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ABSTRACT

We proposemaigin propagatiorasan alternatve to proba-
bility propagatiorin forwarddecoding.In contrasto sum-
productprobability propagationmamgin propagationonly
incursadditionandsubtractiorin the computatiorandthus
leadsto reducedcompleity of implementation. Simula-
tionsindicatethat mamgin basedforward decodingis more
robust to input noise and parametemismatchthan sum-
productprobability decoding andoffers superiordecoding
performance.We alsopresentan analogVLSI implemen-
tation of the mamin propagationnetwork independentf
MOS device models andprovide experimentafesultsfrom
aprototypefabricatedn a 0.5 process.

1. INTRODUCTION

Analog probability propagatiorand decodingcircuits have
beenshavn to be superiorto their digital counterpartsn
termsof speedandpower consumptiordl, 2, 3]. Suchde-
signsexploit inherentparallelismin architecutureandtrade
off accurag andsimplicity of the interconnectednodules.
Thecircuitdescribedn [1, 2] implementghe sum-product
algorithmby usingthe exponentialcharacterstiof bipolar
junctiontransistorsor sub-thresholdMOS transistors.

In thispapeme presentnovel decodinghetwork based
on a mamin propagationalgorithm. This work usesthe
normalizationprinciple usedin Gini-SupportVector Ma-
chineq4, 5] andextendsit to decodingoverarbitarygraphs.
The analogdecoderghat resultfrom this approachnherit
not only the benefitsof the network in [1, 2] but hasaddi-
tional features:

1. The network operationdoesnot dependon specific
characteristicésquareor exponential)of devicescon-
stitutingthe network. Thus,MOS transistoroperat-
ing in theabove thresholdregion canbe usedfor ap-
plicationsof high-speedlecoding. The device char
acteristiandependenbehaior alsoenableghis prin-
ciple to be directly employed in new emeping de-
vicesfor instancen thefield of nano-electronics.
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2. Thenetwork canhandlebi-directionalcurrentwhich
resultsin a largerdynamicrangeof theinput signal.
In this paperhowever, the proposedOS network is
unidirectionalfor thesale of simplicity in illustration
of proofof concept.

3. The normalizationand hencethe decodingprinciple
is morerobustto additive andscalingnoiseinherent
in analogvLSI ascomparedo traditionalprobability
normalization[6]. The primaryreasorfor thisis the
robustnes®f propagatiorundermamgin operationss
opposedto weightedlinear summationthroughthe
graph. We will illustratethis robustnesghroughex-
amplesin Section3 anddefermathematicahnalysis
to alaterpublication.

The paperis organizedasfollows. Section2 describes
the margin normalizationprocedurewhich is at the heart
of thedecodingproceduradescribedn Section3, andindi-
catesits robustnesghroughsimulation. Section4 presents
analogVLSI circuitsimplementingnaigin propagatiorand
Section5 givesexperimentakesultsfrom a fabricatecchip.
Section5 concludeswith final remarkson the trade-ofs of
this procedureandits extensions.

2. MARGIN NORMALIZATION PROCEDURE

Given a vectorof real valuesg; € R representingonfi-
dencevaluesover N classesndexedby i € {1..N} anda
normalizatiorfactory, themamins P, areobtainedas

P =[9: = Z]+ 1)

where[z]. = maz(x,0) andthethresholdZ is computed
suchthatthefollowing equationis satisfied:

N
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It can be seenP;/~ represents valid probability mea-
sureover the classes. Equation (2) canbe solved using
a reversewaterfilling algorithm, popularlyusedin distor
tion rate theory[7] andinvolves sorting and searchtech-
niques[5]. In Section4 we presentan analogVLSI im-
plementatiorthat directly solvesfor Z by using(2) asits



equilibrium criterion. When comparedwith cornventional
normalizationdefinedon a vector of positive real values
gi € Rt and P, = g;/ va gi, the following properties
arenotevorthy:

e Thedistribution P; obtainedby (1) is offsetinsensi-
tive whereaghe distribution P; obtainedby corven-
tional normalizationis scaleinsensitve.

e For small values of the normalizationconstanty
the distribution P; stronglyfavorsthe classwith the
higher confidencey; andin extremecaseg~ — 0)
favors only the classwith highestconfidencewhile
truncatingthe rest. The corventionalnormalization
procedurentheotherhandscalesll theconfidences
equally In analogVLSI systemdruncationis natural
andis governedby the noisefloor.

3. MARGIN PROPAGATION ALGORITHM

The confidencemeasuresP; obtainedthrough(1) can be
usedovergraphsvery similarto the probabilitypropagation
technigueslescribedn [8]. In this sectionwe applyit to a
particularinstanceof a propagatioralgorithmwhichis pop-
ularly known in machinelearningasthe forward-recursion
algorithm.We first describethe algorithmin its naturalset-
ting of its traditionalnormalizatiomprocedureGivenafully
connectedyraphconsistingof S statesthe probability of a
statei € {1,.., S} atatimeinstantn is givenby

Piln] =} Byln —11Piln] (3)

whereP;j;[n] is the probability of transitionfrom statej to
1 attime instantn. The methodof obtainingthesetransi-
tion probabilitiesis applicationspecificand canbe gener
atedby ary probabilisticmachindike neuralnetworks[9],
SVMs|[10, 4], mixture of Gaussianspr tablelookup.

In mamgin propagationalgorithm the confidenceesti-
matescan be negative values f;;[n] which are combined
throughthefollowing recursion:

Z[fij [n] — Zi[nl]ly = Pjn—1] (4)

Pl — Y [fylnl = Znlle (5)

J

The first step(4) is margin normalizationand the second
step(5) is the accumulatiorstepover the inter-connected
graph. Like corventionalrecursion(3), the sum of mea-
suresP; in (5) is consered during propagatiorbecause
i biln] =2, Pj[ln — 1], Vn.

A simpleexperimentrevealstherobustnes®f (5) over
the (3). Figure 1 representa finite-statemachineusedto
recognizetwo sequenceasshawn in figure 2 wherestates

B
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Fig. 1. Afinite statemadinethat recanizessequencesf
pulsesin a specificorder.
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Fig. 2. Measues P, [n] of statesy; andq;3 usingbothmar-
gin and probability propagation, with no noise presentin
the input signal and with infinite precisionin the parame-
ters.

g7 and q,3 are triggeredon the occuranceof a top-down
and a bottom-upsequence.Figure 2 also shaws the re-
sponseof both the decodingschemesn presencef clean
inputs{z;} andprecisemodelparametersWhenrelatively
smallamountof scalingandadditive noiseis addedto the
input with a small parametemismatchthe normalization
schemedehae quitedifferentlyasshovn in figures 3 and
4. Thecomparisomevealstherobustnes®f mamgin decod-
ing for analogVLSI.

4. ANALOG VLS IMPLEMENTATION

A possibleanalogVLSI implementatiorof themargin prop-
agatingnetwork is givenin Figure5. The network con-
sistsof an arrayof basicbuilding blocks 4;; thatcompute
[I,; — I.]+, wherel;; areconfidencevaluesencodedscur-
rentsand, is the thresholdvalue. F; is the feedbackeir-
cuitwhichdeterminesheequilibriumconditionin (2) with
~v = I;. A smallsignalanalysisaboutthe equilibriumre-
vealsthestability andfavorablespeedf cornvergenceo the
equilibriumpoint.

Let g,.x bethetransconductances transistorsvi1-M4
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Fig. 3. Measues P;[n| of statesg; and ¢;3 using proba-
bility propagation (3), in the presenceof input noiseand
parametefinaccumacies.

of k = (ij)t" analogstageA;; andthe transconductances
of transistordvi7-M8 be g,,, andof M5 beg;,,,,. Thesensi-
tivity of thefeedbacksignalV’, with respecto theanincre-
mentalchangen inputcurrentl;; is givenby

5‘/;:/611] ~ l/(gmn(]- + gmn/gmp) + Z gmk) (6)
kesS

whereS denoteghe setof network elementsvhoserl;, —
1, > 0. NotethatV, hasto drive N input capacitancesef
M1 of the analogstagesA;;, whereN is the total number
of elementsin a row of the normalizationnetwork. The
following canbeinferedfrom equation(6):

e Thesensitiity decreaseasthenumberof active net-
work elementqS| decreasesThis shaws thatif the
network s pre-initializedto thecondition, = 0 then
it quickly corvergesto theneighborhooaf thestable
condition.

e The input capacitancelriven by V, remainsfixed,
andthereforethe poleintroducedby this capacitance
shiftsdeepein theright half planeastime progresses.
Thisdirectly givesanindicationof the stability of the
network.

e As N becomedargethen) ,  gmr — [S|E[gmk]
where| S| isthesizeof thesetS andE|[g,,.] is theex-
pectedsalueof transconductanazf therow elements.
Relatve randommismatchbetweertransistorof the
network elemenis thuscompensatetbr large N
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Fig. 4. Measues P;[n] of statesg; and ¢;3 usingmarmin
propagation (5), in the presencef input noiseand param-
eterinaccumacies.
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Fig. 5. Analog networkimplementingnargin normalization
and propagation.

5. RESULTS

A 24 x 24 mamgin normalizatiometwork wasimplemented
asa partof arecognitionsystemin a standard.5¢ CMOS
process. The transistordor this specificapplicationwere
biasedin weakinversionregion to ensurdow power dissi-
pation,but weakinversionis not essentiafor correctoper
ation. Figures 6 and 7 shav normalizedmargins corre-
spondingto the currentsP1-P4for four differentrow ele-
mentswith respecto a referencecurrentP1. The plotsin
figure 6 were obtainedfor a larger value of normalization
factory asopposedo figure 7 which wasobtainedfor a
nominalvalue.

Thefollowing canbe inferedaboutthe behaior of the
normalizatiorcircuit :

e Thehigherthevalueof v, thelowerthe sensitvity of
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Fig. 6. Outputcurrentvaluesof different elementf the
normalizatiometworkcorrespondingo a large valueofthe
normalizationconstanty.

the outputcurrentsandvice-versa.

e Figure 7 shaws that the outputcurrentsensiity in-
creaseswhen two probabilities/currentvalues are
closeto eachotherandthebehaior canbecontrolled
by «. Also the small currentsP2 and P4 gettrun-
catedunlikein regularnormalizatiorwherethemodel
assumethatthecurrentcanberepresentedith infi-
nite precision.

6. CONCLUSIONS

In this paperwe presentedh novel methodof normaliza-
tion, propagatiorand forward decodingbasedon relative
mautgins betweendifferent confidencescores,as opposed
to forward recursionof posteriorpropabilities. Using this
schemeave proposedinanalognetwork thatcanbeapplied
to the designof decodersrery similar to the approactpre-
sentedin [1, 2]. Margin baseddecodershave an adwan-
tage over corventional probability propagationbecauset
accountdor finite precisionandnoisein parameterandin-
putsignalsjnherentin analogeircuits. We alsoproposedn
implementatiorof the network usingMOS transistorsand
illustratedsomeof the characteristicef the network with
experimentaldatafrom the fabricatedcircuits. The oper

ation of the network is independenbf device characteris-
ticsandonly reliesonaccuratessummatiorandsubstraction,

whichmalesit moreapplicableo abroaderclassof devices
thatmayincludeemepingtechnologies.
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Fig. 7. Outputcurrent valuesof different elementf the
normalizationnetworkcorrespondingo a nominalvalueof
thenormalizationconstanty.
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