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Motivation: sensor networks

Dense, low-power e
L\ %
sensor-networks Sz«

Consider correlated nodes X, Y

Communication between X and
Y expensive.

Can we exploit correlation
without communicating?

Assume Y is compressed
independently. How to
compress X close to H(X]|Y)?

Key idea: discount I(X;Y).
HXY) = H(X) T 1(X;Y)



Distributed source coding: Slepfdo | f

5

ACHIEVABLE
RATE-REGION Y &
X6~ \
H(Y) - . Separate encoding = —~
o of Xand Y \‘;%

H(Y[X)

H(X[Y) H(X) F\;x



Distributed source coding

Source coding with side information: (Slepian-Wo | f ,Wyidei-Z3i v )

N ,
X X AXand are correlated sources.
—»Encoder— — Decoder —

Ty AY is available only to decoder.

A Lossless codin% (S-W): no loss of performance over when Y is
available at both ends if the statistical correlation between X
and Y is known.

A Lossy coding (W-Z): for Gaussian statistics, no loss of
performance over when Y known at both ends.

A Constructive solutions: (Pradhan & Ramchandran (DI S

Garcia-Fr i as & Zhao Comm.

Aaron & Girod DCC¢
Liveris, Xiong & Georgh

A Employs statistical instead of deterministic mindset.



Example: dit illustration

A Let X and Y be length-3 binary data (equally likely), with
the correlation: Hamming distance between X and Y Is
at most 1.

A Example: When X=[0 1 O], Y is equally likely to be
[010],[011],[000][110]

R2 H(X]Y) System 1
——+Encoder—  —Decoder— X = X

X+Y= < Need 2 bits to index this.




Example: dit illustration

R=? System 2

LEncoder—» —Decoder— 5\( = X

|

Y

A X andY are correlated
A Y Is available only at decoder (side information)

_ Y
A What is the best that one can do? 000
The answer is still 2 bits! 001
How? X 010
100
000
Cosetl {1 1 1}



‘ 3-bit illustration: construction

Channel codes

O 0 1g
& 1 oy
Coset-2

A Encoder: sends the index of the coset (bin) containing X.

A Decoder: using index and Y, decode X without error.

A Coset 1 is a length-3 repetition code

A Each coset has a wsymiiomeoe ass

Use of syndromes in | T

| 1 t
Practi cal code constructi agr




Example: geometnitustration

—>Signal to decoder

OOOOOOO

A Source

Assume signal and noise are Gaussian, iid



OOOOOLO

A Source
¢ Side information

Assume signal and noise are Gaussian, iid



‘ Example: scal&ynerZiv
N X Y

N
S

TR T wr .

Partition

D D D

e 3D J
I 'I X Y

|| -

3 cosets
A
)

X
- —TQ k- -

VR VR Y
\ N—— N— N——

A Encoder: send the index of the coset (log23 bits)
A Decoder: decode X based on Y and signhaled coset
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Source codl ng: | 0s s

Source alphabet X
Source distribution ~ py(X)

X— Encoder— —Decoder— X

Encoder:ee XNY { 1, 28Ry ¢é&, 2
Decoder: f: { 1, NRpy XNé , 2

Goal: minimize rate R such that probability of decoding error ~ Q
Answer: R OH(X)

A ldea: index only typical sequences

Set of all N-length sequences |
(Size & N@k)



Source coding: lossless case

A Source alphabet X X — Encoder —  — Decoder — X
A Source distribution ~ py(X)

Encoder:ee XNY { 1, 28Ry ¢é&, 2
Decoder: f: { 1, NRpy XNé , 2

Goal: minimize rate R such that probability of decoding error ~ Q
Answer: R OH(X)

A ldea: index only typical sequences
Probability of typical set ~ 1

Set of all N-length sequences
(Size & N@k)

Set of typical sequences
(Size a NH¥X)



Sourcecodingpssyc ase | Shann

A Distortion function: d(x, 8 X —{ Encoder— — Decoder — £

A Goal: minimize rate R such that expected distortion <D

A Answer: R2 R(D) = min . 1(X:
() p(ﬁx):Ed(X,)E)an( >E)
A ldea
Cover typical set with nsp 0

Indext hese nNspheres

Sizeof eacho¥ERer e

Rate =H(X)- H(X DB =1(X; %

Sequences which get the same index are nearby



Sourcecodingpssyc ase | Shann

A Distortion function: d(x, 8 X —{Encoder— — Decoder —* &

A Goal: minimize rate R such that expected distortion <D

~ . 2 — - .
A Answer: R2 R(D) p(ﬁx):g}gg,ﬁ)w | (X; )E)
A ldea
Cover typical set with nAsp 0
Indext hese nNspheres
Sizeof eacho¥ERer e
Rate =H(X)- H(X DB =1(X; %
Sequences which get the same index are nearby

of radius D



Sourcecodingpssyc as e [ Shann

A Distortion function: d(x, 8 X —{Encoder— — Decoder —* &

A Goal: minimize rate R such that expected distortion <D

~ . 2 — 1 .
A Answer: R2 R(D) p(ﬁx):ggg,ﬁ)w | (X; )E)
A ldea
Cover typical set with
Indext hese nNspheres
Sizeof eacho¥ERer e
Rate =H(X)- H(X DB =1(X; %
Sequences which get the same index are nearby

of radius D



Source coding w/side information: lossless

A Source X

X— Encoder— —Decoder— X

: . . t )
A Side information Y | [ Gray 073,

Y
A Goal: minimize rate R s.t. prob. of reconstruction error ~ 0

A Answer: R=H(X|Y)

A ldea

Given side information sequence YN, index conditionally typical
sequences of XN given YN



Source coding w/side information: lossless

A Source X

X— Encoder— —Decoder— X

: . . t )
A Side information Y | [ Gray 073,

Y
A Goal: minimize rate R s.t. prob. of reconstruction error ~ 0

A Answer: R=H(X|Y)

A ldea

Given side information sequence YN, index conditionally typical
sequences of XN given YN

2

Conditionally typical set of size & NHXM Y-sequence



Source coding w/side information: lossless

A Source X

X— Encoder— —Decoder— X

: . . t )
A Side information Y | [ Gray 073,

Y
A Goal: minimize rate R s.t. prob. of reconstruction error ~ 0

A Answer: R=H(X|Y)

A ldea

Given side information sequence YN, index conditionally typical
sequences of XN given YN

2

Conditionally typical set of size & NHXM Y-sequence



Source coding w/side informatidomssycase

A Source X X — Encoder —* —* Decoder — X%

: . . t )
A Side information Y | [ Gray 073,

Y

A Source distribution ~ py(Xly)

A Goal: minimize rate R such that expected distortion < D



Source coding w/side informatidomssycase

A

Source X =
u X — Encoder— —*{Decoder— %

T f
[ Gray 073,

Side information Y |
Y

Source distribution ~ py(Xly)

Goal: minimize rate R such that expected distortion <D

Answer: conditional rate-distortion function

R2 R, (D)= _ min _ I(X;X]Y)

p(dx,y):Ed(X,X)¢D

ldea

Given side information sequence YN, cover the conditionally typical
setof XNgivenYNusi ng fAsphemesd of radi

Index these spheres

Conditionally typical
X-sequences

Y-sequence



Source coding w/side informatidomssycase

A

Source X

X— Encoder— —*{Decoder[—" *

T f
[ Gray 073,

Side information Y |
Y

Source distribution ~ py(Xly)

Goal: minimize rate R such that expected distortion <D

Answer: conditional rate-distortion function

R2 Ry (D)= _ min _  1(X;%]Y)

p(Kx,y):Ed(X,Y)¢D

ldea

Given side information sequence YN, cover the conditionally typical
setof XNgivenYNusi ng fAsphemesd of radi

Index these spheres

Conditionally typical
X-sequences

Y-sequence



Source coding w/side informatidomssycase

A

Source X =
u X — Encoder— —*{Decoder— %

T f
[ Gray 073,

Side information Y |
Y

Source distribution ~ py(Xly)

Goal: minimize rate R such that expected distortion <D

Answer: conditional rate-distortion function

R2 Ry (D)= _ min _  1(X;%]Y)

p(Kx,y):Ed(X,Y)¢D

ldea

Given side information sequence YN, cover the conditionally typical
setof XNgivenYNusi ng fAsphemesd of radi

Index these spheres

Conditionally typical
X-sequences

Y-sequence



Source coding/ Sl at decoder only: lossles:

A Source X

X— Encoder— —Decoder— X

A Side information Y [Slepian-Wo | f 5 7% ]

A Source distribution ~ py(Xly)

A Goal: minimize rate R s.t. prob. of reconstruction error ~ 0

A ldea

Typical X-sequences which are far apart given the same
index

Induces a partition on the space of X : binning

Any valid Y-sequence Y there do not exist more than one
conditionally typical X-sequence having the same index



Source coding/ Sl at decoder only: lossles:

A Source X

X— Encoder— —Decoder— X

A Side information Y [Slepian-Wo | f 5 7; ]

A Source distribution ~ py(Xly)

A Goal: minimize rate R s.t. prob. of reconstruction error ~ 0

A ldea

Typical X-sequences which are far apart given the same
index

Induces a partition on the space of X : binning

Any valid Y-sequence Y there do not exist more than one
conditionally typical X-sequence having the same index



Source coding/ Sl at decoder only: lossles:

A

Source X

Side information Y

Source distribution ~ py(Xly)

Goal: minimize rate R s.t. prob. of reconstruction error ~ 0

ldea

Typical X-sequences which are far apart given the same

index

X — Encoder

—>

—>

Decoder

_>X

[Slepian-Wo | f 0 7; ]

Induces a partition on the space of X : binning

Any valid Y-sequence Y there do not exist more than one

conditionally typical X-sequence having the same index

Conditionally typical set of X|Y

Y-sequence



Source coding/ Sl at decoder only: lossles:

A

Source X

Side information Y

Source distribution ~ py(Xly)

Goal: minimize rate R s.t. prob. of reconstruction error ~ 0

ldea

Typical X-sequences which are far apart given the same

index

X — Encoder

—>

—>

Decoder

_>X

[Slepian-Wo | f 0 7; ]

Induces a partition on the space of X : binning

Any valid Y-sequence Y there do not exist more than one

conditionally typical X-sequence having the same index

Conditionally typical set of X|Y

Y-sequence



Source coding w/ Sl at decoder only: lossle

X— Encoder— —Decoder— X

[Slepian-Wo | f 0 7; ]

A Set of X-sequences that get the same index Z channel code
for the fictitious channel with input X, output Y

A Channel: input distribution py(x), transition probabilly ~ p,(xly)

A Max. reliable rate of transmission = [(X;Y)
A This rate comes for free from this fictitious channel

Y R=H(X)- 1(X;Y)=H(X)- [H(X)- H(X[Y)] =H(X]Y)

A Source space partitioned into cosets (shift) of channel
codebooks

A No loss in performance for lack of Y at encoder

Conditionally typical set of X|Y Y-sequence



Source coding/ Sl at decoder onossy

A Source X X — Encoder —* —* Decoder — X%

A Side information Y [Wyner Zivo 7 6 ] l

A Distortion function d(X,E

A Goal: minimize rate R such that expected distortion <D



Source coding/ Sl at decoder onossy

X —>

Encoder

—>

A This gives a rebate in rate of 1(U; Y)

A Total rate = 1(X; U) - I(U;Y)

—>

Decoder

— %

[Wyner Zivo 7 6 |

Apply source coding with Sl idea losslessly

New fictitious channel has input U, and output Y

Quantize X to some intermediate reconstruction U

From standard R-D theory, this would incur a rate of I(X; U)

T

Y



Source coding/ Sl at decoder onNossy

X — Encoder

—>

—>

Decoder

[Wyner Zivo 7 6 |

A Apply source coding with Sl idea losslessly
A New fictitious channel has input U, and output Y
A This gives a rebate in rate of |(U; Y)

A Total rate = I(X; U) - I(U;Y)

Quantize X to some intermediate reconstruction U

From standard R-D theory, this would incur a rate of I(X; U)

T

Y



Source coding/ Sl at decoder onossy

X — Encoder— —*Decoder— %

T

Y

A Encoder does not observe Y [Wyner Zivo 7 6

A Choosing p(ulx) fixes the joint distribution of X,Y,U using Markov
chain condition YY XY U as p(y)p(Xly)p(ulx)

A The decoder has two looks at X: through U, through Y

A Get an optimal estimate of X given U and Y: = g(U,Y)

A SlY is used twice: recovering U, estimating X

A R2ZR,(D)= min_ [(X;U)- I(U;Y)

p(ulx):Ed(X,X®)¢D

Conditionally typical sequences of U|Y Y-sequence



Remark

A Quantizer for the source X is partitioned into cosets (shift) of channel
codebooks for the fictitious channel with i/p U and o/p Y

A Contrast between two kinds of many-to-one encoding functions:
Quantization: sequences that get the same index are nearby

Binning: sequences that get the same index are far apart




Example: Gaussian with quadratic distortio

Lossy source coding with no side information
A . . . . 2
A X Is zero-mean Gaussian with variance S

A Quadratic distortion: d(x, ¥ = (x- B°
a

A R(D) _—|oggf
G

A Test channelis given by:

C[DO

Y p(¥ x) = Gaussiar

X|> () e mean= /7
D(s?- D)

OIT var =




Example: Gaussian with quadratic distortio

Lossy source coding with side information
. . . . 2
A X=Y+N, where N is zero-mean Gaussian with variance S

A Y is arbitrary and independent of N

A Quadratic distortion: d(x,E =(X- 52

[¢)

1. 4s?d
A Ry (D) :Eloggggg )
¢ Y p(¥]x,y)=Gaussiar

A Test channel is given by: mean=ax+(1- a)y

A@i var= 21 D)
-y] al v | 2 ;”
52

n
2
Sn

a =




Example: Gaussian with quadratic distortio

Lossy source coding with side information at decoder only
A Source, side information, and distortion as before

1, 8s’q.
A RNZ(D):?OQQ%BY no performance | oss
(; —_

A Test channel when Sl is present AW@E
at both ends 3
Y] G
A Test channel when Sl is present at decoder only

Ab e U C C s£ Y p(u]x) =Gaussian
N mean= a X
QT YT T-aY D(s2- D)

52

n

var =

e

¥=U +(1- a)Y



Distributed source coding: lossless case

X
— | Encoder

Ry

——»

*+

— | Encoder

R

——>

—

—

Decoder

XY

A Minimize rate pair R, R, such that probability of decoding error ~ 0

Ry

H(Y)

H(Y[X)

N
ACHIEVABLE
RATE-REGION
A
c—™——— .
Separate encoding
B of XandY
H(XTY)  H(X) R



Example

A XandY Y length-7 equally likely binary data with
Hamming distance between them at most 1.
H(X)= 7 bits
H(Y|X)= 3 bits = H(Y|X)
H(X,Y)=10 bits

Ry
ACHIEVABLE
RATE-REGION
A
_ 0 \
H(Y)=7 \C Separate encoding
of Xand Y
B
H(Y|X)=3

v

HX|Y)=3  H(X)=7



Distributed source codingssycase

X
— | Encoder

I?X

——> —>

=

¥ E

Decoderr——

— | Encoder

R,

—> —>

A Minimize rate pair R,, R, such that

E[d, (X, )] ¢

A Optimal performance limit:

D,., and E[d, (Y,¥] ¢ D,

open problem!

A Approach: [Berger-Tung 07 7]

Quantize Yto V

Treat V as side information



Distributed source codingssycase

A Berger-Tung achievable rate region

R, 2 (X;U)- I(U;V)
R 2 1(Y;V)- | (U;V)
R, +R 2 [(X;U)+1(Y;V)- 1(U;V)

A For every choice of PyxU[X), B,y (V]Y)

that satisfies distortion constraints

A QOverall rate region is the union of

Ry

such regions Y2V

A Can be easily generalized to more
general distortion functions

1(Y;V)- 1 (U;V)

ACHIEVABLE
RATE-REGION
*.C
\ Separate
encoding
of XandY
B

A Shown to be tight in some special
cases

1 (X:U)- I(U;V) |(§<;U)

v



Remarks

A

>

>

All results Y random quantization and binning

Structured random codes may give a better performance
than unstructured random codes [Korner-Marton 0 7 9 |

Structured codes for quantization and binning is a topic
of active research.



BREAK
10.00 AM10.10 AM
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Active area of recent research

Theory
D.Slepian& J. Wol f (0673)
A.Wyner( 67 4)
A.Wyner&J.Ziv( 6 7 6)
|.Csiszar( 6 8 2)
Zamiret al (602, o603, 0604)
S.Pradhan & K. Ramchandran (605)
Many Mor eé

Source coding with side information T I.I.D. Sources
.Orlitsky( 693, Graph Theoretic)
.Pradhan & K. Ramchandran (699)
. Zhao & J. Garcia-Frias ( 6 0 2, | arger al phabets)
. Liveris, Z. Xiong, & C. Georghiades ( 6 0 2 )
. Schonberg, S. Pradhan, & K. Ramchandran (0602)
. Mitran & J. Bajcsy ( 6 0 2)
.Aaron & B. Girod ( 6 0 2)
. Liveris, Z. Xiong, & C. Georgihades ( 6 0 3)
J.Li,ZTu, & R. Blum (604)
M. Sartipi & F. Fekri( 6 0 5)

A Source coding with side information i Correlated Sources
J. Garcia-Frias & W. Zhong ( 6 0 3)
D. Varodayan, A. Aaron, & B. Girod ( 6 0 6 )

p>

po

>X>T0VO0O>»<0r>



Example

A XandY ->length-7 equally likely binary data with Hamming distance

between them at most 1.

H(X)= ? bits
H(Y[X)= ? bits = H(Y|X)

H(X,Y)=? bits

Answer:
Ad(x)=H(Y)=7 bits, H(X,Y)=10 bits

AJse (7,4,3) Hamming code
ASend Y as is (7 bits)

ASend syndrome for X (3 bits)

ACHIEVABLE
RATE-REGION

N

v




Symmetric Coding

— | Encoderl—s —»

XY

* Decoder———

— | Encoderl— —»

A Example:
XandY ->length-7 equally likely binary data.
Hamming distance between X and Y is at most 1

A Solution 1:
Y sends its data with 7 bits.
X sends syndromes with 3 bits.
{ (7,4) Hamming code } -> Total of 10 bits

A Solution 2: source splitting [Willems ¢ 8 Brbanke-Rimoldi 6 9 7 ]

A Can correct decoding be done if X and Y send 5 bits each ?



Symmetric Coding

A Solution: Map valid (X,Y) pairsinto acosetmatrix[| SP & KR 0C

Coset Matrix

3o[0lo]o O
MEEES O
Y
2
1 |o|ofe O
123 ... 3132

X

A Construct 2 codes, assign them to encoders
A Encoders Y send index of coset of codes containing the outcome



Symmetric Coding

.
101101

1011010 Gl:[ogoocl)og

G = 0100101 |]|:|:> y

(1)1188(1)? c-{0110010

- ~ *"1110001

G,G,=237Y Syndromes are 5 bits long

A Decoder: Find a pair of codewords (one from each coset) that satisfy the
distance criterion

A There exists a fast algorithm for this

A This concept can be generalized to Euclidean-space codes.



Rate Region

R,R: R23R?23
R +R, 210

- S

The rate region is: <

Ry AAIl 5 optimal points can be
constructively achieved with the
same complexity.

AAIl are based on a single linear code

[ I
[
w B~ o

— ACan be generalized to arbitrary
3456 7 statistics [Schonberg et al. 2002]

v




LDPC Codes: Brief Overview

A Need linear codes Y use LDPC codes.
A Class of capacity approaching linear block codes.

A Sparse parity check matrix depicted by Tanner graph
Circles represent bits.
Squares represent constraints.




LDPC Codes Overview: decoding

A Decoded via message passing algorithm.

A Messages passed in two phases.
Update rules:

()= O m(x) n(x

m(x)= a % (Xn(s) Onjs(x)

XN (s)\i (; il 2 (s)\i

ti 7 (|)\s
MO

A Distribution of each variable estimated after n

iterations.
P(X) = E O m, (%)
d ? (i)



>

Source coding/ side information at decode

X=Y+N, Y is arbitrary X_, Encoderl— — Decoderi

N is zero-mean Gaussian with variance srf T Y

Y and N are independent

Quadratic distortion: d(x,
8525
Performance limit: R,,(D) = 1 95;9” Q
2 c D =

Key idea: source codebook partitioned into cosets of channel codebooks

Goal: computationally efficient way to construct
Source codebook (quantizer) with an encoding procedure
Partition of the quantizer into cosets of channel codebooks



Symmetric Coding: lllustration

UYl

A Source bits, compressed
bits, and LDPC code
appliedto Y

le

(N N J

A Source bits, compressed
bits, and LDPC code
applied to K

v.@ v.@ v-@ v.@

A Correlation constraints



Standard Distributed
source-coding source-coding

ABoundary gain ~ 6 - 9 dB:

: _ ACoding gain ~ 6 - 9 dB: achieved by
achieved by entropy coding

partitiom using LDPC channel codes

AGranular gain ~ 1.53 dB: achieved

it AGranular gain ~ 1.53 dB: achieved
by vector quantization

by vector quantization
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Standard Distributed
source-coding source-coding

AVQ and entropy coding can be

_ AVQ and partition using channel codes
done independently

cannot be done independently

ATCQ gets 1.36 dB of granular gain

R e A Algebraic structure of TCQ does not
=>within 015 dBfromR=-D limit

Aogl'evlelowitwieal df LDwd cochs t ho

ANeed new block-coded quantization
techniques!




Rol e of osource c¢cod

NSource Codeo: Desired di st

Joint guantization and estimation:

X W W X
—Quantizer— — Estimator [—

Y ]

Active source codeword: Codeword -> X is quantized.

Quantization: A Quantize X to W
AW => ASource Codesc

Estimation: Estimate X using W and Y.



Rol e of ochannel CO

AARChannel Codeso: Reduce source co
APartition of t hecosttsourdaehaodek oc 0

Source
Codewords
(elements A subset
of the set W) ofW ->
channel
coset code ->
W Channel p(y|w).

A'Y and W are correlated=>induces an equivalent channel p(y|w).
ABui | d ficodetxormdels 0 on Wywpr channe



Rol e of ochannel CO

APar t i i |l nt o coset s
Cosetl Coset? Coset3

ASource code => a collection of channel codes.
ASend index of coset

Decoder:
ARecovers active source codeword by channel decoding Y in given coset

AChannel decoding fails => Outage



Encoder and Decoder Structure

Encoder Decoder

X >

W Compute U Channel W
Find index of the decode
iIndex of R coset JY in the coset J Estimate |
active containing the U to find the X
codeword active active
codeword codeword

| |

Iy




Distributed Source Coding Theory

A Source coding theory \
Quantization
Indexing
Fidelity criterion

A Channel coding theory > Intricate
Algebraic structure Interplay
Minimum distance
Prob. of decoding error

A Estimation theory
Estimation with rate constraints _/




Basic Concept

lllustrative Example:

Consider a fixed-length scalar quantizer
(say with 8 levels)

Partition:

2 s > 4 Cosets




‘ Trellis based coset construction

Example: Rate of transmission= 1 bit/ source sample.
Quantizer: fixed-length scalar quantizer ->8 levels.

AC:{VO, 1, I , I3 I fs s ry}:>setof codewords.
A CN has 2°N  sequences
APartition CN Into 2N cosets each containing 22'\' sequences.

AUse Ungerboeck trellis for such partitioning.

Trellis Coding:
) Cocnc‘)’g('e‘fg?t;"' | Mapping |, ASequences generated by this
- ° machine form a coset in space C"
. 3
Q:{01"-

ACoset -> 92°N sequences.



Trellis Partitioning:

>

Source Codebook = CN

Channel Codebook= set of sequences generated by the finite state
machine

Task: partition CN into 2N cosets, containing 22N sequences (in a
computationally efficient way)

0426 1537
1537 0426
2604 3715
3715 2604

Fast Encoding: Send syndrome sequence of active codeword
Fast Decoding: Modified Viterbi algorithm using relabeling.



Trellis Partitioning

~

A

Connection with earlier picture
e}, Y codewords of scalar quantizer

C={rqry,

—»| Convolutional
—» Coder G(t)

—>
—>

—

Q:{0}*- C

Mapping
Q

Set of N-length sequences generated

by the finite state machine




Simulation Results

po

po

Model:
Source: X~ 1.i.d. Gaussian
Side information: Y= X+N, where N ~ 1.i.d. Gaussian

Correlation SNR: ratio of variances of X and N
Normalized distortion: ratio of distortion and variance of X
Effective source coding rate = 1 bit per source sample

Quantizers:
Fixed-length scalar quantizers with 4, 8 and 16 levels

Shannon R-D Bound: distortion=-6.021 dB at 1 bit/sample.



Normalized Distortion in dB

Simulation Results

~

A Distortion Performance

| 8-levels : 4-levels

Wyner-Ziv Bound |
Rate=1b/s

Wyner-Ziv Bound
Rate = 2 bfs

14 15 16 17 18 19 20 21 22
Correlation-SNR in dB

~

A Probability of error
(uncoded system)

Prob. of error in exponents of 10

0 T T T T T T T
e %‘f‘?‘*f*——%ﬂ gy e ST e L L SRR
e : 5
: ey 0 T6levels
: i H ?‘*\”’--f*kk
’ : "
Al M\*\\ 5 é g
DT 8levels | :
: . " :

8
4 15 18 17 18 19 20

Correlation-SNR 'in dB

2



Prob. of error in exponents of 10

Probabllity of Error:

4-level root scalar quantizer

—
o e \‘1"-\&_\ ,,,,,,,,,,,,,,,, ,,,,,,,,,,,,,,,,, ,,,,,,,,,,,,,,, ““““““““““““““ ...............................

B 8 : | :

: " uncoded : :
3 ........................................................... ~*_~\ ...........................

: \i*\k\ :

; i :
_3‘5_ ................................................................................ Shrisams \*“* ..........................

: L
3 o \_\*
3 dB galn

S B b N S N
s R TR e N 4—5tate ,,,,,,,,,,,,,,,,,,,,,,,,,
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Trellis coset coded system

Prob. of error in exponents of 10

-1 _ : . !

8-level root scalar quantizer

* uncoded
4-state

¥

16-state

* 8-state |

4 15 16 17 18 19 20 21

Gains (at C-SNR=18 dB) : Theoretical = 18 dB.

over Shannon bound

DISCUS = 14 dB at Prob. of error ¢10™*

22



Approaches based on codes on graph

A Trellis codes Y codes on graph to effect this partition
A Need good source code and good channel code

A Start with simple (not so good) source codebook and
very good channel codebooks.

A Use belief propagation at the decoder to recover active
source codeword



Reminder: graphical models

A Factor Graphs
Circles: Variables, Squares: Constraints

A Graphical representation for linear transformation
Y T source bits, U T compressed bits
Squares i Linear transformation Equations

A Transformation inversion: Belief propagation
Iterative application of inference algorithm




‘ Approaches based on codes on graph

Xiong et al., Garcia-Frias et al.

Example: Rate of transmission= 1 bit/ source sample.
Quantizer: fixed-length scalar quantizer ->8 levels.

AC:{VO, 1, I , I3 I fs s ry}:>setofcodewords.

A CN has 2°N  sequences

APartition CN Into 2N cosets each containing 22'\' sequences.

Multi-level Coding using binary block codes of code rate 2/3

—»| Encoder of
— LDPC code G

—>
—>

—

Mapping
Q

Q:{0}*- C

ASequences generated by this
machine form a coset in space CL

ACoset -> 22N sequences.

Awithin 1.53 dB from R-D limit



\ Partitioning based on LDPC codes

Connection with earlier picture:

C:{ro, o, I, I3 Iy [Is [Tg rz}:>codewordsofscalar
guantizer

—»| Encoder of :: Mapping |,
— LDPC code G |— Q

Q:{0}*- C

Set of N-length sequences
generated by the block code




Binary Memoryless Sources

: : X :
A X, Y: binary symmetric correlated sources  __, Encoder_, _>Decoder_>E,

K

Correlation: Y = X A Z, Z is Bernoulli(p) and independent of X

A
A Distortion: d(X, E =W, (XA E
A Goal:

Build a quantizer for X (U represents the quantized version)
Build a channel code for the channel with i/p U and o/p Y
Put a linear structure on both quantizer and channel code

Channel code is a subcode of the quantizer => induces a coset partition



Binary Memoryless Sources

~

) X
A Linear codes:

_|Encoder_, —]Decoder

P

A Channel code:

Theory of binary linear channel codes Y well-developed
LDPC codes with belief propagation (BP) algorithm
Gets the ultimate rebate 1(U;Y)

A Block quantizer:

LDPC codes are not good quantizers, BP fails for quantization
A new theory of binary block quantizers

LDGM (low-density generator matrix) codes

Survey propagation (SP) algorithm [Mezard 2002, Wainwright-
Martinian 2006]]



Belief propagations Survey propagation

A
— Channel codebook

Probability distribution of the:channell output

Channel output realization

Channel decoding: belief propagation approximates min. distance decoding

—— Source codebook

Probability distribution of the source word

Source word realization

: survey propagation approxirates min. distance encocing




