intriguing open question is whether Rε(A) ≥
Ω(log γ2) for every sign matrix A. We are able to show
that if γ2(A) ≥ Ω(

√
n) (a condition satisfied by almost all

n× n sign matrices), then indeed Rε(A), Q∗
ε(A) ≥ Ω(log n).

In Section 5 we consider two specific families of functions.
We estimate the value of different complexity measures con-
sidered in this paper for these families.

2. BACKGROUND AND NOTATIONS

Factorization norms.
We have already introduced the definition of the factoriza-

tion norm γ2 and its variations γα
2 . We next collect several

basic properties of these parameters

Proposition 3. For every m×n sign matrix A and every
α ≥ 1,

1. γ∞
2 ≤ γα

2 (A) ≤ γ2(A) ≤�rank(A).

2. γα
2 (A) is a decreasing, convex function of α.

3. It is possible to express γα
2 (A) as the optimum of a

semidefinite program of size O(mn).

The first statement is proved in [10], the second is not hard,
and the third is proved in Section 3.3.

Fourier analysis - some basics.
Identify {0, 1}n with Z

n
2 . For functions f, g : {0, 1}n → R,

define

〈f, g〉 =
1

2n

�
x∈Z

n
2

f(x) · g(x),

and ‖f‖2 =
�〈f, f〉. Corresponding to every z ∈ Z

n
2 , is a

character of Z
n
2 denoted χz

χz(x) = (−1)〈z,x〉.

The Fourier coefficients of f are f̂z = 〈f, χz〉 for all z ∈ Z
n
2 .

For M = 2m and N = 2n, we occasionally consider a real
M×N matrix B as a function from Z

m
2 ×Z

n
2 to R. Thus the

(i, j)-entry of B, Bij , is also denoted Bz,z′ , where z and z′

are the binary representations of i and j respectively. For B
as above and (z, z′) ∈ Z

m
2 ×Z

n
2 we denote the corresponding

Fourier coefficient of B (thought of as a function) by B̂z,z′ .
We use the following observation in our proofs:

Observation 4. Let B = xyt be a 2m × 2n sign matrix
of rank 1. Then B̂z,z′ = x̂z · ŷz′ for all z ∈ Z

m
2 and z′ ∈ Z

n
2 .

Here x and y are viewed as real functions on Z
m
2 resp. Z

n
2 .

Additional notations.
Let A and B be two real matrices. We use the following

notations:

• s1(B) ≥ s2(B) ≥ . . . ≥ 0 are the singular values of B.

• ‖B‖1 =
� |bij | is its �1 norm, ‖B‖2 =

��
b2ij is its

�2 (Frobenius) norm, and ‖B‖∞ = maxij |bij | is its �∞
norm.

• The inner product of A and B is denoted 〈A,B〉 =�
ij aijbij .

We should note a difference between our corresponding
definitions for matrices and for boolean functions. In the
latter case, the inner product 〈·, ·〉, and the �2 norm ‖ · ‖2,
are normalized.

2.1 Background on Grothendieck’s
Inequality

We review Grothendieck’s inequality which is an impor-
tant tool in our proofs, see e.g. [14, pg. 64].

Theorem 5 (Grothendieck’s inequality). There is
a universal constant 1.5 ≤ KG ≤ 1.8 such that for every real
matrix B and every k ≥ 1

max
�

bij〈ui, vj〉 ≤ KG max
�

bijεiδj . (3)

where the max are over the choice of u1, . . . , um, v1, . . . , vn

as unit vectors in R
k and ε1, . . . , εm, δ1, . . . , δn ∈ {±1}.

We denote by γ∗
2 the dual norm of γ2, i.e. for every real

matrix B

γ∗
2 (B) = max

C:γ2(C)≤1
〈B,C〉.

We note that for any real matrix γ∗
2 and ‖ · ‖∞→1 are equiv-

alent up to a small multiplicative factor, viz.

‖B‖∞→1 ≤ γ∗
2 (B) ≤ KG‖B‖∞→1. (4)

The left inequality is easy, and the right inequality is a
reformulation of Grothendieck’s inequality. Both use the
observation that the left hand side of (3) equals γ∗

2 (B), and
the max term on the right hand side is ‖B‖∞→1.
Additional useful corollaries of Grothendieck’s inequality are
collected below.

Lemma 6. Every real matrix B can be expressed as B =�
i wixiy

t
i , where w1, . . . , ws are positive reals, and x1, . . . , xs,

y1, . . . , ys are sign vectors such that

γ2(B) ≤
�

i

wi ≤ KG · γ2(B). (5)

Proof. We recall ν, the nuclear norm from l1 to l∞ of a
real matrix B, that is defined as follows. ν(B) = min

� |wi|
such that B can be expressed as

�
wixiy

t
i = B for some

choice of sign vectors x1, x2, . . . , y1, y2 . . .. It is known that
ν is the norm dual to ‖ · ‖∞→1. See [5] for more details.

It is a simple consequence of the definition of duality and
(4) that for every real matrix B

γ2(B) ≤ ν(B) ≤ KG · γ2(B). (6)

The claim follows now if we note that in the definition of
ν(B) the wi can be made positive, by replacing the appro-
priate xi by −xi.
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The following corollary is a simple consequence of Lemma 6.

Corollary 7. Let B be a real matrix satisfying γ2(B) ≤
1. Then for every δ > 0 there are sign vectors φ1, φ2 . . . ,
ψ1, ψ2 . . . ∈ {±1}k for some integer k such that

bij
KG

− δ ≤ 1

k
〈φi, ψj〉 ≤ bij + δ, (7)

for all i, j.

Proof. Let M = 1
KG

B. By Inequality (6), ν(M) ≤ 1.

Consider the expansion M =
�
wixiy

t
i with wi > 0 for

which ν(M) =
�
wi. If the wi happen to be rational, say

wi = ui
k

(k is the common denominator), then we can satisfy
the claim with δ = 0. Construct sign matrices P,Q that have
ui columns (rows) equal to xi (resp. yi) in this order. Then

B
KG

= M = 1
k
PQ. The claim follows with φi, ψj being the

rows (columns) of P and Q respectively. The general case
follows by approximating the wi’s by rationals.

3. A NEW LOWER BOUND TECHNIQUE
IN COMMUNICATION COMPLEXITY

Let us recall some terminology:

• The deterministic communication complexity of a sign
matrix A is denoted by CC(A).

• Its quantum communication complexity is Qε(A).
When prior entanglement is allowed we denote it by
Q∗

ε (A).

• The randomized communication complexity is Rε(A).

In the latter two definitions ε is the error bound. Since the
value of ε is usually immaterial, we simply omit it whenever
this causes no confusion. That the value of ε is inconsequen-
tial follows from a simple amplification-by-repetition argu-
ment (e.g. [9]). For illustration, this argument yields e.g.,
Q∗

ε (A) ≤ O(Q∗
1/3(A) · log 1

ε
) for every sign matrix A and any

ε > 0. When there is no mention of ε it is assumed to be
1/3.
In this section we review some of the basic ideas in the field
and prove our results. In Section 4 we compare our bounds
with previously known bounds.

We should note first, that a basic observation underlying
our new bounds is that γ2 is a complexity measure for ma-
trices, in the same way that the rank has long been used
(explicitly or implicitly) as a measure of complexity for ma-
trices. For a more elaborate discussion on this subject, see
[10].

3.1 Randomized communication complexity
In order to find lower bounds on randomized communica-

tion complexity, one uses the following observation

Observation 8. A sign matrix A satisfies Rε(A) ≤ c if
and only if there are sign matrices Di, i = 1, . . . ,m, satisfy-
ing CC(Di) ≤ c and a probability distribution (p1, . . . , pm)
such that

‖A−
m�

i=1

piDi‖∞ ≤ 2ε. (8)

Condition (8) can be combined with the fact that each of the
matrices Di can be partitioned into at most 2c monochro-
matic rectangles. These two facts are used by the discrep-
ancy method to derive a lower bound on Rε(A).

There is an alternative route (see [15]) that proceeds from
here using Fourier analysis.

As we observe next, γα
2 (A) fits very well into this general

frame.

Theorem 9. For every sign matrix A and any ε > 0

Rε(A) ≥ 2 log γαε
2 (A) − 2 logαε,

where αε = 1
1−2ε

.

Proof. Let Di, i = 1, . . . ,m, and p be as above, and
denote B = 1

1−2ε

�m
i=1 piDi. Recall that log(rank(A)) ≤

CC(A) for every sign matrix A. Thus, for every i = 1, . . . ,m

γ2(Di) ≤ (rank(Di))
1/2 ≤ 2CC(Di)/2 ≤ 2Rε(A)/2.

The first inequality is from Proposition 3. Since γ2 is a norm

γ2(B) =
1

1 − 2ε
γ2(

m�
i=1

piDi)

≤ 1

1 − 2ε

m�
i=1

piγ2(Di) ≤ 1

1 − 2ε
2Rε(A)/2.

On the other hand it follows from Equation (8) that 1 ≤
aijbij ≤ 1

1−2ε
. Hence, by the definition of γα

2 (Equation

(2)), for α = 1
1−2ε

γα
2 (A) ≤ γ2(B) ≤ 1

1 − 2ε
2Rε(A)/2.

3.2 Quantum communication complexity
A possible first step in search of lower bounds in quantum

communication complexity is the following fact, variants of
which were observed by several authors [16, 18, 3, 7].

Lemma 10. Given a sign matrix A, let P = (pij) be the
acceptance probabilities of a quantum protocol for A with
complexity C. Then there are matrices X,Y such that P =
XY and

‖X‖2→∞, ‖Y ‖1→2 ≤ 2C/2. (9)

If prior entanglement is not used, then the matrices X and
Y in Condition (9) can be chosen to have rank at most 22C .

As mentioned, there are several similar statements in the
literature, but we could not find a reference for this precise
statement. We defer a proof of Lemma 10 to a full version
of this paper. When there is no prior entanglement, lemma
10 yields a condition analogous to observation 8 and then
bounds via discrepancy and Fourier analysis can be like-
wise derived. However, this was not known for the model
of quantum communication complexity with entanglement.
Our method provides a coherent way to extend previously
known bounds (based on the discrepancy and Fourier trans-
form methods) for the model allowing entanglement. The
next theorem uses Lemma 10 to give a bound on quantum
communication complexity in terms of γα

2 .

Theorem 11. For every sign matrix A and any ε > 0

Q∗
ε (A) ≥ log γαε

2 (A) − logαε − 2,

where αε = 1
1−2ε

.
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Proof. Let P = (pij) be the acceptance probabilities of
an optimal quantum protocol for A. By Lemma 10, γ2(P ) ≤
2Q∗

ε (A).
On the other hand, by definition, pij ≤ ε when aij =

−1 and pij ≥ 1 − ε when aij = 1. Thus, if we let B =
1

1−2ε
(2P − J), we get that bijaij ≥ 1 for all i, j and

γ2(B) = γ2(
1

1 − 2ε
(2P − J)) ≤ 1

1 − 2ε
(2γ2(P ) + 1)

≤ 1

1 − 2ε

�
2Q∗

ε (A)+2
�
.

We conclude that

γαε
2 (A) ≤ γ2(B) ≤ 1

1 − 2ε
2Q∗

ε (A)+2,

and hence

Q∗
ε (A) ≥ log γαε

2 (A) − logαε − 2,

for αε = 1
1−2ε

.

3.3 Employing duality
One interesting aspect of our main result is that it im-

proves several previously known bounds. This point is elab-
orated on in Section 4. Another noteworthy point is that
our bounds are expressed in terms of γα

2 (·), a quantity that
can be efficiently computed using SDP. A particularly useful
consequence of this observation is that SDP duality makes
it often possible to derive good (sometimes even optimal)
lower bounds on communication complexity.

The following theorem gives an expression for γα
2 that is

derived using SDP duality.

Theorem 12. For every sign matrix A and α ≥ 1

γα
2 (A)−1 = min γ∗

2 ((P −Q) ◦A)

s.t. P,Q ≥ 0�
pij − αqij = 1,

and also

γα
2 (A) = max 〈A,B〉 − (α− 1)

�
ij:aij �=sign(bij ) |bij |

s.t. γ∗
2 (B) = 1 .

In particular, for α = ∞
γ∞
2 (A)−1 = min γ∗

2 (P ◦ A)

s.t. P ≥ 0�
pij = 1,

and also

γ∞
2 (A) = max 〈A,B〉

s.t. sign(B) = A and γ∗
2 (B) = 1.

Proof. We start by showing that for every sign matrix
A and α > 1

γα
2 (A)−1 = maxμ

s.t. for all i, j μ ≤ aijbij ≤ αμ (10)

γ2(B) ≤ 1.

Denote by μ(A) the maximum on the right hand side above.
Let C be a matrix such that γ2(C) = γα

2 (A) and 1 ≤
aijcij ≤ α, and take B = γα

2 (A)−1C. Then, γ2(B) ≤ 1

and γα
2 (A)−1 ≤ aijbij ≤ αγα

2 (A)−1, implying that μ(A) ≥
γα
2 (A)−1. To prove the inverse inequality, let B be a ma-

trix such that γ2(B) ≤ 1 and μ(A) ≤ aijbij ≤ αμ(A), and
take C = μ(A)−1B. Then 1 ≤ aijcij ≤ α and γ2(C) ≤
μ(A)−1, implying that γα

2 ≤ μ(A)−1 or equivalently μ(A) ≤
γα
2 (A)−1.
Note that (10) is a semidefinite program, since the condi-

tion γ2(B) ≤ 1 is expressible as an SDP. By SDP duality

γα
2 (A)−1 = min γ∗

2 ((P −Q) ◦A)

s.t. P,Q ≥ 0 (11)�
pij − αqij = 1,

proving the first identity. We use this to prove the second
identity, i.e. that

γα
2 (A) = max 〈A,B〉 − (α− 1)

�
ij:aij �=sign(bij) |bij |

s.t. γ∗
2 (B) = 1 .

To see that the optimum of the above SDP is indeed equal
to γα

2 (A), note that by choosing B such that P −Q = B ◦A,
the SDP in (11) is equivalent to

min γ∗
2 (B)

s.t.
�

ij:aij=sign(bij ) |bij | − α
�

ij:aij �=sign(bij ) |bij | = 1 .

Since both γ∗
2 (B) and the constraints above are homoge-

neous in B, the optimum of this SDP is the inverse of

max 〈A,B〉 − (α− 1)
�

ij:aij �=sign(bij) |bij |
s.t. γ∗

2 (B) = 1 ,

as required.
The statements regarding γ∞

2 follow by considering the
corresponding expressions for γα

2 and taking α to infinity.

As usual, the advantage of this result is that any feasible
solution to the SDPs in Theorem 12 yields a lower bound
for γα

2 (A) or γ∞
2 (A). What is left is to find good feasible

solutions.
Also note that by Grothendieck’s inequality (Theorem 5,

and Inequality (4)), we can replace γ∗
2 with ‖ · ‖∞→1 in

Theorem 12, without changing the value of the SDPs by
more than a factor of KG.

3.4 How does log γ2 fit in?
As we just saw, randomized and quantum communication

complexity are bounded below by log γα
2 . It is an interest-

ing open question how these two parameters compare with
log γ2. For most m×n sign matrices A with m ≥ n, it holds
that

1. γ2(A) = Θ(
√
n),

2. Rε(A) = log n−Oε(1),

3. Qε(A) = 1
2

log n−Oε(1).

The first item was shown in [10], alongside the fact that
γ∞
2 (A) = Θ(

√
n) for random matrices. The other two items

follow therefore, from Theorems 9 and 11. As shown by the
next claim, the first condition implies the other two.

Claim 13. Let A be an m × n sign matrix with m ≥ n.
If γ2(A) ≥ Ω(

√
n), then R(A) ≥ log n−O(1), and Q∗(A) ≥

1
2

log n−O(1).
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This claim is an easy consequence of the following lemma

Lemma 14. Let A be an m× n sign matrix with m ≥ n.
Then for every δ > 0,

γ2(A) ≤ γ1+δ
2 (A) +

δ

2
(
√
n+ 1). (12)

Proof. Let B be a matrix with 1 ≤ aijbij ≤ 1 + δ and
γ2(B) = γ1+δ

2 (A). Since γ2 is a norm, we may write

γ2(A) ≤ γ2(B − δ

2
J) + γ2(B − δ

2
J − A).

Since all elements of the matrix B − δ
2
J − A have absolute

value ≤ δ
2
, the claim follows using linearity of the norm, the

fact that γ2 ≤ min{√m,√n} for every m × n sign matrix
(which follows from the trivial factorizations A · I = A resp.
I ·A = A), and that γ2(J) = 1.

It is now a simple matter to prove Claim 13. If γ2(A) ≥
c
√
n, then γ1+c

2 (A) > c
2
(
√
n− 1) from which the Claim fol-

lows, by Theorem 1.

We cannot rule out the intriguing possibility that Claim 13
is a tip of something bigger and that Rε as well as Q∗

ε are
in fact polynomially equivalent to log γ2. This point is dis-
cussed further in Section 6.

3.5 An upper bound in terms of γ∞
2

We have established so far lower bounds on communica-
tion complexity in terms of γα

2 . Here we show an upper
bound that is “only” exponentially larger than these lower
bounds, in terms of γ∞

2 . We also observe that this bound is
essentially tight, if we insist on using γ∞

2 . It is not impos-
sible that better bounds exist which are expressed in terms
of γα

2 with finite α. The idea behind Claim 15 is not new,
e.g. [8], and is included for completeness sake.

Claim 15. The one round probabilistic communication
complexity (with public random bits) of a matrix A is at
most O((γ∞

2 (A))2).

This bound is tight up to the (second) power of γ∞
2 (A).

This is illustrated by the matrix Dk that corresponds to the
disjointness function on k bits, as seen in Section 5.1.

Proof of Claim 15. Let x be a vector of length k and
let T be a multiset with elements in [k]. We denote by
x|T the restriction of x to the coordinates indexed by the
elements of T . For example if x = (10, 1, 17, 42, 8) and
T = (1, 2, 2, 5), then x|T = (10, 1, 1, 8). The communication
protocol we consider is as follows: Let B be a real matrix sat-
isfying γ2(B) = γ∞

2 (A) and 1 ≤ bijaij for all i, j. By Corol-
lary 7 there are sign vectors x1, . . . , xm, y1, . . . , yn ∈ {±1}k

for some k ≥ 1 such that

bij
KGγ2(B)

≤ 1

k
〈xi, yj〉 ≤ bij

γ2(B)
. (13)

for all i, j.
Given indices i and j, the row player uses the publicly

available random bits to select at random a multiset T with
elements from [k]. He sends xi|T to the column player who
then computes 〈xi|T , yj |T 〉 and outputs the sign of the result.
Next we analyze the complexity and the error probability of
this protocol.

Let μ > 0 and consider two sign vectors x and y of length
k, such that | 〈x, y〉 | ≥ μk. We wish to bound the proba-
bility that for a random multiset T of size K with elements
from [k], sign(〈x, y〉) �= sign(〈x|T , y|T 〉). Assume w.l.o.g.
that x = (1, 1, . . . , 1) and that 〈x, y〉 > 0. Denote the num-
ber of −1s in y by Qk, where by our assumptions Q ≤ 1−μ

2
.

We should bound the probability that yT contains at least
K/2 −1’s for a random multiset T of size K. This is exactly
the probability of picking more −1’s than 1’s when we sam-
ple independently K random bits each of which is −1 (resp.
1) with probability Q (resp. 1−Q.) By Chernoff bound the
probability of this event is at most:

e−2(1/2−Q)2K ≤ e−Kμ2/2.

Thus, to achieve a constant probability of error it is enough
to takeK = O(μ−2). By Equation (13), |〈xi, yj〉| ≥ k

KGγ2(B)
,

thus the complexity of our protocol (with constant proba-
bility of error) is at most O((γ2(B))2) = O((γ∞

2 (A))2).

4. RELATIONS WITH OTHER BOUNDS
We prove next that the bounds in Theorems 9 and 11

nicely generalize some of the previously known bounds for
communication complexity. In Section 4.1 we consider the
discrepancy method and in Section 4.2 bounds involving sin-
gular values (Ky Fan norms and in particular the trace norm,
are discussed). In Sections 4.3 and 4.3.2 lower bounds that
are based on Fourier analysis of boolean functions are ex-
amined, and in Section 4.4, bounds in terms of entropy.

4.1 The discrepancy method
Let A be a sign matrix, and let P be a probability mea-

sure on the entries of A. The P -discrepancy of A, denoted
discP (A), is defined as the maximum over all combinatorial
rectangles R in A of |P+(R) − P−(R)|, where P+ [P−] is
the P -measure of the positive entries [negative entries]. The
discrepancy of a sign matrix A, denoted disc(A), is the min-
imum of discP (A) over all probability measures P on the
entries of A.

The discrepancy method, introduced in [17, 1], was the
first general method for deriving lower bounds for random-
ized communication complexity. It is based on the following
fact: for every sign matrix A

Qε(A),Rε(A) ≥ Ω

�
log

�
1 − 2ε

disc(A)

��
.

See [9] for a more elaborate discussion on this bound for
randomized communication complexity, and [7] for the first
proof extending this bound to the realm of quantum com-
munication complexity.

The following theorem was proved in [11] 2

Theorem 16. For every sign matrix A

1

8
γ∞
2 (A) ≤ disc(A)−1 ≤ 8γ∞

2 (A).

An immediate corollary of Theorem 16 and Theorems 9
and 11 is the following.

Theorem 17. For every sign matrix A and any ε > 0

Rε(A) ≥ 2 log

�
1 − 2ε

disc(A)

�
−O(1),

2As observed in [11], γ∞
2 is the same as margin complexity,

a parameter of interest in the field of machine learning.
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and

Q∗
ε(A) ≥ log

�
1 − 2ε

disc(A)

�
−O(1).

Both bounds are tight up to the additive term.

This settles the widely known open question whether the
discrepancy bound holds for quantum communication com-
plexity with entanglement.

Our bounds are it terms of γα
2 , and as mentioned above,

γ∞
2 (which is smaller than γα

2 ) is equal up to a multiplica-
tive constant to the inverse of discrepancy. In Section 5.1
we show an example where γ∞

2 is significantly smaller than
γα
2 for small α. The behavior of γα

2 as a function of α is
an interesting subject for research, as further discussed in
Section 5.1 and Section 6.

4.2 Bounds involving singular values

4.2.1 The trace norm
We recall that the trace norm ‖A‖tr of a real matrix A is

the sum of its singular values. We introduce the following
concept (from [16]), analogous to γα

2 :

‖A‖α
tr = min {‖B‖tr : 1 ≤ aijbij ≤ α} .

The following bound on Q∗
ε was proved in [16].

Theorem 18. For every n × n sign matrix A and any
ε > 0, let αε = 1

1−2ε
, then

Q∗
ε (A) ≥ Ω(log(‖A‖αε

tr /n)).

The trace norm and γ2 are related by the following inequal-
ity. For every real m× n matrix A

‖A‖tr ≤ √
mn · γ2(A). (14)

See e.g. [10, Sec. 3] for a proof. It should be clear then, that
‖A‖α

tr ≤ √
mn · γα

2 (A) for every m × n sign matrix A and
every α ≥ 1.

Therefore, Theorem 18 is a consequence of Theorem 11.
Moreover, as shown in Section 5.2, the bound in Theorem 11
can be significantly better than what Theorem 18 yields.

While the bounds in terms of factorization norms are
better than those derived from discrepancy and from trace
norm, the latter two methods are incomparable. Examples
in Section 5.1 and 5.2 demonstrate that the inverse of dis-
crepancy can be much larger than ‖ · ‖αε

tr and vice versa.

4.2.2 Ky Fan norms
The Ky Fan k-norm of a matrix A which we denote by

‖ · ‖K is defined as
�k

i=1 si(A), the sum of the k largest
singular values of A. Two interesting instances are the Ky
Fan n-norm which is the trace norm and the Ky Fan 1-norm
- the operator norm from �2 to �2.
The following theorem was proved in [6]

Theorem 19. [6, th. 6.10] For every n × n sign matrix
A:
If ‖A‖K ≥ n

√
k, then Q(f) ≥ Ω(log( ‖A‖K

n
)).

If ‖A‖K ≤ n
√
k, then

Q(f) ≥ Ω(log(
‖A‖K
n

))/(log
√
k − log(

‖A‖K
n

) + 1)).

We prove

Theorem 20. For every n×n sign matrix A and for ev-
ery δ > 0

γ1+δ
2 (A) ≥ 1

n
‖A‖K − δ ·

√
k

Proof. Let B be a matrix such that γ2(B) = γ1+δ
2 (A)

and 1 ≤ aijbij ≤ 1 + δ. By the triangle inequality

‖B‖K ≥ ‖A‖K − ‖A−B‖K ≥ ‖A‖K − δ
√
kn.

To prove the latter inequality, let M = A−B and note that

‖M‖K =

k�
1

si(M) ≤
√
k

	

� k�
1

si(M)2

≤
√
k

	

� n�
1

si(M)2 =
√
k‖M‖2.

The first inequality is Cauchy-Schwartz and the last identity
can be found e.g., in [2, p. 7]. It is left to observe that by
(14)

‖B‖K ≤ ‖B‖tr ≤ γ2(B) · n = γ1+δ
2 (A) · n.

Theorems 11 and 20 imply that Klauck’s bound holds as
well for quantum communication complexity with entangle-
ment

Theorem 21. For every n× n sign matrix A:

If ‖A‖K ≥ n
√
k, then Q∗(f) ≥ Ω(log( ‖A‖K

n
)).

If ‖A‖K ≤ n
√
k, then Q∗(f) ≥ Ω(log( ‖A‖K

n
))/(log

√
k −

log( ‖A‖K
n

) + 1)).

Proof. If ‖A‖K ≥ n
√
k then

Q∗
1/6(A) ≥ log γ

3/2
2 (A) −O(1) ≥ log(

‖A‖K
n

) −O(1).

The first inequality is by theorem 11 and the second follows
from Theorem 20. Consequently, Q∗(A) ≥ Ω(Q∗

1/3(A)) ≥
Ω(log( ‖A‖K

n
)).

If ‖A‖K ≤ n
√
k take ε =

‖A‖K
n
√

k

4+2
‖A‖K
n
√

k

, so that αε = 1+ ‖A‖K
2n

√
k
.

We have

Q∗
ε (A) ≥ log γαε

2 (A) −O(1) ≥ log(
‖A‖K
n

) −O(1),

By amplification of error

Q∗(A) ≥ Ω

�
Q∗

ε (A)

log ε−1

�
≥ Ω

�
log( ‖A‖K

n
)

log
√
k − log( ‖A‖K

n
) + 1


.

4.3 Fourier analysis
We prove here that the bounds on communication com-

plexity in Theorems 9 and 11 subsume previous bounds us-
ing Fourier analysis [15, 6] which we review next.

4.3.1 Using the diagonal Fourier coefficients
Any deterministic communication protocol for a sign ma-

trix A naturally partitions it into monochromatic combina-
torial rectangles. By Observation 8, if A has randomized
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communication complexity at most c then there are rectan-
gles Ri and weights wi ∈ [0, 1] such that

‖A−
�

i

wiRi‖∞ ≤ ε,

and
�

i wi ≤ 2c. Raz [15] used this observation and prop-
erties of the Fourier transform to derive lower bounds on
randomized communication complexity. These ideas were
extended by Klauck [6] to quantum communication com-
plexity:

Theorem 22. [6, th. 4.1] Let A be a 2n×2n sign matrix.
Let E be a set of σ0 diagonal elements in A and denote
σ1 =

�
(z,z)∈E |Âz,z|.

If σ1 ≥ √
σ0, then Q(f) ≥ Ω(log(σ1)).

If σ1 ≤ √
σ0, then Q(f) ≥ Ω(log(σ1)/(log

√
σ0− log σ1 +1)).

These bounds can be useful in the study of certain specific
matrices. In general, e.g. for random matrices they are
rather weak.

Ideas from Raz and Klauck’s proofs lead to the following
theorem and the conclusion that Theorem 11 yields bounds
at least as good as those achieved by Fourier analysis. What
is more, this proof technique works as well for quantum com-
munication complexity with prior entanglement.

Theorem 23. Let A be a 2n×2n sign matrix, and E be a
set of σ0 diagonal elements with σ1 =

�
(z,z)∈E |Âz,z|. Then

γ1+δ
2 (A) ≥ Ω(σ1 − δ · √σ0) for every δ > 0.

A corollary of Theorem 23 and Theorem 11 is

Theorem 24. Let A be a 2n × 2n sign matrix. Let E
be a set of σ0 diagonal elements in A and denote σ1 =�

(z,z)∈E |Âz,z|.
If σ1 ≥ √

σ0, then Q∗(f) ≥ Ω(log(σ1)).
If σ1 ≤ √

σ0, then Q∗(f) ≥ Ω(log(σ1)/(log
√
σ0−log σ1+1)).

Proof. The proof is very similar to the proof of Theo-
rem 21.

Proof of Theorem 23. Let B be a real matrix such
that

1. γ2(B) = γ1+δ
2 (A).

2. 1 ≤ bijaij ≤ 1 + δ for all i, j.

Condition 2 implies that ‖A − B‖∞ ≤ δ, and hence
‖A−B‖2 ≤ δ2n.
By Parseval identity� �

(z,z)∈E

�
Âz,z − B̂z,z

�2

≤ 2−n‖A−B‖2 ≤ δ.

By the triangle inequality and Cauchy-Schwartz�
E

|B̂z,z| ≥
�
E

|Âz,z| −
�
E

|Âz,z − B̂z,z|

≥
�
E

|Âz,z| −
�

|E| ·
�
E

�
Âz,z − B̂z,z

�2

≥ σ1 −√
σ0 · δ.

By Lemma 6 it is possible to express B =
�

i wixiy
t
i ,

where w1, . . . , ws are positive reals with
�
wi ≤ KGδ and

x1, . . . , xs, y1, . . . , ys are sign vectors. Using Observation 4
and the linearity of the Fourier transform, we obtain�

E

|B̂z,z| =
�
E

�
i

|wix̂i,z ŷi,z|

=
�

i

wi

�
E

|x̂i,z ŷi,z| ≤
�

i

wi,

where the inequality holds since x̂, ŷ are unit vectors. We
conclude that

σ1 −√
σ0 · δ ≤

�
E

|B̂z,z| ≤
�

i

wi ≤ KGγ
1+δ
2 (A),

as claimed.

4.3.2 Using a single Fourier coefficient
For every function f : Z

n
2 → {±1}, we denote by Λf =

(λxy) the 2n ×2n matrix with λxy = f(x∧y). It was proved
by Klauck [6] that

Theorem 25. For every function f : Z
n
2 → {±1} and all

z ∈ Z
n
2

Q(Λf ) ≥ Ω

�
|z|

1 − log |f̂z|


.

(Here and below |z| stands for the Hamming weight of z).
He also asked whether the same lower bound holds when
entanglement is allowed. We show that this is indeed the
case, namely:

Theorem 26. For every function f : Z
n
2 → {±1} and all

z ∈ Z
n
2

Q∗(Λf ) ≥ Ω

�
|z|

1 − log |f̂z|


.

The main part of the proof consists of showing:

Theorem 27. For every function f : Z
n
2 → {±1} and all

z ∈ Z
n
2

γ
1+|f̂z|/2
2 (Λf ) ≥ Ω

�
2|z|/4|f̂z|

�
.

Proof of Theorem 27. We assume w.l.o.g. that f̂z ≥ 0,
to simplify the notations.

As stated in Theorem 12, for every sign matrix A,

γα
2 (A) = max 〈A,B〉 − (α− 1)

�
xy:axy �=sign(bxy) |bxy|

s.t. γ∗
2 (B) ≤ 1 .

The proof proceeds by selecting for each z ∈ Z
n
2 a matrix

B = Bz to yield the desired lower bound. We first describe
this choice of B, and then apply it toward the lower bound.

Let P = Pn be the 2n×2n matrix, with rows and columns
indexed by vectors in {0, 1}n, where the x, y entry is

(
1√
2
)|x|(1 − 1√

2
)n−|x|(

1√
2
)|y|(1 − 1√

2
)n−|y|.

For what follows it is useful to observe that P induces a
product probability distribution on 2[n] × 2[n], each proba-
bility distribution being itself a bitwise product distribution.
It has the property that for every w ∈ {0, 1}n, the event

{(x, y) ∈ 2[n] × 2[n], s.t. x ∧ y = w} has probability 2−n.
For z ∈ Z

n
2 we choose Bz = Pn ◦Λχz . It is useful to observe
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that Λχz = H|z| ⊗ Jn−|z|, where Ht is the 2t × 2t Sylvester-
Hadamard matrix, and Jt is the 2t×2t matrix whose entries
are all 1.

To apply Theorem 12 we need to compute (or estimate)
γ∗
2 (Bz), and 〈A,Bz〉. Indeed,

1. For every z ∈ Z
n
2 , 〈Bz,Λf 〉 = f̂z.

2. There is a constant c > 0 such that for every z ∈ Z
n
2

γ∗
2 (Bz) ≤ c2−|z|/4.

For the first equality, observe that

〈Bz,Λf 〉 =
�
x,y

P (x ∧ y)f(x ∧ y)χz(x ∧ y)

=
1

2n

�
w

f(w)χz(w) = f̂z

As for the second inequality - It follows from a similar in-
equality from [6] on the ‖ · ‖∞→1 norm. The additional step
is provided by Inequality (4). It is left to compute the result

of applying Bz. Let Bz = (bxy) then γ
1+f̂z/2
2 (Λf ) is at most

c−12|z|/4

�
�〈Λf , Bz〉 − f̂z

2

�
xy:λxy �=sign(bxy)

|bxy |
�
� ,

consequently

γ
1+f̂z/2
2 (Λf ) ≥ c−12|z|/4

�
f̂z − f̂z

2
‖Bz‖1



= c−12|z|/4

�
f̂z − f̂z

2



= c−12|z|/4f̂z/2.

The third equality follows since Bz = Pn◦Λχz is obtained by
signing (via Λχz - a sign matrix) the terms of a probability
distribution - the entries of P .

Proof of Theorem 26. We use Theorem 27. By taking
the logarithm in Theorem 27, we obtain

log(γ
1+|f̂z|/2
2 (Λf )) ≥ |z|/4 + log |f̂z| −O(1).

By Theorem 11

Q∗
ε (Λf ) ≥ log γαε

2 (Λf ) − logαε − 2,

for any ε > 0 where αε = 1
1−2ε

.

We apply this with ε = |f̂z|
4+2|f̂z | (whence αε = 1 + |f̂z |/2).

The two inequalities combined yield

Q∗
ε (Λf ) ≥ |z|/4 − log |f̂z | − logαε −O(1).

As already mentioned, by a standard amplification argument
(e.g. [9]),

Q∗(Λf ) ≥ Ω

�
Q∗

ε(Λf )

log ε−1

�
.

This yields

Q∗(Λf ) ≥ Ω

�
|z|/4 + log |f̂z| − logαε −O(1)

log ε−1


.

Theorem 26 follows when we notice that ε = Θ(|f̂z|) and
− logαε = Θ(1).

4.4 Entropy
The entropy of a probability vector p is denoted H(p) =

−�i pi log pi. Let B be an n × n real matrix, recall (e.g.,
[2, p. 7]) that

�
i si(B)2 = ‖B‖2

2. Thus, if we denote

ŝi(B) = si(B)
‖B‖2

then the vector ŝ(B)2 = (ŝ1(B)2, . . . , ŝn(B)2)

is a probability vector. Klauck [6] proved

Theorem 28. For every n× n sign matrix A

Q(A) ≥ Ω

�
H(ŝ(A)2)

log log n

�
.

We generalize Klauck’s result

Theorem 29. For every sign matrix A and δ ≤ 1/6

log
�
1 + γ1+δ

2 (A)
�
≥ 1

2
H(ŝ(A)2) − 3

2
δ · log n.

By optimizing the choice of δ in Theorem 29, Theorem 11
yields the following theorem (see the proof of Theorem 21,
which is very similar, for details)

Theorem 30. For every n× n sign matrix A

Q∗(A) ≥ Ω

�
H(ŝ(A)2)

log log n
H(ŝ(A)2)

+ 1


.

Proof of Theorem 29. We use the following simple
properties of entropy:

Lemma 31 ([6]). Let p and q be probability vectors of
dimension n, then

1. If ‖p−q‖1 ≤ 1/2 then |H(p)−H(q)| ≤ ‖p−q‖1 ·log n−
O(1).

2. ‖p−q‖1 ≤ 3‖p1/2−q1/2‖2. Here p1/2 = (
√
p1, . . . ,

√
pn).

3. H(p) ≤ 2 log
�
1 + ‖p1/2‖1

�
.

For δ ≤ 1/6, letB be a real matrix satisfying γ2(B) = γ1+δ
2 (A)

and 1 ≤ aijbij ≤ 1 + δ. By property (3) in Lemma 31,

H(ŝ(B)2) ≤ 2 log

�
1 +

‖B‖tr

‖B‖2

�

≤ 2 log

�
1 +

‖B‖tr

n

�
≤ 2 log (1 + γ2(B))

= 2 log
�
1 + γ1+δ

2 (A)
�
. (15)

By the second property

‖ŝ(A)2 − ŝ(B)2‖1 ≤ 3‖ŝ(A) − ŝ(B)‖2

= 3‖s(A/‖A‖2) − s(B/|B‖2)‖2

≤ 3‖A/‖A‖2 −B/|B‖2‖2

≤ 3

‖A‖2
‖A−B‖2

≤ 3

n
δ · n

= 3δ.

For the second inequality see Theorem VI.4.1 and Exer-
cise II.1.15 in [2]. The third inequality follows from the

simple fact that ‖ y
‖y‖2

− x
‖x‖2

‖2 ≤ ‖y−x‖2
‖x‖2

for every two vec-

tors with ‖y‖2 ≥ ‖x‖2 (Here x = A and y = B). Notice
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that ‖ŝ(A)2 − ŝ(B)2‖1 ≤ 3δ ≤ 1/2, the conditions of the
first property in Lemma 31 are therefore satisfied, and we
have

H(ŝ(B)2) ≥ H(ŝ(A)2) − ‖ŝ(A)2 − ŝ(B)2‖1 · log n−O(1)

≥ H(ŝ(A)2) − 3δ · log n−O(1).

Combining this with (15), the bound in the theorem is proved.

5. EXAMPLES
This section contains examples that exhibit gaps between

different complexity measures considered in this paper.

5.1 Disjointness matrix
Many of the concrete examples analyzed in the literature

on communication complexity are symmetric functions. In
particular - the disjointness function. Let Dk = (dxy) be a
2k×2k matrix with rows and columns indexed by the subsets
of [k], where

dxy =

�
1 if x ∩ y �= ∅
−1 if x ∩ y = ∅ (16)

There is a rich literature concerning the communication
complexity of this function. It is particularly interesting in
the context of the present paper because the various proof
techniques mentioned here vary significantly in the bounds
they yield for the disjointness function. We now recall some
of the key parameters of the disjointness matrix, and see
what they imply for the complexity measures at hand. The
relevant references or proofs are then provided.

1. disc(Dk)−1 ≤ O(γ∞
2 (Dk)) ≤ O(k).

2. For α = 3/2, 2Õ(
√

k) ≥ Q∗(Dk) ≥ γα
2 (Dk) ≥ ‖Dk‖α

tr/2
k

≥ 2Ω̃(
√

k). (Here and below tildes indicate missing log
factors).

3. o(2k/2) ≥ γ2(Dk) ≥ ‖Dk‖tr/2
k ≥

�√
5

2

�k

− 1.

It follows from properties (1-3) that γα
2 (Dk) decreases very

rapidly as α grows. In particular, this is an example where
γ2 is much larger than γα

2 even for small α, and there is an

exponential gap between γ
3/2
2 and γ∞

2 (equivalently, the in-
verse of discrepancy). It is interesting to better understand
the behavior of γ2 as a function of α. Furthermore, the dis-
jointness matrix is also an example where the bound via the
trace norm of Theorem 18 is exponentially better than the
discrepancy bound.

We turn to discuss the first item. The discrepancy of Dk

can be estimated by a simple explicit construction. Let Hk

be the k × 2k (0, 1)-matrix with no repeated columns, and
B = 2(Ht

kHk) − J . Namely bxy = 2|x ∩ y| − 1, whence
bxydxy ≥ 1 for all x, y. Consequently,

γ∞
2 (Dk) ≤ γ2(B) ≤ 2k + 1.

(For the last calculation use the fact that γ2 is a norm and
that γ2(J) = 1.)
It follows that

disc(Dk)−1 ≤ O(γ∞
2 (Dk)) ≤ O(k).

On the other hand it follows from [16] that for α = 3/2,

2Õ(
√

k) ≥ Q∗(Dk) ≥ ‖Dk‖α
tr/2

k ≥ 2Ω̃(
√

k).

Combining this with Theorem 11 and the discussion in Sec-
tion 4.2 we get the statement of (2) (γα

2 (Dk) falls between
Q∗(Dk) and ‖Dk‖α

tr/2
k).

To estimate the trace norm ofDk and γ2(Dk) we introduce
the matrix Ek = 1

2
(Dk + J). We estimate the trace norm

of Ek, and use the fact that | ‖Dk‖tr − ‖Ek‖tr | ≤ 2k.
Observe that Ek = E⊗k

1 , and that the singular values of

E1 are
√

5±1
2

. The 2k singular values of Ek consist of all
the numbers expressible as the product of k terms, each of

which is either 1+
√

5
2

or
√

5−1
2

. Therefore, by the binomial

identity ‖Ek‖tr = ‖E1‖k
tr = (

√
5)k, and

γ2(Dk) ≥ ‖Dk‖tr/2
k ≥

�√
5

2

�k

− 1.

Finally, it follows from Claim 13 and property (2) that γ2(Dk)

≤ o(2k/2), since if it were the case that γ2(Dk) = Ω(2k/2),

then by Claim 13 also γ
3/2
2 (Dk) = Ω(2k/2) contradicting

property (2).

5.2 γ2 vs. the trace norm
It is shown in [10] that γ∞

2 (H) =
√
m for an m × m

Hadamard matrix H . For n = Θ(m3/2) let Z be an n × n
matrix with H as a principal minor and all other entries
equal to 1. It is not hard to check that for every α ≥ 1

1 ≥ ‖Z‖tr/n ≥ ‖Z‖α
tr/n,

while

γα
2 (Z) ≥ γ∞

2 (Z) ≥ O(n1/3).

So the inverse of discrepancy can be much larger than ‖·‖αε
tr .

In such cases Theorem 11 gives a bound that is significantly
better than Theorem 18. Also, combining this with the exam-
ple in Section 5.1 we see that there is no general inequality
between the inverse of discrepancy and ‖·‖αε

tr and either one
can be significantly larger than the other.

6. DISCUSSION AND OPEN PROBLEMS
The results of this paper show that deep properties of

communication protocols can be investigated using factor-
ization norms. However, many questions in this area remain
open. Already in Section 3.4 we asked:

Question 32. Is it true that for every sign matrix A
there holds R1/3(A) ≥ Ω(log γ2(A)) ?

Another question concerns upper bounds on communica-
tion complexity in terms of factorization norms. Claim 15
bounds the randomized communication complexity from
above by a power of γ∞

2 . The bound is tight, as stated,
but it is conceivable that much tighter upper bounds hold,
if we consider γα

2 instead. Perhaps even a power of log(γα
2 )

suffices? This raises the following problem

Problem 33. Find the best upper bound on randomized
communication complexity in terms of γα

2 . In particular, is
there a constant k such that R(A) ≤ (log(γ2(A)))k for every
sign matrix A?

In view of Proposition 3, this problem is analogous to the
log rank conjecture [13, 12], which asks whether

CC(A) ≤ (log rank(A))k,
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for some constant k and for every sign matrix A. Here
CC stands for deterministic communication complexity. 3

Lovász and Saks [12], proved the log rank conjecture in some
special cases. On the other hand, an example due to Nisan
and Wigderson [13] shows that if this conjecture is true,
then necessarily k ≥ log2 3. We note that the same example
implies that in the latter part of Problem 33 k must be at
least log2 3 as well.

Problem 33 raises the intriguing possibility that random-
ized communication complexity and γ2 are closely related.
An affirmative answer would be rather surprising, in view
of the fact that the two notions seem a priori unrelated. A
resolution of this question would presumably require some
new and interesting ideas. It is also interesting to note the
relation between this question and work by Grolmusz [4].

Our final question is this:

Problem 34. Fix a sign matrix A and consider γα
2 (A)

as a function of α. What can be said about the behavior
of such functions? Specifically what are the relationships
between γ2 = γ1

2 and γ∞
2 ?

This function of α is, of course, decreasing and convex but
very little is known in general, and even very special cases,
such as A = Dk, seem interesting and challenging.

Some information about the possible gap between γ2 = γ1
2

and γ∞
2 can be found in [10] and the present paper say a little

more about this question. Namely, combining the results
of Theorem 9, Claim 15 and Lemma 14 we conclude that
if A is an n × n sign matrix with γ2(A) ≥ Ω(

√
n) then

γ∞
2 (A) ≥ Ω(

√
log n).

Acknowledgments
We thank Julia Kempe and Ronald de Wolf for helpful com-
ments, and Gideon Schechtman for many fruitful discus-
sions.

3As mentioned, log(rank(A)) ≤ CC(A) for every sign ma-
trix A.

7. REFERENCES
[1] L. Babai, P. Frankl, and J. Simon. Complexity classes

in communication complexity. In Proceedings of the
27th IEEE FOCS, pages 337–347, 1986.

[2] R. Bhatia. Matrix Analysis. Springer-Verlag, New
York, 1997.

[3] D. Gavinsky, J. Kempe, and R. de Wolf. Strength and
weaknesses of quantum fingerprinting, 2006. accepted
to CCC”06.

[4] V. Grolmusz. Harmonic analysis, real approximation,
and the communication complexity of boolean
functions. Algorithmica, 23(4):341–353, 1999.

[5] G. J. O. Jameson. Summing and nuclear norms in
Banach space theory. London mathematical society
student texts. Cambridge university press, 1987.

[6] H. Klauck. Lower bounds for quantum communication
complexity. In Proceedings of the 42nd IEEE FOCS,
pages 288–297, 2001.

[7] I. Kremer. Quantum communication. In Master’s
thesis. Hebrew University of Jerusalem, 1995.

[8] I. Kremer, N. Nisan, and D. Ron. On randomized
one-round communication complexity. In Proceedings
of the 35th IEEE FOCS, 1994.

[9] E. Kushilevitz and N. Nisan. Communication
Complexity. Cambride University Press, 1997.

[10] N. Linial, S. Mendelson, G. Schechtman, and
A. Shraibman. Complexity measures of sign matrices.
Combinatorica, to appear. Available at
http://www.cs.huji.ac.il/~nati/PAPERS/

complexity_matrices.ps.gz.

[11] N. Linial and A. Shraibman. Learning complexity vs.
communication complexity. Manuscript, 2006.

[12] L. Lovasz and M. Saks. Latices, Mobius functions, and
communication complexity. In Proceedings of the 29th
IEEE FOCS, pages 81–90, 1988.

[13] N. Nisan and A. Wigderson. On rank vs.
communication complexity. In Proceedings of the 35th
IEEE FOCS, pages 831–836, 1994.

[14] G. Pisier. Factorization of linear operators and
geometry of Banach spaces, volume 60 of CBMS
Regional Conference Series in Mathematics. Published
for the Conference Board of the Mathematical
Sciences, Washington, DC, 1986.

[15] R. Raz. Fourier analysis for probabilistic
communication complexity. Computational
Complexity, 5(3/4):205–221, 1995.

[16] A. Razborov. Quantum communication complexity of
symmetric predicates. Izvestiya of the Russian
Academy of Science, Mathematics, 67:145–159, 2002.

[17] A. Yao. Lower bounds by probabilistic arguments. In
Proceedings of the 15th ACM STOC, pages 420–428,
1983.

[18] A. Yao. Quantum circuit complexity. In Proceedings of
the 34th IEEE FOCS, pages 352–361, 1993.

708



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.3
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 1
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 2.33333
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2001
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


