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ABSTRACT

Dynamicallymodelingthe word distributionin a variety of

texts is a goalwith variousapplications.For speechrecog-
nition a dynamicunigrammay efficiently be usedfor the
adaptatiorof longerranginglanguagemodels.For informa-
tion retrieval it may be a good startingpointto predictthe
mostcharacteristiovordsin documentdependentjueries.
This shortpaperpresentdwo approaches$or adaptve un-

igram languagemodelsand illustratestheir relation in a
moregenerainformationtheoreticframenork.

1. INTRODUCTION

A commontaskin speeclrecognitionis the adaptatiorof
rathergeneraimodelsto aspecificapplication.Thismayin-
volve changingacousticconditions(e.g.spealer andchan-
nel dependeng) aswell asvaryinglinguistic contexts (ap-
plication domainsor subdomainsspeakingstyle etc.). A
well-known problemin languagenodelingis atrade-of be-
tweenthe amountof training datarequiredfor well-trained
bi- or trigramsor evenlongerranginglanguagenodels(LMs)
and the braodeningof the context with growing training
corpora. A well-trainedlong-rangingLM for a very spe-
cific domainor averyindividual speakingstyleis therefore
normallyimpossible.A commontaskfor languagemodel-
ing is thusto provide algorithmsto adaptwell-trainedbut
ratherunspecifidMs to themostprominentcharacteristics
of specialcontexts.

Thispapemwill shortlysummarizeéwo approacheghich
aimatarobustquick adaptatiorof unigramsnsteacdbf longer
rangingLMs sincetheserequirefar lessdatafor reliable
estimatesof local characteristics. Thesetechniqueshave
beenpublishedin [4, 12] and[9]. The resultingdynamic
unigramshave thenbeenusedin [10] to alsoquickly adapt
longerrangingLMs.

Both techniqueshav a deeperconnectiorthancanbe
seenfrom their originally independentlerivation. This will
becomeevidentwhenaninformationtheoretic- rather“in-
tuitive” — pointof view is takento reinterprethe properties
of theword andtext clustersin thetwo approaches.

2. LANGUAGE MODELING APPROACHES

2.1. Generalprocedure

A generalpracticein the developmentof successfulLM
techniquesnaybesummarizedsfollows:

e Startingwith somentuitive conceptboutusefulstruc-
turesandquantitiesalLM researcheriestofix her/his
ideasin a well-definedLM formula for unigramor
conditionalprobabilities. Thefreeparametersf such
aLM haveto becalculatedrom atrainingcorpus.

¢ Almostall LMs emplgy in someway or anotherthe
countsof certain“events”in thetraining corpus(the
simplesttasebeingcountsof singlewords,word pairs,
or wordtriples).

¢ But mary modelsalsopossessomefree parameters
which arenot immediatelyfixed by the training cor-
pus. Insteadthesehave to be optimizedwith respect
to sometargetfunctionin orderto getthe “best” LM
within the family definedby the LM structure(and
thetrainingcounts).

¢ To bestdescribehetypicaltexts of thewantedappli-
cationit is mostcommonto maximizethelikelihood
of sometypical target corpus. This Maximum Lik e-
lihood (ML) approachmay eitherbe appliedto the
training corpusitself or, if enoughdatacan be col-
lectedfor the specificapplication,to someindepen-
dentcrossvalidationcorpus.

Somecommonapplicationsof this procedureare:

e Optimizationof discountingparameter®f so-called
backing-of Mgram-LMs|[6, 8]. (Here,the obsenred
Mgram countsare discountedoy the free parameter
andthethusgained'probability mass’is redistrituted
on a shorterranginglevel. This may involve a hier-
archy of backing-of steps,e.g.from trigramsto bi-
gramsto unigramsandfinally to aflat distribution.)



e Linearorlog-linearinterpolationof seseralfixedprob-
ability distributions[11, 5]. Here, the interpolation
weightsareoptimized.

¢ Mgram-LMs basedon word classes. Here, the de-
greesof freedomarenot just somereal-valuednum-
bersbut ratherthe classificationAll wordsin thevo-
cahulary aregroupednto (disjoint) classesuchasto
maximizethelik elihoodof thetargetcorpus.

Actually, the last exampleis incompleteaslong aswe do
not specifyhow the classesareusedin the LM. The usual
class-basedigrams(seee.g.[2, 7]) useso-calledbigram
classeswhich are optimizedfor bigramsof the following
form:

Pw]v) E Prigram(Clw] | C[v]) - pemic (w | Clw]) (1)

Here, the transitionfrom the previous word v to the pre-
dictedwordw isfirstreplacedy aclasshasedigrampyigram
(which allows a bettergeneralizatiorfrom seento unseen
eventsthanawordbasedigram). Theemissiorcomponent
Pemis then describeshe distribution of the words within
eachclass.It shouldbeclearthattheclassificatiormayonly
be optimizedafterfixing thisLM structurg(andalsothede-
pendeng of pyigram andpem;; from theeventcounts).

Typical bigram classesare mostly of syntacticnature,
i.e.they typically separat@ounsfrom verbsandarticlesetc.
aswell assingualaffrom plural, or variousverbformsfrom
eachotherandsoon.

3. SEMANTIC CLASSIFICATION

3.1. Semanticword classes

Wearenow readyto introducethefirst of thetwo approaches
which aim at a robust quick estimationof local unigram
distributions(see[9]). The basicideais to have a “set of
topics” with essentiallydisjoint topic specificvocatularies
(plus someubiquitouswords). Thesetopic specificvocab-
ularieswill also be referredto as semanticword classes
S (someof which may be necessaryto provide the om-
nipresentwords). Most texts relateto several topics and
consequentlgontainwordsfrom severalclassesS. (As an
examplefrom [9] you mayimagineanarticleabout'Volks-
wagen’ which relatesto the topics ‘car’ and ‘Germary’.)
In orderto modelthevaryingproportionsof differenttopics
contrikuting to eachtext the following unigrammodelwas
proposed:

plocal(w) déf plocal(s[w]) * Pglobal (w | S[U)]) (2)

Here,thefirst componentescribeshe proportionof words
from thedifferentclasseswhile pgional reflectstheglobally
fixed distribution of wordswithin eachclass(just as pemis

in ().

We shouldnotethatthisLM structurds especiallysuited
for a robust quick estimationof the local unigramdistri-
bution sincethe local classdistribution is easily estimated
from rathersmall texts. The major benefitof the semantic
classess the generalizatiorirom somefew wordsto all se-
manticallyrelatedwords,e.g.from ‘Volkswagen'to ‘Daim-
ler’ or ‘Chrysler’ or to ‘Germary’ or ‘Wolfshurg’.

As for the bigramclassegslescibedn Sect.2.1we may
automaticallytrain and optimizethe classificatiorwith re-
spectto its intendedapplication. Following the standard
procedureve may directly maximizethe likelihood of the
training data. The simplesttarget function resultsif both
componentin (2) aremodeledby the maximumlik elihood
estimatorgassumingthat the classesare alreadyknown):
Phaea(S) = "7ry andpliga (w | STw)) = gty where
N(S,T) givesthecountof classS in thelocaltext 7', N (T')
and N (S) arethesizesof text T andclassS, respectiely,
and N (w) is the global countof word w in the complete
trainingcorpus.Thisresultsin the following log-likelihood
of thetrainingdata:

N(S,T) N(w
PL=2. 2 Nlw.T) log (Ve wsip) @

Here,N (w,T) countsthewordspertext, andthe sumsrun
overall wordsfrom thevocahularyandall textsin thetrain-
ing corpus.

The clusteringalgorithmnow hasto find that mapping
S[w] of wordsto semanticclasseshat maximizesthe log-
likelihoodgivenin (3).

Thisis thebasicapproachproposedn [9]. (How thisis
actuallyimplementeds not our currentscope.)We should
justshortlymentionthatthenatureof thethusfoundseman-
tic word classeds fundamentallydifferentfrom the rather
syntactichigram classediscussedefore: Corresponding
to our intuitive startingpoint mostclassesndeedcombine
words from a certaintopic or domain(acrossall typesof
syntacticclasses).

3.2. Semantictext clusters

The secondapproachis also basedon a clusteringtech-

nique. Now, however, the classificationis not appliedto

words. Instead texts from the training corpusare grouped
togetherinto “semanticallycoherent’subcorpora.The un-

derlying conceptis the idea that normal corporacover a

more or lessbroadrangeof differenttopics. (Even seem-
ingly well-defineddomainsmay be subdvidedinto subdo-
mains, but the advantagef topic separatiorare greatest
for rathergenerakorpora.)

Themoststriking effect for differenttopicsor domains
arecharacteristipreferencesf certainspecialized/ocahu-
laries.More generallytheworddistribution of eachdomain
differsmarkablyfrom the overall unigramof the combined



(mixed) corpus. An automaticsubdvision of the mixture
into clearlydistinctsubcorporanaythushelpto build spe-
cializedLMs for eachisolatedtopic. To exploit thisideafor
the clusteringprocessve againstartwith a targetfunction
to bemaximized.Onestartingpointin [12] is againa max-
imum likelihoodapproach Assumingthatthetext clusters
C arealreadyknown we assignto eachof thema ML un-
igram of the form piflz . (w) = ) where N (w, C)
and N(C) specifythe frequeny of word w in C' andthe
sizeof C, respectrely. Evaluatingeachtext with its own
clusterunigramwe arrive at thefollowing log-likelihoodof
thetrainingcorpus:

LL = ZZNUJ C)-log ———=

The sumsnow run over all wordsfrom the vocalulary and
overall text clusters.

Thetext clusteringalgorithmnow hasto find thatgroup-
ing of all textsinto distinctclustershatmaximizeg4).

As expectedfrom theinitial conceptthe thushbuilt text
clustersindeedreflectsemanticcoherence (Dependingon
the numberof trainedclusterssomeof themmay be com-
posedof morethanonetopic but eachtopic tendsto belo-
catedn oneor two clusters.)Within theWall-Street-Journal
corpuswe could for exampleseparatelomainssuchas ‘fi-
nancialnews’, ‘prominentpeople’,or ‘healthcare’etc.

Oncetrainedthe clustersarenormally usedasfollows:

N(w,C)

N (4)

e We train oneLM per cluster To reducesmoothing
problemsromtoosmallsubcorporave alsotrainone
globalLM onthecompletecorpus.

e For new applicationgheselLMs arethenlinearly in-
terpolatedvith automaticallyoptimizedinterpolation
weights[11]. This may applyto eithera staticcom-
binationfor a new product. (Here,the likelihood of
sometypical samplecorpusis maximized.) Another
possibilityis adynamicadaptatiorof theweightsdur-
ing arecognitionprocess.

We should shortly mentionthat here— as opposecdto the
semanticword classes- the LM type is not restrictedto
unigrams Eachsubcorpusnaywell serne asbasisfor afull
Mgrammodel,andtheseMgramsaretheninterpolated.

A specialapplicationof both approachess a dynamic
unigramadaptation. This may be interpretedas a seman-
tic cachecomponentvhich tracesthe currenttopicsduring
a recognitionprocess.Sucha dynamicunigrammay then
be imposedasa dynamicmamginal constrainton a longer
rangingbut moregeneralLM. In [10] a specialquick adap-
tationschemeo suchdynamicmamginalswasproposedvhich
therebyallowsto “distort” thegeneralLM towardsthechang-
ing semantidocus.

4. COMBINED VIEW: MUTUAL INFORMATION

Comparingthe two approachepresentedn Sect.3.1 and
3.2 they first appearquite unrelated. The basicconcepts
and the derived formal LM structuresare quite different.
Furthermorethe log-likelihood expressionsn (3) and (4)
look completelydifferent.

The only commonconceptis the exploitation of some
sortof semanticcoherenceThewordscontainedn the se-
mantic classeshave a strongtendeng to be concentrated
in clearsubset®f texts andto beabsentn mostothertexts.
Thetextsin someclusterontheotherhandhave aclearpref-
erenceof somespecializedsubrocahulary and rarely use
mary wordswhich are more specificfor topicsnot repre-
sentedn therespectie cluster

As wewill seenow, this semanticoherencén bothap-
proachesintsto a unifying formalismwhich alsoallows a
moreintuitive descriptionof theword andtext clusters’na-
ture. Let'sreformulatehejustmentioneccommonconcept:

e Thestartingpointin bothcasess acollectionof texts
T composedf wordsw. The countsN (w,T) may
be thoughtof as organizedin a matrix where each
line representaword andeachcolumnstandgor one
text.

o After theclusteringprocesss completeceithersome
wordsw are combinedinto one semanticclassS or
severaltexts T' aregroupedtogetherinto one cluster
C'. Thisresultsn acountmatrix N (S, T) or N (w, C)
whereeithersomeinesor somecolumnsof theinitial
matrix arecombined.

Regarding(S, T') or (w, C) astwo-valuedrandomvariables
we will immediatelyseethat the exploitation of semantic
coherencdranslatesnto a high mutualinformationin the

distribution givenin eithermatrix N (S, T') or N (w, C).

4.1. Semanticword classes

Let'sstartwith thesemantiavord classegafully analogous
line of agumentdor text clustersis givenin Sect.4.2):

1. The tendeng of wordsfrom oneclassS to appear
in sometexts andto be absenfrom all othersmeans
thatthe countdistribution for onefixed classS over
all texts deviatessignificantlyfrom aflat distribution,
i.e.thecountsN (S, T) aretypically notatall propor
tional to thetext sizesN (T').

2. Reversely the non-uniform“topic composition” of

eachtext meansthat the classdistribution NA(,(S’T?
within onefixedtext T is notat all proportionako the
gIobaIcIassﬂstthion%. (Here,N =", N(T)

=) ¢ N(S) isthetotal corpussize).




In the LM modelfrom (2) this is exploited by the
adaptie componenpiocar (.S).

Thesepointsmaybe expressedn severalways:

¢ Pointl. meanghatwe have a high Kullback-Leibler

distancebetweermostof thenormalizedistributions
NI\(]*?:,;? andtherelative text sizedistribution 242

o Reading™: :;) asp(T | S) we mayalsosaythatthe
kncwledgeaboutwhlch classesare presentin some
text is agoodindicatorfor predictingthetext identity.

e Combiningl. and 2., we can characterizehe non-
uniform classdistribution over the texts asstrongin-
terdependencef the quantitiesS andT in the two-
valuedrandomvariable(S, T').

In an informationtheoreticalframenork, this trans-

latesinto a high mutualinformationbetweenS and

T:

o N(S,T)-N
EN(S)- N(T)

=y ©)
S T

For the sale of completeneswe notethat I may be
interpretedasa weightedaverageover the Kullback-
LeiblerdistancedD mentionecabove:

TR )

N
The crucial link betweenformalismdepictedhereandthe
LM framework from Sect.3.1 is the dependeng of both

LL from (3) andof I from (5) onthewantedclassification.

Splitting off thetermswhich do not change with S we get:

N(S,T)
N(S,T) -log + constr,
22 NGS)
> D N(S,T) - log N]\(]S, T) + consty.;
S T

LL =

N-T =

(5)

4.2. Semantictext clusters
Theamgumentdor thetext clustersarerathersimilar:

1. The tendeng of the texts in oneclusterC to con-
centrateon a specializedsubvocalulary andto rarely
useothertopic specificwords meansthat the word
distribution within onefixed text clusterC' deviates
significantlyfrom theglobal unigramNTw

2. Reversely the localizationof the specializedsubvo-
calulariesin the semanticallyrelatedtext clusters
meanghatthe distribution of onefixedword w over
thetext clustersC is typically notat all proportional
to theclustersizesN (C').

As beforethis maybeexpressedn variousways:

¢ Pointl. meanghatwe have a high Kullback-Leibler
distancebetweemmostof theclusterunigrams%
andtheglobalunigram™).

N(w C)

e Reading—; asp(w | C) we maysaythatknow-
ing in wh|ch text clusterssomeword appearswith
high probabilitiesheavily narrovstheword identity.

¢ Combiningl. and 2., we can characterize¢he non-
uniform word distribution over the clustersasstrong
interdependenaaf thequantitiesw andC' in thetwo-
valuedrandomvariable(w, C).

This againtranslatesnto a high mutualinformation
betweenw andC:

N(w,C
55> (,0)

As for theword classesve maywrite I asaweighted
averageovertheunigramKullback-Leiblerdistances:

T () @

The link with the LM framework from Sect.3.2 is now
givenby theclusterdependengof LL in (4) and! in (7):

N(w,C)-N
%8 N(w)-N(C)

()

_ N(w,C)
LL = ZZN w,C) - log ——= NO) + consg,
N-I = N(w C)+cons§v1

ZZNU} C) -log NO)

4.3. Relation betweenword and text clusters

Comparingthe agumentsandformalismspresentedn the
previous subsectiongl.1 and4.2 the reademwill easilyob-

sene the closesimilarity of all steps. The only difference
is anexchangebetweertherolesof wordsandtexts. Actu-

ally, everythingmay be mappedontoits counterparby the
following replacements:

General Example

N(w N(T
we T —J(V ) & —J(V)
SeC N(S) + N(C)
exchange| N(S,T) + N(w,C)

This obsenation may be employed to usethe sameclus-
tering techniquedor both tasks. Startingwith the matrix
N(w,T) or with the transposednatrix N (T, w) andclus-
teringfor thefirst componenti.e. by lines)will eitherresult
in semantiovord classe®r in semantidext clusters.



4.4. Possibleextension

Up to now theclusteringhasbeenemployedon eitherword
or text level. As a straightforvard extensionwe might also
combinethe clusteringto bothdimensionsimingata high
mutualinformationof thetwo-valuedvariable(S, C') or max-
imizing thelikelihoodof anappropriatd-M. Intuitively we
shouldexpectto thus further improve the quality of both
classifications.

5. CONCLUDING REMARKS

This paperhas presentech compactsummaryof various
techniquesand conceptausedin languagemodeling. As a
specialapplicationsemanticclusteringtechniquesoth on
word andon text level have beendiscusssedrom various
pointsof view. It shouldbe mentionedhatsucha variety
of approachefor the samefinal formalismmay alwaysbe
usefulfor extensionsandmodificationsof anexisting algo-
rithm.

For thesale of completeneswe shouldnotethata third
techniquefor the exploitation of semanticcorrelationsin-
herentin the N (w,T) distribution hasdevelopedover the
lastyears:ThissocalledLatentSemantidAnalysisapproach
—firstpublishedn [1] —operatesn bothword andtext level
simultaneoushandis essentiallypasedn a SingularValue
Decompositiorof the N (w, T') matrix. Themostprominent
semanticorrelationsarethenderivedfrom aprojectionfor-
malismusingtheeigervectorswith highesteigervalues.

For the specialpurposeof informationretrieval the pre-
sentedinigramadaptatioriechniquesnighthelpasfollows:

¢ In [13] and[3] it was proposedo approactthe in-
formationretrieval problemin an“inversedirection”:
Insteadof rankingall documentdy someestimated
“relevance”to the given querythey essentiallybuild
a LM perdocumentandthenevaluatethe presented
queryby all LMs. Using Bayesrule the rankingis
now performedby the query probabilitiesgiven the
individualdocuments.

¢ A crucialpointistofind asuitablemethodor arobust
LM trainingfrom ratherlimited singledocuments.

¢ Here,robustmethodsusingthe generalizatiorpowver
inherentin the semantiacorrelationsbetweerrelated
wordsmayhelpto build unigramLMs from verysmall
documents.

e Thismaybeespeciallyusefulfor shorttypesof queries
which should be treatedas “bags of words” rather
thanaswell-structuredextsfollowing normalMgram
statistics.
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