
Lecture Revisiting BPdeloding from thelensof the sum productalgorithm
Some simplifications in implementation

In this lecture we shallfirst take a briefdetour fromthe worldofLDPC

codes and examine a seemingly different problem thatof computing

marginals ofa structured joint probability distribution

Examples and discussion heavily basedon MarginalizationandFactorGraphs

Lecture slides by Prof Henry Pfister forthecourse Advanced ChannelCoding

Recallthat theproblemof decoding is intimatelytiedto manipulationsofthe

posterior probability distribution

Suppose that we have a random vector X X2 Xo thatobeys

Pa X M 12 2 Xo no y α f x x2 Xo

fi x x2 x f x x4,6
ts 4 4 41 5

forsome suitably defined functions f.fi f4
Let Si bethe indicesofthe variables tht fi depends on ie 4

BlockMAP or simply MAP decoding Compute

I angry f x xo aymeIF Xsi



Bit MAP or symbol MAP decoding Compute

x ̅ angry so Σ Fti tsi
shortfor oski

As it turns out the operations maximum of product and
sum ofproduct can be carried out efficiently via the so called

sum product algorithm ongraphs

To carry out a maximum of product simply replace Σ with
max everywhere inwhat follows Themost general expositionof
suchalgorithms canbefoundin S M Aji and R.J McEliece

Thegeneralized distributive law IEEE T IT 2000

An illustration ofthe sum productalgorithm

Consider the functionf that admits a factorization as above Note that
tomputing foreach EX 10,13

g x Σ f x x2 Xo
Xn

naively requires 1 16operations

However via the factorization of f wehave
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The final summation can be carriedout with feweroperations

canwe compute the ofoperations inclass

The above approach of grouping summations together can be visualized via

a graphical model the so called factorgraph Recalltheterminologyof factor

nodes in an earlier lecture
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the steps carried out above are preciselythe variable factor and factor

variable messagepassing updates wehad seen lastclass
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After convergence outputthe productof messages atthe root

Notethat the orderof steps i above is reversed comparedtothat

in last lecture thisorder does not really matter

FACT I If the factorgraph is a tree connected graphwith no cycles then

the message passing algorithm converges allmessages converge

for t fought
Ii In practice repeatingthe stepsabove can result in numerical

underflow To alleviate this scale messages to sum to 1

This will result in the final output marginals toalsosumto 1

Simplifying the message passingalgorithm for graph based codes

We now discuss a clever technique for implementing BP delodingof



graph based say LDPC binary codes

Define Lisa In Lill and Lali In wal

Mia 1

tmessagsare.nowscalars
Then

Step 1a see few lecture reduces to

Lita Enci i

Step 1 b seeprev lecture reducesto

L'd 2 tank Incantanh 4

Looks fancy

Step 3 see fewlecture reduces to simply computingthe sumof
incoming messages scalars ateach biti and declaring tobe0 if
this sum 0 and 1 otherwise



Programming Exercise Implement theabove formoftheBPdeoder for
an LDPC lode fromthe Gallager ensemble fromwhich theallzeros

codeword is transmitted over theBSC p forvarying p


