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Side Information

Signal processing tasks
Denoising

Reconstruction

Demixing (source separation)
Compression

Inpainting, super-resolution, ...

Recommender systems  Medical imaging Consumer electronics

How to represent multi-modal or heterogeneous data ?

How to process it ?
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Compressed Sensing

Sucess rate (50 trials)
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What if we know T ~ z* ? prior information

How do we integrate X in the problem?

Reconstruction guarantees?

HERIOT

7 = 2*[[2/[[2*[l2 ~ 0.45

Compressed Sensing (CS)

70-sparse
b = A:mxn
iid Gaussian Tr*
1000
Basis pursuit
r = argmin ||
xT
s.t. b= Ax

medical images, video, ...
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Intuition

Ax* = b measurements ‘random orientation

solutions of Ax =b : x* + ker(A)

r = argmin ||z||; st. Arx =0
xZr

Tangent cone of f at z*
T¢(x*) = cone(Sf(z*) — z¥)

{z: f(2) < f(a")}

Our approach Ty (x*)

T : prior information (PI)

g : model for PI g(r* —T) ~ small

minimize  f(x) = ||z||1 + Bg(x — T) gi(x —7T) = |lz — 7|
i # Ty (x™) — 1 —(12

subject to Ax =0b g2(r —7) = 5|lv — 7[5



Good components

f2>33§

Bad components

fg<$§
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. . . . S-sparse
L1-L1 minimization
b = A:mxn
x*
Theorem (BP) [Chandrasekaran, Recht, Parrilo, Willsky, 2012]
n 7 N :
m > QSlog(—) + = +1 = z*= argmin |z w.h.p.
S €T
s.t. b= Ax
Theorem (L1-L1 minimization) [M, Deligiannis, Rodrigues, 2017] parameter-free

h=|{i:af>0,7 <a;}U{i:af <0,7 > ]}

>0 8=1

_ 7
m22h10g< - ) +—(8+g)+1 — " = argmin |z|; +
s.t. b= Ax

|le —Z|1  w.h.p.

0<h<s E=|{i T #a; =0} —|{i : T =2 #£0}

support overestimation



HERIOT

AT

Experimental Results Ajj : Gaussian
x* : n = 1000 s ="T0 z; ~N(0,1) 1T — x*||2/||x*||2 ~ 0.45
T: T=a"+2z card(z)=28 2 ~N(0,0.8) h=11 &= —42
12 = 2*[|oo/[|2*[|oo < 1072
Sucess rate (50 trials)
1.0
0.8

L1-11 HEEHES
0.6 mlmccmlze HxTc |

BP bound subject to Az =b

0.4 [Vaswani and Lu, 2010]
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Summarizing

m Prior Information can help, but can also hinder \/

m L1-L1 works better than L1-L2 (theory and practice)

m (Computable) bounds are tight for L1-L1, but not for L1-L2

B Theory predicts optimal 5 ; indicates how to improve @

m Limitations: Gaussian matrices; bounds depend on unknown parameters

)+7(s+§)+1

mEQElog( R 5

s+&/2
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Compressive Background Subtraction
z[l] | Z[Q] | z[3] | z[4] | c R"

1A4 l linear operation

A A A

yl1] | ma CS camera

v

v observed

How to recover z[k] from y|k| online ?

How many measurements my, from frame z[k|?
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Compressive sensing for background subtraction foreground x[k]
[Cevher, Sankaranarayanan, Duarte, et al, 2008]

e

v

sparse

+f
AL .

A

Basis Pursuit
min [Jzfls +l - |l
s.t.  Arx = yyK]

Assumption: background is static & known fg measurements
Problems Our Approach
Prior frames are ignored Estimate z[k| from past frames: Zz[k]

my, : fixed; depends on foreground area Integrate Z[k| into BP via £1-£1 minimization
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Problem Statement
.. xlk — Tk — k|l ... n
Model A e B U B
time
sparse arbitrary function sparse
’ ‘ ‘ \ Ak M XN
+ €|k
= Ik ({3’: } ) g ylk] measurements
ylk| = Ak z[K]
Problem

Compute a minimal # of measurements my

online algorithm w/ adaptive rate
Reconstruct x|k| perfectly
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Algorithm 2[k] = fk({a;[z']}f;f) + e[k]

my, : computed at iteration k£ — 1

ylk] = Ay z[k]
Acquire ylk] = Ag x[k] with A :myg X n '
Gaussian
crqy k—
Set wlk| = fk({ﬂ?[l]}izll) Estimate x[k]
Zlk] = argmin |z||; + ||z — wlk]||, LI-L1 minimization

s.t. ylk| = Ap x

& = [{i = wilk] # &:k] = 0} — {7 : wilk] = (k] # 0}
hie = |[{i : &5[k] > 0, &[k] > wi[k]} U {i : 2;[k] <0,2;[k] <wi[k]}| parameters of x[k]
Sk = |{i + z[k] # 0}

n 7/, ék
m = 2h lo _— —I——(S —|——)—|—1
k+1 [ k E’;(Sk+£k/2) 5 k 9

k <+ k+1 andrepeat...

(14 6r) #measurements of z[k + 1]

‘oversampling factor



HERIOT
PWALT

Estimating a Frame

estimation extrapolation

z|lk — 2] zlk — 1] z|k]

linear motion
overlap: take average; gaps: fill w/ average of neighbors

state-of-the-art in video coding
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280 frames

Number of measurements
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5000 CS oracle prior state-of-the-art
[Warnell et al, 2014]
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reduction of 67%
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Relative error
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reconstruction
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Motivation: X-Ray of Ghent Altarpiece

Mixed X-Ray

Can we use the visual images to separate the x-rays?
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Approach: Coupled Dictionary Learning

Training step
coupling

w/ sparse columns

Y =vZ
X=0Z+®V

learn dictionaries by alternating minimization

S c c 2 & 2
minimize Y —0eZ||, + || X —®Z - V|,
Z,V

subject to card(Z;) <s,, i=1,...,T
card(V;) <s,, i=1,...,T
Demixing step
mixe x-ray visual front  visual back

x = P21 +22) + 2Pv

y1 = V2 Yo =V

X-Ray Visible

X Y
minimize 121 + 122l + ol
subject to = ®¢(21+29) + 2Dv
Y1 = \I!Czl
y2 = ¥z



reconstructed x-rays

Results
MCA [Bobin et al, 07’]
mixed X-ray
e . .
. Ours .

visuals in grayscale
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Summary / Conclusions

data dictionaries sparse columns
X = o° & Z
Y ve 0 Vv
sparse sparse
x = J J = xr = 2|' —|—?|J prior information
Y A 0 Y = Az measurements

observations

Xfls | o o =

ke

¥ multi-modal featufes
Better models? Applications
Guarantees? medical imaging (MRI + PET + ECG)

Scalable algorithms? super-resolution (depth + visual)
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X=0°Z4+DV
Y =07

X-ray separation

Low-rank model
amazoncom

SAR + microwave imaging
robotics (laser + sonar)
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