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Abstract— In the paper, we presenta real-time speechrecog-
nition chip for monosyllablessuchasA, B, ..., etc. The chip recog-
nizesup to 64 monosyllablesbasedon the Hidden Mark ov Model
(HMM), which is a well known speakerindependent recognition
method. The chip acceptsa short-speechframe including 256 16-
bit digitized samplescorrespondingto 11.6msecperiod, and out-
puts the 6-bit symbol codeof monosyllablesfor 16 short-frames
(correspondingto 185.6msec).A learning circuit to update HMM
parametersfor the recognition chip has also beendesigned,and
the recognition chip includes an interface to the learning circuit.
We have fabricated the recognition chip by VDEC Rohm 0.6 pm
processon a4.5mm x 4.5 mm chip. We have alsomade a layout
of the entirecircuit including the learning circuit by VDEC Rohm
0.35umprocesona4.9mm x 4.9mm chip.

|. INTRODUCTION

Speeclrecognitionhasbecomeoneof popularhumaninter-
faces,and mary speechrecognitionsoftwaresand consumer
products(suchascellular phonesandcar navigation systems)
with speechrecognitionfunctionhave beendeveloped[1 2, 3].
To increasethe use of speechrecognitionin embeddedsys-
tems,we needa speectrecognizerchip with small area,less
memoryusageow powver andonlineleaningmechanism.

In this paperwe present real-timespeechecognitionchip
for monosyllablesuchasA, B, ..., etc. The chip recognizes
up to 64 monosyllablesbasedon the Hidden Markov Model
(HMM) which is a well known speakeindependentecog-
nition method. The chip acceptsa short-speectirame cor-
respondingo 11.6 msecperiod, and outputsthe code of the
monosyllablewith the highestprobability on the HMM. The
chip alsoincludesa mechanisnto work with alearningcircuit
to updateHMM parameters.

We first implementedthe recognition algorithm in C to
checkthe behaior, and we corverted the C programsinto
registertransferlevel programsfor hardwarémplementation.
In the corversion, floating point operationsare changedto
fixed-pointoperationkeepingthe recognitionquality. Based
onthealgorithmdescribedn C, we have designedhe speech
recognitionchip usingVHDL andfabricateda 4.5mm x 4.5
mm chip using0.6 umprocessia VDEC Rohm.

Il. SPEECH RECOGNITION BASED ON HIDDEN MARKOV
MoDEL (HMM)

We adoptthe speakefindependenHMM-basedmethodfor
our hardwaredesignandadoptmonosyllablesisarecognition
unit. Monosyllablesarebasicunit of speechandare suitable
for a humaninterfacesuchasa speech-recognizingeyboard
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Fig. 1. Structureof Our HMM-basedSpeecHRecognitionSystem.

(this would not be a keyboardarymore). Monosyllablesare
known to be hardto recognize put specialhardwaremodules
would have achanceo solve the problem.

Fig.1 shaws the structureof our HMM-basedspeechrecog-
nition systemthatincludesthreemajortasks:linearpredictive
coding (LPC) analysis,vector quantization(VQ) and HMM-
basedspeechrecognition. In recognitionprocessesa feature
vectoris extractedform a short-speeclframeby the LPC, and
thenthefeaturevectoris mappedo aninputsymbolof HMMs
by theVQ. Finally, thecodeof recognizednonosyllablés out-
put afterthe HMM-basedrecognition.

[11. SPEECH RECOGNITION ALGORITHMS AND
HARDWARE DESIGN

A. LinearPredictive Coding(LPC) Analysis

We usethe LPC analysisto extract a featurevectorfrom a
short-timespeecHrame. The lengthof the short-timespeech
frameis 11.6msecwhichincludes256 speeclsamplef 16-
bit value. The samplingfrequengy is 22.05kHz. The dimen-
sionof anextractedfeaturevectoris 24, eachelemenif which
has32-bitvalue.

A.1. LinearPredictive Coding(LPC) AnalysisAlgorithm

Let xg, X1, X2, - - -, X255 and (Cp, C1, - - -, C23) beasequencef
speeclsamplesandthatof featurevectorrespectiely. Feature
vectoris computedbasedon the following formulae (1), (2)
and(3).

First, ro,r1, - - -, r23 is obtainedby the autocorrelatiorfunc-

tion (1) with respecto Xg, X1, X2, - - -, Xo55.
255-m

ZJ XnXn+m
rm:nzia (m:0,1,23) (l)
Then,LPC coeficientsay, ay, - - -, 023 areobtainedoy solving
the following equation.

fo M1---rz2 i r
i1 ro---raa oz r2
o : - : ~(2)
F22r21---To 023 23

Finally, LPC cepstralcoeficientsCy,Cy, - - -, Co3 (featurevec-
tor) areobtainedby thefollowing formula.
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r[0, ..., 23]: elements of a Toepliz matrix;
af1l, ..., 23]: LPC coefficients;
e cm Kk[], b[]: internediate results;
begin
e =r[0];
k[O] =- r[1] / & a[l] = K[O];
e= (1.0 - K0]® x g
for (i =1; i <23; i =1i+1) {
cm = r[i+1];
for (j=1; j<i j=j+1) {
cm=ocm + aof j] x r[i+1-]];
}
k[i] =- cm/ € a[i+1l] = k[i];
e= (1.0 — Kil% x g
for (j=1; j<i+l; j=j+1) {
}b[ j1 = ali+1-]j];
for (j=1; j<i; j=ij+1) {
}G[i] =afj] + k[i] x b[j];
}
end

Fig. 2. Durbin algorithmfor computingLPC coeficients.
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A.2. HardwareModulefor LPC Analysis

When 256 speechsamplesare storedin external memory
theLPCanalysianodulestartshefeatureextraction. Then24-
dimensionafeaturevectoris computedandstoredin external
memory anda startsignalis sentto the VQ module.We used
32-bitvaluefor eachelementf thefeaturevector

Equation(2) is efficiently solvedwith the Durbin method[3
sincethe equationis a Toeplizmatrix. Fig.2 shavs the Durbin
algorithmthataccepts[ ] andoutputsa[ ] . Hardwaremod-
ule for LPC analysiscomputesvaluesof a[ ] in 10,992clock
cyclesbasedn thealgorithm.

The LPC moduletakes127,080clock cyclesfor the whole
computation®f LPCanalysiswvith a32x20-bitcombinational
adderarray multiplier, a 32-bit sequentialdivider, a 32-bit
adderanda32-bitlogarithmcalculatingeircuit. TheLPCmod-
ule alsohas462flip-flops.

; (n=0)
Ch=
-(3)

B. VectorQuantization'VQ)
B.1. VectorQuantization'VVQ) Algorithm

VQ translatesfeaturevectorobtainedby LPC analysisnto
aninput symbolof HMMs. In VQ, theVQ codebookwhichis
a tablethat consistsof pairsof symbolindex andrepresenta-
tive featurevectoris usedfor the translation.A featurevector
is translatednto a symbolindex whoserepresentatie feature
vectoris closesto thefeaturevector

B.2. HardwareModule for VectorQuantization'VQ)
The VQ moduleacceptsa featurevectorandtranslateghe
vectorinto a symbol. We used8-bit valuesasthe symbol.
Fig.3 shavs a vector quantizationalgorithm. The size of
the VQ codebookis 32-bitx 24 (representatie featurevec-
tor) x 28 (symbol)bits. The algorithmstartsfrom searching
CodeBook ][ ], andif arepresentate featurevectorthatis

VQ (C[], CodeBooK][])
C[O, ..., 23]: a feature vector;
CodeBooK O, ..., 255][0,...,23]: VQ codebook;
symbol a resulting synbol ;
begin
mindist = oo;
for (i =0; i < 256; i =i+1) { /* search */
tmp_dist = 0. 0;
for (j =0; j < 24; j=j+1) {/* distance */

tmp_dist += |C[ j] - CodeBooK il [ j]|;

if (tmpdist < mindist) {

mindist = tmp.dist; symbol = i;
}
}
return symbol|
end

Fig. 3. A VectorQuantizatioralgorithm.

closerto theinputfeaturevectorC[ ] is found,thentheindex
of therepresentate featurevectoris setto symbol Finally, the
index whoserepresentate featurevectoris closestto C[ | is
obtainedandusedasan 8-bit symbol.61,952clock cyclesare
usedto mapa featurevectorto an8-bit symbol.

C. HiddenMarkov Model (HMM)
MonosyllablesarerecognizedisingHiddenMarkov Model
(HMM), andoneHMM is constructedor eachmonosyllable.
We show a definitionof anHMM.
Definition 1 An HMM M isa6-tuple(S Z, A, B, N, F) where
e Sis afinite setof states,
e 3 isaninputalphabet,
e A: Sx S— R is astatetransitionprobabilityfunction,
whereR is therealnumberset,y ; A(q;, qj) = 1,
¢ B: Sx Sx ¥ — R is anoutputprobabilityfunction,
SkB(ai, aj, k) =1,
o [1= {1y | probabilitythatg; € Sis aninitial state
3Ty =1} is asetof initial probabilities,
e F(C 9 is afinite setof final states.
In thefollowing, we describeA(q;, qj) andB(g;, gj, k) asagq
andby g, (k) respectiely. The behaior sequencesf M with
respectto an input sequenceX = Xixp... Xy (X € X) are se-
guencesvhoselengthis N, and eachsequencestartsfrom a
statewhoseinitial stateprobability is not 0 and endsa final

state. Let Q; = qgj)q(lj)---q,(\,j) (q,(\,j) € F) be jth sequence.
Probability P(x1x2- - -xy | M) that X is acceptedby M is ob-

tainedby thefollowing formula:
(%).

POwe: X | M) = o T |_|i’\l:1aqi(i)l7qi(1)bqi(i)rqi(j)
D. SpeectRecognitionBasedon HiddenMarkov Model

In thefollowing, 64 HMMs areusedto recognize64 mono-
syllables.We use5-statdeft-right HMMs basedon [3], which
have only one-waystatetransitionasshovn in Fig.4. HMMs
accept 16 input symbols correspondingto 16 short-speech
frames(185.6msecspeechipnddecidethe monosyllable.

D.1. RecognitionAlgorithm

The acceptancerobability P(X|My) (h = 1,2, ...,64) with
respectto 16 symbols X = xi1x2...x16 is computedfor all
HMMs. Thenthe monosyllablewhoseHMM hasthe great-
estprobabilityis recognized.
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Fig. 4. HMM of monosyllableandHMM-basedspeechecognition.

Since hardware cost of a multiplier is expensve,
log(maxqP(X|Mp)) is used instead of the probability
P(X|Mp). maxqgP(X|Mp) is the probability of a beharior se-
guencewith the highestprobability. (Xahn is the probability to
staythe stateq; afterthen-th symbol.
logry, (=0, 1 # 0)

—, (N=0, Ty =0) -(4)

! - . .
QJESmaqaj);i #0 (aqj’”’l 10924 Doy (X”)))
log(maxg P(X|Mn)) = maXer g 16

D.2. HardwareModule for Recognition

The HMM modulestartsrecognitionwhen16 symbolsare
storedin a register array X (8-bitx16). The X is usedasa
gueue. When a new symbol arrives at the HMM module,
the symbolis put into X and the oldestsymbolis removed
from X. In therecognitionprocessf4 acceptancerobabilities
P(X[Mp) (h=1,2,...,64) aresequentiallycomputechasedn
theabove formula(4). Then,amonosyllablevhoseHMM has
maximumacceptancerobabilityin the64 HMMs is choseras
recognizednonosyllableandfinally the 6-bit symbolcodeof
the monosyllablds outputwith the availability of recognition
(1-bit) thatis decidedbasedon a thresholdvalue. Note that

/ _
Agn=

if the outputsymbolis available,all symbolsin X areerased.

Thusthe chip restartsto acceptanothermonosyllable. Fig.5
shaws detailedalgorithmfor computing64 acceptanceroba-
bilities andchoosingthe monosyllablesvith highestprobabil-
ity. TheHMM moduletakes139,072clock cyclesfor thecom-
putation. The HMM modulehasa 16-bitadder 16-bit HMM
parametergfor functionsA andB) are generatedy software
in advanceandstoredin externalmemory

E. HMM LearningBasedon ExpectatiorMaximization (EM)
Algorithm
E.1.LearningAlgorithm
We use the expectationmaximization (EM) algorithm to
constructHMMs of monosyllables. Let therebe L + 1 train-
ing datawhoselengthis 16, andX, = xl x(z') (1'6) besymbol
sequencef |th training data. First, we computea and(3 from

asymbolsequenceq = I)x(z') x(l'e) basedon the following
formulae(5) and(6).
0 Ty, (N=0) --(5)
Ogiin =

| |
ZQJGS qj G #0 (aéj),n—l - 8gj,q; quin (X,Q))
1, (n=16qg €F)
0, (n: 16, g ¢ F)

---(6)
2ajes 2 ;70 (ng)amrl *8g,q; * Pai.q; (quJ)rl)>

Bt(lli?n =

Hi ghest _l ogP (X[])
X[n]: a synbols sequence (n=1,2...,
logP. a probability logP(X|M) ;
higheslogP. the hi ghest probability ;
af[][], tmpa: internediate results ;
maxa: maxi mum val ue of a[4][16] ;
HMMy.A[][]: HW paraneters of HMM; ;
HMMn.B[1[][]: HW paranmeters of HMM; ;
HMMy.code:  synbol code of a nonosyllable ;
begin
highes logP = -;  symbolcode = 0 ;
/* foreach HMM;, */
for (h=1; h<64; h=h+1) {
/* conmputing probability */
maxa = a[0][0] = log 1.0;
for (i =1; i <5; i =1i41)
{ alil[0] = -e; }
for (n=1; n < 16;
for (i i < 5;
tmp_a
for (]
tmp_a

16);

- 00;

t = t+1) {
= i =i+1) {
;i< =g+ {0
[i1[n=1] + HMMn.A[ ][]
+ HMMp.B[ j] [ [X[n] T;
if (tmp.a > maxa)
{ maxa = tmp.a; }

.
o] [n] =
}

0;
0. 0;
= 0;
=a

maxa;

}
logP = alphg 4][16]; /*conputed probability*/
if (logP > higheslogP)

{ highes$_logP = logP, symbolcode = HMM;.code; }

end
Fig. 5. An Algorithm for computingthe highestprobability.

Then, we updateag q; (i,j = 0,1,...,4) andbg q; (k) (i, ] =

0,1,...,4,k=0,1, ...,255) basednthefollowing formulae(7)
and(8), until ag; g, andbq, q; (K) corverge.
Z Zn q,n aQ| b| (XH)B
aahqj — 1=0 1%%q (I)l »dj "G dj qJ - (7)
Z OZH 1Zq csqqI n— 1a‘qI ’ bq| QJ(XH )BJ
Yiozre al i‘n— ag; q; ‘bg;,q; (K )'[3 ‘n
ty gy = Zo2ZEran st gt g

b Z%glqgi)‘n—l'aqim by g (X(nl))'ng)‘n
Finally, we obtainnen_ag q; andnew_bg q; (k) with respecto
theweightsW andM by the following formulae(9) and(10).
We adoptobtainednen_ag o; andnewn_bg q; (k) asHMM pa-
rameters.

Mag; g + W q;
R R ©)
Mby; q; (K)-+Why ; (k)
new_ bCI| QJ( ) 34 M+W 2 . (10)

F. Interfaceto LearningModule

In learningmode, HMM parameterf all monosyllables
aresequentiallyupdatedrom the monosyllableof smallcode.
First, the speeclrecognitionchip entersa wait stateto listen
to approximatelyl secspeechandextracts16 shorttraining
frameswhosesumof 16-bit speectsampless the greatesin
the speechcorrespondindo 81 shortframes. Secondthe 16
trainingframesis corvertedto 16 trainingsymbolsby the LPC
andthe VQ module,andthetraining symbolsarestoredin ex-
ternal memory (LPC/VQ-Mem). Third, the learningmodule
computesiev HMM parameterby usingthe 16trainingsym-
bolsbasedntheabove formulae(6), (7), (8), (9) and(10). Fi-
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Fig. 6. Block diagramof the speechrecognitionandlearninghardware.

nally, HMM parameterstoredin externalmemoryis updated
to thenew HMM parameterdy thelearningmodule.
IV. IMPLEMENTATION AND EVALUATION

A. ArchitectureDesign

Fig.6 shavs a block diagramof the speechrecognitionand
learning hardware. The speechrecognitionchip includesa
LPC analysismodule,a VQ module,an HMM-basedrecog-
nition moduleasdescribedn Sectionlll. A memorycontrol
moduleis alsoincludedin thechipto controlmemoryaccesses
from the LPC moduleandthe VQ moduleto LPC/VQ-Mem.
Note that an input datafrom the A/D corverteris storedvia
the memorycontroller Speechsampleg16-bitx256x81) in
learningmode andthe VQ codebookare storedin LPC/VQ-
Mem of word length 16-bit, and HMM parametersof 64
HMMs arestoredin HMM-Mem of word length8-bit.

B. Designof SpeectRecognitionChip andOn-chipLearning

Mechanism

We have implementedHMM-basedspeechrecognitionsys-
tem (including a LPC analysis,a VQ and an HMM-based
recognitionprogram)in C languagein advanceof the hard-
ware design. The C programis about1,700lines. We used
theseprogramsto optimize the bit length of registersin each
hardwaremodule. We alsomadeVQ codebookgeneratoand
anHMM parametegeneratar

WetranslatedheC programinto VHDL. TheVHDL source
is about2,300lines. VHDL descriptionof the speectrecogni-
tion chip is synthesizedvith SynopsyDesignCompiler and
the chip layout is performedwith Avant! Apollo. We have
fabricateda 4.5 mm x 4.5 mm chip via VDEC Rohm0.6 pm
processThepictureof thechipis shovn in Fig.7(a). The chip
includesabout15,000cells. Accordingto the resultof post-
layout simulation, the chip works at 40 MHz. The learning
moduleis notincludedthe chip becaus®f the areaconstraint
of the chip. Thatcanbe implentedon an FPGA asshawn in
Fig.6.

We have alreadydesigneda learningcircuit for the recog-
nizer chip, anddonethe layout of the entirerecognitionchip
includingthelearningcircuit with VDEC Rohm0.35umpro-
ceson4.9mmx4.9mmchip. TheVHDL sourcéor theentire
circuitis about3,800lines. Thechiplayoutis in Fig.7(b). The
chip includes18,000cells, and usesabout55 % of the chip
area.

C. Evaluationof The SpeectRecognitionChip
We have comparedthe speechrecognitionchip andthe C
programwith fixed-pointoperationssxecutedon a PC (CPU

Learning |
Module —

Div

LPC
!

(a) Speech Recognition (b) SpeechRecognitionand

Chip, 0.6um 4.5mm x Learning Chip, 0.35um 4.9
4.5mm mm x 4.9mm
Fig. 7. Layoutof SpeectRecognitionChips.

Pentiumlll 750MHz, Main memory512MB). We have mea-
suredthe elapsedCPU time of the softwareto recognize60

secspeechTheelapsedCPUtimewas7.2 secandtheelapsed
clock cycleswere5,400x< 10°. Ontheotherhand thereal-time
speectrecognitionchip takes60 secand1,020x 10° clock cy-

clessincethe chip recognizesn real-timeat 17 MHz. Hence,
the chip is 5.3 times faster than the softwareif the clock

frequeny is the same. This is becausethe chip includes
pipelined modulesconsideringparallel operation. Note that
the softwaretakes3,750x10° clock cycles for the LPC and
VQ, and1,650x10° clock cyclesfor theHMM. Thechiptakes
923x10° (81 framex 60 secx189,072)clock cycle for the
LPCandVQ, 631x10° (81framex 60secx139,072)xlockcy-

cle for theHMM. Also notethatDSPwhich executegproduct-
sum operationin one clock cycle is not effective since the
HMM moduledoesnotincludeproduct-sunoperation.

V. CONCLUSIONS

In this paper we have presentedh real-timespeectrecog-
nition chip for monosyllables. The speechrecognitionchip
recognizespto 64 monosyllablesisingHMM-basedmethod.
The recognitioncircuit also hasa learningmechanismnto up-
dateHMM parameters.

Wearenow designingatestboardfor thespeechiecognition
chip includingFPGA for alearningmodule.We would like to
developmorehardwarerientedspeechiecognitionalgorithms
for real-timespeechdictationin thefuture.
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