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Dense, low-power

sensor-networks

Motivation: sensor networks

Â Consider correlated nodes X, Y

Â Communication between X and 

Y expensive.

Â Can we exploit correlation 

without communicating?

Â Assume Y is compressed 

independently.  How to 

compress X close to H(X|Y)?

Â Key idea: discount I(X;Y).

H(X|Y) = H(X) ïI(X;Y)



Distributed source coding: Slepian-Wolf õ73
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Source coding with side information: (Slepian-Wolf, ó73, Wyner-Ziv, ó76)

Distributed source coding

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

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

Â Constructive solutions:      (Pradhan & Ramchandran (DISCUS) DCC ó99 , 
Garcia-Frias & Zhao Comm. Letters ô01,

Aaron & Girod DCC ô02, 
Liveris, Xiong & Georghiades DCC '03,é)

Â Employs statistical instead of deterministic mindset.

ÁX and Y are correlated sources.

ÁY is available only to decoder.



X+Y=

0 0 0

0 0 1

0 1 0

1 0 0

Need 2 bits to index this.

Example: 3-bit illustration

Â Let X and Y be length-3 binary data (equally likely), with 

the correlation: Hamming distance between X and Y is 

at most 1.

Â Example: When X=[0 1 0], Y is equally likely to be

[0 1 0], [0 1 1], [0 0 0], [1 1 0].

Encoder DecoderX

Y

System 1R ²H(X|Y)

X = X
^



Â X and Y are correlated

Â Y is available only at decoder (side information) 

Â What is the best that one can do?

Ç The answer is still 2 bits!

Ç How?

0 0 0 

1 1 1
Coset-1

000

001
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100

111

110

101

011

X

Y

Encoder DecoderX

Y

System 2R = ?

X = X
^

Example: 3-bit illustration



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

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

Â Coset 1 is a length-3 repetition code

Â Each coset has a unique associated ñsyndromeò 

Use of syndromes in IT literature: Wyner ô74, Csiszar ó82

Practical code construction (DISCUS): SP& KR ó99
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Example: geometric illustration
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Assume signal and noise are Gaussian, iid



Example: geometric illustration
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Example: scalar Wyner-Ziv

Â Encoder: send the index of the coset (log23 bits)

Â Decoder: decode X based on Y and signaled coset
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Outline

Â Session I. Introduction and theory : 9.00 am-10.00 am
Ç Motivation and intuition

Ç Distributed source coding foundations 

Ç Break: 10.00-10.10 am

Â Session II. Constructions: 10.10 am-10.50 am
Ç Structure of distributed source codes

Ç Constructions based on trellis codes

Ç Constructions based on codes on graphs

Ç Break: 10.50-11.00 am

Â Session III. Connections and Applications: 11.00 am-12.00 
noon
Ç Overview of connections and applications with snippets 

Ç Compression of encrypted data

Ç Distributed video coding



Outline

Â Session I. Introduction and theory : 9.00 am-10.00 am
Ç Motivation and intuition

Ç Distributed source coding foundations

Ç Break: 10.00-10.10 am

Â Session II. Constructions: 10.10 am-10.50 am
Ç Structure of distributed source codes

Ç Constructions based on trellis codes

Ç Constructions based on codes on graphs

Ç Break: 10.50-11.00 am

Â Session III. Connections and Applications: 11.00 am-12.00 
noon
Ç Overview of connections and applications with snippets 

Ç Compression of encrypted data

Ç Distributed video coding



Source coding: lossless case [Shannon õ49]

Â Source alphabet  X

Â Source distribution ~ pX(x)

Â Encoder: e: XNŸ {1, 2, é, 2NR}

Â Decoder: f: {1, 2, é, 2NR} Ÿ XN

Â Goal: minimize rate R such that probability of decoding error ~ 0

Â Answer: RÓ H(X)

Â Idea: index only typical sequences 

Set of all N-length sequences

(Size å 2Nlog|x|)

DecoderEncoderX X



Source coding: lossless case

Â Source alphabet  X

Â Source distribution ~ pX(x)

Â Encoder: e: XNŸ {1, 2, é, 2NR}

Â Decoder: f: {1, 2, é, 2NR} Ÿ XN

Â Goal: minimize rate R such that probability of decoding error ~ 0

Â Answer: RÓ H(X)

Â Idea: index only typical sequences 
Ç Probability of typical set ~ 1

Set of typical sequences

(Size å 2NH(X))

DecoderEncoderX X

Set of all N-length sequences

(Size å 2Nlog|x|)



Source coding: lossycase [Shannon õ58]

Â Distortion function: 

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

Â Answer:

Â Idea

Ç Cover typical set with ñspheresò  of radius D, 

Ç Index these ñspheresò

Ç Size of each ñsphereò

Ç Rate

Ç Sequences which get the same index are nearby

)Ĕ;(min)(
)Ĕ,(:)|Ĕ(

XXIDRR
DXXEdxxp ¢

=²

)Ĕ,( xxd

)Ĕ|(2 XXNHº
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DecoderEncoderX XĔ
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Source coding: lossycase [Shannon õ58]

Â Distortion function: 

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

Â Answer:

Â Idea
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Ç Index these ñspheresò

Ç Size of each ñsphereò

Ç Rate

Ç Sequences which get the same index are nearby

)Ĕ;(min)(
)Ĕ,(:)|Ĕ(

XXIDRR
DXXEdxxp ¢

=²

)Ĕ,( xxd

)Ĕ|(2 XXNHº

)Ĕ;()Ĕ|()( XXIXXHXH =-=

DecoderEncoderX XĔ

ñspheresò 

of radius D



Â Source X

Â Side information Y

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

Â Answer: R= H(X|Y)

Â Idea
Ç Given side information sequence YN, index conditionally typical 

sequences of XN given YN

Source coding w/side information: lossless case

DecoderEncoderX X

Y
[Gray ô73, Berger ô71]
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Conditionally typical set  of size å 2NH(X|Y)
Y-sequence



Â Source X

Â Side information Y

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

Â Answer: R= H(X|Y)

Â Idea
Ç Given side information sequence YN, index conditionally typical 

sequences of XN given YN

Source coding w/side information: lossless case

DecoderEncoderX X

Y
[Gray ô73, Berger ô71]

Conditionally typical set  of size å 2NH(X|Y)
Y-sequence



Â Source X

Â Side information Y

Â Source distribution ~ pX|Y(x|y)

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

Source coding w/side information: lossycase

DecoderEncoderX

Y
[Gray ô73, Berger ô71]

XĔ



Â Source X

Â Side information Y

Â Source distribution ~ pX|Y(x|y)

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

Â Answer: conditional rate-distortion function

Â Idea
Ç Given side information sequence YN, cover the conditionally typical 

set of XN given YNusing ñspheresò of radius D

Ç Index these spheres

Source coding w/side information: lossycase

DecoderEncoderX

Y
[Gray ô73, Berger ô71]
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Â Source X

Â Side information Y

Â Source distribution ~ pX|Y(x|y)

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

Â Idea

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

index

Ç Induces a partition on the space of X : binning

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

conditionally typical X-sequence having the same index

Source coding w/ SI at decoder only: lossless

EncoderX X

Y
[Slepian-Wolf ô73]

Decoder
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Â Source X

Â Side information Y
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Â Set of X-sequences that get the same index ź channel code  
for the fictitious channel with input X, output Y

Â Channel:  input distribution pX(x), transition probabiliy ~ pX|Y(x|y)

Â Max. reliable rate of transmission = I(X;Y)

Â This rate comes for free from this fictitious channel

Â Source space partitioned into cosets (shift) of channel 

codebooks

Â No loss in performance for lack of Y at encoder

Source coding w/ SI at decoder only: lossless

EncoderX X

Y
[Slepian-Wolf ô73]

Decoder

Conditionally typical set of X|Y Y-sequence

)|()]|()([)();()( YXHYXHXHXHYXIXHR =--=-=Ý



Â Source X

Â Side information Y

Â Distortion function 

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

Source coding w/ SI at decoder only: lossy

EncoderX

Y
[Wyner Ziv ô76]

Decoder

)Ĕ,( xxd

XĔ



Â Quantize X to some intermediate reconstruction U

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

Â Apply source coding with SI idea losslessly

Â New fictitious channel has input U, and output Y

Â This gives a rebate in rate of I(U; Y)

Â Total rate = I(X; U) - I(U; Y)

Source coding w/ SI at decoder only: lossy

EncoderX

Y
[Wyner Ziv ô76]

Decoder XĔ
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Source coding w/ SI at decoder only: lossy

Â Encoder does not observe Y 

Â Choosing p(u|x) fixes the joint distribution of X,Y,U using Markov

chain condition YŸ XŸ U as  p(y)p(x|y)p(u|x)

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

Â Get an optimal estimate of X given U and Y:

Â SI Y is used twice: recovering U, estimating X

Â

EncoderX

Y
[Wyner Ziv ô76]

Decoder XĔ

Y-sequenceConditionally typical sequences of U|Y
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Remark

Â 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

Â Contrast between two kinds of many-to-one encoding functions:

Ç Quantization: sequences that get the same index are nearby

Ç Binning: sequences that get the same index are far apart



Example: Gaussian with quadratic distortion

Lossy source coding with no side information

Â X is zero-mean Gaussian with variance

Â Quadratic distortion:

Â

Â Test channel is given by:
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Example: Gaussian with quadratic distortion

Lossy source coding with side information

Â X=Y+N, where N is zero-mean Gaussian with variance

Â Y is arbitrary and independent of N

Â Quadratic distortion:

Â

Â Test channel is given by:
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Lossy source coding with side information at decoder only

Â Source, side information, and distortion as before  

Â Ÿ no performance loss for lack of  Y at encoder 

Â Test channel when SI is present 

at both ends

Â Test channel when SI is present at decoder only

Example: Gaussian with quadratic distortion
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Distributed source coding: lossless case

Â Minimize rate pair RX, RY such that probability of decoding error ~ 0 

Decoder
YX ,

Encoder
X

Encoder
Y

XR

YR

ACHIEVABLE 

RATE-REGION

Rx

Ry

H(Y)

H(Y|X)

H(X|Y) H(X)

A

B

C Separate encoding

of X and Y



Example 

Â X and Y Ÿ length-7 equally likely binary data with 

Hamming distance between them at most 1.

Ç H(X)= 7 bits

Ç H(Y|X)= 3 bits = H(Y|X)

Ç H(X,Y)=10 bits

ACHIEVABLE 

RATE-REGION

Rx

Ry

H(Y)=7

H(Y|X)=3

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

A

B

C
Separate encoding

of X and Y



Distributed source coding: lossycase

Â Minimize rate pair RX, RY such that

Â Optimal performance limit: open problem!

Â Approach: [Berger-Tung ô77]

Ç Quantize Y to V

Ç Treat V as side information   

YYXX DYYdEDXXdE ¢¢ )]Ĕ,([and,)]Ĕ,([

Decoder
YX Ĕ,Ĕ

Encoder
X

Encoder
Y

XR

YR



Â For every choice of 

that satisfies distortion constraints

Â Overall rate region is the union of 

such regions 

Â Can be easily generalized to more 

general distortion functions 

Â Shown to be tight in some special 

cases
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encoding
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Distributed source coding: lossycase

)|(),|( || yvpxup YVXU

Â Berger-Tung achievable rate region



Remarks

Â All results Ÿ random quantization and binning

Â Structured random codes may give a better performance 

than unstructured random codes [Korner-Marton ô79]

Â Structured codes for quantization and binning is a topic 

of active research.
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10.00 AM-10.10 AM



Outline

Â Session I. Introduction and theory: 9.00 am-10.00 am
Ç Motivation and intuition

Ç Distributed source coding foundations 

Ç Break: 10.00-10.10 am

Â Session II. Constructions: 10.10 am-10.50 am
Ç Structure of distributed source codes

Ç Constructions based on trellis codes & codes on graphs

Ç Break: 10.50-11.00 am

Â Session III. Connections and Applications: 11.00 am-
12.00 noon
Ç Overview of connections and applications with snippets 

Ç Compression of encrypted data

Ç Distributed video coding



Active area of recent research

Â Theory
Ç D. Slepian & J. Wolf (ô73)

Ç A. Wyner (ô74)

Ç A. Wyner & J. Ziv (ô76)

Ç I. Csiszar (ô82)

Ç Zamir et al (ô02, ô03, ô04)

Ç S. Pradhan & K. Ramchandran (ô05)

Ç Many Moreé

Â Source coding with side information ïI.I.D. Sources
Ç A. Orlitsky (ô93, Graph Theoretic)

Ç S. Pradhan & K. Ramchandran (ô99)

Ç Y. Zhao & J. Garcia-Frias (ô02, larger alphabets)

Ç A. Liveris, Z. Xiong, & C. Georghiades (ô02)

Ç D. Schonberg, S. Pradhan, & K. Ramchandran (ô02)

Ç P. Mitran & J. Bajcsy (ô02)

Ç A. Aaron & B. Girod (ô02)

Ç A. Liveris, Z. Xiong, & C. Georgihades (ô03)

Ç J. Li, Z. Tu, & R. Blum (ô04)

Ç M. Sartipi & F. Fekri (ô05)

Â Source coding with side information ïCorrelated Sources
Ç J. Garcia-Frias & W. Zhong (ô03)

Ç D. Varodayan, A. Aaron, & B. Girod (ô06)



Example 

Á X and Y  -> length-7 equally likely binary data with Hamming distance 

between them at most 1.

ī H(X)= ? bits

ī H(Y|X)= ? bits = H(Y|X)

ī H(X,Y)=? bits

ACHIEVABLE 

RATE-REGION

Rx

Ry

7

3

3 7

A

B

C

Answer: 

ÅH(x)=H(Y)=7 bits, H(X,Y)=10 bits

ÅUse (7,4,3) Hamming code

ÅSend Y as is (7 bits)

ÅSend syndrome for X (3 bits)



Symmetric Coding

Â Example:
Ç X and Y  -> length-7 equally likely binary data.

Ç Hamming distance between  X and Y  is at most  1

Â Solution 1:
Ç Y sends its data with 7 bits.

Ç X sends syndromes with 3 bits.

Ç { (7,4) Hamming code } -> Total of 10 bits

Â Solution 2: source splitting [Willems ó88, Urbanke-Rimoldi ô97]

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

Decoder
YX ,

Encoder
X

Encoder
Y

XR

YR



Symmetric Coding

Â Solution: Map valid (X,Y) pairs into a coset matrix [SP & KR ó00]

Â Construct  2 codes,  assign them to  encoders 

Â Encoders Ÿ send index of coset of codes containing the outcome

1   2   3        . . .           31 32

32

31

.

.

.

2

1

Coset Matrix

Y

X



1  0  1  1  0  1  0 

0  1  0  0  1  0  1

0  1  1  0  0  1  0

1  1  1  0  0  0  1

G =

1 0 1 1 0 1 0

0 1 0 0 1 0 1

0 1 1 0 0 1 0

1 1 1 0 0 0 1

G1 =

G2 =

Ý³=> 72, 21 GG Syndromes are 5 bits long

Symmetric Coding

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

Â There exists a fast algorithm for this

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



3,3:, ²² yxyx RRRR

10²+ yx RR
The rate region is:

xR

yR

3   4   5   6    7

7

6

5

4

3

ÁAll 5 optimal points can be 

constructively achieved with the 

same complexity.

ÁAll are based on a single linear code

ÁCan be generalized to arbitrary 

statistics [Schonberg et al. 2002]

Rate Region



LDPC Codes: Brief Overview

Â Need linear codes Ý use LDPC codes.

Â Class of capacity approaching linear block codes.

Â Sparse parity check matrix depicted by Tanner graph

Ç Circles represent bits.  

Ç Squares represent constraints.

X2 X3 X4 X5X1 X6 X7 X8 X9 X10

f1 f2 f3 f4 f5



LDPC Codes Overview: decoding

Â Decoded via message passing algorithm.  

Â Messages passed in two phases.

Ç Update rules:

Â Distribution of each variable estimated after n 

iterations.
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Source coding w/ side information at decoder

Â X=Y+N, Y is arbitrary

Â N is zero-mean Gaussian with variance

Â Y and N are independent

Â Quadratic distortion:

Â Performance limit: 

Â Key idea: source codebook partitioned into cosets of channel codebooks

Â Goal: computationally efficient way to construct

Ç Source codebook (quantizer) with an encoding procedure

Ç Partition of the quantizer into cosets of channel codebooks
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Symmetric Coding: illustration

Â Source bits, compressed 

bits, and LDPC code 

applied to Y

Â Source bits, compressed 

bits, and LDPC code 

applied to K

Â Correlation constraints

fY1

UY1

f1

K1

Y1

fY2

UY2

fY3

UY3

fYmy

UYm

f2

K2

Y2

f3

K3

Y3

f4

K4

Y4

fn

Kn

Yn

fK1

UK1

fK2
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fK3

UK3
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Standard 
source coding

Distributed 
source coding

ÁBoundary gain ~ 6 - 9 dB:  
achieved by entropy coding

ÁGranular gain ~ 1.53 dB: achieved    
by vector quantization

ÁCoding gain ~ 6 - 9 dB:  achieved by 
partition using LDPC channel  codes

ÁGranular gain ~ 1.53 dB: achieved    
by vector quantization 

Voronoi region

Bounding region



Standard 
source coding

Distributed 
source coding

ÁVQ and entropy coding can be 
done independently

ÁTCQ gets 1.36 dB of granular gain 
=> within 0.15 dB from R -D limit 

ÁVQ and partition using channel codes  
cannot be done independently

ÁAlgebraic structure of TCQ does not 
ñgelò well with that of LDPC codes 

ÁNeed new block-coded quantization 
techniques!



ÁQuantize X to W

ÁW => ñSource Codesò

Role of òsource codesó

Joint  quantization and estimation:

Estimation: Estimate X  using W and  Y.   

Quantizer
X

Estimator

Y

X̂W W

ñSource Codeò:  Desired distortion performance.

Active source codeword:  Codeword  ->  X is quantized.

Quantization:



Role of òchannel codesó

ÁPartition of the ñsource codesò into cosets of ñchannel codesò:

Source

Codewords

(elements 

of the set W)

A subset 

of W -> 

channel

coset code -> 

Channel  p(y|w).

ÁñChannel Codesò: Reduce source coding rate by exploiting correlation

W

ÁY and W are correlated=>induces an equivalent channel p(y|w).

ÁBuild ñchannel coset codesò on  W for channel  p(y|w)



Role of òchannel codesó

ÁPartition W into cosets of such ñchannel codesò.

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

ÁChannel decoding fails => Outage

Coset-2 Coset-3Coset-1 W 

ÁSource code => a collection of channel codes.

ÁSend index of  coset



Y

Find

index of 

active

codeword

Compute

index of the 

coset

containing the 

active 

codeword

Channel 

decode

Y in the coset

U  to find the 

active 

codeword

Estimate 

X

X W U X
^

Encoder Decoder

W

Encoder and Decoder Structure



Â Source coding theory

Ç Quantization

Ç Indexing

Ç Fidelity criterion

Â Channel coding theory

Ç Algebraic structure

Ç Minimum distance 

Ç Prob. of decoding error

Â Estimation theory

Ç Estimation with rate constraints

Intricate

Interplay

Distributed Source Coding Theory



r r1 5

r2 r6

3 7rr

r0 r4

4  Cosets

Illustrative Example:

Partition:

Consider a fixed-length scalar quantizer 

(say with  8 levels)

r3r
1r0 r 7r6

r
2

r54r

Basic Concept



Á has            sequences

Trellis based coset construction

Example:    Rate of transmission= 1 bit/ source sample.

Quantizer: fixed-length scalar quantizer ->8 levels.

Á =>set of codewords.3r2r1r0 r7r6r5r4r=C ,       ,        ,       ,      ,        ,        ,

NC N32

ÁPartition        into         cosets each containing          sequences.

ÁUse Ungerboeck trellis  for such partitioning.

NC N22
N2

Trellis Coding:

ÁSequences generated by this 

machine form a coset in space  

ÁCoset ->         sequences.

LC

N22

Convolutional

Coder G(t)

CQ ­3}1,0{:

Mapping

Q



Trellis Partitioning:

Â Source Codebook = CN

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

machine

Â Task: partition CN into 2N cosets, containing 22N sequences (in a 

computationally efficient way)

Â Fast Encoding:  Send syndrome sequence of  active codeword

Â Fast Decoding:  Modified Viterbi algorithm using relabeling.



Â Connection with earlier picture

C = {r0, r1, é, r7} Ÿ codewords of scalar quantizer

NC

Trellis Partitioning

Convolutional

Coder G(t)

CQ ­3}1,0{:

Mapping

Q

Set of N-length sequences generated 

by the finite state machine



Simulation Results

Â Model:  

Ç Source: X~ i.i.d. Gaussian

Ç Side information: Y= X+N, where N ~ i.i.d. Gaussian

Ç Correlation SNR: ratio of variances of X and N

Ç Normalized distortion: ratio of distortion and variance of X

Ç Effective source coding rate = 1 bit per source sample

Â Quantizers:

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

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



Correlation-SNR in dB Correlation-SNR in dB

Simulation Results

Â Distortion Performance Â Probability of error

(uncoded system)



Probability of  Error: Trellis coset coded system

4-level root scalar quantizer 8-level root scalar quantizer

3 dB gain 3 dB gain

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

over Shannon bound           DISCUS =   14 dB  at Prob. of error
410-¢



Approaches based on codes on graph

Â Trellis codes Ÿ codes on graph to effect this partition

Â Need good source code and good channel code 

Â Start with simple (not so good) source codebook and 

very good channel codebooks.

Â Use belief propagation at the decoder to recover active 

source codeword



Reminder: graphical models

Â Factor Graphs

Ç Circles: Variables,  Squares: Constraints

Â Graphical representation for linear transformation

Ç Y ïsource bits, U ïcompressed bits

Ç Squares ïLinear transformation Equations

Â Transformation inversion: Belief propagation

Ç Iterative application of inference algorithm

Y2 Y3 Y4 Y5Y1 Y6 Y7 Y8 Y9 Y10

f1 f2 f3 f4 f5

U1 U2 U3 U4 U5



Á has            sequences

Example:    Rate of transmission= 1 bit/ source sample.

Quantizer: fixed-length scalar quantizer ->8 levels.

Á =>set of codewords.3r2r1r0 r7r6r5r4r=C ,       ,        ,       ,      ,        ,        ,

NC N32

ÁPartition        into         cosets each containing          sequences.NC N22
N2

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

ÁSequences generated by this 

machine form a coset in space  

ÁCoset ->         sequences.

Áwithin 1.53 dB from R-D limit

LC

N22

Approaches based on codes on graph
Xiong et al., Garcia-Frias et al.

Encoder of 

LDPC code G

CQ ­3}1,0{:

Mapping

Q



=> codewords of scalar 

quantizer
3r2r1r0 r7r6r5r4r=C ,       ,        ,       ,      ,        ,        ,

Connection with earlier picture:

NC

Set of N-length sequences 
generated by the block code

Encoder of 

LDPC code G

CQ ­3}1,0{:

Mapping

Q

Partitioning based on LDPC codes



Binary Memoryless Sources

Â X, Y: binary symmetric correlated sources 

Â Correlation:                  , Z is Bernoulli(p) and independent of X

Â Distortion:

Â Goal: 

Ç Build a quantizer for X (U represents the quantized version)

Ç Build a channel code for the channel with i/p  U  and  o/p  Y

Ç Put a linear structure on both quantizer and channel code

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

ZXY Ä=

)Ĕ()Ĕ,( xxwxxd H Ä=

Decoder
XĔEncoder

X

Y



Binary Memoryless Sources

Â Linear codes: 

Â Channel code: 
Ç Theory of binary linear channel codes Ÿ well-developed 

Ç LDPC codes with belief propagation (BP) algorithm

Ç Gets the ultimate rebate I(U;Y)

Â Block quantizer:
Ç LDPC codes are not good quantizers,  BP fails for quantization

Ç A new theory of binary block quantizers

Ç LDGM (low-density generator matrix) codes

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

Decoder
XĔEncoder

X

Y



Source codebook

Probability distribution of the source word

Probability distribution of the channel output

Á

Channel codebook

Channel decoding: belief propagation approximates min. distance decoding

Channel output realization

Quantization: survey propagation approximates min. distance encoding

Source word realization

Belief propagation vsSurvey propagation


