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Abstract
Julius is a high-performance,two-passLVCSRdecoder
for researchersanddevelopers. Basedon word 3-gram
andcontext-dependentHMM, it canperformalmostreal-
time decodingon most currentPCsin 20k word dicta-
tion task.Major searchtechniquesarefully incorporated
suchastreelexicon, N-gramfactoring,cross-word con-
text dependency handling,envelopedbeamsearch,Gaus-
sian pruning, Gaussianselection,etc. Besidessearch
efficiency, it is also modularizedcarefully to be inde-
pendentfrom modelstructures,andvariousHMM types
are supportedsuch as shared-statetriphonesand tied-
mixture models,with any numberof mixtures, states,
or phones. Standardformatsare adoptedto copewith
otherfreemodelingtoolkit. Themainplatformis Linux
and other Unix workstations,and partially works on
Windows. Julius is distributed with open license to-
getherwith sourcecodes,and hasbeenusedby many
researchersanddevelopersin Japan.

1. Intr oduction

In recentstudy of large vocabulary continuousspeech
recognition,we have recognizedthenecessityof a com-
monplatform. By collectingdatabaseandsharingtools,
the individual componentssuchaslanguagemodelsand
acousticmodelscan be fairly evaluatedthroughactual
comparisonof recognitionresult. It benefitsboth re-
searchof variouscomponenttechnologiesof anddevel-
opmentof recognitionsystems.

Theessentialfactorsof a decoderto serve asa com-
mon platform is performance,modularityandavailabil-
ity. Besidesaccuracy andspeed,it hasto dealwith many
modeltypesof any mixtures,statesor phones.Also the
interfacebetweenengineand modelsneedsto be sim-
ple andopenso that anyone can build recognitionsys-
tem usingtheir own models. In order to modify or im-
prove theenginefor a specificpurpose,theengineneeds
to be opento public. Although therearemany recogni-
tion systemsrecentlyavailablefor researchpurposeand
alsoascommercialproducts,notall enginessatisfythese
requirement.

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

Figure1: Screenshotof Japanesedictationsystemusing
Julius.

named“Julius” for researchersand developers. It in-
corporatesmany searchtechniquesto provide high level
searchperformance,and can deal with various types
modelsto be usedfor their crossevaluation. Standard
formats that other popular modeling tools[1][2] use is
adopted.Ona20k-worddictationtaskwith word3-gram
andtriphoneHMM, it realizesalmostreal-timeprocess-
ing on mostcurrentPCs.

Julius hasbeendevelopedandmaintainedaspartof
free softwaretoolkit for JapaneseLVCSR[4] from 1997
on volunteerbasis. The overall works arestill continu-
ing to the ContinuousSpeechRecognitionConsortium,
Japan[3]. This softwareis availablefor freewith source
codes. A screenshot of Japanesedictation systemis
shown in Figure1.

In this paper, we describeits searchalgorithm,mod-
ule interface,implementationandperformance.It canbe
downloadedfrom theURL shown in thelastsection.
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Figure2: Overview of Julius.

2. Search Algorithm

Julius performstwo-pass(forward-backward)searchus-
ing word 2-gramand3-gramon therespectivepasses[5].
The overview is illustrated in Figure 2. Many major
searchtechniquesare incorporated.The detailsarede-
scribedbelow.

2.1. First Pass

On thefirst pass,a tree-structuredlexicon assignedwith
languagemodelprobabilitiesis appliedwith the frame-
synchronousbeam searchalgorithm. It assignspre-
computed1-gram factoring values to the intermediate
nodes,andapplies2-gramprobabilitiesat the word-end
nodes. Cross-word context dependency is handledwith
approximationwhich appliesthebestmodelfor thebest
history. As the 1-gramfactoringvaluesareindependent
of the precedingwords,it canbe computedstaticallyin
asingletreelexiconandthusneedsmuchlesswork area.
Although the valuesaretheoreticallynot optimal to the
true2-gramprobability, theseerrorscanberecoveredon
thesecondpass.

Weassumeone-bestapproximationratherthanword-
pair approximation. The degradationby the rough ap-
proximation in the first passis recovered by the tree-
trellis searchin thesecondpass.Theword 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
boundaryandscoringerrorsof the preliminarypasson
the laterpass,thusenablesfastapproximatesearchwith
little lossof accuracy.

2.2. SecondPass

In the secondpass,3-gram languagemodel and pre-
cise cross-word context dependency is applied for re-
scoring. Searchis performedin reversedirection, and
precisesentence-dependentN-bestscoreis calculatedby
connectingbackwardtrellis in theresultof thefirst pass.
Thespeechinput is againscannedfor re-scoringof cross-
word context dependency andconnectingthe backward
trellis. Thereis an option that appliescross-word con-
text dependentmodelto word-endphoneswithout delay
for accuratedecoding.We enhancedthe stack-decoding
searchby settinga maximumnumberof hypothesesof
every sentencelength(envelope),sincethe simplebest-
first searchsometimesfails to getany recognitionresults.
Thesearchis not A*-admissiblebecausethesecondpass
may give betterscoresthanthe first pass. It meansthat
thefirst outputcandidatemaynot bethebestone.Thus,
we computeseveral candidatesby continuingthesearch
andsortthemfor thefinal output.

2.3. GaussianPruning and GaussianMixtur e Selec-
tion on AcousticComputation

For efficientdecodingwith tied-mixturemodelthathasa
largemixturepdfs,Gaussianpruningis implemented[6].
It prunesGaussiandistance(= log likelihood) compu-
tation halfway on the full vector dimensionif it is not
promising.Usingthealreadycomputedk-bestvaluesasa
thresholdguaranteesusto find theoptimalonesbut does
not eliminatecomputationso much [safepruning]. We
implementmoreaggressive pruningmethodsby setting
up a beamwidth in the intermediatedimensions[beam
pruning]. We performsafepruning in the standardde-
codingandbeampruningin theefficientdecoding.

To further reducethe acousticcomputationcost on
triphone model, a kind of Gaussianselectionscheme
calledGaussianmixtureselectionis introduced[7]. Addi-
tional context-independentHMM with smallermixtures
are usedfor pre-selectionof triphonestates. The state
likelihoodsof the context-independentmodelsarecom-
puted first at each frame, and then only the triphone
stateswhosecorrespondingmonophonestatesareranked
within thek-bestarecomputed.Theunselectedstatesare
given theprobabilityof monophoneitself. Comparedto
thenormalGaussianselectionthatdefinitelyselectGaus-
sianclustersby VQ codebook,the unselectedstatesare
reliablybacked-off by assigningactuallikelihoodinstead
of someconstantvalue, and realize stablerecognition
with evenmoretight condition.

2.4. Transparent Word Handling

Toward recognitionof spontaneousspeech,transparent
word handlingis also implementedfor fillers. The N-
gramprobabilitiesof transparentwordsaregivenassame
asotherwords,but they will be skippedfrom the word



context to prevent them from affecting occurrenceof
neighborwords.

2.5. Alter nativealgorithms

Besidesthesealgorithmsdescribedabove, conventional
algorithmsare also implementedfor comparison. The
defaultalgorithmsdescribedabovesuchas1-gramfactor-
ing,one-bestapproximationandwordtrellis index canbe
replacedto conventional2-gramfactoring,word-pairap-
proximationandword graphinterfacerespectively. They
are selectableon compile time and any combinationis
allowed. Userscanchoosesuitablealgorithmsfor their
evaluationanddevelopment.

3. Module Interface

In orderto actasa moduleof variousspeechrecognition
systems,a recognitionengineneedsto have simpleand
trivial interfaceto othermodules.We adoptstandardand
commonformat asmoduleinterfaceto keepsgenerality
andmodularityto variousmodels.Theinterfaces,speech
inputandoutputof Julius is describedin thefollowing.

3.1. AcousticModel

MonophoneandtriphoneHMM with any numberof mix-
tures,states,phonesare supported. It can also handle
tied-mixturemodelsandphonetictied-mixturemodel[6].
Themodeltypesareautomaticallyidentified.TheHMM
definition file should be in HTK format. When tied-
mixture model is given (by hmmdefsusing directive
<TMix>), Gaussianpruning is activatedfor eachmix-
ture pdfs. Not all formats in HTK hmmdefsare sup-
ported: multi input stream,discreteHMM, covariance
matrixotherthandiagonalanddurationparameterarenot
supported.

3.2. Lexicon

Theformatof therecognitiondictionaryis similar to the
HTK dictionary format. It is a list of words with their
output stringsand pronunciations. Eachpronunciation
is expressedasa sequenceof sub-word unit namein the
acousticmodel.Actually any sub-wordunit likesyllables
canbe used. Multiple pronunciationsof a word should
bewrittenasseparatewords,eachhaspossiblepronunci-
ationpattern.With a triphonemodel,eachpronunciation
unit is convertedto context-awareform (ex. “a-k+i”) on
startup.To mappossible(logical)triphonesto thedefined
(physical)onesin thehmmdefs,acousticmodelshouldbe
accompaniedwith HMM list thatspecifiesthecorrespon-
dences.

Thedefaultmaximumvocabularysizeis setto 65535
wordsby default for memoryefficiency, but larger size
canbeallowedif configuredso.

3.3. LanguageModel

Two languagemodelis needed:word2-gramfor thefirst
passandword 3-gramin reversedirectionfor thesecond
pass. ARPA-standardformat can be directly read. To
speedup thestartupprocedureof recognitionsystem,an
originalbinaryformatis supported1.

3.4. Input / Output

Speechinput by waveform file (16bit PCM) or pattern
vectorfile (HTK format) is supported.Live microphone
input is alsosupportedon Linux, FreeBSD,SunandSGI
workstations.Input canalsobesentvia TCP/IPnetwork
usingDAT-Link/netaudioprotocol. Theseinput speech
streamcan be segmentedon pauseby watching zero-
crossandpower, andeachsegmentis recognizedsequen-
tially in turn.

Decodingof thefirst passis donein parallelwith the
speechinput. It startsprocessingassoonasa input seg-
mentstarts,andwhena longpauseis detected,it finishes
thefirst passandcontinuesto thesecondpass.As thesec-
ondpassfinishesin veryshorttime,thedelayof recogni-
tion resultoutputis sufficiently small.

The currentspeechanalysisfunction of Julius can
extract only one coefficients for our acousticmodels2.
CMN (cepstralmeannormalization)is activatedautomat-
ically if acousticmodelrequiresit. In caseof file input,
cepstralmeanis computedfirst for the file or segment.
For live input,averagevaluesof last5 secondsareused.

Output is a recognitionresult in word sequence.N-
bestresultscanbeoutput.Phonemesequence,log likeli-
hoodscoresandseveralsearchstatisticscanalsobegen-
erated. Partial resultscan be outputsuccessively while
processingthe first pass,thoughthe final result is unde-
terminedtill theendof thesecondpass.

3.5. Search Parameters

Various searchparameterscan be determinedin both
compiletime andrun time. Theparametersof language
modelweight andinsertionpenaltyaswell asthe beam
width canbeadjustedfor therespective passes.Two de-
fault decodingoptionsarealsosetup: Standarddecod-
ing strictly handlescontext dependency of acousticmod-
els for accuraterecognition. Efficient decodingusesa
smallerbeamwidth by default andterminatedthesearch
whenthefirst candidateis obtained.

4. Implementation and Distrib ution

Main platform is Linux, but it alsoworkson otherUnix
workstations: FreeBSD,Solaris2,IRIX6.3 and Digital
Unix. Livemicrophoneinput is supportedonmostOS.It

1A conversiontool “mkbingram” is includedin the distribution
package.

226dimensionMFCC E D Z coefficientsonly.



Table1: Performanceof 20kJapanesedictationsystem

system efficient accurate

acousticmodel 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-3.2,CPU:PentiumIII 850MHz
(withoutGaussianMixture selection)

canalsorun on Microsoft Windows. We arenow work-
ing on the Windows versionto be fully functioned,but
currentlythefeaturesarelimited.

Thewholesourcecodeis distributedfreely. Preparing
acousticmodelandlanguagemodel,onecanconstructa
speechrecognitionsystemfor theirtasks.Userscanmod-
ify thesourceor partof themfor their applicationswith-
out explicit permissionof the authors,both in research
purpose,andevenin commercialpurpose.

Julius hasbeendevelopedsince1996. The recent
revision is 3.2anddevelopmentis still continuingonvol-
unteerbasis.Thesourcecodesarewritten in C language,
andits totalamountis about22,000linesand604Kbytes.
Although it hasbeendevelopedand testedon Japanese
environment,it shouldwork onotherlanguagewith little
modification.

5. Evaluation on JapaneseDictation task

Performanceof the total Japanesedictationsystemwith
Julius andtypical modelsprovidedby theIPA Japanese
dictationtoolkit[4] is summarizedin Table1 for 20ksys-
tem. Two typical configurationare listed: efficiency-
orientedandaccuracy-oriented. Note that the Gaussian
mixture selectionand transparentword handling is not
includedin this experiment.

The accurateversionwith triphonemodelandstan-
dard decodingachieves a word accuracy of 95%. The
efficient versionusing the PTM model keepsthe accu-
racy above 90% andrunsalmostin real-timeat a stan-
dardPC. The requiredmemoryis about100Mbytesfor
the efficient versionandabout200Mbytesfor the accu-
rateversion.Thisdifferencecomesmainly from acoustic
probabilitycache,asall stateprobabilitiesof all frameis
cachedin thefirst passto beaccessedonthesecondpass.

The total systemperformanceintegrating Gaussian
mixture selectionis shown in Table2. Real-timefactor
of 1.06 is achieved even with standardsetting,and the
word accuracy reaches92.1%.

Table2: TotalPerformance
system efficient + GMS

acousticmodel 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:PentiumIII 850MHz

6. Conclusions

A two-pass,open-sourcelarge vocabulary continuous
speechrecognitionengineJulius hasbeenintroduced.It
hasanability to achieve word accuracy of 95%in accu-
ratesetting,andover90%in real-timeprocessingin 20k-
word dictation. It is well modularizedwith simpleand
popularinterfaceto beusedasanassessmentplatform. It
providestotal recognitionfacility with the currentstate-
of-the-artsearchtechniquesopento all researchersand
developersengagingin speech-relatedworks.

It hasbeenusedby many researchersanddevelopers
in Japanasa standardsystem.Futurework will bededi-
catedto furtherrefinementof performance(especiallyin
memoryusage),stability andmoredocumentation.The
mainWWW pageis on theURL below:
http://winnie.kuis.kyoto-u.ac.jp/pub/julius/
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