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ABSTRACT

We proposemargin propagationasanalternative to proba-
bility propagationin forwarddecoding.In contrastto sum-
productprobability propagation,margin propagationonly
incursadditionandsubtractionin thecomputationandthus
leadsto reducedcomplexity of implementation. Simula-
tions indicatethat margin basedforwarddecodingis more
robust to input noiseand parametermismatchthan sum-
productprobabilitydecoding,andofferssuperiordecoding
performance.We alsopresentan analogVLSI implemen-
tation of the margin propagationnetwork independentof
MOSdevicemodels,andprovideexperimentalresultsfrom
a prototypefabricatedin a ��� ��� process.

1. INTRODUCTION

Analogprobabilitypropagationanddecodingcircuitshave
beenshown to be superiorto their digital counterpartsin
termsof speedandpower consumption[1, 2, 3]. Suchde-
signsexploit inherentparallelismin architecuture,andtrade
off accuracy andsimplicity of the interconnectedmodules.
Thecircuit describedin [1, 2] implementsthesum-product
algorithmby usingtheexponentialcharactersticof bipolar
junctiontransistorsor sub-thresholdMOStransistors.

In thispaperwepresentanoveldecodingnetworkbased
on a margin propagationalgorithm. This work usesthe
normalizationprinciple usedin �
	��	 -SupportVectorMa-
chines[4, 5] andextendsit todecodingoverarbitarygraphs.
The analogdecodersthat resultfrom this approachinherit
not only thebenefitsof thenetwork in [1, 2] but hasaddi-
tional features:

1. The network operationdoesnot dependon specific
characteristics(squareorexponential)of devicescon-
stitutingthenetwork. Thus,MOS transistorsoperat-
ing in theabove thresholdregioncanbeusedfor ap-
plicationsof high-speeddecoding.Thedevice char-
acteristicindependentbehavior alsoenablesthisprin-
ciple to be directly employed in new emerging de-
vicesfor instancein thefield of nano-electronics.
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2. Thenetwork canhandlebi-directionalcurrentwhich
resultsin a largerdynamicrangeof the input signal.
In this paperhowever, theproposedMOS network is
unidirectionalfor thesakeof simplicity in illustration
of proofof concept.

3. The normalizationandhencethe decodingprinciple
is morerobust to additive andscalingnoiseinherent
in analogVLSI ascomparedto traditionalprobability
normalization[6]. Theprimaryreasonfor this is the
robustnessof propagationundermargin operationsas
opposedto weightedlinear summationthroughthe
graph. We will illustratethis robustnessthroughex-
amplesin Section3 anddefermathematicalanalysis
to a laterpublication.

Thepaperis organizedasfollows. Section2 describes
the margin normalizationprocedurewhich is at the heart
of thedecodingproceduredescribedin Section3, andindi-
catesits robustnessthroughsimulation. Section4 presents
analogVLSI circuitsimplementingmargin propagationand
Section5 givesexperimentalresultsfrom a fabricatedchip.
Section5 concludeswith final remarkson thetrade-offs of
thisprocedureandits extensions.

2. MARGIN NORMALIZATION PROCEDURE

Given a vectorof real values������� representingconfi-
dencevaluesover � classesindexedby 	�������������� anda
normalizationfactor , themargins ! � areobtainedas

! �#"%$ � �&('*)�+ (1)

where $ ,-)�+."0/213,54�,76 �-8 andthethreshold' is computed
suchthatthefollowing equationis satisfied:9

� $ � �&('*)�+:"  (2)

It can be seen ! �<;  representsa valid probability mea-
sureover the classes	 . Equation (2) canbe solved using
a reversewater-filling algorithm,popularlyusedin distor-
tion rate theory [7] and involvessorting and searchtech-
niques[5]. In Section4 we presentan analogVLSI im-
plementationthat directly solvesfor ' by using(2) as its



equilibrium criterion. When comparedwith conventional
normalizationdefinedon a vector of positive real values���=�>� + and !� " ��� ; 9� ��� , the following properties
arenoteworthy:

? Thedistribution !#� obtainedby (1) is offset insensi-
tive whereasthedistribution !#� obtainedby conven-
tionalnormalizationis scaleinsensitive.

? For small values of the normalizationconstant  
the distribution ! � stronglyfavors the classwith the
higherconfidence� � andin extremecases( A@B� )
favors only the classwith highestconfidencewhile
truncatingthe rest. The conventionalnormalization
procedureontheotherhandscalesall theconfidences
equally. In analogVLSI systemstruncationis natural
andis governedby thenoisefloor.

3. MARGIN PROPAGATION ALGORITHM

The confidencemeasures!#� obtainedthrough(1) can be
usedovergraphsverysimilar to theprobabilitypropagation
techniquesdescribedin [8]. In thissectionweapplyit to a
particularinstanceof apropagationalgorithmwhichis pop-
ularly known in machinelearningastheforward-recursion
algorithm.We first describethealgorithmin its naturalset-
ting of its traditionalnormalizationprocedure.Givenafully
connectedgraphconsistingof C states,theprobabilityof a
state	D�:��� 6 ��� 6 CE� ata time instant� is givenby

!� $ � )F" G ! G $ � & � ) ! G � $ � ) (3)

where ! G �H$ � ) is theprobabilityof transitionfrom stateI to	 at time instant � . The methodof obtainingthesetransi-
tion probabilitiesis applicationspecificandcanbe gener-
atedby any probabilisticmachinelike neuralnetworks[9],
SVMs[10, 4], mixtureof Gaussians,or tablelookup.

In margin propagationalgorithm the confidenceesti-
matescan be negative values J3� G $ � ) which are combined
throughthefollowing recursion:

� $ J3�
G $ � )K&(' G $ � )�) + " ! G $ � & � ) (4)

! �L$ � ) @ G $ J � G $ � )�&(' G $ � )�)�+ (5)

The first step(4) is margin normalizationand the second
step(5) is the accumulationstepover the inter-connected
graph. Like conventionalrecursion(3), the sum of mea-
sures ! � in (5) is conserved during propagationbecause� ! �L$ � )�" G ! G $ � & � )�6<M � .

A simpleexperimentrevealstherobustnessof (5) over
the (3). Figure 1 representda finite-statemachineusedto
recognizetwo sequencesasshown in figure2 wherestates

q1N q2N q3N q4N q5N q6N

q8N q9N q10N q11N q12N q13N
q7Nx1

x2O x3O x4O x5O x6O

x6O
x5O x4O x3O x2O x1O

Fig. 1. A finite statemachinethat recognizessequencesof
pulsesin a specificorder.
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Fig. 2. Measures !#� $ � ) of statesPRQ and PTSVU usingbothmar-
gin and probability propagation, with no noisepresentin
the input signal and with infinite precisionin the parame-
ters.

PWQ and PXSYU are triggeredon the occuranceof a top-down
and a bottom-upsequence.Figure 2 also shows the re-
sponseof both the decodingschemesin presenceof clean
inputs � , �<� andprecisemodelparameters.Whenrelatively
small amountof scalingandadditive noiseis addedto the
input with a small parametermismatchthe normalization
schemesbehavequitedifferentlyasshown in figures 3 and
4. Thecomparisonrevealstherobustnessof margin decod-
ing for analogVLSI.

4. ANALOG VLSI IMPLEMENTATION

A possibleanalogVLSI implementationof themarginprop-
agatingnetwork is given in Figure 5. The network con-
sistsof anarrayof basicbuilding blocks Z[� G thatcompute$ \ � G &]\T^_) + , where\ � G areconfidencevaluesencodedascur-
rentsand \ ^ is the thresholdvalue. ` G is the feedbackcir-
cuit whichdeterminestheequilibriumconditionin (2) with "a\ G . A small signalanalysisaboutthe equilibriumre-
vealsthestabilityandfavorablespeedof convergenceto the
equilibriumpoint.

Let ��b[c bethetransconductancesof transistorsM1-M4
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Fig. 3. Measures ! �R$ � ) of statesP Q and P SYU usingproba-
bility propagation (3), in the presenceof input noiseand
parameterinaccuracies.

of d "e4 	�IK8gfih analogstageZ � G andthe transconductances
of transistorsM7-M8 be ��b
j andof M5 be ��b[k . Thesensi-
tivity of thefeedbacksignal l ^ with respectto theanincre-
mentalchangein inputcurrent\T� G is givenby

m l ^ ; m \T� Gon � ;�4 ��b[k 4 �qp=��b
k ; ��b
j�8p c�r�s ��b
ct8 (6)

where C denotesthe setof network elementswhose\ c &\T^vu � . Note that l ^ hasto drive � input capacitancesof
M1 of theanalogstagesZ
� G , where � is the total number
of elementsin a row of the normalizationnetwork. The
following canbeinferedfrom equation(6):

? Thesensitivity decreasesasthenumberof activenet-
work elementsw�CEw decreases.This shows that if the
network is pre-initializedto thecondition\ ^ " � then
it quickly convergesto theneighborhoodof thestable
condition.

? The input capacitancedriven by l ^ remainsfixed,
andthereforethepoleintroducedby this capacitance
shiftsdeeperin therighthalfplaneastimeprogresses.
Thisdirectlygivesanindicationof thestabilityof the
network.

? As � becomeslarge then c�r�s ��b[c�@xwyCEw�z $ ��b[c )
wherew�CEw is thesizeof theset C and z $ ��b[c ) is theex-
pectedvalueof transconductanceof therow elements.
Relative randommismatchbetweentransistorsof the
network elementis thuscompensatedfor large �
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Fig. 4. Measures ! �L$ � ) of statesP Q and P SVU usingmargin
propagation(5), in thepresenceof input noiseandparam-
eterinaccuracies.
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Fig. 5. Analog networkimplementingmargin normalization
andpropagation.

5. RESULTS

A 24 ~ 24margin normalizationnetwork wasimplemented
asa partof a recognitionsystemin a standard0.5� CMOS
process.The transistorsfor this specificapplicationwere
biasedin weakinversionregion to ensurelow power dissi-
pation,but weakinversionis not essentialfor correctoper-
ation. Figures 6 and 7 show normalizedmargins corre-
spondingto the currentsP1-P4for four differentrow ele-
mentswith respectto a referencecurrentP1. Theplots in
figure 6 wereobtainedfor a larger valueof normalization
factor  asopposedto figure 7 which wasobtainedfor a
nominalvalue.

The following canbe inferedaboutthebehavior of the
normalizationcircuit :

? Thehigherthevalueof  , thelower thesensitivity of
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Fig. 6. Outputcurrent valuesof different elementsof the
normalizationnetworkcorrespondingtoa largevalueof the
normalizationconstant .

theoutputcurrentsandvice-versa.

? Figure7 shows that the outputcurrentsensivity in-
creaseswhen two probabilities/currentvalues are
closeto eachotherandthebehavior canbecontrolled
by  . Also the small currents!D� and !D  get trun-
catedunlikein regularnormalizationwherethemodel
assumesthatthecurrentcanberepresentedwith infi-
niteprecision.

6. CONCLUSIONS

In this paperwe presenteda novel methodof normaliza-
tion, propagationand forward decodingbasedon relative
margins betweendifferent confidencescores,as opposed
to forward recursionof posteriorpropabilities. Using this
schemeweproposedananalognetwork thatcanbeapplied
to thedesignof decodersvery similar to theapproachpre-
sentedin [1, 2]. Margin baseddecodershave an advan-
tageover conventionalprobability propagationbecauseit
accountsfor finite precisionandnoisein parametersandin-
putsignals,inherentin analogcircuits.Wealsoproposedan
implementationof the network usingMOS transistorsand
illustratedsomeof the characteristicsof the network with
experimentaldatafrom the fabricatedcircuits. The oper-
ation of the network is independentof device characteris-
ticsandonly reliesonaccuratesummationandsubstraction,
whichmakesit moreapplicabletoabroaderclassof devices
thatmayincludeemergingtechnologies.
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Fig. 7. Outputcurrent valuesof different elementsof the
normalizationnetworkcorrespondingto a nominalvalueof
thenormalizationconstant .
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