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I. Sparsity is everywhere ...
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Sparse Signal Representation

3

Informative signals are composed of structures ...

Speech signal3-D data

AstronomyBiology Video

Data on Graph 

(1/2)
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✴ Signal            (e.g. N = pixel number, voxels, graph nodes, ...)

✴ There exists a “sparsity” basis (e.g. wavelets, Fourier, ...)

where x has a linear representation

          is the coefficient vector.  
✴ Sparsity : 

x ∈ RN

Ψ = (Ψ1, · · · ,ΨD) ∈ RN×D

x =
D�

j=1

αjΨj = Ψα

α ∈ RD

4

2.4. Transformée continue en ondelettes sur la sphère 37

avec ψ̂a(l, m) = 〈Y m
l |ψa〉 la transformée en harmonique sphérique12 de ψa = Daψ.

Une condition plus simple à manipuler et presque équivalente à (2.65) est d’imposer
que [Van98]

∫

S2

dµ(θ, ϕ)
ψ(θ, ϕ)

1 + cos θ
= 0, (2.66)

condition homologue à l’annulation de la moyenne des ondelettes planes.
En remarquant que

∫

S2

dµ(θ, ϕ)
Daψ(θ, ϕ)

1 + cos θ
= a

∫

S2

dµ(θ, ϕ)
ψ(θ, ϕ)

1 + cos θ
, (2.67)

la condition (2.66) permet de créer toute une classe d’ondelettes admissibles de la forme

ψ(θ, ϕ) = φ(θ, ϕ) − 1
αDαφ(θ, ϕ), (2.68)

pour une certaine fonction φ ∈ L2(S2).

Fig. 2.3 – L’ondelette DOG pour α = 1.25 dilatée de a = 0.1.

En particulier, pour φ = exp
(
− tan2(1

2θ)
)
, c.-à-d. la projection stéréographique inverse

de la gaussienne sur la sphère, nous obtenons l’ondelette sphérique DOG13

ψ(θ, ϕ) = exp
(
− tan2(1

2θ)
)

− 1
αλ(α, θ)

1
2 exp

(
− 1

α2 tan2(1
2θ)

)
, (2.69)

dont une représentation dilatée d’un facteur a = 0.1 est donnée sur la Figure 2.3.

12Nommée également transformée de Fourier sur S2.
13Pour Difference of Gaussians.

�α− αK� � �α�

50

100

150

200

250

 

 

50 100 150 200 250

50

100

150

200

250

#{i : αi �= 0}� N

(2/2)Sparse Signal Representation



ELEN Ecole Centrale de Lille - 22/03/2012.

General Sparsity Application
1. Data Compression/Transmission (by definition);
2. Data restoration :

✴ Denoising,
✴ Debluring,
✴ Inpainting, ...

3. Simplified model and interpretation (e.g. in ML)

5
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1. Data Compression/Transmission (by definition);
2. Data restoration :

✴ Denoising,
✴ Debluring,
✴ Inpainting, ...

3. Simplified model and interpretation (e.g., in ML)

More generally, 
      For regularizing (stabilizing) inverse problems
Impact on data sampling philosophy !
 (applications: optics, biomedical, astronomy, ... )

6

General Sparsity Application
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II. Adjusting sampling to sparsity
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‣ Paradigm shift:
   “Computer readable” sensing 
  + prior information

‣ Examples: 
Radio-Interferometry, Compressed Sensing, 
MRI, Deflectometry, Seismology, ... 

8

World Sensing
Device Human

(1/2)

Signal Sensing Signal

Sampling with Sparsity

Optimized setup: sampling rate     information∝
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Reconstruct x ∈ RN from y = Sensing(x) ∈ RM

given a sparse model on x.

x∗ = argmin
u∈RN

S(u) s.t. Sensing(u) ≈ Sensing(x)

Noise: Gaussian, Poisson, ...
Sparsity metric:

Examples: Tomography, 
frequency/partial observations, ...

Regularized inverse problems:

  but ... non-linear reconstruction schemes!

e.g., small S(α) = �α�1 if u = Ψα,
small Total Variation S(u) = �∇u�

(2/2)Sampling with Sparsity
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III. Compressed Sensing
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Compressed Sensing

“Forget” Dirac, forget Nyquist, 
ask few (linear) questions 
about your informative (sparse) signal, 
and recover it differently (non-linearly)”  

CS in a nutshell:
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=

Φ xy

M M ×N

N

Compressed Sensing

“Forget” Dirac, forget Nyquist, 
ask few (linear) questions 
about your informative (sparse) signal, 
and recover it differently (non-linearly)”  

CS in a nutshell:

M questions Sensing method Signal

0

0
0

0

0
0
0
0

0

Sparsity
Prior

(Ψ = Id)
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Compressed Sensing

If x is K-sparse and if     well “conditioned” 
then: 

=

Φ xy

M M ×N

Nx = arg min
u∈RN

�u�0 s.t. y = Φu

Φ

�u�0 = #{j : uj �= 0}

∗

Non-linear reconstruction:
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If x is K-sparse and if     well “conditioned” 
then: 

x = arg min
u∈RN

�u�0 s.t. y = Φu

Φ

1

(relax.)

�u�1 =
�

j |uj |

=

Φ xy

M M ×N

N

Compressed Sensing

(Basis Pursuit) [Chen, Donoho, Saunders, 1998]

∗
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If x is K-sparse and if     well “conditioned” 
then: 

x = arg min
u∈RN

�u�0 s.t. y = Φu

Φ

1

(relax.)

�u�1 =
�

j |uj |

for all 2K sparse signals v.

√
1− δ �v�2 � �Φv�2 �

√
1 + δ �v�2

∃ δ ∈ (0, 1)

Compressed Sensing

any subset of 2K columns 
is an isometry 

if                 δ <
√

2− 1  [Candes 08]

Restricted Isometry Property

(Basis Pursuit) [Chen, Donoho, Saunders, 1998]

∗



ELEN Ecole Centrale de Lille - 22/03/2012. 16

If x is K-sparse and if     well “conditioned” 
then: 

x = arg min
u∈RN

�u�0 s.t. y = Φu

Φ

1

(relax.)

�u�1 =
�

j |uj |

for all 2K sparse signals v.

√
1− δ �v�2 � �Φv�2 �

√
1 + δ �v�2

∃ δ ∈ (0, 1)

Compressed Sensing

any subset of 2K columns 
is an isometry 

if                 δ <
√

2− 1  [Candes 08]

Restricted Isometry Property

(Basis Pursuit) [Chen, Donoho, Saunders, 1998]

M = O(K lnN/K)� N

Φ ∈ RM×N , Φij ∼iid N (0, 1)

Examples: 
+ Gaussian
+ Bernoulli
+ Random Fourier
+ ....

∗

Φ
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If x is K-sparse and if     well “conditioned” 
then: 

x = arg min
u∈RN

�u�0 s.t. y = Φu

Φ

1

(relax.)

�u�1 =
�

j |uj |

Compressed Sensing

xLS

x = xBP

Φu = y

!1-ball

!2-ball

R2

e1

e2

(Basis Pursuit) [Chen, Donoho, Saunders, 1998]

∗

Solvers:
Linear Programming, 
Interior Point Method,
Proximal Methods, 
 ... Tons of toolboxes ...
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If x is K-sparse and if     well “conditioned” 
then: 

x = arg min
u∈RN

�u�0 s.t. y = Φu

Φ

1

(relax.)

�u�1 =
�

j |uj |

Compressed Sensing

xLS

x = xBP

Φu = y

!1-ball

!2-ball

R2

e1

e2

(Basis Pursuit) [Chen, Donoho, Saunders, 1998]

∗

�x− x∗� � C 1√
K
�x− xK�1 + D�

Robustness: vs sparse deviation + noise.

Solvers:
Linear Programming, 
Interior Point Method,
Proximal Methods, 
 ... Tons of toolboxes ...

�y −Φu� � �
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IV. CS and Quantization

Joint work with:
D. Hammond (U. Oregon, USA)
J. Fadili (ENSICaen, France)
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✴ Turning Measurements into bits     scalar quantization 

with:           

Quantization of CS Measurements

20

y = Q
�
Φx

�
∈ ΩM ,

∀λ ∈ R, Q[λ] = ωi ⇔ λ ∈ Ri � [ti, ti+1),

∀u ∈ RM , (Q[u])j = Q[uj ]

Ω = {ωi ∈ R : 1 � i � B}, (levels)

T = {ti ∈ R : 1 � i � B + 1, ti � ti+1} (thresholds)

R
ti ti+1

ωiλ

(B = 2R)

→

(e.g. Lloyd-Max)
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✴ Most of the time... Uniform Quantization

 
with           

✴ Reconstruction: since
✴ quantization ≈	 uniform noise:

✴ BPDN with

 

Quantization and CS: the former association

21

�y − Φx�∞ � α
2

�22(α) = E[�u�2
2] + κ Var

1
2 [�u�2

2]

= M α2

12 + κ M
1
2 α2

6
√

5

ui = yi − (Φx)i ∼iid U([−α
2 , α

2 ])

ti = iα, ti+1 − ti = α, ωi = (ti + ti+1)/2 = (i + 1/2)α

(Qα[y])i = α�(y)i/α� + α/2.

x∗ = arg min
u∈RN

�u�1 s.t. �y −Φu�2 � �2

�x− x∗� = O(α)

mid rise

y

Qα[y]

α/2

−α/2

If RIP,
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✴ Most of the time... Uniform Quantization

 
with           

✴ Reconstruction: since
✴ quantization ≈	 uniform noise:

✴ BPDN with

 But, not adapted: if x* solution of BPDN,

Quantization and CS: the former association

22

�y − Φx�∞ � α
2

�22(α) = E[�u�2
2] + κ Var

1
2 [�u�2

2]

= M α2

12 + κ M
1
2 α2

6
√

5

ui = yi − (Φx)i ∼iid U([−α
2 , α

2 ])

ti = iα, ti+1 − ti = α, ωi = (ti + ti+1)/2 = (i + 1/2)α

✴                 , i.e  no Quantization Consistency (QC)
✴    constraint ≈ Gaussian distribution (MAP - cond. log. lik.)

Qα

�
Φx∗

�
�= y

�2

(Qα[y])i = α�(y)i/α� + α/2.
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New optimization schemes (towards the constraint              ):

for “Basis Pursuit DeQuantizer ” of moment
BPDQp adapted to GGD noise (of shape p):

Uniform CS Dequantizers

23

p � 1

∆1,p(y, �) = arg min
v∈RN

�v�1 s.t. �y − Φv�p � �, (BPDQp)

�y − Φv�∞

ni ∼ pdf ∝ exp−|t/b|p (b > 0)

If     is RIPp of order K, i.e., Φ

∃ µp > 0, δ ∈ (0, 1),

for all K sparse signals v.

√
1− δ �v�2 � 1

µp
�Φv�p �

√
1 + δ �v�2,

Then, reconstruction error                      . O(α/
�

p + 1)
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New optimization schemes (towards the constraint              ):

for “Basis Pursuit DeQuantizer ” of moment
BPDQp adapted to GGD noise (of shape p):

Uniform CS Dequantizers

24

p � 1

∆1,p(y, �) = arg min
v∈RN

�v�1 s.t. �y − Φv�p � �, (BPDQp)

�y − Φv�∞

ni ∼ pdf ∝ exp−|t/b|p (b > 0)

If     is RIPp of order K, i.e., Φ

∃ µp > 0, δ ∈ (0, 1),

for all K sparse signals v.

√
1− δ �v�2 � 1

µp
�Φv�p �

√
1 + δ �v�2,

Then, reconstruction error                      . O(α/
�

p + 1)

But no free lunch: 
⇒	  Another reading: limited range of valid p for a given M (and K)!



ELEN Ecole Centrale de Lille - 22/03/2012.

Numerical illustration

25

BPDN

p = 3

p = 4

p = 10

S
N

R
(d

B
)

m/K

24

28

32

36

10 15 20 25 30 35 40 0 0.5 1-0.5-1

BPDN

0 0.5 1-0.5-1

BPDQ10

α−1(y − Φx∗p)i

Histograms of

BPDN-TV
SNR: 8.96 dB

BPDQ10 -TV
SNR: 12.03 dB

Original

N/M = 8
12 bins/meas.
Rand. Fourier

1-D

2-D
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V. 1-bit CS

Joint work with:
J. Laska (Rice U., USA)
P. Boufounos (MERL, USA)
R. Baraniuk (Rice U., USA)
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Φ x

=

M M ×N

N

1-bit Compressed Sensing
y
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ys

1-bit Compressed Sensing

28

= sign

Φ x

M M ×N

N

sign t =

�
1 if t > 0
−1 if t � 0 component-wisewith:
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1-bit Compressed Sensing

29

= sign

Φ x

M M ×N
N

O
v
e
r
s
a
m

p
li
n
g

in
M

�
ys

But, which information inside    ?M -bits! ys



ELEN Ecole Centrale de Lille - 22/03/2012.

1-bit Compressed Sensing

30

= sign

Φ x

M M ×N
N

O
v
e
r
s
a
m

p
li
n
g

in
M

�
ys

But, which information inside    ?M -bits! ys

Computational
bits matter!
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IEEE SIGNAL PROCESSING MAGAZINE [71] NOVEMBER 2005

The pipelined structure and unknown structure have the
best overall performance, so that they are best suited for
applications with high performance requirements, such as
wireless transceiver applications and military use [3]. SAR
ADCs have widely ranging sampling rates, though they are
not the fastest devices. Still, these devices are popular for
their range of speeds and resolutions as well as low cost and
power dissipation. It can be seen that there is a borderline of
sampling rate at around 30 Ms/s separating the sigma-delta
and flash ADCs. Sigma-delta ADCs have the highest resolu-
tion with relatively low sampling rates from kilosamples per
second to megasamples per second, while flash ADCs have
the highest sampling rates up to
Gsps due to their parallel structure
but with a resolution limited to no
more than 8 b due to nonlinearity.
Between these two structures are
unknown structures compromising
speed and resolution. 

We are also interested in the
envelope of the sample distributions
in this plot since such an envelope
indicates the performance limita-
tions. It is reasonable to extract the
envelope information based on the
ADCs with the highest performance
to postulate the design challenges
and technology trends.

In Figure 1, if Walden’s claim that P
is relatively constant is true, according
to (1), the envelope line should show
that a 3 dBs/s increment in fs corre-
sponds to a 1-b reduction in resolution.
However, Figure 1 shows that the real
tradeoff is 1 b/2.3 dBs/s. Compared to
the 1 b/3 dBs/s slope hypothesis, there
is an improvement in P at low sam-
pling rates and degradation at high
sampling rates. This trend indicates
that the ADC performance boundary is
varying with sampling rate, as illustrat-
ed by Figure 2 where ENOB is plotted
versus the sampling rate.

As stated previously, noise and dis-
tortion cause most of the performance
degradation in practical ADCs. The
internal sample-hold-quantize signal
operations are nonlinear, and those
effects are represented as equivalent
noise effects so that they can be unified
into noise-based equations to simplify
the performance analysis. Therefore,
besides thermal noise, we have two
additional noise sources, quantization
noise [2] and aperture-jitter noise [1].

THERMAL NOISE
Thermal noise by itself [1] has a 1 b/6 dBs/s relationship to sam-
pling frequency assuming Nyquist sampling [2]. However, it is
usually overwhelmed by the capacitance noise since the S/H stage,
as the input stage of an ADC, shows strong capacitive characteris-
tics. Therefore, the capacitance noise (modeled as kT/C noise [4],
where k is Boltzmann’s constant, T is the temperature, and C is
the capacitance) is usually assumed as the input noise floor.

QUANTIZATION NOISE
The signal distortion in quantization is modeled as quantization
noise with a signal-to-quantization-noise ratio (SQNR) definition of

[FIG1] Stated number of bits versus sampling rate.
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[FIG2] ENOB versus sampling rate.
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Why 1-bit?  Very Fast Quantizers!

[From “Analog-to-digital converters” B. Le, T.W. Rondeau, J.H. Reed, and C.W.Bostian, IEEE Sig. Proc. Magazine, Nov 2005]
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Inverse relationship btw 
achievable sampling rate 

vs. bit depth
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Intuitively ... x on S2, M vectors {ϕi : 1 � i � M}
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Intuitively ...

ϕ1

x

�ϕ1,x� > 0

{u : �ϕ1,u� > 0}

{u : �ϕ1,u� � 0}

x on S2, M vectors {ϕi : 1 � i � M}

1-bit Measurements

[illustration: P. Boufounos]
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Intuitively ...

ϕ1

ϕ2

x

x on S2, M vectors {ϕi : 1 � i � M}

�ϕ1,x� > 0
�ϕ2,x� > 0

1-bit Measurements

[illustration: P. Boufounos]



ELEN Ecole Centrale de Lille - 22/03/2012. 35

Intuitively ...

ϕ1

ϕ2

ϕ3

x

x on S2, M vectors {ϕi : 1 � i � M}

�ϕ1,x� > 0
�ϕ2,x� > 0
�ϕ3,x� � 0

1-bit Measurements

[illustration: P. Boufounos]
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Intuitively ...

ϕ1

ϕ2

ϕ3

x

x on S2, M vectors {ϕi : 1 � i � M}

�ϕ1,x� > 0
�ϕ2,x� > 0
�ϕ3,x� � 0

ϕ4

�ϕ4,x� > 0

1-bit Measurements

[illustration: P. Boufounos]
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Intuitively ...

ϕ1

ϕ2

ϕ3

x

x on S2, M vectors {ϕi : 1 � i � M}

�ϕ1,x� > 0
�ϕ2,x� > 0
�ϕ3,x� � 0

ϕ4

�ϕ4,x� > 0

ϕ5

�ϕ5,x� > 0

1-bit Measurements

[illustration: P. Boufounos]
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Intuitively ...

ϕ1

ϕ2

ϕ3

x

x on S2, M vectors {ϕi : 1 � i � M}

�ϕ1,x� > 0
�ϕ2,x� > 0
�ϕ3,x� � 0

ϕ4

�ϕ4,x� > 0

ϕ5

�ϕ5,x� > 0 Smaller and smaller 
when M increases

1-bit Measurements

...

[illustration: P. Boufounos]

{u : sign (Φu) = sign (Φx)}
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Intuitively ...

ϕ1

ϕ2

ϕ3

x

x on S2, M vectors {ϕi : 1 � i � M}

�ϕ1,x� > 0
�ϕ2,x� > 0
�ϕ3,x� � 0

ϕ4

�ϕ4,x� > 0

ϕ5

�ϕ5,x� > 0 Smaller and smaller 
when M increases

Characterize the width 
(particular x)

Objective

1-bit Measurements

...

[illustration: P. Boufounos]

{u : sign (Φu) = sign (Φx)}
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Binary Stable Embedding

40

Let Φ ∼ NM×N (0, 1), fix 0 � η � 1 and � > 0. If

M � 4
�2

�
K ln(N) + 2K ln( 50

� ) + ln( 2
η )

�
,

then Φ is a B�SE with Pr > 1− η.
                              M = O(�−2K lnN)

dang(x, s)− � � dH(A(x), A(s)) � dang(x, s) + �

Hamming distanceAngular distance

A(x) := sign (Φx)

Consistent + sparse reconstruction = bounded (angular) error !
� = O

��
K/M log(NM)

�
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✴ [Boufounos, Baraniuk 2008]

✴ Binary Iterative Hard Thresholding (BIHT):

Numerical Reconstructions:

41

x∗ = arg min
u

�u�1 s.t. diag(A(x)) Φu > 0 and �u�2 = 1

with ηK(u) = best K-term approximation of u

(proj. K-sparse signal set)

Given ys = A(x) and K, set l = 0, x0 = 0:

Stop when dH(y
s
, A(xl+1)) = 0 or l = max. iter.

al+1 = xl + τ
2ΦT

�
ys −A(xl)

�
,

xl+1 = ηK(al+1), l← l + 1

(“gradient” towards consistency)

minimizes

(τ > 0 controls gradient descent)

J (x) = �[ diag(ys)(Φx)]−�1, with (λ)− = (λ− |λ|)/2

(connections with ML hinge loss, 1-bit classification)

+ other iterative methods: Matching Sign pursuit (MSP), Restricted-Step Shrinkage (RSS)
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Simulations: Testing B�SE

M/N = 0.7 M/N = 1.5

dang(x,x
∗)− �(M) � dH(A(x), A(x∗)) � dang(x,x

∗) + �(M)

dH(x,x∗)− �(M) � dang(A(x), A(x∗)) � dH(x,x∗) + �(M)

C

�

C

�

D

�

C

D D

C

C
+
�(M

)

C
− �(M

)

C
− �(M

)

C
+
�(M

)



ELEN Ecole Centrale de Lille - 22/03/2012.

VI. CS ideas for imaging
“Rice One-pixel Camera”

Marco F. Duarte, Mark A. Davenport, Dharmpal Takhar, Jason N. Laska, 
Ting Sun, Kevin F. Kelly and Richard G. Baraniuk



ELEN Ecole Centrale de Lille - 22/03/2012. 44

M=N/3, 11 bit + noise: 27dB

Analog 
Random 

Convolution

Joint work with: P. Vandergheynst, A. Schmid, Y. Leblebici, EPFL, Suisse

CS CMOS Camera
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Joint work with: Y. Wiaux, P. Vandergheynst, EPFL, Suisse. A. Scaife, Cambridge, UK.

Radio-Interferometry
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Fourier Sampling!

Original x
BP+Back projection

46

Joint work with: Y. Wiaux, P. Vandergheynst, EPFL, Suisse. A. Scaife, Cambridge, UK.

Radio-Interferometry
S

yj = Î(kj)
Φ = SF
y = ΦI + �

Fourier 
plane
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Joint work with: A. Gonzalez, Ph. Antoine, C. De Vleeschouwer (UCL)

Optical Deflectometry ‣ Problem:
Reconstructing the refractive index 
map of transparent materials from 
light deflection measurements 
under multiple orientations.

‣ Interests: 
‣ (transparent) object surface topology 
‣ default detection in glass, crystal growth

‣ Advantages of deflectometry:
‣ Insensitive to vibrations (vs. 

interferometry)
‣ Less sensitive to dispersive medium
‣ Precision: up to 10nm flatness 

deviation on 50mm FOV 

multifocal lens
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∆(τ, θ) �
�

R2

�
∇n(x) · pθ

�
δ(τ − x · pθ) d

2x

Joint work with: A. Gonzalez, Ph. Antoine, C. De Vleeschouwer (UCL)

= Weighted Fourier Sampling

Optical Deflectometry

y = WSF n + �

yj = ∆̂(ωj , θj) = i(signωj) n̂(ωj , θj) S

‣ Problem:
Reconstructing the refractive index 
map of transparent materials from 
light deflection measurements 
under multiple orientations.

‣ Interests: 
‣ (transparent) object surface topology 
‣ default detection in glass, crystal growth

‣ Advantages of deflectometry:
‣ Insensitive to vibrations (vs. 

interferometry)
‣ Less sensitive to dispersive medium
‣ Precision: up to 10nm flatness 

deviation on 50mm FOV 
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∆(τ, θ) �
�

R2

�
∇n(x) · pθ

�
δ(τ − x · pθ) d

2x

Joint work with: A. Gonzalez, Ph. Antoine, C. De Vleeschouwer (UCL)

n0

n1

S(n) = �n�TV

= Weighted Fourier Sampling

=
�
R �∇n(x)� dx

Optical Deflectometry

y = WSF n + �

yj = ∆̂(ωj , θj) = i(signωj) n̂(ωj , θj) S

Sparsity model - TV
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∆(τ, θ) �
�

R2

�
∇n(x) · pθ

�
δ(τ − x · pθ) d

2x

Joint work with: A. Gonzalez, Ph. Antoine, C. De Vleeschouwer (UCL)

n0

n1

S(n) = �n�TV

= Weighted Fourier Sampling

=
�
R �∇n(x)� dx

Optical Deflectometry

FBP

TV Rec.

y = WSF n + �

yj = ∆̂(ωj , θj) = i(signωj) n̂(ωj , θj) S

Sparsity model - TV

M/N = 10%
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Conclusion
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Conclusion
Sparsity prior involves new sensing methods:
e.g., Compressed Sensing, Compressive Imaging.
Future:
✴ more sensing examples: http://nuit-blanche.blogspot.com

hyperspectral, network, GPR, Lidar, ... (explosion) 
✴ better sparsity prior: 

structured, model-based, mixed-norm (Cevher, Bach, ...)

co-sparsity/analysis model (Gribonval, Nam, Davies, Elad, Candes)

✴ non-linear CS?
1-bit CS is one instance, phase recovery (Candès), 
polychromatic CT, ...

52

http://nuit-blanche.blogspot.com
http://nuit-blanche.blogspot.com
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Thank you!

CS Links:
http://dsp.rice.edu/cs
http://dsp.rice.edu/1bitCS/
http://nuit-blanche.blogspot.com/

http://dsp.rice.edu/1bitCS/
http://dsp.rice.edu/1bitCS/
http://dsp.rice.edu/cs
http://dsp.rice.edu/cs
http://dsp.rice.edu/1bitCS/
http://dsp.rice.edu/1bitCS/
http://nuit-blanche.blogspot.com
http://nuit-blanche.blogspot.com
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Appendix
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Numerical illustration

55

BPDN

p = 3

p = 4

p = 10
S
N

R
(d

B
)

m/K

24

28

32

36

10 15 20 25 30 35 40
0 0.5 1-0.5-1

BPDN

0 0.5 1-0.5-1

BPDQ10

α−1(y − Φx∗p)i

Histograms of

M

Φ

N (0, 1)

✴ N=1024, K=16, Gaussian    , 80 quant. bins 
✴ 500 K-sparse (canonical basis) 
✴ Non-zero components follow 
✴  BPDQp solved by proximal optimization and
  operator splitting (Douglas - Rachford)
  http://wiki.epfl.ch/bpdq

http://wiki.epfl.ch/bpdq
http://wiki.epfl.ch/bpdq

