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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 speaker-independent recognition
method. The chip acceptsa short-speechframe including 25616-
bit digitized samplescorrespondingto 11.6msecperiod, and out-
puts the 6-bit symbol codeof monosyllablesfor 16 short-frames
(correspondingto 185.6msec).A learning circuit to updateHMM
parameters for the recognition chip has also beendesigned,and
the recognitionchip includesan interface to the learning circuit.
We have fabricated the recognitionchip by VDEC Rohm 0.6 µm
processon a 4.5mm x 4.5 mm chip. We have alsomadea layout
of the entirecircuit including the learning circuit by VDEC Rohm
0.35µmprocesson a 4.9mm x 4.9mm chip.

I . INTRODUCTION

Speechrecognitionhasbecomeoneof popularhumaninter-
faces,andmany speechrecognitionsoftwaresandconsumer
products(suchascellularphonesandcarnavigationsystems)
with speechrecognitionfunctionhavebeendeveloped[1, 2,3].
To increasethe useof speechrecognitionin embeddedsys-
tems,we needa speechrecognizerchip with small area,less
memoryusage,low powerandonlineleaningmechanism.

In this paperwe presenta real-timespeechrecognitionchip
for monosyllablessuchasA, B, ..., etc. The chip recognizes
up to 64 monosyllablesbasedon the HiddenMarkov Model
(HMM) which is a well known speaker-independentrecog-
nition method. The chip acceptsa short-speechframe cor-
respondingto 11.6 msecperiod,andoutputsthe codeof the
monosyllablewith the highestprobability on the HMM. The
chipalsoincludesamechanismto work with a learningcircuit
to updateHMM parameters.

We first implementedthe recognition algorithm in C to
check the behavior, and we converted the C programsinto
register-transferlevel programsfor hardwareimplementation.
In the conversion, floating point operationsare changedto
fixed-pointoperationskeepingthe recognitionquality. Based
on thealgorithmdescribedin C, we have designedthespeech
recognitionchip usingVHDL andfabricateda 4.5 mm � 4.5
mm chip using0.6µmprocessvia VDEC Rohm.

I I . SPEECH RECOGNITION BASED ON HIDDEN MARKOV

MODEL (HMM)

We adoptthespeaker-independentHMM-basedmethodfor
our hardwaredesignandadoptmonosyllablesasarecognition
unit. Monosyllablesarebasicunit of speechandaresuitable
for a humaninterfacesuchasa speech-recognizingkeyboard
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Fig. 1. Structureof Our HMM-basedSpeechRecognitionSystem.

(this would not be a keyboardanymore). Monosyllablesare
known to behardto recognize,but specialhardwaremodules
wouldhave achanceto solve theproblem.

Fig.1shows thestructureof our HMM-basedspeechrecog-
nition systemthatincludesthreemajortasks:linearpredictive
coding (LPC) analysis,vector quantization(VQ) andHMM-
basedspeechrecognition. In recognitionprocesses,a feature
vectoris extractedform a short-speechframeby theLPC,and
thenthefeaturevectoris mappedto aninputsymbolof HMMs
by theVQ. Finally, thecodeof recognizedmonosyllableis out-
put aftertheHMM-basedrecognition.

I I I . SPEECH RECOGNITION ALGORITHMS AND

HARDWARE DESIGN

A. LinearPredictive Coding(LPC)Analysis
We usethe LPC analysisto extract a featurevectorfrom a

short-timespeechframe. The lengthof theshort-timespeech
frameis 11.6msec,which includes256speechsamplesof 16-
bit value. Thesamplingfrequency is 22.05kHz. Thedimen-
sionof anextractedfeaturevectoris 24,eachelementof which
has32-bit value.

A.1. LinearPredictive Coding(LPC)AnalysisAlgorithm
Let x0 � x1 � x2 ��������� x255 and

�
C0 � C1 ��������� C23 	 beasequenceof

speechsamplesandthatof featurevectorrespectively. Feature
vector is computedbasedon the following formulae(1), (2)
and(3).

First, r0 � r1 ��������� r23 is obtainedby theautocorrelationfunc-
tion (1) with respectto x0 � x1 � x2 ��������� x255.
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Then,LPC coefficientsα1 � α2 ��������� α23 areobtainedby solving
thefollowing equation.
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Finally, LPC cepstralcoefficientsC0 � C1 ��������� C23 (featurevec-
tor) areobtainedby thefollowing formula.



Durbin method (r[])
r[0, ..., 23]: elements of a Toepliz matrix;
α[1, ..., 23]: LPC coefficients;
e, cm, k[], b[]: intermediate results;

begin
e = r[0];
k[0] = - r[1] / e; α[1] = k[0];
e = (1.0 - k[0]2) � e;
for (i = 1; i � 23; i = i � 1) �

cm = r[i � 1];
for ( j = 1; j � i; j = j � 1) �

cm = cm � α[ j] � r[i � 1 � j];�
k[i] = - cm / e; α[i � 1] = k[i];
e = (1.0 � k[i]2) � e;
for ( j = 1; j � i � 1 ; j = j � 1) �

b[ j] = α[i � 1 � j];�
for ( j = 1; j � i ; j = j � 1) �

α[ j] = α[ j] � k[i] � b[ j];��
end

Fig. 2. Durbin algorithmfor computingLPC coefficients.
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A.2. HardwareModulefor LPCAnalysis
When 256 speechsamplesarestoredin external memory,

theLPCanalysismodulestartsthefeatureextraction.Then24-
dimensionalfeaturevectoris computedandstoredin external
memory, anda startsignalis sentto theVQ module.Weused
32-bit valuefor eachelementof thefeaturevector.

Equation(2) is efficiently solvedwith theDurbinmethod[3]
sincetheequationis a Toeplizmatrix. Fig.2shows theDurbin
algorithmthatacceptsr[] andoutputsα[]. Hardwaremod-
ule for LPC analysiscomputesvaluesof α[] in 10,992clock
cyclesbasedon thealgorithm.

TheLPC moduletakes127,080clock cyclesfor thewhole
computationsof LPCanalysiswith a32 � 20-bitcombinational
adderarray multiplier, a 32-bit sequentialdivider, a 32-bit
adderanda32-bitlogarithmcalculatingcircuit. TheLPCmod-
ulealsohas462flip-flops.

B. VectorQuantization(VQ)
B.1. VectorQuantization(VQ) Algorithm

VQ translatesafeaturevectorobtainedby LPCanalysisinto
aninput symbolof HMMs. In VQ, theVQ codebookwhich is
a tablethat consistsof pairsof symbol index andrepresenta-
tive featurevectoris usedfor thetranslation.A featurevector
is translatedinto a symbolindex whoserepresentative feature
vectoris closestto thefeaturevector.

B.2. HardwareModulefor VectorQuantization(VQ)
The VQ moduleacceptsa featurevectorandtranslatesthe

vectorinto a symbol.Weused8-bit valuesasthesymbol.
Fig.3 shows a vector quantizationalgorithm. The size of

the VQ codebookis 32-bit � 24 (representative featurevec-
tor) � 28 (symbol)bits. The algorithmstartsfrom searching
CodeBook[][], andif a representative featurevectorthat is

VQ (C[], CodeBook[][])
C[0, ..., 23]: a feature vector;
CodeBook[0,...,255][0,...,23]: VQ codebook;
symbol: a resulting symbol ;

begin
min dist = ∞;
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[i][ j] � ;�
if (tmp dist � min dist) �

min dist = tmp dist; symbol = i;��
return symbol;

end

Fig. 3. A VectorQuantizationalgorithm.

closerto theinput featurevectorC[] is found,thentheindex
of therepresentativefeaturevectoris settosymbol. Finally, the
index whoserepresentative featurevectoris closestto C[] is
obtainedandusedasan8-bit symbol.61,952clockcyclesare
usedto mapa featurevectorto an8-bit symbol.

C. HiddenMarkov Model (HMM)
MonosyllablesarerecognizedusingHiddenMarkov Model

(HMM), andoneHMM is constructedfor eachmonosyllable.
Weshow a definitionof anHMM.
Definition 1 An HMM M is a6-tuple

�
S� Σ � A� B� Π � F 	 where� S is a finite setof states,� Σ is aninput alphabet,� A : S � S � R is a statetransitionprobabilityfunction,

whereR is therealnumberset,∑ j A
�
qi � q j 	 
 1,� B : S � S � Σ � R is anoutputprobabilityfunction,

∑k B
�
qi � q j � k 	 
 1,� Π 
 � πqi ! probabilitythatqi " S is aninitial state

∑i πqi 
 1 # is asetof initial probabilities,� F
��$

S	 is a finite setof final states.
In thefollowing,wedescribeA

�
qi � q j 	 andB

�
qi � q j � k 	 asaqiq j

andbqi % q j

�
k 	 respectively. The behavior sequencesof M with

respectto an input sequenceX 
 x1x2 &�&�& xN
�
xi " Σ 	 are se-

quenceswhoselength is N, andeachsequencestartsfrom a
statewhoseinitial stateprobability is not 0 andendsa final

state. Let Q j 
 q ' j (0 q ' j (1 ����� q' j (N

�
q' j (N " F 	 be j th sequence.

ProbabilityP
�
x1x2 ����� xN ! M 	 that X is acceptedby M is ob-

tainedby thefollowing formula:
P
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 ∑Q j

π
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i � 1a

q) j *i + 1 % q) j *i
b
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D. SpeechRecognitionBasedon HiddenMarkov Model
In thefollowing, 64 HMMs areusedto recognize64 mono-

syllables.Weuse5-stateleft-right HMMs basedon [3], which
have only one-waystatetransitionasshown in Fig.4. HMMs
accept16 input symbolscorrespondingto 16 short-speech
frames(185.6msecspeech)anddecidethemonosyllable.

D.1. RecognitionAlgorithm
The acceptanceprobability P

�
X !Mh 	 � h 
 1� 2��&,&,&-� 64	 with

respectto 16 symbolsX 
 x1x2 &�&�& x16 is computedfor all
HMMs. Then the monosyllablewhoseHMM hasthe great-
estprobability is recognized.
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Fig. 4. HMM of monosyllablesandHMM-basedspeechrecognition.

Since hardware cost of a multiplier is expensive,
log
�
maxQP

�
X !Mh 	.	 is used instead of the probability

P
�
X !Mh 	 . maxQ P

�
X !Mh 	 is the probability of a behavior se-

quencewith thehighestprobability. α/qi % n is theprobability to
staythestateqi afterthen-th symbol.
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max
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D.2. HardwareModulefor Recognition
The HMM modulestartsrecognitionwhen16 symbolsare

storedin a register array X (8-bit � 16). The X is usedas a
queue. When a new symbol arrives at the HMM module,
the symbol is put into X and the oldestsymbol is removed
from X. In therecognitionprocess,64acceptanceprobabilities
P
�
X !Mh 	 � h 
 1� 2��&-&,&,� 64	 aresequentiallycomputedbasedon

theabove formula(4). Then,amonosyllablewhoseHMM has
maximumacceptanceprobabilityin the64HMMs is chosenas
recognizedmonosyllable,andfinally the6-bit symbolcodeof
themonosyllableis outputwith theavailability of recognition
(1-bit) that is decidedbasedon a thresholdvalue. Note that
if theoutputsymbolis available,all symbolsin X areerased.
Thusthe chip restartsto acceptanothermonosyllable.Fig.5
shows detailedalgorithmfor computing64 acceptanceproba-
bilities andchoosingthemonosyllableswith highestprobabil-
ity. TheHMM moduletakes139,072clockcyclesfor thecom-
putation.TheHMM modulehasa 16-bit adder. 16-bit HMM
parameters(for functionsA andB) aregeneratedby software
in advanceandstoredin externalmemory.

E. HMM LearningBasedon ExpectationMaximization(EM)
Algorithm

E.1.LearningAlgorithm
We use the expectationmaximization(EM) algorithm to

constructHMMs of monosyllables.Let therebe L 4 1 train-

ing datawhoselengthis 16,andXl 
 x' l (1 x' l (2 ����� x' l (16 besymbol
sequenceof l th trainingdata.First, we computeα andβ from

a symbolsequenceXl 
 x' l (1 x' l (2 ����� x' l (16 basedon the following
formulae(5) and(6).

α ' l (qi % n 

πqi � � n 
 0 	 ����� � 5 	
∑q j 1 S% aqj 2 qi 3� 0 α ' l (q j % n � 1 � aq j % qi � bq j % qi

�
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 16� qi " F 	
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∑q j 1 S% aqi 2 qj 3� 0 β ' l (q j % n 1 � aqi % q j � bqi % q j

�
x' l (n 1 	

Highest logP (X[])
X[n]: a symbols sequence 5 n 6 17 2 798:8:8:7 16; ;
logP: a probability logP 5 X �M ; ;
highest logP: the highest probability ;
α[][], tmp α: intermediate results ;
maxα: maximum value of α[4][16] ;
HMMh 8 A[][]: HMM parameters of HMMh ;
HMMh 8 B[][][]: HMM parameters of HMMh ;
HMMh 8 code: symbol code of a monosyllable ;

begin
highest logP = -∞; symbolcode = 0 ;
/* foreach HMMh */
for (h = 1; h � 64; h = h� 1) �
/* computing probability */
max α = -∞; α[0][0] = log 1.0;
for (i = 1; i � 5; i = i � 1)� α[i][0] = -∞;

�
for (n = 1; n � 16; t = t � 1) �
for (i = 0; i � 5; i = i � 1) �

tmp α = 0.0;
for ( j = 0; j � i; j = j � 1) �

tmp α = α[ j][n� 1] � HMMh 8 A[ j][i]� HMMh 8 B[ j][i][X[n]];
if (tmp α < max α)� max α = tmp α;

��
α[i][n] = maxα;��

logP = alpha[4][16]; /*computed probability*/
if (logP < highest logP)� highest logP = logP; symbolcode = HMMh 8 code;

��
end
Fig. 5. An Algorithm for computingthehighestprobability.

Then, we updateaqi % q j

�
i � j 
 0� 1��&,&,&:� 4 	 and bqi % q j

�
k 	 � i � j 


0� 1��&-&,&,� 4� k 
 0� 1��&-&=&-� 255	 basedonthefollowing formulae(7)
and(8), until aqi % q j andbqi % q j

�
k 	 converge.
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 ∑L
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Finally, we obtainnew aqi % q j andnew bqi % q j

�
k 	 with respectto

theweightsW andM by the following formulae(9) and(10).
We adoptobtainednew aqi % q j andnew bqi % q j

�
k 	 asHMM pa-

rameters.

new aqi % q j 
 Maqi 2 qj  Wa?qi 2 qj
M  W ����� � 9 	

new bqi % q j

�
k 	 
 Mbqi 2 qj ' k(A Wb?qi 2 qj ' k(

M  W ����� � 10	
F. Interfaceto LearningModule

In learningmode,HMM parametersof all monosyllables
aresequentiallyupdatedfrom themonosyllableof smallcode.
First, the speechrecognitionchip entersa wait stateto listen
to approximately1 secspeech,andextracts16 short training
frameswhosesumof 16-bit speechsamplesis thegreatestin
the speechcorrespondingto 81 short frames.Second,the16
trainingframesis convertedto 16trainingsymbolsby theLPC
andtheVQ module,andthetrainingsymbolsarestoredin ex-
ternal memory(LPC/VQ-Mem). Third, the learningmodule
computesnew HMM parametersby usingthe16trainingsym-
bolsbasedontheabove formulae(6), (7), (8), (9) and(10). Fi-



LP
C

 analysis

V
Q

H
M

M
-based

  recognition

X

M
em

ory control

Start

Start

1

1

llllll

8

Start
1

15

16
15

Symbol
code

6

Recognized

1

H
M

M
-M

em

Learning
circuit

(FPGA)

Audio Input
A/D converter

19

8

16

Address
8

Data

15

Data

Address
Address

Data Address

Data16

Speech Recognition Chip

LP
C

/V
Q

-M
em

100K
B

500K
B

Recognition / Learning

1
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nally, HMM parametersstoredin externalmemoryis updated
to thenew HMM parametersby thelearningmodule.

IV. IMPLEMENTATION AND EVALUATION

A. ArchitectureDesign
Fig.6 shows a block diagramof thespeechrecognitionand

learninghardware. The speechrecognitionchip includesa
LPC analysismodule,a VQ module,an HMM-basedrecog-
nition moduleasdescribedin SectionIII. A memorycontrol
moduleis alsoincludedin thechipto controlmemoryaccesses
from the LPC moduleandtheVQ moduleto LPC/VQ-Mem.
Note that an input datafrom the A/D converter is storedvia
the memorycontroller. Speechsamples(16-bit � 256� 81) in
learningmodeandthe VQ codebookarestoredin LPC/VQ-
Mem of word length 16-bit, and HMM parametersof 64
HMMs arestoredin HMM-Mem of word length8-bit.

B. Designof SpeechRecognitionChip andOn-chipLearning
Mechanism
Wehave implementedHMM-basedspeechrecognitionsys-

tem (including a LPC analysis,a VQ and an HMM-based
recognitionprogram)in C languagein advanceof the hard-
waredesign. The C programis about1,700lines. We used
theseprogramsto optimizethe bit lengthof registersin each
hardwaremodule.We alsomadeVQ codebookgeneratorand
anHMM parametergenerator.

WetranslatedtheC programinto VHDL. TheVHDL source
is about2,300lines.VHDL descriptionof thespeechrecogni-
tion chip is synthesizedwith SynopsysDesignCompiler, and
the chip layout is performedwith Avant! Apollo. We have
fabricateda 4.5 mm � 4.5 mm chip via VDEC Rohm0.6 µm
process.Thepictureof thechip is shown in Fig.7(a).Thechip
includesabout15,000cells. Accordingto the resultof post-
layout simulation, the chip works at 40 MHz. The learning
moduleis not includedthechip becauseof theareaconstraint
of the chip. That canbe implentedon an FPGA asshown in
Fig.6.

We have alreadydesigneda learningcircuit for the recog-
nizer chip, anddonethe layout of the entirerecognitionchip
includingthelearningcircuit with VDEC Rohm0.35µmpro-
cesson4.9mm � 4.9mmchip. TheVHDL sourcefor theentire
circuit is about3,800lines.Thechip layoutis in Fig.7(b).The
chip includes18,000cells, andusesabout55 % of the chip
area.

C. Evaluationof TheSpeechRecognitionChip
We have comparedthe speechrecognitionchip and the C

programwith fixed-pointoperationsexecutedon a PC (CPU

(a) Speech Recognition
Chip, 0.6µm, 4.5 mm B
4.5mm

(b) SpeechRecognitionand
Learning Chip, 0.35µm, 4.9
mm B 4.9mm

Fig. 7. Layoutof SpeechRecognitionChips.

PentiumIII 750MHz, Main memory512MB). Wehave mea-
suredthe elapsedCPU time of the softwareto recognize60
secspeech.TheelapsedCPUtimewas7.2secandtheelapsed
clockcycleswere5,400� 106. Ontheotherhand,thereal-time
speechrecognitionchip takes60secand1,020� 106 clock cy-
clessincethechip recognizesin real-timeat 17 MHz. Hence,
the chip is 5.3 times faster than the software if the clock
frequency is the same. This is because,the chip includes
pipelinedmodulesconsideringparallel operation. Note that
the softwaretakes3,750� 106 clock cycles for the LPC and
VQ, and1,650� 106 clockcyclesfor theHMM. Thechip takes
923� 106 (81 frame� 60 sec� 189,072)clock cycle for the
LPCandVQ, 631� 106 (81frame� 60sec� 139,072)clockcy-
cle for theHMM. Also notethatDSPwhich executesproduct-
sum operationin one clock cycle is not effective since the
HMM moduledoesnot includeproduct-sumoperation.

V. CONCLUSIONS

In this paper, we have presenteda real-timespeechrecog-
nition chip for monosyllables. The speechrecognitionchip
recognizesupto 64monosyllablesusingHMM-basedmethod.
The recognitioncircuit alsohasa learningmechanismto up-
dateHMM parameters.

Wearenow designingatestboardfor thespeechrecognition
chip includingFPGAfor a learningmodule.Wewould like to
developmorehardwareorientedspeechrecognitionalgorithms
for real-timespeechdictationin thefuture.

ACKNOWLEDGMENTS
We would like to expressour thanksto membersof WatanabeLaboratory

at Nara Institute of ScienceandTechnologyfor their discussionsandcom-
ments.We alsothankto LecturerKazuyoshiTakagiat NagoyaUniversityfor
hissupportonthelayoutof ourchip. TheVLSI chipin thisstudyhasbeenfab-
ricatedin thechip fabricationprogramof VLSI DesignandEducationCenter
(VDEC), the University of Tokyo with the collaborationby RohmCorpora-
tion andToppanPrintingCorporation.The part of this work is supportedby
the NAIST IS fund 1999andby Grantsin Aid for ScientificResearchin Aid
for ScientificResearchfrom the Ministry of Education,Science,Sportsand
Culture.

REFERENCES
[1] Kai-Fu Lee,AutomaticSpeechRecognition,Kluwer AcademicPublish-

ers,1989.
[2] Chin-HuiLee,FrankK. SoongandKuldip K. Paliwal,AutomaticSpeech

andSpeakerRecognition,Kluwer AcademicPublishers,1996.
[3] LawrenceRabinerand Biing-Hwang Juang,Fundamentalsof Speech

Recognition,PrenticeHall PTRPrentice-Hall,1993.
[4] X.D Huang,Y. Ariki andM.A. Jack,HiddenMarkovModelsFor Speech

Recognition,Edinburgh UniversityPress,1990.


	ASP-DAC2001
	Front Matter
	Table of Contents
	Session Index
	Author Index


