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ABSTRACT
A mixed-signaladaptive VLSI architecturefor real-time
blind separationof linearsourcemixturesis presented.The
architectureis digitally reconfigurableand implementsa
generalclassof IndependentComponentAnalysis (ICA)
updaterules in commonouter-productform. In conjunc-
tion with gradient flow, a techniquefor converting time-
delayedmixturesof traveling wave sourcesinto equivalent
linearinstantaneousmixturesby observingspatialandtem-
poralderivativesof thefield overaminiaturearray, theICA
architectureallows to separateandlocalizemultiple acous-
tic sourcesin theacousticscene.Experimentalresultsfrom
VLSI implementationof the ICA architecturedemonstrate
30dB separationof two mixturesof two speechsignals.

1. INTRODUCTION

The humanauditory systemperformsremarkablywell in
segregating multiple streamsof acousticsources,even in
significantpresenceof noisein the acousticscene.To do
so, it requiresto resolve time delaysandamplitudediffer-
encesbetweensoundwaves enteringboth ears,and cor-
relatingandgroupingthesedifferencesacrossthe various
sourcecomponents[1]. Modern hearingaids utilize di-
rectionalor multiple microphonesto emulatesomeof the
functionalityof binauralsensing.However, they remainfar
from adequatein compensatingthe lossof functionality in
impairedearsandtheir performancedegradessignificantly
in thepresenceof multiple signalandnoisesourcesin the
acousticscene.To beeffectivein resolvingthesignalof in-
terest,both localizationandseparationof multiple acoustic
sourcesarerequired.

In previouswork we showedthat thedirectionof wave
propagationcanbe estimatedobtainedby differentialspa-
tial sensingof thefield onsub-wavelengthscale,usinggra-
dient flow [2, 3]. Mixed-signalVLSI implementationof
themethod[4] hasdemonstratedimprovedperformancein
termsof powerdissipationandbearingresolutionovercon-
ventionalbearingestimationlocalizers.

This work was supported by ONR N00014-99-1-0612 and
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Besidesits usein bearingestimation,gradientflow pro-
vides an efficient signal representationas a front-endfor
blind sourceseparation.In thepresenceof multiple signal
sources,gradientflow converts the problemof separating
unknown delayedmixturesof independentsignalsources,
into a simplerproblemof separatingcorrespondinginstan-
taneousmixturesof thetime-differentiatedsignals[2]. This
formulationis equivalentto thestandardproblemstatement
in IndependentComponentAnalysis (ICA) [7]. Gradient
flow andICA combineto yield both separationandlocal-
izationof multiple independentsignalsources.

VariousanalogVLSI implementationsof ICA exist in
the literature,e.g., [5, 6], anddigital implementationsus-
ing DSP are commonpracticein the field. We presenta
generalmixed-signalparallelarchitecture,thatcanbecon-
figuredfor implementationof variousICA updaterulesin
conjunctionwith gradientflow. Experimentalresultsfrom
micropower VLSI implementationareincludedto demon-
stratetheapproach.

2. GRADIENT FLOW

Gradientflow [2] is asignalconditioningtechniquefor sep-
aratingand localizing traveling wave sourcesby relating
spatialandtemporalderivativesof the field observedover
a miniaturesensorarray. Observationof first orderspatial
gradientsof thefield �������
	�� and ���
���
	�� in perpendiculardi-
rectionsin theplaneyield linearlymixedobservationsof the
time-differentiatedsourcesignals ���� eachscaledby propa-
gationdelays� � � and��� � alongthegradientdirections:

� ��� ��	���� � �
�� �� � �
	��

��������	���� � �
�
� ��
� �
	���� (1)

In practice,thegradients� ��� �
	�� and� ��� �
	�� areestimatedby
finite differencesof the field on the sensorgrid [2]. Like-
wise, time differentiationof the observed spatialcommon
modeof thefield � ��� �
	�� yieldsfurtherlinearlymixedobser-
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Fig. 1. StandardICA problemdefinition. Linear instanta-
neousmixing, andun-mixing,of independentsources.

vationof thetime-differentiatedsourcesignals ��!� :
�� ��� �
	��"� � �� � �
	���� (2)

For a single source � �
	�� , estimatesof 3-D bearingangles
aredirectly obtainedby leastsquaresadaptationof theco-
efficients � � and ��� from (1) and (2) [3], efficiently im-
plementedin a micropower mixed-signalVLSI architec-
ture [3]. Multiple concurrentsources� � ��	�� (#%$'&)(�������* )
giveriseto linearmixturesin thegradientobservations����� ,
����� and ������ that can be blindly separatedusing indepen-
dentcomponentanalysis(ICA) [7]. The identifiedsource
componentsfrom the gradientsignalsthenyield the time-
differentiatedsourcesignals �� � ��	�� , and the un-mixing co-
efficientsyield the corresponding3-D directioncosinesin
termsof inter-temporaldifferences� � � and ��� � [2]. There-
fore,acompactsystemcomposedby integrationof gradient
flow andICA, canbeusedto achievemultiplesourcetrack-
ing.

3. INDEPENDENT COMPONENT ANALYSIS

The task of blind sourceseparation(BSS) is to separate
and recover independentsourcesfrom mixed sensorob-
servations,whereboth sourcesandmixing matrix areun-
known. Independentcomponentanalysis(ICA) offers a
principledmathematicalapproachto solvingtheBSSprob-
lem under the assumptionof signal independenceacross
sources[7]. Figure1 showsthestandardproblemsettingof
ICA, in whichobservationsareunknown linearmixturesof
theunknown independentsources.ICA minimizeshigher-
orderstatisticaldependenciesbetweenreconstructedsignals
to estimateboth un-mixing matrix andindependentsignal
sources.

3.1. Algorithms

Several approachesexist to solving the linear ICA prob-
lem, and the presenttreatmentis limited to static (non-
convolutive) ICA algorithmswhich assumelinear instan-
taneousmixing. Four of suchwell known algorithmsare
presentedherebriefly, in light of theimplementationarchi-
tecturepresentedin Section4.1.

Herault-Jutten (H-J) algorithm [8] : thefirst formulation
of BSSasinspiredby biomimeticprinciples,the H-
J updatealgorithm is basedon a feedbacknetwork
topology +,$.-0/1+3254 with zerodiagonalterms
(687
7:9<;=(?>�@ ). An independencecriterion basedon
nonlinearcorrelationyields the on-line learningrule
for theoff-diagonalterms

A 6 7
B $DCFEG��H 7 ��IJ��H B �K( @ML$,N (3)

where EG�K�O� and IJ����� are appropriatelychosen,odd-
symmetricfunctions.

Bell-Sejnowski (B-S) algorithm [9] : The derivation of
thelearningrule(4) is basedontheinformationmaxi-
mization(InfoMax) principle,andmaximizestheout-
put entropy of a neuralnetwork with nonlinearout-
puts:

A /P$,C3�?Q /1RTSKU � -VEG�W+X�Y4ZR[� (4)

Natural Gradient (NG) algorithm [10] : Morerobustand
uniform convergenceis obtainedby using Amari’s
natural gradientof the InfoMax costfunction, lead-
ing to thesimplelearningrule

A /\$,C3Q ]^-_EG�Y+`�Y+ R S�/ (5)

The convergenceof (5) implies Ea f 7?�
H�7���H�7?b�$ 1 asa
constrainton reconstructedsignals.

Cichocki-Unbehauen (C-U) algorithm [11] : To avoid
numerical instability die to non-stationarityin the
sources, the C-U algorithm introduces a non-
holonomicconstraintin theNG learningrule, fixing
thediagonalof theunmixingmatrix / :

A /P$,C3Q cV-VEG�W+X�
IG�Y+ R ��SO/ (6)

wherec is adiagonalscalingmatrix. Convergenceof
theC-U algorithmimplies c 7
7 $edfQgEG��H 7 ��IJ��H 7 ��S .

3.2. General Outer-Product Formulation

Efficient implementationin parallelarchitecturerequiresa
simple form of the updaterule, that avoids excessive ma-
trix multiplicationsandinversions.With simplification,the
above ICA updatealgorithmscanbe castin the common,
unifying framework of the outer-productrule (3). To map
therecurrentH-J network architectureontoa feed-forward
form, weapplythefollowing approximation:

+h$i�W][2j/k� U � 4l�m�Y]^-n/k�Y4 (7)

In otherwords,we chooseto implementthe H-J rule with
linear feed-forward networks of the type +o$p/<4 with
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Fig. 2. Parallelimplementationof ICA. Generalouter-productarchitecture.

fixeddiagonalterms6 7u7 9v& , andwith off-diagonalterms
adaptingaccordingto

A 6 7uB $i-wCxEG�
H 7 �
IG�
H B ��( @yL$DN (8)

Equivalently, the implementedupdaterule canbe seenas
thegradientof InfoMax (4) multiplied by / R , ratherthan
thenaturalgradientmultiplicationfactor / R / . To obtain
the full naturalgradientin outer-productform, it is neces-
saryto includea back-propagationpathin thenetwork ar-
chitecture,andthusadditionalsilicon resources,to imple-
mentthevectorcontribution + R / [12].

Interestingly, in the specialcaseof a z'{.z network
(2 sourcesand 2 observations)the the updaterule (8) re-
ducesto non-holonomic(zero-diagonal)form of the natu-
ral gradientrule (5), or equivalentlytheC-U rule (6), with-
out a backwardsignalpathin thearchitecture.This equiv-
alencefollows from the condition | � $�EG��H � ��IJ��H � � and
|}�~$�EG��H}����IJ��H}��� which canbemetby dynamicallyadapt-
ing c accordingly.

4. IMPLEMENTATION

4.1. Architecture

Level comparisonprovidesimplementationof discreteap-
proximationsof any scalarfunction EG��HG� and IJ��HG� appear-
ing in different learning rules. Sincespeechsignalsare
approximatelyLaplaciandistributed, the nonlinearscalar
function EG�
H�� is approximatedby ���
���G�
H�� andimplemented
usingsinglebit quantization.Conversely, a linear function
IJ��H��09�H in the learningrule is approximatedby a 3-level
staircasefunction ��-y&)(?;�(�2M&�� using2-bit quantization.The
quantizationof the E andI termsin theupdaterule (8) sim-
plifies theimplementationto thatof discretecountingoper-
ations.

The functionalblock diagramof a �F{%� outer-product
incrementalICA architecture,supportinga quantizedform

of the generalupdaterule (8), is shown in Figure2. Un-
mixing coefficientsarestoreddigitally in eachcell of the
architecture.Theupdateis performedlocally by onceor re-
peatedlyincrementing,decrementingor holdingthecurrent
valueof counterbasedon the learningrule served by the
micro-controller. The 8 mostsignificantbits of the 14-bit
counterholdingandupdatingthecoefficientsarepresented
to a multiplying D/A capacitorarray[4] to linearly unmix
theseparatedsignal.Theremaining6 bits in thecoefficient
registersprovideflexibility in programmingtheupdaterate
to tailor convergence.

4.2. VLSI Implementation

A prototype3 { 3 mixed-signalICA processorwas de-
signed,fabricated,andtested.Thedifferentialanaloginput
channelsdirectlyinterfacewith gradientoutputsignalsfrom
a previouslydevelopedgradientflow processorfor acoustic
localization[4], to extendits functionality to joint separa-
tion andlocalizationof up to threeacousticsources.The
mixed-signalarchitectureis implementedusing fully dif-
ferential switched-capacitorsampled-datacircuits. Corre-
lateddoublesamplingperformscommonmodeoffsetrejec-
tion and1/f noisereduction. An externalmicro-controller
providesflexibility in theimplementationof differentlearn-
ing rules. The ICA architectureis integratedon a single
���%�<{����%� chipfabricatedin 0.5 C m 3M2PCMOStech-
nology. Detailsof circuit implementationandcharacteriza-
tion of thechipwill bepresentedelsewhere.

5. EXPERIMENTAL RESULTS

Initial experimentson the currentprototypechip consisted
of applyingsyntheticmixturesof speechsignalsasinputs.
The original speechsignalsshown in Figure 3 (a) were



mixedusingthelinearmatrix:

;=�O��;�� �
;=� ��;�� �

The syntheticmixture shown in Figure 3-(b) was applied
to theICA processorby usinga 12 bit D/A converter. The
on-line estimatedsignals,acquiredfrom the output chan-
nelsof thechip using12 bit A/D conversion,areshown in
Figure3 (c). The estimatesconverge towardsthe original
(unseen)sourcesin Figure3 (a)overtime,with 30dB sepa-
rationat convergence.Figure3 (d) illustratesthedynamics
of the recordedoff-diagonalmatrix elements6�� � and 6 � �
convergingtowardstheir idealvalues(dashedlines).
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Fig. 3. Experimentalblind separationof two speechsources
by the VLSI chip. (a): Original speechsignals;(b): Mix-
tureof speechsignals;(c): Recoveredsignalsobtainedfrom
chip; (d): ICA weightsrecordedon-linefrom chip.

6. CONCLUSION

A mixed-signalparallelVLSI architecturefor implementa-
tion of ICA in generalouter-productform was presented.
Initial experimentalresultsfrom a prototypemicropower
chip demonstrated30 dB real-time separationof mixed
speechsignalspresentedto thechip. Furtherexperimenta-
tion is directedtowardsintegratingtheICA VLSI architec-
turewith previouslydevelopedcircuitsimplementinggradi-

ent flow [4], for real-timeadaptive acousticsourcesepara-
tion andlocalization,usingminiatureacousticarrays.The
ICA architectureis directly amenableto integration with
sensorarraysfor small,compact,battery-operated“smart”
sensorapplicationsin hearingaids,personaldigital assis-
tants,andsurveillancenetworks.
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