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Abstract Finding the sparsest solution α for an under-determined linear system of
equations Dα = s is of interest in many applications. This problem is known to be
NP-hard. Recent work studied conditions on the support size of α that allow its re-
covery using �1-minimization, via the Basis Pursuit algorithm. These conditions are
often relying on a scalar property of D called the mutual-coherence. In this work we
introduce an alternative set of features of an arbitrarily given D, called the capac-
ity sets. We show how those could be used to analyze the performance of the basis
pursuit, leading to improved bounds and predictions of performance. Both theoretical
and numerical methods are presented, all using the capacity values, and shown to lead
to improved assessments of the basis pursuit success in finding the sparest solution
of Dα = s.

Keywords Sparse representations · �1-Reconstruction · Basis Pursuit · Random
support · Capacity sets
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1 Introduction

A powerful trend in signal processing that has evolved in recent years is the use of
redundant dictionaries, rather than just bases, for a sparse representation of signals
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(images, sound tracks, and more). In such a setting, we consider a linear equation
s = Dα, where s is a given signal, D is the representation dictionary, and α is the
signal’s representation. The matrix D is a general full rank N × L matrix, where
L > N , assumed to have �2 normalized columns. The number of non-zero elements
in the coefficient vector α is measured by the �0-norm, ‖ · ‖0, on R

L. The goal is to
find, within the (L − N)-dimensional affine space of the solutions for this equation,
the sparsest representation for s, i.e. one which has the least number of non-zero
entries. This goal is formalized by the following optimization problem:

(P0): Arg min
α∈RL

‖α‖0 s.t. Dα = s.

In this paper, we consider the signals for which the solution of (P0) is unique, and we
define S(D) as the family of such signals. We denote � = {1, . . . ,L}, and refer to the
support of the vector α = (α1, . . . , αL)T as the set � = supp(α) = {n ∈ � | αn �= 0}.

The problem (P0) is NP-hard, demanding an exhaustive search over all the subsets
of columns of D [16]. One of the most effective techniques to approximate its solution
is the convex relaxation of the �0-norm. It uses the �1-norm, the closest convex norm
on R

L:

(P1): Arg min
α∈RL

‖α‖1 s.t. Dα = s.

The solution of (P1) is carried out by linear programming. We are interested in signals
s ∈ S(D) for which the solutions of (P0) and (P1) coincide. The idea of using (P1)

to find the sparsest solution is called Basis Pursuit (BP), as coined by Chen, Donoho
and Saunders [4, 5].

Let α be a representation of s, with support � = supp(α) ⊂ �. The matrix D� is a
matrix of size N × |�| containing the columns (also referred to as atoms) of D used
for the construction of s. This matrix is necessarily full-rank (with rank equals |�|).
Knowing the support � suffices to enable perfect recovery of α, and thus our interest
is confined to the ability to recover the support �.

Definition 1.1 A subset � ⊂ � is called �1-reconstructible with respect to the dic-
tionary D if the solution of (P1) coincides with the solution of (P0) for every signal
s ∈ S(D) that admits a representation with the support �.

The main task of the paper is to obtain conditions on support sizes which im-
ply that they are �1-reconstructible. For any specific support � ⊂ � there exists a
straightforward (yet exhaustive) test whether it admits recovery by BP—simply ap-
ply BP to the finite family of signals s = Dα generated from coefficient vectors α with
the support � covering all possible sign patterns (i.e. 2|�| such tests1). If the recovery
succeeds for all these choices of α, it will also succeed for any other representation
with support � [9, 15].

Clearly, such a testing approach is impractical in most cases. If we aim to find
the prospects of success of the BP for a fixed cardinality |�|, this requires a set of

1In fact, half of this amount is required because if α is reconstructible, then so is −α.
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tests as described above per each possible support � having such a cardinality, and
this implies a need for approximately L|�| groups of tests. Thus, the exhaustive ap-
proach should be replaced either by a random set of tests with empirical claims, or a
theoretical study.

Within the theoretical attempts to estimate the power of the BP, two approaches
are distinguished in the existing literature. Earlier work carried out the worst case
analysis for a given dictionary, providing conditions on the support cardinality that
guarantee that any support satisfying them is �1-reconstructible [8, 9, 11–13, 19].
These conditions are often very restrictive and far from empirical evidence. Another,
more recent, approach presents a probabilistic analysis, providing conditions for spe-
cial families of dictionaries under which most signals of a given cardinality are �1-
reconstructible [1, 3, 7, 10, 18]. The results depict a general asymptotic behavior with
regard to the sparse support recovery.

In both worst-case and probabilistic-analysis branches of work, many classical re-
sults rely heavily on a scalar feature of the dictionary, known as the mutual-coherence
[8, 12, 13, 19]. A related measure also used is the Babel function [8, 19]. More recent
work employs the Restricted Isometry Property (RIP) [2]. The information carried by
all these measures is very pessimistic; furthermore, the RIP is very expensive com-
putationally and mainly used for theoretical analysis. In this work we set to improve
the existing worst case results for a given general dictionary D, as reported in [8,
12, 13, 19]. We achieve this progress by replacing the above-mentioned with a set
of alternative features that we refer to as the capacity sets of the dictionary. A thor-
ough computational analysis of D and probabilistic tools are applied to the problem,
leading to improved probabilistic bounds.

In the next section we recall the existing theoretical results concerning �1-recovery
as a function of the support cardinality. In Sect. 3 we define two versions of the
capacity set and present the main theoretical results of this paper using these features.
Section 4 expands on the above results by providing two numerical algorithms using
the capacity sets. Section 5 provides an overall comparison of the various methods
presented in this work to assess the performance of BP for several test-cases.

2 Background

Most known results on sparsity rely on the mutual-coherence, denoted as μ, of
the dictionary. This is the maximum of the inner products between the columns:
μ = maxi �=j∈� |〈di ,dj 〉|. This correlation between the columns, reflected in its worst
value by μ, helps establishing the “safe zone” for the support sizes, where both the
uniqueness of sparsest representation and its �1-recovery can be guaranteed.

For D = [�1,�2] a pair of orthonormal bases, the following sufficient condition
for � to be �1-reconstructible is proven in [11]:

|�| ≤
√

2 − 0.5

μ
.

Donoho and Elad in [8] treat a general dictionary D. They define the problem

(C�): max
δ∈Null(D)

∑

k∈�

|δk| s.t. ‖δ‖1 = 1, (2.1)
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and show that its solution is intimately tied to the ability to recover the support �, by
the following lemma:

Lemma 2.1 [8, Lemma 2] A sufficient condition on the support � to be
�1-reconstructible is

val(C�) <
1

2
. (2.2)

This criteria is used to prove the following theorem:

Theorem 2.2 [8, Theorem 7] A sufficient condition on a support � ⊂ � to be
�1-reconstructible is

|�| < 1

2

(
1 + 1

μ

)
. (2.3)

Typically, the coherence behaves at best like O( 1√
N

), hence the results stated
above predict quite weak �1-recovery, which is refuted by the empirical evidence:
usually BP recovers supports of size proportional to N (and not its squared-root).

A generalization of the coherence is introduced in [8] and later used by J. Tropp
in [19]: for any 0 ≤ m ≤ L, the Babel function μ1(m) is defined by

μ1(m) = max|�|=m
max

η∈�\�
∑

λ∈�

|〈φλ,φη〉|.

In terms of this function, a support of size m is proven to be �1-reconstructible pro-
vided the following inequality holds [19]:

μ1(m − 1) + μ1(m) < 1.

Unfortunately, in cases where the coherence μ is close to 1 (implying an existence
of at least one problematic pair of atoms), the growth of μ1(m) is too fast to provide
any improvement.

Average case analysis improves the asymptotic bounds on reconstructible sup-
port sizes. The work in [1] shows that for the dictionary D = [I,F∗], where F is the
Fourier transform, random uniformly sampled support admits �1-recovery with high
probability if (the expectation of) its cardinality is O(N/ logN), which improves the
O(

√
N) estimation of the worst case approach. For a general orthonormal pair, it is

shown in [1, Theorem 5.3], that most random supports which cardinality behaving
like O(1/(μ2 log6 N)) admit recovery by BP. The logN appearing in these expres-
sions is suspected by the authors of [1] to be unnecessary, which in effect turns this
expression into O(N) (for incoherent dictionaries). A similar and related result, ex-
hibiting the square of the mutual coherence in the denominator of the bound, appears
in [18]. As such, this result is effective in cases where the dictionary is “uniformly
coherent”, and the methods employed are not very suitable for dictionaries with high
coherence.

The idea that representations with cardinalities O(N) are �1-reconstructible is sup-
ported by the results reported in [6, 7, 10]. This result is obtained for asymptotically
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growing dictionaries of size N × δN constructed by concatenating random vectors of
unit l2-norm, independently drawn from the uniform distribution. It is shown that all
supports of size up to ρ(δ)N are �1-reconstructible with probability approaching 1.
The work in [6, 10] provides theoretical assessments for ρ(δ), based on connection to
study on neighborly polytopes. Despite being asymptotical, these results illuminate
the empirically-supported evidence regarding the reconstruction abilities of minimal
L0-norm supports by linear programming.

As good as these results sound, they do not provide useful numerical information
about the ability of �1-reconstruction applied to a specifically given dictionary D of
certain size, which is a practical and central question in the application of BP. Such
information can only be obtained today by results involving the coherence μ or its
descendants. Thus, the gap is especially big when the dictionary is not uniformly
coherent and when μ � 1√

N
.

In this work we introduce new features of the dictionary D, the capacity sets. These
features are obtained as the solutions to specific linear programming problems that
probe the dictionary D. We consider two such options: a vector of capacities q and a
matrix Q, as we shall explain in details in the next section. These features are used to
develop novel analysis of BP performance as a function of the support’s cardinality.

One interesting benefit of the proposed analysis is a better treatment of dictionar-
ies which are not “uniformly coherent”. In cases where there exists a small set of
columns in D with strong linear dependency, the coherence and the babel function
behave badly, tending to lead to overly pessimistic bounds. As we show, the use of
the capacities leads in these cases to much better results. Besides that, the capacities
are shown to be more delicate indicators of the dictionary, as reflected in a better
prediction of the BP performance.

Use of capacity sets bridges the gap between purely theoretical estimations of
the reconstructible support sizes for given dictionary D, which are usually fast but
provide pessimistic lower bound, and the empirical tests of D, which give very accu-
rate account on BP-reconstruction abilities, but are computationally prohibitive. We
propose theoretical results and algorithms that employ the capacity sets to perform
computational assessment of these abilities, which is fast relative to full empirical test
and more optimistic than known practical formulae. The question of computational
complexity is discussed in details in Sect. 5.4.

3 Capacity Sets and their Use

In this section we define two versions of the capacity sets, and state the main theoret-
ical results that employ them for the analysis of the BP.

3.1 The Capacity Vector q

The capacity vector consists of elements related to an intermediate tool used in the
proof of Theorem 2.2 in [8]:
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Definition 3.1 The capacity vector q = (q1, . . . , qL)T of a dictionary D ∈ R
N×L is

defined for all k ∈ � by

qk = max
δ∈Null(D)

δk s.t. ‖δ‖1 = 1. (3.1)

Computing the elements of q is relatively easy, and amounts to a simple set of L

independent linear programming problems of the form

x̂k = Arg min
x

‖x‖1 subject to Dx = 0 and xk = 1,

and then assigning qk = 1/‖x̂k‖1.
To see the equivalence of the two problems, notice that the vector x̃k = x̂k/‖x̂k‖1

is an element of null space of D with unit �1-norm. Since (x̂k)k = 1 and ‖x̂k‖1 is
smallest possible, the value qk = 1/‖x̂k‖1 = (x̃k)k is just the solution of (3.1).

Via Lemma 2.1, the definition of q provides a sufficient condition
∑

k∈� qk < 1
2

on a given support � to ensure its recovery by �1-minimization. Furthermore, by
gathering the |�| largest entries from q, a simple generalization of Theorem 2.2 can
be proposed. However, in this work we seek a better bound that takes into account the
variety of possible supports, rather than the worst one. One such numerical technique
is suggested in Sect. 4, proposing a special quantization of the values in q to obtain a
lower bound on the fraction of support sizes which admit recovery by BP.

In this section we aim to obtain a more theoretically flavored result that uses q.
Denote by Eq the mean value of the capacity vector q, and by σ 2

q its variance
1
L

∑
k∈�(qk −Eq)2. The following theorem uses these quantities to evaluate the prob-

ability of �1-reconstruction for a given support size:

Theorem A For any 1 ≤ � < 1
2Eq

, a support � of size �, sampled uniformly at ran-
dom from �, admits �1-recovery with probability

P(�) >
( 1

2 − �Eq)2

�σ 2
q + ( 1

2 − �Eq)2
. (3.2)

In the special case of a constant capacity vector, the theorem boils down to support
size threshold of 1

2Eq
, since then the variance becomes zero. We show in Sect. 3.2 that

weakened version of Theorem A yields the classical threshold of |�| < 1
2 (1+ 1

μ
) (see

Theorem 2.2).

Proof We fix � and chose subsets �,� ⊂ � according to two different probability
models. The elements of � are chosen uniformly from � without replacement and
form a set of � distinct column indices. The � elements of � are chosen uniformly
with replacement (i.e. � is a multiset of size � with possible duplicates). Now, define
random variables

x� =
∑

k∈�

qk, y� =
∑

m∈�

qm. (3.3)
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In these terms, the probability P(�), defined in the statement of the theorem, is
bounded below by P(x� < 1

2 ). In turn, we shall bound the probability P(x� < 1
2 )

by means of the Tchebychev inequality, which involves the mean and the variance
of x�. These parameters are easily computable for y�: by its definition, we have
E(y�) = �Eq , var(y�) = �σ 2

q . Our result is based on the following connection be-
tween the variables x� and y�, as shown in Appendix A:

E(x�) = E(y�) and var(x�) ≤ var(y�). (3.4)

Given any real scalar a > 0, the one-tailed version of the Tchebychev inequality [14]
for x� reads

P(x� − Ex ≥ aσx) = P(x� ≥ Ex + aσx) ≤ 1

1 + a2
,

where Ex = E(x�), σ 2
x = var(x�).

By (3.4), we substitute Ex = �Eq . Also, since a larger variance implies a lower
probability, we put

√
�σq instead of σx and obtain

P(x� ≥ �Eq + a
√

�σq) ≤ P(x� ≥ Ex + aσx) ≤ 1

1 + a2
.

The parameter a is chosen such that �Eq + a
√

�σq = 1
2 , leading to a = ( 1

2 −
�Eq)/(

√
�σq). Note that the condition a > 0 translates to the requirement � < 1

2Eq
as

claimed in the theorem. In case it holds, we have

P

(
x� ≥ 1

2

)
≤ 1

1 + ( 1
2 −�Eq)2

�σ 2
q

,

or put differently,

P

(
x� <

1

2

)
> 1 − 1

1 + ( 1
2 −�Eq)2

�σ 2
q

= ( 1
2 − �Eq)2

�σ 2
q + ( 1

2 − �Eq)2
,

as stated by the theorem. �

3.2 From Capacity Vector to Coherence

We mentioned earlier that previous work often uses the mutual coherence to derive
performance bounds on �1-reconstructible supports. The relation between the capac-
ities in q and the inner products between the dictionary atoms, |〈di ,dj 〉| has been al-
ready discussed in [8]. Given a dictionary D, construct its Gram matrix as G = DT D.
Define the sequence

μk = max
i �=k

|Gi,k| for k ∈ �. (3.5)
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Namely, μk is the maximal value on the k-th column of |G|, disregarding the main
diagonal entry. As [8] shows, this sequence of values satisfies

qk ≤ μk

μk + 1
.

Thus the condition
∑

k∈� qk < 1
2 can be replaced with

∑
k∈�

μk

μk+1 < 1
2 , leading of-

course, to weaker bounds. Further relaxation

qk ≤ μk

μk + 1
<

μ

μ + 1
(3.6)

yields a constant capacity vector with entries of size μ
μ+1 . Applying Theorem A to

this vector we obtain, as a special case, the classical Theorem 2.2.

3.3 Using the Capacity Matrix Q

One problem with the capacity vector q is the independence with which its entries
qk are computed. This implies that one (or more) of the entries in q may become un-
necessarily large, compared to the values obtained in (2.1), causing a weaker bound.
By working with pairs of such entries, one could in principle improve the obtained
bounds. This leads us to the following definition:

Definition 3.2 Denote by �2 the set of indices �2 = {(i, j)| i, j ∈ �, i < j}. The
upper triangular capacity matrix Q = {Qi,j } is the matrix with non-zero elements
indexed by (i, j) ∈ �2, defined as follows:

Qi,j = max
δ∈Null(D)

{max(δi + δj , δi − δj )} s.t. ‖δ‖1 = 1.

Each of these entries can be computed by two independent linear programming
problems of the form

{
x+
(i,j) = Arg minx ‖x‖1 subject to Dx = 0 and xi + xj = 1

x−
(i,j) = Arg minx ‖x‖1 subject to Dx = 0 and xi − xj = 1

}

and then assigning Qi,j = 1/min(‖x̂+
(i,j)‖1,‖x̂−

(i,j)‖1).
As in Sect. 3.1, the obtained values Qi,j could be used to form an improved worst-

case bound for Lemma 2.1 and consequently for Theorem 2.2: Let � ⊂ � be a ran-
domly chosen support of size2 � = 2n. By definition, the non-zero elements of Q
satisfy

max
δ∈Null(D)
‖δ‖1=1

|δi | + |δj | = Qi,j ≤ max
δ∈Null(D)

‖δ‖1=1

|δi | + max
δ∈Null(D)
‖δ‖1=1

|δj | = qi + qj .

2We consider hereafter even support sizes. Generalization to odd ones is relatively simple, requiring use
of one entry from q. We omit this discussion for simplicity.



J Fourier Anal Appl

Thus the values Qi,j can be used in the evaluation of an upper bound on C� . To any
partition I of � into disjoint pairs there corresponds the sum

∑
(k1,k2)∈I Qk1,k2 that

bounds the value of C� from above. Therefore, � is �1-reconstructible if there exists
such a partition satisfying

∑
(k1,k2)∈I Qk1,k2 < 1

2 . Naturally, among all such possible
partitions, we are interested in the one that leads to the smallest sum.

Just one glance at the values of Q gives a lower bound for sizes of
�1-reconstructible subsets: namely, if max(Q) ≤ 1

�
, then a sum of any �/2 of its

elements does not exceed 1/2; hence any subset of columns of size up to � is guar-
anteed to be recovered by BP. Conjecture B below estimates the uncertainty caused
by replacing max(Q) with mean(Q). Some numerical techniques based on Q are
described in Sect. 4.

Here we concentrate again on a theoretical bound that uses Q, similar to the one
proposed in Theorem A with few necessary modifications.

We arrange the values {Qi,j | i < j ∈ �} of the Capacity matrix in a vec-
tor QV . Denote by EQ the mean value of QV , and by σ 2

Q its variance, σ 2
Q =

2
L(L−1)

∑
i<j∈�(Qi,j − EQ)2. The following statement based on Q is similar to the

one in Theorem A:

Conjecture B 3 For any 1 ≤ � < 1
EQ

, a support � of even size �, sampled uniformly
at random from �, admits �1-recovery with probability

P(�) >
( 1

2 − �
2EQ)2

�
2σ 2

Q + ( 1
2 − �

2EQ)2
. (3.7)

Notice that the expression obtained in (3.7) is the same as the one in (3.2), with
� replaced by �/2. Since EQ and σQ refer to pairs, if EQ = 2Eq and σ 2

Q = 2σ 2
q the

two bounds are the same. However, as we shall demonstrate in Sect. 5, EQ < 2Eq

and σ 2
Q < 2σ 2

q for random dictionaries, implying that this bound is indeed stronger.

Proof Fix an even support size �. In order to translate the condition
∑

(i,j)∈I Qi,j <
1
2 to a probabilistic one, we use again the model involving a subset � ⊂ � of size
� which elements are chosen uniformly from � without replacement. Also, we let
I be a random partition of the index set � into pairs. Based on these notions, we
define a random variable x� = ∑

(k1,k2)∈I Qk1,k2 . In effect, x� is a sum of elements
of Q randomly chosen “without replacement” in a stronger sense, i.e. not only the
elements are not repeated, but two elements with common index are not allowed.
The probability P(�), defined in the statement of the theorem, is bounded below by
P(x� < 1

2 ). This bound is not tight, since the support � is reconstructible if there
exists some partition I opt such that

∑
(k1,k2)∈I opt Qk1,k2 drops below the half, while

P(x� < 1
2 ) is only the probability this will happen for a random partition I .

3This claim is a conjecture since it relies on a property that is used here without a proof. More on this is
given in Appendix B.
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In order to analyze the variable x� we consider a multiset  of size �
2 chosen

uniformly with replacement from QV , and define the random variable y� to be its
sum, y� = ∑

. Then we have E(y�) = �
2EQ, var(y�) = �

2σ 2
Q.

The expectation of x� equals to that of y�, which is proven in Appendix B. Re-
garding the variance, we are making an assumption similar to (3.4):

var(x�) ≤ var(y�). (3.8)

We do not provide its proof and leave it as an open question at this stage. Empirical
verification of this inequality is demonstrated in Appendix B.

Following the steps of Theorem A, given any real a > 0, the one-tailed version of
the Tchebychev inequality [14] for x� reads

P

(
x� ≥ �

2
EQ + a

√
�

2
σQ

)
≤ 1

1 + a2
.

The parameter a is chosen such that �
2EQ + a

√
�
2σQ = 1

2 , leading to a = ( 1
2 −

�
2EQ)/(

√
�
2σQ), implying that we should require � < 1

EQ
to get a > 0. This leads to

P

(
x� ≥ 1

2

)
≤ 1

1 + ( 1
2 − �

2 EQ)2

�
2 σ 2

Q

,

or put differently,

P

(
x� <

1

2

)
> 1 − 1

1 + ( 1
2 − �

2 EQ)2

�
2 σ 2

Q

= ( 1
2 − �

2EQ)2

�
2σ 2

Q + ( 1
2 − �

2EQ)2
,

as stated in the theorem. �

4 Numerical Algorithms

Given the capacity vector q (or its weaker version as described in Sect. 3.2) or ma-
trix Q, we can use Theorems A and B to predict the �1-reconstructible supports, and
show lower bounds of the probability for success as a function of the support size �.
However, we can alternatively evaluate these probabilities numerically, provided that
there are shortcuts that avoid the exponential growth in support possibilities. This
leads us to the following two algorithms.

4.1 A Fast Combinatorial Count Using q

Below we propose an algorithm which provides worst-case bounds on reconstructible
support sizes. We would like to establish the fraction of the total number of supports
� of size � that satisfy val(C�) < 1

2 . Testing the sufficient condition
∑

k∈� qk < 1
2
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for every single � requires O(L�) flops, which is prohibitive. Instead, we propose
to perform a quantization of the entries of q to d distinct values, and lead to a more
reasonable computational process.

Suppose we are given a partition � = {�i}di=1 of � into d disjoint clusters, such

that � = ⋃d
i=1 �i . The corresponding quantized values in q are denoted by {qi

�},
each set to be the maximal in its subset, {qi

� = maxk∈�i
(qk) | 1 ≤ i ≤ d}.

Given the quantization parameters � = {�i, qi
�}di=1, every �-sized support � ∈ �

can be described as the union
⋃d

i=1 �i , where �i ⊆ �i is the subset of indices in
� allocated to the quantized value qi

�. Thus, the sum
∑

k∈� qi can be replaced by a
larger sum,

∑d
i=1 |�i |qi

�.
In order to test all possible supports � ∈ � of size �, a combinatorial count

of all sequences p = (p1, . . . , pd) is performed, such that 0 ≤ |pi | ≤ |�i | and∑d
i=1 |pi | = �. For each of these we evaluate

∑d
i=1 |pi |qi

� and count the relative
number of those4 below 1

2 . The complexity of such computation does not exceed
O((L

d
)d).

As to the choice of the quantization parameters � = {�i, qi
�}di=1, as said above,

we let qi
� = maxk∈�i

qk to guarantee that the evaluated summations are considering
a worst-case scenario. The clustering is done by an attempt to minimize the function

f
({�i, q

i
�}di=1

) =
d∑

i=1

(
|�i |qi

� −
∑

k∈�i

qk

)
. (4.1)

The difference |�i |qi
� − ∑

k∈�i
qk is the quantization error for the elements in the

subset �i , and the above error simply sums these values.
The minimization of f ({�i, qi

�}di=1) can be done exhaustively in case d is
small—in our experiments we have used d = 3 implying that the above requires
O(L3) flops. For larger values of d a sequential algorithm that chooses �i can be
proposed, separating the set � to two parts, and proceeding in a tree and greedy
separation scheme.

Computationally, the results of the combinatorial count are very close to those
predicted by Theorem A. Therefore, this method serves as a supporting evidence for
the probabilistic approach taken in Theorem A, but its numerical output is omitted
from our display of experimental results in Sect. 5.

4.2 A Sampling Algorithm Using Q

An alternative to Conjecture B is a direct evaluation of �1-reconstructible supports �

of cardinality �, by the following stages:

• We draw M � L such supports {�i}Mi=1.
• For each �i we seek to find a partition Ii that leads to the smallest value of∑

(k,l)∈I Qk,l . While finding the best such partition is combinatorial in complex-

ity, we use an approximate greedy algorithm of complexity O(�2 · log(�)) which
computes the following suboptimal partition:

4Each instance must be weighted by the number of its possible occurrences.
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1. Begin with empty set I of pairs.
2. Denote by Qres the sub-matrix of Q which rows an columns consist of

only those indices from |�| which do not occur in I . Retrieve the couple
(i0, j0), (i1, j1) of index pairs which minimize the sum Q(i0, j0) + Q(i1, j1)

over Qres.
3. Joint the couple (i0, j0), (i1, j1) to I and return to item 2 while Qres is non-

empty.

Therefore, the algorithm is, in a sense, “second-order greedy”, i.e. at each step
the least-sum couple of values from Q, rather than least single value, is extracted.
Possibly, better algorithms will improve the performance of this scheme, but we
believe it to be quite close to optimal, while keeping low computational costs. The
fact such partition can be found in O(�2 · log(�)) follows from the next combina-
torial claim: let (i∗, j∗) be the index pair of minimal value in submatrix of Q sup-
ported on |�|. Then both i∗, j∗ necessarily present among indices (i0, j0, i1, j1)

defined above.
• Given the partition I , test

∑
(k,l)∈I Qk,l < 1

2 . Accumulate the relative number of

such occurrences over the collection {�i}Mi=1.

The fact that this method relies on capacity values implies that the predicted per-
formance is expected to be weaker compared to the true behavior of BP. Neverthe-
less, among the various methods discussed thus far, this method is expected to be the
most optimistic because it uses Q and not q, and also because it does not build the
evaluation through the Tchebychev inequality that looses also part of the tightness.
However, as opposed to all the other methods described above, this method cannot
claim theoretical correctness of its results.

In the light of similarity of the proposed scheme to the pure empirical test, we can
make a direct comparison of the computational cost of the two tests. See the details
in Sect. 5.4.

5 Experimental Results

5.1 Test-Cases to Study

We carry out a number of tests on each of the three following dictionaries:

1. D-Random is the dictionary of size 128 × 256, which consists of �2-normalized
random vectors, independently drawn from the Normal distribution on the unit
sphere. Such a dictionary is often used in numerical experiments as well as in
various applications.

2. D-Spoiled is the dictionary D-Random, which has undergone an operation de-
signed to create a small set of columns with high linear dependence. More pre-
cisely, we re-generate a set of 3 columns as a random linear combination of 12
other columns. This dictionary is used to demonstrate the ability of the capacity-
sets methods to better handle dictionaries with a non-uniform distribution of inner
products.

3. D-DCT is the orthonormal pair [I,C∗] of size 128 × 256, where C is the
1-dimensional Discrete Cosine basis and I the identity matrix.
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Table 1 Behavior of the
capacity-sets q and Q by
evaluating the mean and
variance of the ratios

Dictionary E(R) σ(R)

D-Random 0.7175 0.0008

D-Spoiled 0.7154 0.001

D-DCT 0.6509 0.0109

Table 2 Comparison of mean and variance of capacity sets

Dictionary EQ 2Eq σ 2
Q

2σ 2
q

D-Random 32 × 128 0.2329 0.3179 0.5849E–03 0.8252E–03

D-Random 64 × 128 0.1695 0.2345 0.1405E–03 0.1654E–03

D-Random 128 × 256 0.1235 0.1721 0.4511E–04 0.5652E–04

D-DCT 64 × 128 0.1687 0.2586 0.4732E–03 0.0112E–03

D-DCT 128 × 256 0.1265 0.1943 0.4070E–03 0.4144E–05

5.2 Behavior of q and Q

As explained earlier, the passage from the capacity vector q to the matrix Q was
motivated by the fact that Qi,j provide a lower bound in this context. To exhibit the
numerical behavior of these bounds, we compute the mean and the variance of the
family of ratios

Rk,l = Qk,l

qk + ql

for k �= l ∈ �. (5.1)

The mean and variance of these ratios for the three test cases is given in Table 1.
As these figures show, we earn up to 30% of the upper bound value by upgrading

to Capacity Matrix from the Capacity Vector. This ratio between the two bounds for
the corresponding indices is very stable, as seen from the low values of the standard
deviation σ(R).

To display the power of Conjecture B, we show that EQ < 2Eq and either σ 2
Q <

2σ 2
q or σ 2

Q � E2
Q. The corresponding values for various dictionaries are presented in

the table above.
Notice that for the D-DCT dictionary the variance of the capacity vector is smaller

than that of the Capacity matrix, due to the special structure of this dictionary. Nev-
ertheless, as seen later in the results section, Conjecture B predicts BP success on
support sizes larger than those allowed by Theorem A.

5.3 Compared Methods

We perform a number of computations, applying various methods for the estimation
of BP performance on the given dictionaries. The results are expressed via a set of Es-
timation Functions, EF : � → R, which value at � ∈ � is the predicted percentage of
�-sized supports which admit recovery by �1-norm optimization. The EFs considered
are the following:
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1. EF-emp—The standard empirical test on the dictionary. This test is done by draw-
ing 1,000 random supports for each cardinality �, generating a corresponding sig-
nal, and solving the BP per each. EF-emp is obtained by showing the relative
number of successes in recovering the support.

2. EF-CB—The classical coherence-based upper bound 1
2 (1 + 1

μ
), provided by the

Theorem 2.2.
3. EF-thmA—Expresses the results of the Theorem A, EF-thmA (�) = P(�) as de-

fined in the statement of the theorem. The values are computed from q of the
dictionary.

4. EF-thmB—Expresses the results of the Conjecture B, computed from the capacity
matrix Q of the dictionary.

5. EF-compB—The results of the sampling algorithm based on Q, which results
support the estimation of Conjecture B (see Sect. 4.2).

6. EF-GB—The Grassmannian upper bound, computed by the formula for the Clas-

sical Bound using the ideal coherence μ =
√

L−N
N(L−1)

.

This last EF deserves more explanation: Among all possible dictionaries of size
N × L, the Grassmannian frame is the one leading to the smallest possible coher-

ence μ =
√

L−N
N(L−1)

[17]. Thus, this leads to the most optimistic worst-case bound.

When the dictionary is “un-balanced”, implying a large spread of inner-products in
the Gram-matrix, we know that the mutual-coherence-bound deteriorates dramati-
cally. Thus, by using the Grassmannian Bound, we test what is the best achievable
coherence-based performance behavior for the same dictionary size.

5.4 Complexity Analysis of the Methods

We argue the usefulness of Capacity-based numerical algorithms for an evaluation of
a given dictionary D. To that end, we consider the computational complexity of each
method listed in previous section.

1. EF-emp—The standard empirical test of D is conveyed as follows: for each sup-
port size �, pick M � L random subsets � of columns of size �. For each �, gen-
erate a signal with random coefficients vector supported on � and test if BP will
recover the support. Since in practice maximal relevant size � is proportional to L,
the computational complexity of this test is O(M · L · CLP (L)), where CLP (L)

denotes the complexity of linear programming algorithm for problem of size L.
2. EF-CB requires the computation of μ, which takes O(L · N) flops.
3. EF-thmA—To employ results of the Theorem A, the capacity vector q is com-

puted in (O(L · CLP (L))), and then for each � the probability P(�), defined
in the statement of Theorem A, is computed in O(L). Overall complexity—
O(L2 + L · CLP (L)) = O(L · CLP (L)).

4. EF-thmB—To employ results of Conjecture B, the capacity vector q is computed
in (O(L2 · CLP (L))), and then for each � the probability P(�), defined in the
statement of Conjecture B, is computed in O(L2). Overall complexity—O(L3 +
L2 · CLP (L)) = O(L2 · CLP (L)).

5. EF-compB—Our heaviest (and best-performance) algorithm conducts a semi-
empirical test: for each support size �, pick M � L random subsets of columns of
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size �, and employ the analysis detailed in (4.2). The computational cost of single
support treatment is O(�2 · log(�)). Overall complexity is O(L2 · CLP (L) + M ·
L2 · log(Ł)).

As seen from the analysis above, only the EF-compB has non-negligible computa-
tional complexity. When comparing EF-emp and EF-compB, we can concentrate on
the relative complexities of linear programming solver versus the O(�2 · log(�)) of
the partition algorithm, and the benefit of the later is evident.

5.5 Comparison Results

Figure 1 presents the obtained graphs of the various EF-s functions described above,
for the three dictionaries described at the top of this section. As we see from the left-
side graphs in the figures, for all the dictionaries the empirically established support
size which admits BP recovery is at least 40 columns. Note that this relative number
of columns is also predicted in [10], however, this holds true only asymptotically (for
dictionaries of growing sizes) and for specific random dictionaries.

Returning to statements which hold for our modest size of 128 × 256, we notice
that the estimation made by the sampling algorithm based on the Capacity Matrix
(EF-compB) is much better than the Classical bound, established so far in the litera-
ture. The difference is especially high for the D-Spoiled dictionary, which reflects the
fact that methods based on capacity sets manage well the non-uniform distribution of
inner products.

On the right side of each figure we display various method developed in this work.
Noticeably, the results of Conjecture B (EF-thmB) are stronger than those of Theo-
rem A (EF-thmA), which is explained by the benefit of using the Capacity Matrix
rather than the Capacity Vector. This benefit is expressed in the ratio values given in
Tables 1, 2 and explained thereafter. Apparently, Conjecture B does not express the
full power of the Capacity Matrix estimation, since the sampling algorithm based on
its values (EF-compB) outperforms EF-thmB by 15–20%. This algorithm produces
values which are quite close to the Grassmannian Bound, the best possible bound
one can hope to obtain using coherence-based estimation for the given dictionary
size. We do not have enough information to explain the fact that values of EF-compB
and of Grassmannian bound nearly coincide for all the dictionaries discussed here
(and additional ones examined during the work); Discovering the reason underly-
ing this connection may be a lead to important insights regarding the Basis Pursuit
performance.

Appendix A

We prove the claim (3.4).

Theorem C For the two random variables, x� and y�, defined in (3.3), the following
relations between the first and second moments hold:

E(x�) = E(y�) and var(x�) ≤ var(y�). (A.1)
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Fig. 1 Estimation functions for various dictionaries of size 128 × 256

Proof We begin by introducing some notation. Fix the support size 1 ≤ � ≤ L. For
any 1 ≤ k ≤ �, we denote by Ck

� the collection of all �-sized non-ordered multisets
of indices from � (with repetitions), which have precisely k distinct elements each.
For instance, {1,4,5,4,7} and {5,1,7,4,4} are two distinct elements of C 4

5 . Such
multiset will be sometimes referred to as “index set”. Also, we define Dn

� = C�
� ∪

C�−1
� ∪ · · · ∪ C�−n

� , the collection of all �-sized multisets having at least � − n distinct
elements.
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In this notation, x� is a random variable with uniform distribution over the domain
D0

� , which admits value
∑

k∈� qk on a given element � ∈ D0
� . The variable y� has the

same definition on a larger domain D�−1
� , containing the domain of x�. Therefore, we

treat both x� and y� as restrictions of the same uniformly distributed random variable
x on the corresponding domains: x� = x|D0

�
, y� = x|D�−1

�
. In the proof we use the

following basic property of the variance:

Proposition 5.1 Let z be a random variable defined over a domain given as the
disjoint union D = D1 ∪ D2 ∪ · · · ∪ Dn, with uniform distribution. Denote v =
var(z|D), vi = var(z|Di

), si = |Di |. Then v =
∑n

i=1 sivi∑n
i=1 si

.

Part 1. The expectation of the random variable x restricted to D0
� is computed by

E(x|D0
�
) = 1

|D0
� |

∑

�∈D0
�

∑

k∈�

qk.

This sum contains |D0
� | · � elements, and for each j ∈ �, qj appears in it the same

number of times. Therefore, each qj appears |D0
� | �

L
times, and we have E(x|D0

�
) =

�
L

∑
k∈� qk = �Eq . The mean of x|D�−1

�
is computed similarly:

E(x|D�−1
�

) = 1

|D�−1
� |

∑

�∈D�−1
�

∑

k∈�

qk.

Here each qj appears |D�−1
� | �

L
times, and we have E(x|D�−1

�
) = �

L

∑
k∈� qk = �Eq .

This proves our first claim, E(x�) = E(y�). For the rest of the proof, where only
the variance of the two variables is considered, we assume w.l.g. that the expectation
of x� and y� is zero (in the light of equality var(z) = var(z − E(z) for any random
variable z), that is Eq = 0.

Part 2. We consider the extension of x, defined so far on domain comprising of
distinct �-sized index sets, to the domain where each such set may appear any finite
number of times. x still has a uniform distribution over this collection. Thus, a disjoint
union of two or more (non-necessarily distinct) index sets is a sub-domain to which
x may be restricted.

For any 0 ≤ n < �, we define two disjoint unions

An =
⋃

�∈Dn
�−1

{� ∪ {j} | j ∈ �},

Bn =
⋃

�∈Dn
�−1

{� ∪ {j} | j ∈ �}

(In the definition of An, the set � ∪ {j} is added to the collection one time for each
appearance of j in �.)
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Let � ∈ Ck
� be a set which contains distinct indices j1, . . . , jk with multiplici-

ties m1, . . . ,mk (so that
∑k

i=1 mi = �). For each 1 ≤ i ≤ k, � is obtained in An

mi − 1 times in the form � ∪ {ji} for an appropriate � = �i ∈ Ck
�−1 (this claim also

holds vacuously for mi = 1). Therefore, the number of copies of � in An equals∑k
i=1(mi − 1) = � − k. Also, � appears in Bn precisely once for each j1, . . . , jk , in

the form � ∪ {ji} (for an appropriate � = �i each time). Therefore, Bn contains k

copies of �.
Denote a disjoint union of a distinct copies of some collection C by a · C . Then we

can write An, Bn as

An = 0 · C�
� ∪ 1 · C�−1

� ∪ · · · ∪ n · C�−n
� (E.2)

Bn = � · C�
� ∪ (� − 1) · C�−1

� ∪ · · · ∪ (� − n) · C�−n
� (E.3)

We prove the following inequality:

var(x|Bn
) ≤ var(x|An

).

Since Eq = 0 by our assumption, the expectations of x|An
and x|Bn

also equal zero:
by the argument similar to one presented in the first part of the proof, E(x|An

) =
E(x|Bn

) = � · Eq . Thus we have

var(x|An
) = 1

|Dn
�−1|

∑

�∈Dn
�−1

1

� − 1

∑

j∈�

(∑

k∈�

qk + qj

)2

.

For the brevity of the argument we introduce the notation q� = ∑
k∈� qk . Then

var(x|An
) reads as

var(x|An
) = 1

|Dn
�−1|

∑

�∈Dn
�−1

1

� − 1

∑

j∈�

(q2
� + q2

j + 2q�qj )

= 1

|Dn
�−1|

∑

�∈Dn
�−1

q2
� + 1

� − 1

∑

j∈�

(q2
j + 2q�qj ).

Similarly, we have

var(x|Bn
) = 1

|Dn
�−1|

∑

�∈Dn
�−1

1

L

∑

j∈�

(∑

k∈�

qk + qj

)2

= 1

|Dn
�−1|

∑

�∈Dn
�−1

q2
� + 1

L

∑

j∈�

(q2
j + 2q�qj ).

The summand 1
|Dn

�−1|
∑

�∈Dn
�−1

q2
� appears in both expressions hence cancels out.

We consider the term 1
|Dn

�−1|
∑

�∈Dn
�−1

1
�−1

∑
j∈� q2

j in var(x|An
). The element q2

a
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appears in it same number of times for every a ∈ �. Hence

1

|Dn
�−1|

∑

�∈Dn
�−1

1

� − 1

∑

j∈�

q2
j = 1

L

∑

a∈�

q2
a .

By same argument, in the expression of var(x|Bn
) we have

1

|Dn
�−1|

∑

�∈Dn
�−1

1

L

∑

j∈�

q2
j = 1

L

∑

a∈�

q2
a ,

hence this quadratic term also cancels out. In the light of these observations, we
obtain

var(x|An
) − var(x|Bn

) = 2

|Dn
�−1|

∑

�∈Dn
�−1

q�

(
1

� − 1

∑

i∈�

qi − 1

L

∑

j∈�

qj

)
.

Here we substitute again q� for
∑

i∈� qi and recall 1
L

∑
j∈� qj = Eq = 0. Thus, we

have

var(x|An
) − var(x|Bn

) = 2

(� − 1)|Dn
�−1|

∑

�∈Dn
�−1

q2
� ≥ 0.

In order to use this result for the proof of the theorem, we make the following
observations: Denote vn = var(x|Cn

�
) and sn = |Cn

� |. By virtue of the decomposition

(E.2), var(x|An
) can be written as var(x|An

) =
∑n

i=0 i·s�−i v�−i∑n
i=0 i·s�−i

(see Proposition 5.1).

Similarly, we have var(x|Bn
) =

∑n
i=0(�−i)·s�−i v�−i∑n

i=0(�−i)·s�−i
. We compute the coefficients of vi

in the expression

var(x|An
) − var(x|Bn

) =
∑n

i=0 i · s�−iv�−i∑n
i=1 i · s�−i

−
∑n

i=0(� − i) · s�−iv�−i∑n
i=1(� − i) · s�−i

.

For any 0 ≤ k ≤ n, the coefficient of vl−k is

1

Den
s�−k

(
k

n∑

i=1

(� − i) · s�−i − (� − k)

n∑

i=1

i · s�−i

)

= 1

Den
� · s�−k

n∑

i=0

(k − i)s�−i ,

with

Den =
n∑

i=1

i · s�−i ·
n∑

i=1

(� − i) · s�−i .
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We denote α�−k = �
∑n

i=0(k − i)s�−i , for 1 ≤ k ≤ n, in order to write the above
difference as

0 ≤ var(x|An
) − var(x|Bn

) = 1

Den

n∑

k=0

α�−ks�−kv�−k. (E.4)

The constant 1
Den is positive, since n < �. Thus,it can be omitted while preserving the

inequality:

0 ≤
n∑

k=0

α�−ks�−kv�−k. (E.5)

The coefficients in this expression have the two following properties:

1.
∑n

k=0 s�−kα�−k = 0.

2. ∀j,αj−1 − αj = �
∑n

i=0 s�−i .

To show the first equality, we consider the sum in (1) as the linear combination of
the elements s�−i s�−j , i, j = 0, . . . , n. The coefficient of s�−i s�−i is zero for any i.
For any i �= j , s�−i s�−j appears just in two components of the sum above, namely,
s�−iα�−i and s�−jα�−j . Specifically, α�−i contains the summand �(i − j)s�−j , and
α�−j contains the summand �(j − i)s�−i , therefore in the sum s�−iα�−i + s�−jα�−j

the coefficient of s�−i s�−j is zero. The second property follows from the definition
of αi . In the light of the first property, (E.5) can be written as

(
n∑

k=1

α�−ks�−k

)
v� ≤

n∑

k=1

α�−ks�−kv�−k. (E.6)

Equipped with these observations, we prove, by induction on n, the inequality

var(x|D0
�
) ≤ var(x|Dn

�
).

for any n = 1, . . . , � − 1. The theorem follows for n = � − 1. By Proposition 5.1,

var(x|Dn
�
) =

∑n
i=0 s�−i vl−i∑n

i=0 s�−i
, and var(x|D0

�
) is just v�. Thus we need to prove

v� ≤
∑n

i=0 s�−ivl−i∑n
i=0 s�−i

,

or
(

n∑

i=1

s�−i

)
v� ≤

n∑

i=1

s�−ivl−i . (E.7)

For n = 1, (E.6) reads as

α�−1s�−1v� ≤ α�−1s�−1v�−1.

Here α�−1 = �s� > 0, thus we obtain the inequality

s�−1v� ≤ s�−1v�−1,
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as required. Now, we assume by induction that inequality (E.7) holds up to n − 1 and
prove for n. We use (E.6):

(E1):
(

n∑

k=1

α�−ks�−k

)
v� ≤

n∑

k=1

α�−ks�−kv�−k.

This inequality undergoes a series of transformations designed to bring it to the form
of (E.7).

First, we have α�−1 < α�−2. Since v� ≤ v�−1 by the proof for n = 1, we have an
inequality

(d1): (α�−2 − α�−1)s�−1v� ≤ (α�−2 − α�−1)s�−1v�−1.

Adding (d1) to the inequality (E1), we arrive at

(E2):
(

α�−2(s�−1 + s�−2) +
n∑

k=3

α�−ks�−k

)
v�

≤ α�−2(s�−1v�−1 + s�−2v�−2) +
n∑

k=3

α�−ks�−kv�−k.

Second, by induction assumption for n = 2 we have the inequality

(s�−1 + s�−2)v� ≤ s�−1v�−1 + s�−2v�−2.

Also, α�−2 ≤ α�−3 as noticed earlier. Then we can construct the next inequality in
order to add it to (E2):

(d1): (α�−3 − α�−2)(s�−1 + s�−2)v� ≤ (α�−3 − α�−2)(s�−1v�−1 + s�−2v�−2)

This results in the following expression:

(E3):
(

α�−3

3∑

i=1

s�−i +
n∑

k=4

α�−ks�−k

)
v�

≤ α�−3

3∑

i=1

(s�−iv�−i ) +
n∑

k=4

α�−ks�−kv�−k.

In this fashion we make n − 1 steps resulting in the inequality

(E(n)):
(

α�−n

n∑

i=1

s�−i

)
v� ≤ α�−n

n∑

i=1

s�−iv�−i

Notice that α�−n is positive: α�−n = s�−n�(ns� + (n − 1)s�−1 + · · · + s�−n+1). Thus,
we obtain the desired result. As mentioned, the theorem follows for n = � − 1. �
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Appendix B

We prove the equality of expectations

E(x�) = E(y�), (B.1)

for random variables x� and y� defined in the proof of Conjecture B. Recall that
y� is a sum of �

2 values from Q, uniformly distributed over this matrix, therefore
E(y�) = �

2EQ. We show E(x�) = �
2EQ, too, by considerations of symmetry, similar

to those used in the proof of Theorem A, part 1.
Namely, we consider a totality P� of partitions of all �-sized supports � ⊂ �, into

ordered pairs of indices. An element in this collection is therefore a pair (�, I�).
We clarify that the index sets � ⊂ � are chosen without repetitions and up to a
permutation of their elements. Now, let (i, j) be an ordered pair of indices from �.
We argue that the number of appearances of this pair in the elements of P� does not
depend on choice of i and j . Indeed, this number is just the size of the collection
P�−2, built for submatrix of Q with i-th and j -th rows and columns missing.

Fig. 2 The variances of x� and y� (scaled by 103)
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Since x�(�, I�) is the sum
∑

(i,j)∈I�
Q(i, j), we conclude that all the elements

Q(i, j) contribute to the value of x� with equal probability, hence E(x�) = �
2EQ as

desired.
Now we provide an empirical evidence to the claim

var(x�) ≤ var(y�) (B.2)

We provide statistical data that supports this inequality. While the variance of y� is
known precisely, for x� we estimate it by drawing 104 random subsets of indices
for each support size up to half the signal dimension of the dictionary. Results are
presented in Fig. 2. The computation is carried out for a number of dictionary sizes
on dictionary D-Random. As can be seen from these figures, the gap between var(x�)

and var(y�) is roughly proportional to the support size.
Same experiments on dictionary D-DCT display different results: the variance of

both variables coincides. As number of samples grows, we observe that the difference
of variance values, for all support sizes, tends to zero. We conclude that for this
specific dictionary, (B.2) is an equality.

References

1. Candès, E., Romberg, J.: Quantitative robust uncertainty principles and optimally sparse decomposi-
tions. Found. Comput. Math. 6(2), 227–254 (2006)

2. Candès, E.J., Tao, T.: Decoding by linear programming. IEEE Trans. Inform. Theory 51, 4203–4215
(2005)

3. Candès, E.J., Romberg, J., Tao, T.: Robust uncertainty principles: exact signal reconstruction from
highly incomplete frequency information. IEEE Trans. Inf. Theory 52(2), 489–509 (2006)

4. Chen, S.S.: Basis pursuit. Ph.D. dissertation, Stanford Univ., Stanford (1995)
5. Chen, S.S., Donoho, D.L., Saunders, M.A.: Atomic decomposition by basis pursuit. SIAM J. Sci.

Comput. 20(1), 33–61 (1999)
6. Donoho, D.L.: Neighborly polytopes and sparse solution of underdetermined linear equations. Tech-

nical report, Stanford University, Department of Statistics, # 2005-04 (2005)
7. Donoho, D.L.: For most large underdetermined systems of linear equations the minimal l1-norm

solution is also the sparsest solution. Commun. Pure Appl. Math. 59(6), 797–829 (2006)
8. Donoho, D.L., Elad, M.: Optimally sparse representation in general (non- orthogonal) dictionaries via

l1 minimization. Proc. Natl. Acad. Sci. 100(5), 2197–2202 (2003)
9. Donoho, D.L., Huo, X.: Uncertainty principles and ideal atomic decomposition. IEEE Trans. Inf.

Theory 47(7), 2845–2862 (1999)
10. Donoho, D.L., Tanner, J.: Thresholds for the recovery of sparse solutions vial L1 minimization. In:

40th Annual Conference on Information Sciences and Systems (2006)
11. Elad, M., Bruckstein, A.M.: A generalized uncertainty principle and sparse representations in pairs of

bases. IEEE Trans. Inf. Theory 49, 2558–2567 (2002)
12. Fuchs, J.J.: On sparse representations in arbitrary redundant bases. IEEE Trans. Inf. Theory 50(6),

1341–1344 (2004)
13. Gribonval, R., Nielsen, M.: Sparse decompositions in unions of bases. IEEE Trans. Inf. Theory 49(12),

3320–3325 (2003)
14. Hardy, G.H., Littlewood, J.E., Pólya, G.: Inequalities, 2nd ed., pp. 43–45 and 123. Cambridge Uni-

versity Press, Cambridge (1988)
15. Malioutov, D.M., Cetin, M., Willsky, A.S.: Optimal sparse representations in general overcomplete

bases. In: IEEE International Conference on Acoustics, Speech, and Signal Processing—ICASSP,
May 2004, Montreal, Canada (2004)



J Fourier Anal Appl

16. Natarajan, B.K.: Sparse approximate solutions to linear systems. SIAM J. Comput. 24, 227–234
(1995)

17. Strohmer, T., Heath, R.W. Jr.: Grassmannian frames with applications to coding and communications.
Appl. Comput. Harmon. Anal. 14(3), 257–275 (2003)

18. Tropp, J.: Random subdictionaries of random dictionaries. Preprint (2006)
19. Tropp, J.: Greed is good: algoritmic results for sparse approximation. IEEE Trans. Inf. Theory 50(10),

2231–2242 (2004)


	Analysis of Basis Pursuit via Capacity Sets
	Abstract
	Introduction
	Background
	Capacity Sets and their Use
	The Capacity Vector q
	From Capacity Vector to Coherence
	Using the Capacity Matrix Q

	Numerical Algorithms
	A Fast Combinatorial Count Using q
	A Sampling Algorithm Using Q

	Experimental Results
	Test-Cases to Study
	Behavior of q and Q
	Compared Methods
	Complexity Analysis of the Methods
	Comparison Results

	Appendix A
	Appendix B
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 600
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /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 <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


