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ABSTRACT

Compressed sensing, also known as compressive sampling,

is an approach to the measurement of signals which have a

sparse representation, that can reduce the number of measure-

ments that are needed to reconstruct the signal. The signal re-

construction part requires efficient methods to perform sparse

reconstruction, such as those based on linear programming.

In this paper we present a method for sparse reconstruction

which is an extension of our earlier Polytope Faces Pursuit

algorithm, based on the polytope geometry of the dual lin-

ear program. The new algorithm adds several basis vectors at

each stage, in a similar way to the recent Stagewise Orthog-

onal Matching Pursuit (StOMP) algorithm. We demonstrate

the application of the algorithm to some standard compressed

sensing problems.

Index Terms— Sparse reconstruction, Compressed Sens-

ing, Basis Pursuit (BP), greedy algorithms, polytopes.

1. INTRODUCTION

Compressed sensing [1], also known as compressive sampling

or compressive sensing [2], is an approach to signal measure-

ment whereby a signal x can be reconstructed or estimated

using a small number of measurements, provided that x is

known to have a sparse representation. Specifically, we sup-

pose that we can represent a signal of interest x as

x = Ψs (1)

in some basis Ψ, where s = [s1, . . . , sN ] has only a small

number K = ‖s‖
0

non-zero entries, with K ≪ N . Under

this condition we say that s is K-sparse. We then take M <
N measurements of x, yi = φT

i x, 1 ≤ i ≤ M giving the

resulting system

y = Φx = ΦΨs (2)
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where φT
i is the i-th row of Φ.

In order to reconstruct x given the measurement y, the

measurement system Φ and the basis matrix Ψ, we first re-

construct the sparse vector ŝ satisfying

y = As (3)

where A = ΦΨ. We then reconstruct the original signal using

x̂ = Ψŝ. If the measurement system Φ and the representation

basis Ψ are sufficiently incoherent [2], and a sufficiently large

number of measurements M < N are taken, then this process

will have a high probability of recovering the original signal

x. For further details, see e.g. [2]

A critical part of this process is the recovery of the sparse

vector s in (3). Finding the truly sparsest vector, given by the

minimum ℓ0 solution

min
s
‖s‖

0
such that y = As (4)

is NP-hard, so instead we use the minimum ℓ1 solution

min
s
‖s‖

1
such that y = As (5)

which can be solved using linear programming (LP). Equa-

tion (5) is sometimes known as the Basis Pursuit solution [3].

In this paper, we present a method designed to find solu-

tions to (5), called Stagewise Polytope Faces Pursuit. This is

a greedy method, based on the polytope geometry of the dual

linear program to (5). It proceeds by adding several basis

vectors at each stage, inspired by the Stagewise Orthogonal

Matching Pursuit (StOMP) [4] and Stagewise Weak Orthog-

onal Matching Pursuit (SWOMP) [5] algorithms. In the fol-

lowing sections we will review existing greedy algorithms, in-

troduce the polytope geometry ideas, review the earlier (step-

wise) Polytope Faces Pursuit algorithm [6], develop the stage-

wise version of the algorithm, discuss implementation and

operation issues, and present results of its application to com-

pressed sensing problems.



2. SPARSE RECONSTRUCTION

2.1. Greedy algorithms

While the Basis Pursuit problem (5) can be solved by linear

programming methods such as the simplex method [3], there

are faster approximate algorithms such as Matching Pursuits

(MP) [7] and Orthogonal Matching Pursuits (OMP) [8] (Al-

gorithm 1).

Algorithm 1 Orthogonal Matching Pursuits [8]

1: Input: A, y

2: Set stopping conditions kmax and θmin

3: Initialize: k ← 0, Ik ← ∅, Ak ← ∅, rk ← y

4: while k < kmax and maxi a
T
i rk > θmin do

5: k ← k + 1
6: Find next vector: ik ← arg maxi/∈Ik−1{aT

i rk−1}
7: Add to solution set:

Ak ← [Ak−1, aik ], Ik ← Ik−1 ∪ {ik},
sk ← (Ak)†y, rk ← y −Aksk

8: end while

9: Output: s∗ ← 0 + corresponding entries from sk

We make two remarks about the OMP algorithm:

1. The algorithm adds basis vectors one at a time: we call

this a stepwise algorithm;

2. The next basis to be added to the active set is deter-

mined by the basis vector ai with maximum inner prod-

uct arg maxi{aT
i rk−1} with the residual rk−1.

Recently, Donoho et al [4] introduced their Stagewise Orthog-

onal Matching Pursuit (StOMP), which is an extension to

OMP that adds several basis vectors per stage, instead of one

basis vectors per step (Algorithm 2). In their paper, Donoho

Algorithm 2 Stagewise Orthogonal Matching Pursuit [4]

1: Input: A, y

2: Set stopping conditions lmax and θmin

3: Initialize: k ← 0, Ik ← ∅, Ak ← ∅, rk ← y

4: while |Ik| < lmax and maxi ã
T
i rk > θmin do

5: k ← k + 1
6: τk = a suitable threshold for step k [4]

7: J k = {j | aT
j rk−1 > τk}

8: Add to solution set:

Ak ← [Ak−1, {ai | i ∈ J k}], Ik ← Ik−1 ∪ J k,
sk ← (Ak)†y, rk ← y −Aksk

9: end while

10: Output: s∗ ← 0 + corresponding entries from sk

et al [4] choose a threshold at each step to be τk = σktk

where σk = ‖rk‖
2
/
√

n is a formal noise parameter and tk

is a threshold parameter taking typical values in the range

2 ≤ tk ≤ 3. The update to sk in step 8 is performed using an

conjugate gradient solver.

Blumensath and Davies [5] proposed a related stagewise

algorithm called Stagewise Weak OMP (SWOMP), which

uses a different threshold τk = β maxj{aT
j rk−1} for some

0 < β ≤ 1, so that step 7 in Algorithm 2 becomes

7 : J k =
{

j | aT
j rk−1 > β max

j
{aT

j rk−1}
}

.

For OMP this has the theoretical advantage that it has the

same exact recovery criterion as Weak Orthogonal Matching

Pursuit [9]. The main idea of both StOMP and SWOMP is

to modify OMP to add several basis vectors at each stage, in-

stead of only one per step. In this paper, we will apply this

idea to produce a stagewise version of our previous Polytope

Faces Pursuit algorithm [6].

2.2. The polytope perspective

We can get some useful insights into the sparse reconstruction

problem from a geometrical perspective, by using the geome-

try of polytopes [10, 11]. To see this, we start from the tradi-

tional Basis Pursuit ℓ1-minimization problem (5) and express

it as a linear program (LP) in its so-called standard form using

non-negative coefficients [3]

min
s̃

1T s̃ such that y = Ãs̃, s̃ ≥ 0 (6)

where 1 is a column vector of ones, s̃ = (s̃1 . . . , s̃2N )T is the

(doubled) nonnegative vector

s̃i =

{

max(si, 0) 1 ≤ i ≤ N

max(−si−N , 0) N + 1 ≤ i ≤ 2N
(7)

and Ã = [A,−A] is the corresponding doubled dictionary

matrix which contains a positive and negative version of each

basis vector of A.

Now the linear program (6) has a corresponding dual lin-

ear program [3]

max
c

yT c such that ÃT c ≤ 1 (8)

such that a bounded solution to (8) exists if and only if a

bounded solution to (6) exists. So to find a solution s∗ to

(6) we can instead look for a solution c∗ to (8), and use

the Karush-Kuhn-Tucker (KKT) conditions [12] to find the

equivalent solution s∗ to (6).

Thus we need to find the point c with maximum inner

product with our input signal y, such that it is contained

within the polytope (bounded N -dimensional polygon) de-

fined by the polar polytope

P ∗ = {c | ±aT
i c ≤ 1,ai ∈ A} (9)

which is dual to the primal polytope

P = conv{±ai,ai ∈ A}.
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Fig. 1. Optimum point c∗ within polar polytope P ∗ (shaded).

Thus the primal polytope P is the convex hull of the basis vec-

tors of±ai, while the polar polytope P ∗ is the region bounded

by the half-planes±aT
i c ≤ 1. The optimum point c∗ is there-

fore the point in P ∗, normally a vertex of P ∗, which is as far

in the direction of y that it is possible to go without leaving

P ∗ (Fig. 1).

This geometry leads to a projected gradient algorithm,

whereby we start from c = 0 and follow the gradient path

initially in the direction ċ = y until we “hit” a face of P ∗,

then follow the projected gradient along that face until we hit

the next face, and so on. Interestingly, at each step the next

face to be hit corresponds to the basis vertex identified by the

condition

ak = arg max
ai /∈Ãk

aT
i rk−1

1− aT
i ck−1

(10)

where ck = (Ãk)†T 1 is the so-called “basis vertex” at step k,

which is a point where aT
i ck = 1 for all currently active basis

vectors ai ∈ Ãk [6]. This is therefore slightly different to

the normal admission criterion ak = arg max
ai /∈Ãk aT

i rk−1

used for OMP, although they are identical for the initial step,

where ck = 0. Following the constrained gradient also re-

quires us to switch out a basis vector ai whenever s̃i < 0:

this type of switching-out condition is not present in usual

OMP-like algorithms. The full Polytope Faces Pursuit (PFP)

algorithm is given in [6].

3. THE STAGEWISE PFP ALGORITHM

3.1. Algorithm

We now consider modifying the Polytope Faces Pursuit (PFP)

algorithm by adding more than one vector to the active set per

iteration. As we mentioned above, this idea has been included

in the recent ‘stagewise’ algorithms of Donoho et al. [4] and

Blumensath and Davies [5]. We will therefore refer to this

approach as Stagewise Polytope Faces Pursuit.

This generalization consists only of a relatively straight-

forward change in implementation. Once all the adjusted

correlations are calculated, at stage k we select the qk ≥ 1
atoms with the largest adjusted correlations, for some fixed or

adapted number qk. We will discuss later (Section 3.3) some

options for how we can choose this number qk. In the poly-

tope perspective, this step corresponds to taking into account

the first qk hyperplanes aT
i c = 1 that are “pierced” as we fol-

low the (projected) gradient ċ towards y. The Stagewise PFP

Algorithm 3 Stagewise Polytope Faces Pursuit

1: Input: Ã = [ãi], y {If required, set Ã← [A,−A]}
2: Set maximum number of bases to select per stage qmax

3: Set stopping conditions lmax and θmin

4: Initialize: k ← 0, Ik ← ∅, Ãk ← ∅, ck ← 0, s̃k ←
∅, ŷk ← 0, rk ← x

5: while |Ik| < lmax and maxi ã
T
i rk−1 > θmin do {Find

more faces}
6: k ← k + 1
7: qk = a suitable number of vectors to add

8: Find first qk faces encountered:

J k ← arg maxqk

i/∈Ik−1{(ãT
i rk−1)/(1 − ãT

i ck−1) |
ãT

i rk−1 > 0}
9: Add constraints:

Ak ← [Ak−1, {ai | i ∈ J k}], Ik ← Ik−1 ∪ J k

10: s̃k ← (Ãk)†x
11: while s̃k � 0 do {Release retarding constraints}
12: Select some j ∈ Ik such that s̃k

j < 0; remove col-

umn aj from Ãk

13: Update: Ik ← Ik \ {j}, s̃k ← (Ãk)†x
14: end while

15: ck ← (Ãk)†T 1, ŷk ← Ãks̃k, rk ← y − ŷk

16: end while

17: Output: c∗ = ck,

s̃∗ ← 0 + corresponding entries from s̃k

{If required, get s∗i ← (s̃∗i − s̃∗i+n), 1 ≤ i ≤ n}

algorithm is summarized in Algorithm 3. In this algorithm,

the notation arg maxq
i {f(·)} means the set of values of i cor-

responding to the q maximal values of f(·). If we use qk = 1
face per step we obtain the original PFP algorithm [6].

As well as the matrix A and the observation vector y,

the algorithm uses as stopping criteria lmax, the maximum

number of basis vectors to select (maximal K-sparsity of the

resulting vector s∗), and θmin, the minimum residual correla-

tion.

3.2. Calculating the pseudoinverse

One of the computationally expensive parts of this algorithm,

and of other OMP-like algorithms, is the calculation of the

Moore-Penrose pseudo-inverse (Ãk)†. A standard method,

as used for example in the Matlab pinv function, is to use

Singular Value Decomposition (SVD). Here, the matrix is de-

composed as Ãk = UΣVT , where U and V are unitary ma-



trices and Σ is a diagonal matrix. The pseudoinverse is then

(Ãk)† = VΣ†UT .

However, since OMP-like algorithms update the matrix

A one column at a time, it can be more efficient to compute

the pseudoinverse by using the Cholesky factorization. If A

is has full column rank, then its pseudoinverse is given by

A† = (AT A)−1AT = (RT R)−1AT , where R is an up-

per triangular matrix, forming the Cholesky factorization of

the symmetric matrix AT A. The Cholesky factor R can be

updated as a single column is added to the matrix A.

Now our Stagewise algorithm allows q > 1 basis vec-

tors to be added to Ãk at each stage. To update the Cholesky

factor R as q columns are added to Ãk, we could perform

q 1-column updates. As an alternative, we have also imple-

mented a direct q-column Cholesky update, which is concep-

tually similar to the 1-column update, but requires an addi-

tional direct Cholesky factorization on a q × q matrix corre-

sponding to the orthogonalized components of the q new vec-

tors. All of these updates require that the matrix Ãk retains

full rank at each stage.

3.3. Basis selection strategies

In each stage of the Stagewise PFP algorithm we have to de-

termine qk, the number of basis vectors to add at each iter-

ation. One simple approach is the fixed q method, where

we select a fixed number qk = q of basis vectors with the

largest adjusted correlations at each stage. However, alterna-

tive strategies for the algorithm selection step are possible.

One alternative we have considered is weak stagewise se-

lection approach, derived by the weak-OMP (WOMP) algo-

rithm of Davies and Blumensath [13]. For our version, we

let

θ
(

ak
i

)

=
aT

i rk−1

1− aT
i ck−1

(11)

be the adjusted correlation for the basis vector ai at step k.

Then, our weak stagewise selection step consists of selecting

all basis vectors ai such that:
∣

∣θ
(

ak
i

)∣

∣ ≥ β max
i

∣

∣θ
(

ak
i

)∣

∣ (12)

where 0 < β ≤ 1 is a threshold control parameter. This selec-

tion criterion (12) selects basis vectors by applying threshold-

ing to the adjusted correlations relative to the maximum. If

β = 1 we will only select the basis vector with the largest ad-

justed correlation (10), and therefore (provided the basis vec-

tors are in general position) we will have the stepwise one-

atom algorithm. We normally impose an upper limit qmax,

which is the maximum number of bases selects at each stage.

Note that although this criterion has a resemblance to

the weak OMP criterion considered by Tropp [9], since

we use adjusted correlations (11) in our polytope algorithm

rather than the direct correlations aT
i rk−1 used in standard

MP/OMP, the theoretical “Weak OMP” results of Tropp [9]

do not necessarily hold for this “Weak PFP” criterion.
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Fig. 2. Degenerate case in the Stagewise PFP algorithm.

We could also adopt a noise-based criteria similar to that

used by Dohono et al. [4] in their StOMP algorithm, but that

would need adapting to our adjusted correlation criterion and

we do not consider that further in the present paper.

3.4. The degenerate case

One possible drawback of the Stagewise PFP algorithm is that

the selection of q > 1 basis vectors at once no longer guar-

antees that the resulting c will stay inside the polar polytope

P ∗. If this happens, we call this a degenerate case.

An example degenerate case is shown in Fig. 2. In the

figure, we have a 2-D polar polytope P ∗ with six signed ba-

sis vectors ±ai, i = 1, 2, 3. Let us apply the Stagewise PFP

algorithm to this arrangement with q = 2 faces selected per

stage. As we can see from the figure, the first two faces en-

countered are those corresponding to the basis vectors a1 and

a2. However, the selection of these bases leads us to a degen-

erate case, since the resulting vertex c1 = (Ã1)†T 1, where

Ã1 = [a1,a2], turns out to be outside the polytope constraint

set. Here the constraints cT a3 ≤ 1 is violated (the point c1 is

to the right of the dotted line cT a3 = 1), so we have c1 /∈ P ∗.

If the degenerate case occurs, we can no longer ensure

that the reconstructed vector ŝ is strictly optimal. However,

experimental results so far suggest that this problem does not

appear to cause significantly “bad” estimates ŝ of the sparse

vector to occur. We are currently investigating techniques to

either avoid this degenerate case, or to “pull back” into the

constraint surface if the degenerate case is detected, but in

the meantime our results to date indicate that the algorithm

as presented produces good results in practice, even though

ℓ1-optimality is no longer guaranteed.



4. EXPERIMENTS

To confirm the suitability of the Stagewise PFP algorithm as

an algorithm for sparse reconstruction in Compressed Sensing

problems, we have applied it to the following (real domain)

problems from the Sparco toolbox [14]:

• Problem 5 (gcosspike): Cosine with spikes measured

with Gaussian ensemble;

• Problem 6 (p3poly): Piecewise cubic polynomial;

• Problem 11 (gausspike): Gaussian spikes, real domain.

We will first give results for Problem 5 (gcosspike), with im-

plementation and selection options discussed in sections 3.2

and 3.3. We will give additional results for the other prob-

lems.

4.1. Sparco Problem 5: Fixed-q selection

In Sparco Problem 5 the signal x is a 1024 × 1 column vec-

tor which is represented by a cosine-like function with some

random spikes added. The signal is measured by a Gaussian

ensemble, taking M = 300 random measurements y, while

the basis matrix Ψ is a 1024 × 2048 rectangular matrix con-

sisting of two separate dictionaries (DCT and Dirac bases).

The resulting matrix A is therefore a 300× 2048 matrix.

We first consider the fixed-q selection strategy, in which

the number of bases to select per stage is fixed at qk = q. We

evaluated the performance of the Stagewise PFP algorithm

varying the implementation strategy for the pseudoinverse

stage, according to the three criteria mentioned in section

3.2. For all the tests made, the stopping conditions were

set to θmin = 10−2 and lmax = 100. The behaviour of

the algorithm in terms of running time (averaged over 5

runs) and recovery accuracy (MSE of the recovered signal

x̂) is shown in Fig. 3, which shows the performance of the

n-column Cholesky update (Fig. 3(a)), the single Cholesky

update (Fig. 3(b)) and Matlab pinv function (Fig. 3(c)).

As we can see from the Figure, when we use a Cholesky

update (either n-update or single update) for the pseudoin-

verse implementation step, the stagewise algorithm can lead

to almost a factor of 3 speed-up when compared to the orig-

inal stepwise (q = 1) version. The best performance on this

problem is for q in the range 13 ≤ q ≤ 17 basis vectors per

stage, while recovery errors are still kept very small.

For the direct pseudoinverse implementation via the Mat-

lab pinv function, we get a speed benefit for only very rela-

tively small values of qmax (up to 3): above this the behaviour

of the algorithm appears to becomes somewhat irregular.

Comparing the three different pseudoinverse implementa-

tions, we find that using the Cholesky factorization, either the

n-update or single update form, is considerably faster than the

pseudoinverse direct method, with a speed-up factor between

4 and 10 for the same number of bases per stage (Fig. 4).
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(b) Cholesky single update
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(c) Matlab pinv function
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Fig. 3. Sparco problem 5: Running time and recovery ac-

curacy against number of atoms added per iteration, as the

pseudoinverse step is implemented by using (a) a n-column

Cholesky update, (b) a single Cholesky update or (c) the Mat-

lab pinv function.

Of the Cholesky factorization methods, the n-column update

is slightly faster than the single update, although only by a

relatively small margin.

4.2. Sparco Problem 5: Weak stagewise selection

In section 3.3 we mentioned two different selection strategies:

fixed-q selection, as explored for Sparco Problem 5 in the re-

sults above, and weak stagewise selection. Fig. 5 shows the

performance of Stagewise PFP on Sparco Problem 5 using
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Fig. 5. Sparco problem 5: Running time and recovery ac-

curacy using the weak stagewise selection criterion, as the

threshold control parameter beta varies.

the weak selection strategy and the n-update Cholesky imple-

mentation: we can compare with the results for fixed-q selec-

tion in Fig. 3. We also show the comparison in tabular form

in Table 1 (fixed-q selection) and 2 (weak selection), which

demonstrate that the results for these two criteria are largely

comparable, with fastest results around β = 0.7. We notice

in particular that the cases q = 1 and β = 1 give similar re-

sults, with both corresponding to the original (stepwise) PFP

algorithm, differing only due to minor implementation issues.

Very small values of the threshold β, e.g. β . 0.2 appear

to lead to increased recovery errors on this problem, perhaps

since this can lead to a large number of basis functions to be

q Time (sec) MSE / 10−5

1 1.57 8.8

3 0.83 8.0

5 0.71 13.9

7 0.64 8.7

9 0.63 14.0

11 0.58 21.1

13 0.64 14.2

15 0.53 21.9

17 0.62 13.3

19 0.58 21.7

Table 1. Sparco problem 5: Running times and MSEs against

selection parameter q (fixed-q selection strategy).

β Time (sec) MSE / 10−5

0.46 0.68 20.8

0.52 0.68 14.4

0.58 0.67 13.9

0.64 0.64 21.1

0.7 0.60 21.2

0.76 0.57 22.0

0.82 0.70 14.0

0.88 0.77 14.0

0.94 0.89 7.9

1 1.56 8.8

Table 2. Sparco problem 5: Running times and MSEs against

selection parameter β (weak stagewise selection strategy).

admitted at each stage.

We can verify that the weak stagewise selection strategy

can lead to very different numbers of basis vectors selected

at each stage. Fig. 6 illustrates this, showing the number of

basis vectors selected at each stage when we use the weak

stagewise selection with β = 0.7 on Problem 5. We see, for

example, that at the first three stages only one basis vector is

selected per stage, but by step 5 a very large number of basis

vectors (36) are selected. Observations confirm that many of

these will be switched out by the second part of the algorithm,

but this indicates that there may need to be some refinement to

this weak selection method to tailor it for the Stagewise PFP

algorithm.

4.3. Sparco Problems 6 and 11

To confirm our results on other Compressed Sensing prob-

lems, we also tested the algorithm on Sparco Problem 6 and

Sparco Problem 11. In both cases the pseudoinverse step is

implemented via the n-column Cholesky update, and a fixed-

q selection strategy is used.

In Problem 6 the signal x is a piecewise cubic polynomial

measured by a Gaussian ensemble, and the representation ma-
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Fig. 7. Sparco Problem 6: Running time and recovery ac-

curacy against number of atoms added per iteration (fixed-q
criterion), pseudoinverse step implemented using a n-column

Cholesky update.

trix consists of a wavelet bases. The dimension of the matrix

is A is 600× 2048. Results are shown in Fig. 7.

In Problem 11 we have spikes whose amplitude follow a

Gaussian distribution. The measurement process is performed

by a Gaussian ensemble again, whereas this time sparsity is

exactly achieved with an Identity matrix as the basis matrix.

In this case the dimension of the problem is 256× 1024. Re-

sults are shown in Fig. 8.

Performance on both of these problems follows similar

trends to that for Problem 5. In both cases the stagewise algo-

rithm gives faster results than the stepwise (q = 1) algorithm,

and the accuracy recovery does not appear to be significantly

affected by selection of multiple basis vectors.

However, for Problem 11, we note that the running time

increases approximately above about q = 11, and can become

significantly slower than the original stepwise (q = 1) algo-
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Fig. 8. Sparco Problem 11: Running time and recovery ac-

curacy against number of atoms added per iteration (fixed-q
criterion), pseudoinverse step implemented using a n-column

Cholesky update.

rithm. Preliminary investigations suggest that, although the

recovery error is still quite small, the algorithm may spend

considerable time switching out several of the “extra” ba-

sis vectors that have been added. This confirms the need to

choose an appropriate basis selection strategy.

5. CONCLUSIONS

We have introduced a new stagewise greedy algorithm to find

an approximation of the underlying sparse representation s of

a real signal x, such that it satisfies the typical Compressed

Sensing equation y = As, where y is the undersampled ob-

servation vector. We call this method Stagewise Polytope

Faces Pursuit.

This algorithm is the generalization of our previous Poly-

tope Faces Pursuit algorithm, in that it adds several basis vec-

tors per iteration instead of selecting only one basis vector at

a time. Both algorithms rely on the the dual linear program

maxc{yT c | ÃT c ≤ 1}, which is the dual of the classic Ba-

sis Pursuit linear program. The feasible region of the dual LP

is defined by the polar polytope P ∗ = {c | ÃT c ≤ 1}, where

Ã = [A,−A] is the doubled basis matrix. These algorithms

adopt a path-following approach through the relative interior

of the faces of the polar polytope, updating the position of the

current vertex c.

We have tested two different stagewise selection strate-

gies: a fixed-q strategy, in which we just select the top q bases

at each iteration, and a weak selection strategy, based on the

Weak OMP approach.

We have applied our new stagewise algorithm to example

Compressed Sensing problems from the Sparco problem suite



[14]. Our results indicate that the stagewise generalization

can speed up the operation of our algorithm by up to a factor

of 3, while obtaining similar recovery errors, demonstrating

that the Stagewise PFP algorithm is suitable for solving com-

pressed sensing problems.

In future work, we plan to compare the Stagewise PFP al-

gorithm to a range of other sparse reconstruction algorithms.

We also plan to investigate the effect of the degenerate case,

when the point c leaves the constraint set, and to design pos-

sible strategies to overcome this if necessary. We also intend

to investigate alternative selection strategies, and explore fur-

ther possible speed improvements by replacing the Cholesky-

based calculation of the pseudoinverse with a conjugate gra-

dient (CG) approach.
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