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ABSTRACT

A mixed-signaladaptve VLSI architecturefor real-time
blind separatiorof linearsourcemixturesis presentedThe
architectureis digitally reconfigurableand implementsa
generalclassof IndependentComponentAnalysis (ICA)
updaterulesin commonouterproductform. In conjunc-
tion with gradientflow, a techniquefor corverting time-
delayedmixturesof traveling wave sourcesnto equivalent
linearinstantaneoumixturesby observingspatialandtem-
poralderivativesof thefield overaminiaturearray the ICA
architectureallows to separat@ndlocalizemultiple acous-
tic sourcesn theacousticscene Experimentatesultsfrom
VLSI implementatiorof the ICA architecturedemonstrate
30 dB separatiorof two mixturesof two speectsignals.

1. INTRODUCTION

The humanauditory systemperformsremarkablywell in

segregating multiple streamsof acousticsources,even in

significantpresencef noisein the acousticscene. To do

S0, it requiresto resole time delaysand amplitudediffer-

encesbetweensoundwaves enteringboth ears,and cor-

relating and groupingthesedifferencesacrossthe various
sourcecomponentgd1]. Modern hearingaids utilize di-

rectionalor multiple microphonedo emulatesomeof the
functionality of binauralsensing However, they remainfar

from adequaten compensatinghe lossof functionality in

impairedearsandtheir performancelegradessignificantly
in the presencef multiple signalandnoisesourcesn the
acousticscene.To beeffectivein resolvingthe signalof in-

terestbothlocalizationandseparatiorof multiple acoustic
sourcesarerequired.

In previouswork we shavedthatthe directionof wave
propagatiorcan be estimatedobtainedby differentialspa-
tial sensingpf thefield on sub-wavelengthscale usinggra-
dient flow [2, 3]. Mixed-signalVLSI implementationof
the method[4] hasdemonstratednproved performancen
termsof power dissipationandbearingresolutionover con-
ventionalbearingestimatiorlocalizers.
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Besidests usein bearingestimationgradientflow pro-
vides an efficient signal representatioras a front-end for
blind sourceseparation.In the presencef multiple signal
sourcesgradientflow corvertsthe problemof separating
unknowvn delayedmixturesof independensignal sources,
into a simplerproblemof separatingorrespondingnstan-
taneousnixturesof thetime-differentiatedsignalg2]. This
formulationis equivalentto the standargroblemstatement
in IndependenComponentAnalysis (ICA) [7]. Gradient
flow andICA combineto yield both separatiorandlocal-
izationof multiple independensignalsources.

VariousanalogVLSI implementation®of ICA exist in
theliterature,e.q., [5, 6], anddigital implementationsis-
ing DSP are commonpracticein the field. We presenta
generalmixed-signalparallelarchitecturethatcanbe con-
figuredfor implementatiorof variousICA updaterulesin
conjunctionwith gradientflow. Experimentaresultsfrom
micropowver VLSI implementatiorare includedto demon-
stratetheapproach.

2. GRADIENT FLOW

Gradientflow [2] is asignalconditioningtechniquefor sep-
arating and localizing traveling wave sourcesby relating
spatialandtemporalderivatives of the field obsened over
a miniaturesensotarray Obsenation of first orderspatial
gradientsof thefield £19(t) and&o: (¢) in perpendiculadi-
rectionsin theplaneyield linearlymixedobsenationsof the
time-differentiatedsourcesignalss, eachscaledby propa-
gationdelaysr;* andr,* alongthe gradientdirections:
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In practice thegradientstyo(t) andéo; (t) areestimatedy
finite differencesof the field on the sensorgrid [2]. Like-
wise, time differentiationof the obsened spatialcommon
modeof thefield {oo (¢) yieldsfurtherlinearly mixedobser
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Fig. 1. StandardCA problemdefinition. Linearinstanta-
neousmixing, andun-mixing,of independensources.

vationof thetime-differentiatedsourcesignalss,:
foo(t) ~ > 5 (1), 2)
)

For a single sources(t), estimatef 3-D bearingangles
aredirectly obtainedby leastsquaresadaptatiorof the co-
efficients -y and » from (1) and (2) [3], efficiently im-
plementedin a microponver mixed-signalVLSI architec-
ture [3]. Multiple concurrentsourcess‘(t) (¢ = 1,...L)
giveriseto linearmixturesin thegradientobsenationss g,
o1 and &y that can be blindly separatedising indepen-
dentcomponentanalysis(ICA) [7]. Theidentifiedsource
componentdrom the gradientsignalsthenyield the time-
differentiatedsourcesignalss‘(t), and the un-mixing co-
efficientsyield the corresponding@-D directioncosinesin
termsof intertemporaldifferences ¢ andr* [2]. There-
fore,acompacskystencomposedy integrationof gradient
flow andICA, canbeusedto achieve multiple sourcerack-

ing.
3. INDEPENDENT COMPONENT ANALYSIS

The task of blind sourceseparationBSS) is to separate
and recover independensourcesfrom mixed sensorob-
senations,whereboth sourcesand mixing matrix are un-
known. Independentomponentanalysis(ICA) offers a
principledmathematicahpproacho solvingthe BSSprob-
lem underthe assumptionof signal independencecross
sourceg7]. Figurel shavsthestandargroblemsettingof
ICA, in which obsenationsareunknawn linear mixturesof
the unknowvn independensources.ICA minimizeshigher
orderstatisticaldependencidsetweeneconstructedignals
to estimateboth un-mixing matrix andindependensignal
sources.

3.1. Algorithms

Several approachexist to solving the linear ICA prob-
lem, and the presenttreatmentis limited to static (non-
convolutive) ICA algorithmswhich assumdinear instan-
taneousmixing. Four of suchwell known algorithmsare
presentedherebriefly, in light of theimplementatiorarchi-
tecturepresentedh Sectiond. 1.

Herault-Jutten (H-J) algorithm [8] : thefirst formulation
of BSSasinspiredby biomimeticprinciples,the H-
J updatealgorithmis basedon a feedbacknetwork
topologyy = —Wy + x with zerodiagonalterms
(wi; = 0,Vi). An independenceriterion basedon
nonlinearcorrelationyields the on-line learningrule
for theoff-diagonalterms
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where f(.) and ¢g(.) are appropriatelychosen,odd-
symmetricfunctions.

Awij = p f(yi)9(ys)s

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

AW = ((WT]7! = f(y)xT) 4

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

AW = [I- f(y)y'|W (5)

The convergenceof (5) implies E{f;(y;)y;}=1 asa
constrainbnreconstructedignals.

Cichocki-Unbehauen (C-U) algorithm [11] : To avoid
numericalinstability die to non-stationarityin the
sources, the C-U algorithm introduces a non-
holonomicconstraintin the NG learningrule, fixing
thediagonalof the unmixingmatrix W':

AW = p[A = f(y)g(y")]W (6)

whereA is adiagonalkscalingmatrix. Corvergenceof
the C-U algorithmimpliesA;; = E[f (v:)g(y:)]-

3.2. General Outer-Product Formulation

Efficientimplementatiorin parallelarchitectureequiresa
simpleform of the updaterule, that avoids excessie ma-
trix multiplicationsandinversions.With simplification,the
above ICA updatealgorithmscan be castin the common,
unifying framework of the outerproductrule (3). To map
the recurrentH-J network architectureonto a feed-forward
form, we applythefollowing approximation:

y=I+W) 'x~(I-W)x @)

In otherwords, we chooseto implementthe H-J rule with
linear feed-forward networks of the typey = Wx with
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Fig. 2. Parallelimplementatiorof ICA. Generalbuterproductarchitecture.

fixed diagonaltermsw;; = 1, andwith off-diagonalterms
adaptingaccordingo

i 7] (8)

Equivalently;, the implementedupdaterule canbe seenas
the gradientof InfoMax (4) multiplied by W7, ratherthan
thenaturalgradientmultiplicationfactorW” W. To obtain
the full naturalgradientin outerproductform, it is neces-
saryto includea back-propagatiopathin the network ar
chitecture,andthus additionalsilicon resourcesto imple-
mentthevectorcontributiony” W [12].

Interestingly in the specialcaseof a2 x 2 network
(2 sourcesand 2 obsenations)the the updaterule (8) re-
ducesto non-holonomigqzero-diagonalform of the natu-
ral gradientrule (5), or equivalentlythe C-U rule (6), with-
out a backward signalpathin the architecture.This equiv-
alencefollows from the condition \; = f(y1)g(y1) and
A2 = f(y2)g(y2) which canbe metby dynamicallyadapt-
ing A accordingly

Awig = —p f(yi)g(vy),

4. IMPLEMENTATION

4.1. Architecture

Level comparisorprovidesimplementatiorof discreteap-
proximationsof ary scalarfunction f(y) andg(y) appear
ing in differentlearningrules. Since speechsignalsare
approximatelyLaplaciandistributed, the nonlinearscalar
function f (y) is approximatedby sign(y) andimplemented
usingsinglebit quantization.Corversely a linear function
g(y) = y in thelearningrule is approximatedy a 3-level
staircasdunction(—1, 0, +1) using2-bit quantizationThe
guantizatiorof the f andg termsin theupdaterule (8) sim-
plifies theimplementatiorto thatof discretecountingoper
ations.

Thefunctionalblock diagramof a 3 x 3 outerproduct
incrementalCA architecturesupportinga quantizedorm

of the generalupdaterule (8), is shavn in Figure2. Un-

mixing coeficientsare storeddigitally in eachcell of the

architectureTheupdateis performedocally by onceor re-

peatedlyincrementingdecrementingr holdingthecurrent
value of counterbasedon the learningrule sened by the

micro-controller The 8 mostsignificantbits of the 14-bit

counterholdingandupdatingthe coeficientsarepresented
to a multiplying D/A capacitorarray[4] to linearly unmix

theseparatedignal. Theremaining6 bits in the coeficient

registersprovide flexibility in programminghe updaterate

to tailor corvergence.

4.2. VLS| Implementation

A prototype3 x 3 mixed-signallCA processomas de-
signed fabricatedandtested.The differentialanaloginput
channelgirectlyinterfacewith gradientoutputsignalsfrom
apreviously developedgradientflow processofor acoustic
localization[4], to extendits functionality to joint separa-
tion andlocalizationof up to threeacousticsources.The
mixed-signalarchitectureis implementedusing fully dif-
ferential switched-capacitosampled-dat&ircuits. Corre-
lateddoublesamplingperformscommonmodeoffsetrejec-
tion and 1/f noisereduction. An externalmicro-controller
providesflexibility in theimplementatiorof differentlearn-
ing rules. The ICA architectureis integratedon a single
3mm x 3mm chipfabricatedn 0.5 m 3M2PCMOStech-
nology. Detailsof circuitimplementatiorandcharacteriza-
tion of thechipwill be presente@lsavhere.

5. EXPERIMENTAL RESULTS

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



mixedusingthelinearmatrix:
0.7 0.3
[0.4 0.6]

The syntheticmixture shavn in Figure 3-(b) was applied
to the ICA processoby usinga 12 bit D/A corverter The
on-line estimatedsignals,acquiredfrom the output chan-
nelsof the chip using12 bit A/D corversion,areshavn in
Figure 3 (c). The estimatexornverge towardsthe original
(unseenyourcesn Figure3 (a) overtime, with 30dB sepa-
rationat corvergence.Figure3 (d) illustratesthe dynamics

of the recordedoff-diagonalmatrix elementsw;,; andws;
convergingtowardstheirideal values(dashedines).
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Fig. 3. Experimentablind separatiorf two speeclsources
by the VLSI chip. (a): Original speectsignals;(b): Mix-
tureof speectsignals;(c): Recoreredsignalsobtainedrom
chip; (d): ICA weightsrecordedn-linefrom chip.

6. CONCLUSION

A mixed-signalparallelVLSI architectur€or implementa-

tion of ICA in generalouterproductform was presented.

Initial experimentalresultsfrom a prototypemicropaver
chip demonstrated0 dB real-time separationof mixed
speecthsignalspresentedo the chip. Furtherexperimenta-
tion is directedtowardsintegratingthe ICA VLSI architec-
turewith previously developedcircuitsimplementinggradi-

entflow [4], for real-timeadaptve acousticsourcesepara-
tion andlocalization,usingminiatureacousticarrays. The

ICA architectureis directly amenableto integration with

sensotarraysfor small, compact battery-operatetsmart”

sensorapplicationsin hearingaids, personaldigital assis-
tants,andsurweillancenetworks.
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