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ABSTRACT

Thiswork describeghe optimizationof a signalprocessindront-
endfor a distributed speechrecognitionsystemwith the goal of
reducingpower consumptionTwo cateyoriesof sourcecodeopti-
mizationswereused,architecturandalgorithmic. Architectural
optimizationsreducethe power consumptiorfor a particularsys-
tem, in this casethe HP Labs SmartbadgéV prototypeportable
system. Algorithmic optimizationsare more generalandinvolve
changesn the algorithmicimplementatiorof the sourcecodeto
run fasterandconsumedesspower. A cycle accurateenegy simu-
lation shawvs areductionin powver usageby 83.5%with theseopti-
mizations.Theoptimizedsourcecoderuns34timesfasterthanthe
original code thereforeit canrun at lower processoclock speeds
and voltagesfor further reductionsin power consumption. This
technique known as dynamicvoltagescaling, wasimplemented
onthe SmartbadgdV hardwarefor anoverall reductionin power
usageof 89.2%.

1. INTRODUCTION

Thiswork describeghe optimizationof a signalprocessindront-
end feature extraction for a distributed speechrecognitionsys-
tem. The baselinesystemusedin the experimentss version0.3
of the open-sourceSphinx Il speechrecognizerfrom Carngie
Mellon University [1]. The optimization methodsusedfor the
algorithm substantiallydecreasehe power usagewhile increas-
ing speed(measuredn processocycle counts). Estimatesof to-
tal power usageareperformedusinga cycle-accuratenepgy con-
sumptionsimulator[2]. The architectureof the embeddedsys-
tem simulatedin the experimentsmimics that of the Smartbadge
IV systemdevelopedat the AppliancePlatformdepartmenof HP
Labs[3]. In additionto performingenegy consumptiorsimula-
tionsto evaluatethe quality of sourcecodeoptimizationswe also
implementedand ran the optimized version of the front-endon
SmartbadgéV hardware. We foundthatreal-timesignalprocess-
ing of speechis possibleat eleven discreteCPU frequeny and
voltagesettingsthusenablingfurtherpower savings.

A block diagramof a speeclrecognitionsystemis shovn in
Figurel. It caneasilybe dividedinto two parts,a front-endand
aback-end.Thefront-endproducesa setof acousticobserations
which are usefulin recognizingspeech. The back-endis where
mostof thecomputatiorandmemoryusageakesplace. Theback-
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endcaneasilyusehundredsof Mbytesof memoryandhundreds
of MIPS of computation.
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Fig. 1. Block diagramof atypical speechrecognizef4].

Sincethe front-endfeatureextractionstepis relatively low in
compleity, it is desirableto performthis stepon the embedded
device andto sendcompressedeaturesacrossthe network. It
hasbeenshavn that thesefeaturescan be compressedvith lit-
tle effecton theerrorrateof the speechrecognizef5]. The ETSI
standardfor distributed speechrecognitiondescribesalgorithms
to compute compressandtransmitthesespeecheatured6]. We
areconsideringonly the computatiorof thesefeaturesandnot the
compressiomndtransmission.

2. THE SIGNAL PROCESSING FRONT-END

Theacoustimbserationsgeneratedy thesignalprocessindront-
endor “featureextraction” steparemel-frequeng cepstralcoefi-
cients.Mel-frequeng cepstratoeficientsarecalculatedisingthe
real cepstrumgdefinedasthe inverseFourier transformof the log
spectrum:

os(n) = . [ logls(e)|e*do )

whereS(w) is thespectrunof thespeectsignal. Thefeaturesused
in the Sphinx Il speechrecognizerconsistof 13 mel-frequeng

cepstralcoeficients computedevery 10ms. Secondaryfeatures,
consistingof first andsecondime derivativesof the cepstrumare
alsoused,but they canbe calculatedeasily at the back-end. A

morein depthdiscussiorof the theoryand propertiesof the cep-
strumcanbefoundin [7].

In practice themel-frequeng cepstratoeficientscanbecom-
putedusingthe algorithmin Figure2. We assumethe digitized
speechis 16-bit linear sampledat 16kHz. A pre-emphasidil-
ter whitensthe speectsignalandoverlappingframesof 25msare
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Fig. 2. Thealgorithmusedto computethe mel-cepstrum.

multiplied by a Hammingwindow. Next the magnitudesquaref
thediscreteFouriertransform(DFT) is computed The magnitude
squareds processedby a setof mel-filter banksto produceanes-
timateof the mel-spectrumThe mel-filter banksareimplemented
asa seriesof overlappingtrianglefilters, Hi[k], thatare centered
on equally spacedrequenciedn the mel-scale. The resultis an
estimateof thetotal enegy in theith critical band:

N/2
Y[i] = kz XK HilK (2)
=0

whereX[K] is the DFT of the windowed speechsignal and H; [K]

containsthe filter-bank coeficients. Finally, the logarithmof the
mel-spectrunis takento produceaweightedlog eneny;, \?[i}. The
weightedlog enegy is realandeven, sothe inverseFouriertrans-
form canbe implementedas a discretecosinetransform(DCT)

with equialentresults.

3. LOW-POWER OPTIMIZATION

Implementinghefront endfeatureextractionfor adistributedspeech
recognitionsystemon an embeddedlatform requiresnot only
speed,but also power optimization, sincethe batterylifetime in
suchdevicesis very limited. This work discussedoththe source-
codeandtherun-timeoptimizations.A goodoverview of the pre-
viouswork donein codeandrun-timeoptimizationfor low power
is presentedh [13].

The sourcecode optimizationscan be groupedinto two cat-
egories. The first catgyory, architecturaloptimizations,aimsto
reducepower consumptionwhile increasingspeedby using op-
timization methodstargetedto a particularprocessoor platform
(e.g. anembeddedystemwith no floating-pointhardware). Ide-
ally, mary of theseoptimizationsshouldbe doneby a compiler
However, currently available compilersfor mostembeddedsys-
temsdo not have theseoptimizationsbuilt-in. In addition, mea-
surementpresentedh [2] shav thattheimprovementshatcanbe
gainedusing standardcompiler optimizationsare maiginal com-
paredto writing enegy efficientsourcecode.Thesecondcatayory
of sourcecodeoptimizationss moregenerabndinvolveschanges
in thealgorithmicimplementatiorof the sourcecodewith thegoal
of fasterperformancevith lesspower consumption.

The final optimizationpresentedn this work, dynamicvolt-
agescaling(DVS), is the mostgeneralsinceit canbe appliedat
run-timewithout ary changeso the sourcecode. Dynamicvolt-
age scalingalgorithmsreduceenegy consumptionby changing
processospeedandvoltageatrun-timedependingnthe needof
the applicationsrunning. The maximumpower sarings obtained
with DVS areproportionalto the savingsin frequenyg andto the
squareof voltage.

3.1. Architectural Optimization

Signalprocessinglgorithmssuchasthe onein Figure2 aregen-
erally mathematicallyintensie, thereforea significantamountof

effort wasspentin optimizingthearithmetic.In addition,simpleC

codeoptimizationswere emplo/ed to help the compilergenerate
moreefficientcode[9].

Profiling of the sourcecodeon a StrongARM simulatorre-
vealedthat over 90% of the time was spentin floating-pointem-
ulation. The StrongARMhasho on-chipfloating-pointprocessar
soall floating-pointoperationsnustbeemulatedn software. Sim-
ply changingfrom doubleto single precisionfloatsimproved the
performanceconsiderably However, profiling shaved that 80%
of thetime wasstill beingspentin floating point emulation. Any
furthergainsrequirefixed-pointarithmetic.

Fixed-pointarithmetic usesscaledintegersto performbasic
math functionsusing the existing integer hardware. The scaling
factor(or locationof the decimalpoint) is fixed at designtime and
is designatedoy Qn, wheren is the numberof bits to the right
of thedecimal. The basicrulesof arithmeticstill hold; addingtwo
numbergequireghatthedecimalpointsmustline up. Multiplying
two numbersn Qnformatyieldsanumberin Q2n format.

Implementinga pre-emphasifilter andHammingwindow us-
ing fixed-pointarithmeticis straight-forvard. Fixed-pointFFTs
arewell studiedandhave often beenimplementedn digital sig-
nal processochips.

After passingthe input framethroughthe FFT, the mel filter
bankmustbe applied.Recallthatthefilter bankamplitudesn (2)
are calculatedusing the squaredmagnitude. This presentsome
challengessincethis squarechumbermultiplied by the filter co-
efficients, Hj[k], caneasilyoverflow the 32-bit registers.A 64-bit
resultcanbe obtainedfrom the StrongARM multiplier using as-
semblylanguagebut overflov canbe avoidedsimply by rewriting
thefilter bankequation(2) to usejustthe magnitude:

N/2 2
Yiil= 3 (KKIVAK) ®)
=0
This avoids overflow sinceH;[k] < 1, thereforethe resultof each
multiplication is small. The coeficients, /Hi[k], arestoredin a
lookuptable.

The onedravbackto this methodis that computingthe mag-
nitude requiresa squareroot operation. Fastinteger squareroot
algorithmsexist, but they mustbe usedon eachoutputfrom the
FFT, whichis costly Fortunatelythe magnitudecanbe estimated
asa linear combinationof the real andimaginarypartsusingthe
following equation[11]:

X & amax(|0{x}], [O{x}]) + Bmin([O{x}|, O{x}]) ~ (4)

wherea andp arechosento minimize a particularkind of error,
andO{x} andO{x} representhe realandimaginarypartsof the



complex numberx. This formularotatesa comple phasorto be-
tween0 andrt/4 radiansandthentakesalinearcombinatiorof the
realandimaginaryparts.Thevaluesof a and3 arechoserto have
aneasyfixed-pointrepresentatiothatminimizesthe meanerror.

Computingthe first 13 coeficients of the DCT is relatively
easyto do in fixed-pointarithmetic, but taking the naturalloga-
rithm is a moredifficult task. However, thereis aninterestingal-
gorithmto estimatdog,(x) usingsimplebit manipulationwhich
is fasterthanothermethodsof calculatingthelogarithm. This al-
gorithm,describedn [12, 13],is very low in compleity andgives
anapproximatedixed-pointresult. Theln(x) canbe determinedy
multiplying by a constantasfollows:

In(x) = logy(x)In(2) 5)

Onefinal adjustmenmustbe madewhenx is itself a fixed-point
numberin Qnformat,whichis justascalednteger:

in (%) = llogs () —log,(@)] In(2) ©

in (55 ) =llogz() —]in(2) @

Equation(7) is the expressiorusedto calculatethe naturallog of

a fixed-pointnumber Using precisionof Q3, this estimateof the
logarithm hasa maximumerror of around0.152and an average
errorof around0.0866.

3.2. Algorithmic Optimization

Profiling of theoriginal sourcecodeundera StrongARMsimulator
revealedthat mostof the executiontime wasspentin the compu-
tationof theDFT (whichis implementedasanFFT). Sincespeech
is areal-\aluedsignal,anN-point comple FFT canbereducedo

anN/2-pointreal FFT[10]. Somefurtherprocessingf theoutput
is requiredto getthe desiredresult, but this overheadis minimal

comparedo thereductionin computation Additional sazingscan
be obtainedwhenthe trigonometricfunctionsusedin the compu-
tation of the FFT are pre-computedaindstoredin a lookup table,
thuseliminatingmultiple functioncallsin the FFT loop.

3.3. Dynamic Voltage Scaling

Oncethecodeis optimizedfor bothpowerconsumptiorandspeed,
furthersavings arepossibleby changingthe processindgrequeng
andvoltageat run-time. In this work, we investigatethe saszings
possiblewith DVS for the front-endof a speechrecognizerun-
ning on SmartbadgdV hardware. The StrongARMprocessoon
SmartbadgéV canbeconfiguredatrun-timeby asimplewritetoa

hardwareregisterto executeatoneof elevendifferentfrequencies.

Notethatthe numberof frequenciess predefinedy the designof
the StrongARM processor We measuredhe transitiontime be-
tweentwo differentfrequeng settingsat 150microsecondsSince
typical processingime for the front-endis muchlongerthanthe
transitiontime, it is possibleto changethe CPU frequeny with-
out percevableoverhead For eachfrequeng, thereis a minimum
voltagethe SA-1110needsn orderto run correctly but with lower
enegy consumptionTheeasiestvay to determinehelowestpos-
sible frequeng andvoltagefor suchstandaloneapplicationis to
run it at all possiblefrequeng settings,with voltagesetto mini-
mumallowed,andobsereif thecodestill runsin realtime. In our
casewe obtainedreal time performanceat all possiblefrequeny
andvoltagesettings.

4. RESULTS

Threemain criteria are consideredn orderto evaluatethe effec-
tivenes®f aparticularoptimization:performancéin termsof pro-
cessorycle count),enegy consumptionandaccurag or word er-
ror rate(WER). Simulationresultsfor processingneframe(25ms)
of speeclontheSmartbadgév architecturegunningat202.4MHz
areshavn in Figure3. The x-axis shavs the sourcecodein var-
ious stagesf optimization. The “baseline” sourcecodecontains
no software optimizations. The “optimized float” code contains
the setof optimizationsdescribedn section3.2 aswell assome
of the C sourceoptimizationsdescribedin [9]. Double preci-
sion floating-pointnumberswere changedo single precision32-
bit floatsin the “32-bit float” versionof the code. Finally, the
“fix ed-point”implementatiorcontainsall of the sourcecodeopti-
mizationsdescribedn this paper For eachversionof thecodewe
reportthe performancgin CPU cycles)andthe total batteryen-
ergy consumedin pWhrs). The simulationresultsare computed
by thecycle-accuratenegy simulator andincludeprocessocore
andlevel 1 cacheenepy, interconnecandpin enegy, enegy used
by the memory lossesrom the DC/DC corverter andbatteryin-
efficiengy [2]. Thereductionin enegy consumptioris notasdra-
maticasthe performanceémprovementfor the fixed-pointversion
dueto anincreasen memoryreferencesper unit time. In fixed-
point code,basicmath operationsarereducedto a few cyclesas
opposedto long iterationsof floating-pointemulationwhich do
not requireas mary memoryreferences.However, we have still
achievedareductionin thetotal batteryenegy requiredto process
oneframeof speectdataby 83.5%.
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Fig. 3. Performancandenegy consumptiorperframeof speech.

Thefront-endwastestedusingthe TIDIGITS speecldatabase,
andthe resultsareshavn in Tablel. A continuousdigit speech
recognizemwastrainedusingthe TIDIGITS databasef 8,623ut-
terancedrom both maleandfemalespealers. The original float-
ing point front-endwas usedto generatemel-frequeng cepstral
coeficientsfor the training set. No secondaryfeatures(first and
secondime derivativesof the mel-frequeng cepstrum)vereused
in the training or testphases. The trained speechmodelswere
thenusedto recognizespeechirom the TIDIGITS testsetof 8,700
utterances.The WER was calculatedusing the variousfront-end
implementationgndis shavn in Tablel. Thereis nolossin accu-
ragy amongthethreefloating-pointimplementationsyut thefixed-
point implementationusessome approximatealgorithmswhich



cancreateaslightmismatchbetweerthetrainingandtestdata.We
wereableto eliminatethe slight 0.1%increasdn WER by using
the fixed-pointfront-end during the training phase. In addition,
Table 1 shavs a minimal increasen lookup table size and code
size, so the memoryrequirementgor the fixed-pointoptimized
codeareaboutthe same.Anotherperformancemetricreportedin
Table 1 is how long it took for eachcodeimplementatiorto pro-
cessl secondf speechattheprocessoclock speedf 202.4MHz
(Time column). The fixed-pointversionruns 34 timesfasterthan
thebaselinesystem.

Table 1. TIDIGITS testsetresults.

Codesize | Lookuptable | Time | WER

(Bytes) (Bytes) (sec) | %
Baseline 29704 N/A 1.510 | 4.2%
OptimizedFloat | 31960 88120 0.699 | 4.2%
32-bitFloat 31272 88120 0.235| 4.2%
Fixed-Point 33124 88136 0.043| 4.3%

Becausehe fixed-pointcoderuns muchfasterthanreal-time
at 202.4MHz,it is possibleto getfurther reductionsn power us-
ageby usingDVS asdiscusseih section3.3. Theresultsfrom this
experimentareshavn in Table2. Thesepower measurementare
performedonthe SmartbadgéV systenrunningtheeCosembed-
dedoperatingsystemandusingthe WaveLAN cardto transmitthe
uncompressedepstraparametersThe Psysmeasuremeris taken
from themainpaower supplyoutput. At 59 MHz thealgorithmstill
runsin real-time andthesystenmuses34.7%lesspowerthanat206
MHz. Combiningthe DVS resultswith the sourcecodeoptimiza-
tions, we calculatethe overall reductionin pover consumptiorto
be89.2%.

Table 2. Measured®over Consumptiorwith DVS.

Frequeng Voltage Psys
(MHz) (V) | (mw)
59 0.78 | 1721

74 0.94 | 1807

89 1.09 | 1901
103 1.21| 2029
118 1.33| 2114
132 142 | 2234
147 1.51| 2320
162 157 | 2432
176 1.63| 2508
191 1.67 | 2568
206 1.69 | 2636

5. CONCLUSION

In this paper we have outlined someoptimizationtechniquego
reducethe enegy consumptionof a particularsignal processing
algorithm.Onembeddedystemswvith nofloating-pointhardware,
fixed-pointarithmeticis animportantstepin lowering the power
consumptionof a program. However, careful attentionmustbe
paid to basic math functions (i.e. cosine,log, etc.) and over-
flow/underflav issues.Approximatealgorithmsperformwell for

certainapplicationsand canresultin hugesavings in both time
andpower usage.By usingsoftware optimizationswe wereable
to achiere areductionin enegy usageby 83.5%comparedo the
unoptimizedsourcecode. Finally, we shav thatadditionalpower
savingsarepossibleby scalingprocessofrequeng andvoltageat
runtime, while still meetingthe performanceequirementsAt the
lowestfrequeng/voltagesetting,we calculateanoverall reduction
in power consumptiorby 89.2%.
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