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Abstract

Julius is a high-performancetwo-passLVCSR decoder
for researcherand developers. Basedon word 3-gram
andcontet-dependentiMM, it canperformalmostreal-

time decodingon mostcurrentPCsin 20k word dicta-
tion task. Major searchtechniquesrefully incorporated
suchastreelexicon, N-gramfactoring,cross-vord con-
text dependenghandling,ernvelopedbeamsearchGaus-
sian pruning, Gaussianselection,etc. Besidessearch
efficiengy, it is also modularizedcarefully to be inde-
pendenfrom modelstructuresandvariousHMM types
are supportedsuch as shared-statdriphonesand tied-

mixture models, with any numberof mixtures, states,
or phones. Standardformats are adoptedto copewith

otherfree modelingtoolkit. The mainplatformis Linux

and other Unix workstations, and partially works on

Windows. Julius is distributed with open licenseto-

getherwith sourcecodes,and hasbeenusedby mary

researcheranddevelopersin Japan.

1. Intr oduction

In recentstudy of large vocalulary continuousspeech
recognition,we have recognizedhe necessityof a com-
mon platform. By collectingdatabas@andsharingtools,
theindividual componentsuchaslanguagemodelsand
acousticmodelscan be fairly evaluatedthrough actual
comparisonof recognitionresult. It benefitsboth re-
searchof variouscomponentechnologief anddevel-
opmentof recognitionsystems.

The essentiafactorsof a decoderto serne asa com-
mon platformis performancemodularity and availabil-
ity. Besidesaccurag andspeedit hasto dealwith mary
modeltypesof any mixtures,statesor phones.Also the
interface betweenengineand modelsneedsto be sim-
ple and openso that anyone can build recognitionsys-
tem usingtheir own models. In orderto modify or im-
prove the enginefor a specificpurposethe engineneeds
to be opento public. Althoughthereare mary recogni-
tion systemgecentlyavailablefor researctpurposeand
alsoascommerciaproductsnotall enginessatisfythese
requirement.

We developed a two-pass, real-time, open-source
large vocalulary continuousspeechrecognitionengine

input speechfile: ,./../7 IPHBB/testPun/sample/EF043002 hs way
57972 zanples (3,62 =ec,
##¢ speech analuysis (wavefor“m -» MFCC)

length: 360 frames (3,60 sec,)

attach MFCC_E_D_Z-»MFCC_E_N_D_Z

### Recognition: st pass (LR bean with 2-gram)

passl_best: HRE @ R h ¥ Bb hE L2153 7
passl_best_wordsen: <s> BRI+ 3-a—+2 0+ 46T § aﬁ+/}\*+l’?
H+ 1) 3 7428 f\)‘+)’j\+58 B+ b 7+ 44472173 1LE+ L L+ 46672
EZ AR 3032 PR A T0048/2 , 4, T4 s>
pazsl_hest_phonemeseq: silB | sh isho: | no | shido: | ry
okul|lgaltowalreru|ltokoro|dalsp] sil

pazsl_hest_score: -B926,931641
## Recognition: 2nd pass (RL heuristic best-first with S-gram)

sanp lenun=360

sentencel: H o EE h Y Eb ﬂé‘

wseql: (s> +ioa teq—+2 D4 S4BT ?Eﬁ+/l~=+1'? jj+ Uzt
28 H+f+58 B+ b ‘7+Fﬁ S9+44/2173 AL W+46/6/2 LT AT
W22 FER A0 RS2 L 4, 4T (S

phseql: silB | sh u 2h o2 | na| shido:| Pyokulgal
towa|reru|ltokoro]| dal sp| silE

zcorel: -8931,327148

4TT generated, 47T pushed, 16 nodes popped in 360

### read waveform input
enter filename—>»

Figurel: Screershotof Japanesdictationsystemusing
Julius.

named“Julius” for researchersand developers. It in-
corporatesnary searchtechniquego provide high level
searchperformance,and can deal with various types
modelsto be usedfor their crossevaluation. Standard
formats that other popular modelingtools[1][2] useis
adopted On a 20k-word dictationtaskwith word 3-gram
andtriphoneHMM, it realizesalmostreal-timeprocess-
ing on mostcurrentPCs.

Julius hasbeendevelopedandmaintainedaspart of
free softwaretoolkit for JapaneséVCSR[4 from 1997
on volunteerbasis. The overall works are still continu-
ing to the ContinuousSpeechRecognitionConsortium,
Japan[R This softwareis availablefor free with source
codes. A screenshot of Japanesalictation systemis
shawvnin Figurel.

In this paper we describdts searchalgorithm,mod-
ule interface,implementatiorandperformancelt canbe
downloadedrom the URL shavn in thelastsection.
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Figure2: Overview of Julius.

2. Search Algorithm

Julius performstwo-pasgqforward-backvard)searchus-
ing word 2-gramand3-gramon therespectre passes[p
The overview is illustratedin Figure 2. Marny major
searchtechniquesare incorporated. The detailsare de-
scribedbelow.

2.1. First Pass

Onthefirst pass,a tree-structurediexicon assignedvith
languagemodel probabilitiesis appliedwith the frame-
synchronousbeam searchalgorithm. It assignspre-
computedl-gram factoring valuesto the intermediate
nodes,and applies2-gramprobabilitiesat the word-end
nodes. Cross-vord contet dependengis handledwith
approximationwhich appliesthe bestmodelfor the best
history. As the 1-gramfactoringvaluesareindependent
of the precedingwords, it canbe computedstaticallyin
asingletreelexicon andthusneedanuchlesswork area.
Although the valuesare theoreticallynot optimal to the
true 2-gramprobability, theseerrorscanberecoveredon
thesecondpass.

We assumene-besapproximatiorratherthanword-
pair approximation. The degradationby the rough ap-
proximationin the first passis recosered by the tree-
trellis searchin the secondpass. The word trellis index,
a setof survived word-endnodes,their scoresandtheir
correspondingstarting framesper frame, is adoptedto
efficiently look up predictedword candidatesand their
scoreson the later pass. It allows recovery of word
boundaryand scoringerrorsof the preliminary passon
the later passthusenablesastapproximatesearchwith
little lossof accuray.

2.2. SecondPass

In the secondpass, 3-gram languagemodel and pre-
cise cross-vord context dependeng is appliedfor re-
scoring. Searchis performedin reversedirection, and
precisesentence-dependeNtbestscoreis calculatecby
connectingoackwardtrellis in the resultof thefirst pass.
Thespeechinputis againscannedor re-scoringof cross-
word contet dependeng and connectingthe backward
trellis. Thereis an option that appliescross-vord con-
text dependenimodelto word-endphoneswithout delay
for accuratedecoding.We enhancedhe stack-decoding
searchby settinga maximumnumberof hypothese®f
every sentencdength (envelope),sincethe simple best-
first searchrsometimedails to getary recognitionresults.
Thesearchs not A*-admissiblebecause¢he secondhbass
may give betterscoresthanthe first pass. It meansthat
thefirst outputcandidatemay not be the bestone. Thus,
we computeseveral candidatedy continuingthe search
andsortthemfor thefinal output.

2.3. GaussianPruning and GaussianMixtur e Selec-
tion on Acoustic Computation

For efficientdecodingwith tied-mixturemodelthathasa
large mixture pdfs, Gaussiampruningis implemented[f
It prunesGaussiandistance(= log likelihood) compu-
tation halfway on the full vectordimensionif it is not
promising.Usingthealreadycompute-bestvaluesasa
thresholdguaranteessto find the optimal onesbut does
not eliminate computationso much [safe pruning]. We
implementmore aggressie pruning methodsby setting
up a beamwidth in the intermediatedimensiongbeam
pruning]. We perform safe pruningin the standardde-
codingandbeampruningin the efficientdecoding.

To further reducethe acousticcomputationcost on
triphone model, a kind of Gaussianselectionscheme
calledGaussiamixtureselectioris introduced[T]. Addi-
tional contet-independenHHMM with smallermixtures
are usedfor pre-selectiorof triphonestates. The state
likelihoodsof the contet-independenmodelsare com-
puted first at eachframe, and then only the triphone
statesvhosecorrespondingnonophonestatesareranked
within thek-bestarecomputed Theunselectedtatesare
giventhe probability of monophonétself. Comparedo
thenormalGaussiarselectiorthatdefinitelyselectGaus-
sianclustersby VQ codebookthe unselectecstatesare
reliably baclked-of by assigningactuallik elihoodinstead
of some constantvalue, and realize stablerecognition
with evenmoretight condition.

2.4. Transparent Word Handling

Toward recognitionof spontaneouspeech transparent
word handlingis alsoimplementedfor fillers. The N-
gramprobabilitiesof transparentvordsaregivenassame
asotherwords, but they will be skippedfrom the word



context to prevent them from affecting occurrenceof
neighborwords.

2.5. Alter native algorithms

Besidesthesealgorithmsdescribedabove, corventional
algorithmsare also implementedfor comparison. The
defaultalgorithmsdescribe@bove suchasl-gramfactor
ing, one-besapproximatiorandwordtrellis index canbe
replacedo corventional2-gramfactoring,word-pairap-
proximationandword graphinterfacerespectiely. They
are selectableon compile time and ary combinationis
allowed. Userscanchoosesuitablealgorithmsfor their
evaluationanddevelopment.

3. Module Interface

In orderto actasa moduleof variousspeectrecognition
systemsa recognitionengineneedsto have simpleand
trivial interfaceto othermodules We adoptstandarcand
commonformat asmoduleinterfaceto keepsgenerality
andmodularityto variousmodels.Theinterfacesspeech
inputandoutputof Julius is describedn thefollowing.

3.1. Acoustic Model

MonophonendtriphoneHMM with any numberof mix-

tures, states,phonesare supported. It can also handle
tied-mixturemodelsandphonetictied-mixturemodel[§.

Themodeltypesareautomaticallyidentified. The HMM

definition file should be in HTK format. When tied-
mixture model is given (by hmmdefsusing directive
<TM x>), Gaussiarpruningis activatedfor eachmix-

ture pdfs. Not all formatsin HTK hmmdefsare sup-
ported: multi input stream,discreteHMM, covariance
matrix otherthandiagonalanddurationparametearenot
supported.

3.2. Lexicon

Theformatof the recognitiondictionaryis similar to the
HTK dictionaryformat. It is alist of wordswith their
output strings and pronunciations. Each pronunciation
is expressedhsa sequencef sub-word unit namein the
acoustianodel.Actually ary sub-word unit like syllables
canbe used. Multiple pronunciationsof a word should
bewritten asseparatevords,eachhaspossiblepronunci-
ationpattern.With atriphonemodel,eachpronunciation
unit is corvertedto contet-awareform (ex. “a-k+i") on
startup.To mappossiblglogical) triphonego thedefined
(physical)onesin thehmmdefsacoustianodelshouldbe
accompaniegvith HMM list thatspecifieghecorrespon-
dences.

Thedefault maximumvocahulary sizeis setto 65535
words by default for memoryefficiengy, but larger size
canbeallowedif configuredso.

3.3. LanguageModel

Two languagenodelis neededword 2-gramfor thefirst
passandword 3-gramin reversedirectionfor the second
pass. ARPA-standardformat can be directly read. To
speedup the startupprocedureof recognitionsysteman
original binaryformatis supported.

3.4. Input / Output

Speechinput by waveform file (16bit PCM) or pattern
vectorfile (HTK format)is supported.Live microphone
inputis alsosupportedn Linux, FreeBSD SunandSGil
workstations.Input canalsobe sentvia TCP/IP network
using DAT-Link/netaudioprotocol. Theseinput speech
streamcan be sgmentedon pauseby watching zero-
crossandpower, andeachsegmentis recognizedsequen-
tially in turn.

Decodingof thefirst passis donein parallelwith the
speechnput. It startsprocessingassoonasa input seg-
mentstarts andwhenalong pausds detectedit finishes
thefirst passandcontinuedo thesecongass.As thesec-
ond pasdinishesin very shorttime, thedelayof recogni-
tion resultoutputis sufiiciently small.

The currentspeechanalysisfunction of Julius can
extract only one coeficients for our acousticmodelg.
CMN (cepstrameannormalization)s activatedautomat-
ically if acousticmodelrequiresit. In caseof file input,
cepstralmeanis computedfirst for the file or segment.
For live input, averagevaluesof last5 secondsareused.

Outputis a recognitionresultin word sequence N-
bestresultscanbe output. Phonemesequencdpg lik eli-
hoodscoresandseveral searctstatisticscanalsobegen-
erated. Partial resultscan be output successiely while
processinghefirst passthoughthefinal resultis unde-
terminedtill theendof thesecondpass.

3.5. Search Parameters

Various searchparameterscan be determinedin both

compiletime andrun time. The parameter®f language
modelweight andinsertionpenaltyaswell asthe beam
width canbe adjustedor the respectre passesTwo de-

fault decodingoptionsare alsosetup: Standarddecod-
ing strictly handlescontext dependengof acoustionod-

els for accuraterecognition. Efficient decodingusesa

smallerbeamwidth by default andterminatedhe search
whenthefirst candidatés obtained.

4. Implementation and Distrib ution

Main platformis Linux, but it alsoworks on otherUnix
workstations: FreeBSD,Solaris2,|IRIX6.3 and Digital
Unix. Live microphonénputis supportecbn mostOS. It

1A corversiontool “nkbi ngr ant is includedin the distribution
package.
226 dimensionVFCC_E_D.Z coeficientsonly.



Tablel: Performancef 20k Japanesdictationsystem

| system | efficient | accurate]
acoustionodel PTM | triphone
129x64 | 2000x16

Juliusconf. fast standard
CPUtime 1.3XRT | 5.0xRT

Word acc.(male) 89.0 94.4
Word acc. (female) 91.8 95.6
Word acc.(GD avg.) 90.4 95.0
Word acc.(GID) 89.7 93.6
Julius-3.2CPU: Pentiumlll 850MHz
(without GaussiarMixture selection)

canalsorun on Microsoft Windows. We are now work-
ing on the Windows versionto be fully functioned,but
currentlythe featuresarelimited.

Thewholesourcecodeis distributedfreely. Preparing
acousticmodelandlanguagemodel,onecanconstructa
speechiecognitionsystenfor theirtasks.Userscanmod-
ify the sourceor partof themfor their applicationswith-
out explicit permissionof the authors,both in research
purposeandevenin commerciapurpose.

Julius hasbeendevelopedsince 1996. The recent
revisionis 3.2anddevelopments still continuingonvol-
unteerbasis.Thesourcecodesarewrittenin C language,
andits totalamountis about22,000linesand604Kbytes.
Although it hasbeendevelopedandtestedon Japanese
ervironment,it shouldwork on otherlanguagewith little
modification.

5. Evaluation on JapaneseDictation task

Performancef the total Japaneséictation systemwith
Julius andtypical modelsprovided by the IPA Japanese
dictationtoolkit[4] is summarizedn Tablel for 20k sys-
tem. Two typical configurationare listed: efficiengy-
orientedand accurag-oriented. Note that the Gaussian
mixture selectionand transparenivord handlingis not
includedin this experiment.

The accurateversionwith triphonemodel and stan-
dard decodingachieves a word accurag of 95%. The
efficient versionusing the PTM model keepsthe accu-
racy abose 90% andrunsalmostin real-timeat a stan-
dard PC. The requiredmemoryis about100Mbytesfor
the efficient versionand about200Mbytesfor the accu-
rateversion.This differencecomeamainly from acoustic
probability cache asall stateprobabilitiesof all frameis
cachedn thefirst pasgo beaccessednthesecondass.

The total systemperformanceintegrating Gaussian
mixture selectionis shavn in Table2. Real-timefactor
of 1.06is achieved even with standardsetting,and the
word accurag reache92.1%.

Table2: Total Performance

| system || efficient+ GMS |
acoustionodel PTM 129x64
Juliusconf. standard
CPUtime 1.0xRT
Word acc.(male) 90.7
Word acc.(female) 93.5
Word acc.(GD avg.) 92.1

Julius-3.2 CPU: Pentiumlll 850MHz

6. Conclusions

A two-pass,open-sourcearge vocahulary continuous
speechrecognitionengineJulius hasbeenintroduced.It
hasan ability to achieze word accurag of 95%in accu-
ratesetting,andover 90%in real-timeprocessingn 20k-
word dictation. It is well modularizedwith simple and
popularinterfaceto beusedasanassessmemtatform. It
providestotal recognitionfacility with the currentstate-
of-the-artsearchtechniquesopento all researcherand
developersengagingn speech-relatediorks.

It hasbeenusedby mary researcheranddevelopers
in Japarasa standardsystem.Futurework will be dedi-
catedto furtherrefinemenof performancdespeciallyin
memoryusage) stability and more documentation.The
main WWW pageis onthe URL below:
http://w nnie. kui s. kyoto-u. ac.jp/ pub/julius/
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