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ABSTRACT
Dynamicallymodelingtheword distribution in a varietyof
texts is a goalwith variousapplications.For speechrecog-
nition a dynamicunigrammay efficiently be usedfor the
adaptationof longerranginglanguagemodels.For informa-
tion retrieval it maybea goodstartingpoint to predictthe
mostcharacteristicwordsin documentdependentqueries.
This shortpaperpresentstwo approachesfor adaptive un-
igram languagemodelsand illustratestheir relation in a
moregeneralinformationtheoreticframework.

1. INTRODUCTION

A commontaskin speechrecognitionis the adaptationof
rathergeneralmodelsto aspecificapplication.Thismayin-
volve changingacousticconditions(e.g.speaker andchan-
nel dependency) aswell asvaryinglinguistic contexts (ap-
plication domainsor subdomains,speakingstyle etc.). A
well-knownproblemin languagemodelingis atrade-off be-
tweentheamountof trainingdatarequiredfor well-trained
bi- or trigramsorevenlongerranginglanguagemodels(LMs)
and the braodeningof the context with growing training
corpora. A well-trainedlong-rangingLM for a very spe-
cific domainor a very individualspeakingstyleis therefore
normally impossible.A commontaskfor languagemodel-
ing is thusto provide algorithmsto adaptwell-trainedbut
ratherunspecificLMs to themostprominentcharacteristics
of specialcontexts.

Thispaperwill shortlysummarizetwoapproacheswhich
aimatarobustquickadaptationof unigramsinsteadof longer
rangingLMs sincetheserequirefar lessdatafor reliable
estimatesof local characteristics.Thesetechniqueshave
beenpublishedin [4, 12] and[9]. The resultingdynamic
unigramshave thenbeenusedin [10] to alsoquickly adapt
longerrangingLMs.

Both techniquesshow a deeperconnectionthancanbe
seenfrom theiroriginally independentderivation.Thiswill
becomeevidentwhenaninformationtheoretic– rather“in-
tuitive” – pointof view is takento reinterprettheproperties
of thewordandtext clustersin thetwo approaches.

2. LANGUAGE MODELING APPROACHES

2.1. Generalprocedure

A generalpracticein the developmentof successfulLM
techniquesmaybesummarizedasfollows:� Startingwith someintuitiveconceptaboutusefulstruc-

turesandquantitiesaLM researchertriestofix her/his
ideasin a well-definedLM formula for unigramor
conditionalprobabilities.Thefreeparametersof such
a LM haveto becalculatedfrom a trainingcorpus.� Almost all LMs employ in someway or anotherthe
countsof certain“events” in the trainingcorpus(the
simplestcasebeingcountsof singlewords,wordpairs,
or word triples).� But many modelsalsopossesssomefreeparameters
which arenot immediatelyfixedby the trainingcor-
pus. Insteadthesehave to beoptimizedwith respect
to sometargetfunctionin orderto getthe“best” LM
within the family definedby the LM structure(and
thetrainingcounts).� To bestdescribethetypical textsof thewantedappli-
cationit is mostcommonto maximizethelikelihood
of sometypical targetcorpus.This MaximumLike-
lihood (ML) approachmay eitherbe appliedto the
training corpusitself or, if enoughdatacan be col-
lectedfor the specificapplication,to someindepen-
dentcrossvalidationcorpus.

Somecommonapplicationsof thisprocedureare:� Optimizationof discountingparametersof so-called
backing-off Mgram-LMs[6, 8]. (Here,theobserved
Mgram countsarediscountedby the free parameter
andthethusgained“probabilitymass”is redistributed
on a shorterranginglevel. This may involve a hier-
archyof backing-off steps,e.g. from trigramsto bi-
gramsto unigramsandfinally to aflat distribution.)



� Linearor log-linearinterpolationof severalfixedprob-
ability distributions [11, 5]. Here, the interpolation
weightsareoptimized.� Mgram-LMs basedon word classes.Here, the de-
greesof freedomarenot just somereal-valuednum-
bersbut rathertheclassification:All wordsin thevo-
cabularyaregroupedinto (disjoint)classessuchasto
maximizethelikelihoodof thetargetcorpus.

Actually, the last exampleis incompleteaslong aswe do
not specifyhow the classesareusedin theLM. Theusual
class-basedMgrams(seee.g. [2, 7]) useso-calledbigram
classeswhich are optimizedfor bigramsof the following
form:������� �
	������ ����� ������������� �! ��"��� �# $	&%'�  ��� ()���*�"��� �+ ,	 (1)

Here, the transitionfrom the previous word � to the pre-
dictedword � is first replacedbyaclassbasedbigram�-��� �.�$�.�
(which allows a bettergeneralizationfrom seento unseen
eventsthanawordbasedbigram).Theemissioncomponent�  ��� ( then describesthe distribution of the words within
eachclass.It shouldbeclearthattheclassificationmayonly
beoptimizedafterfixing thisLM structure(andalsothede-
pendency of � ��� �.�$��� and�  ��� ( from theeventcounts).

Typical bigramclassesaremostly of syntacticnature,
i.e.they typicallyseparatenounsfromverbsandarticlesetc.
aswell assingualarfrom plural,or variousverbformsfrom
eachotherandsoon.

3. SEMANTIC CLASSIFICATION

3.1. Semanticword classes

Wearenow readyto introducethefirstof 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 specificvocabularies
(plussomeubiquitouswords). Thesetopic specificvocab-
ularieswill also be referredto as semanticword classes/

(someof which may be necessaryto provide the om-
nipresentwords). Most texts relateto several topics and
consequentlycontainwordsfrom severalclasses

/
. (As an

examplefrom [9] youmayimagineanarticleabout‘Volks-
wagen’ which relatesto the topics ‘car’ and ‘Germany’.)
In orderto modelthevaryingproportionsof differenttopics
contributing to eachtext the following unigrammodelwas
proposed:��0 1324�.0����5	������ ��0 1324�.0�� / � �! ,	6%7�-�.0 1�����0��$�8� / � �+ ,	 (2)

Here,thefirst componentdescribestheproportionof words
from thedifferentclasses,while �-�.0 1�����0 reflectstheglobally
fixeddistribution of wordswithin eachclass(just as �  ��� (
in (1)).

WeshouldnotethatthisLM structureisespeciallysuited
for a robust quick estimationof the local unigramdistri-
bution sincethe local classdistribution is easilyestimated
from rathersmall texts. Themajor benefitof thesemantic
classesis thegeneralizationfrom somefew wordsto all se-
manticallyrelatedwords,e.g.from ‘Volkswagen’to ‘Daim-
ler’ or ‘Chrysler’ or to ‘Germany’ or ‘Wolfsburg’.

As for thebigramclassesdescibedin Sect.2.1we may
automaticallytrain andoptimizetheclassificationwith re-
spectto its intendedapplication. Following the standard
procedurewe may directly maximizethe likelihoodof the
training data. The simplesttarget function resultsif both
componentsin (2) aremodeledby themaximumlikelihood
estimators(assumingthat the classesarealreadyknown):��9;:0 1324�.0 � / 	 �=<5>@?BA C�D<5>ECFD and��9;:�.0 1�����0 �$�G� / � �+ ,	 � <5>EHID<5>@?-J HFKLD whereM � /&N'O 	 givesthecountof class

/
in thelocaltext

O
,
M � O 	

and
M � / 	 arethesizesof text

O
andclass

/
, respectively,

and
M ���5	 is the global countof word � in the complete

trainingcorpus.This resultsin thefollowing log-likelihood
of thetrainingdata:PQP �GR H R C M �$� N�O 	S%�T@UWVYX M � /&N�O 	M � O 	 % M �$�5	M � / � �! ,	WZ (3)

Here,
M ��� N'O 	 countsthewordspertext, andthesumsrun

overall wordsfrom thevocabularyandall texts in thetrain-
ing corpus.

Theclusteringalgorithmnow hasto find that mapping/ � �! of wordsto semanticclassesthatmaximizesthe log-
likelihoodgivenin (3).

This is thebasicapproachproposedin [9]. (How this is
actuallyimplementedis not our currentscope.)We should
justshortlymentionthatthenatureof thethusfoundseman-
tic word classesis fundamentallydifferentfrom the rather
syntacticbigramclassesdiscussedbefore: Corresponding
to our intuitive startingpoint mostclassesindeedcombine
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 trainingcorpusaregrouped
togetherinto “semanticallycoherent”subcorpora.Theun-
derlying conceptis the idea that normal corporacover a
moreor lessbroadrangeof differenttopics. (Even seem-
ingly well-defineddomainsmaybesubdividedinto subdo-
mains,but the advantagesof topic separationaregreatest
for rathergeneralcorpora.)

Themoststriking effect for differenttopicsor domains
arecharacteristicpreferencesof certainspecializedvocabu-
laries.Moregenerally, theworddistributionof eachdomain
differsmarkablyfrom theoverallunigramof thecombined



(mixed) corpus. An automaticsubdivision of the mixture
into clearlydistinctsubcorporamaythushelpto build spe-
cializedLMs for eachisolatedtopic. To exploit this ideafor
theclusteringprocesswe againstartwith a target function
to bemaximized.Onestartingpoint in [12] is againa max-
imum likelihoodapproach.Assumingthat the text clusters� arealreadyknown we assignto eachof thema ML un-
igram of the form ��9;:240 [�\$(  � �$�5	 �]<^>@HSA _`D<^>@_`D where

M �$� N �a	
and

M ���a	 specify the frequency of word � in � andthe
sizeof � , respectively. Evaluatingeachtext with its own
clusterunigramwearriveat thefollowing log-likelihoodof
thetrainingcorpus:PbP �*R H R _ M ��� N �a	6%)T@UWV M ��� N �a	M �c�a	 (4)

Thesumsnow run over all wordsfrom thevocabulary and
overall text clusters.

Thetext clusteringalgorithmnow hastofind thatgroup-
ing of all texts into distinctclustersthatmaximizes(4).

As expectedfrom the initial conceptthe thusbuilt text
clustersindeedreflectsemanticcoherence.(Dependingon
the numberof trainedclusterssomeof themmaybe com-
posedof morethanonetopic but eachtopic tendsto belo-
catedin oneor two clusters.)Within theWall-Street-Journal
corpuswe could for exampleseparatedomainssuchas‘fi-
nancialnews’, ‘prominentpeople’,or ‘healthcare’etc.

Oncetrainedtheclustersarenormallyusedasfollows:� We train oneLM per cluster. To reducesmoothing
problemsfromtoosmallsubcorporawealsotrainone
globalLM on thecompletecorpus.� For new applicationstheseLMs arethenlinearly in-
terpolatedwith automaticallyoptimizedinterpolation
weights[11]. This mayapply to eithera staticcom-
binationfor a new product. (Here,the likelihoodof
sometypical samplecorpusis maximized.)Another
possibilityisadynamicadaptationof theweightsdur-
ing a recognitionprocess.

We shouldshortly mentionthat here– as opposedto the
semanticword classes– the LM type is not restrictedto
unigrams.Eachsubcorpusmaywell serveasbasisfor a full
Mgrammodel,andtheseMgramsaretheninterpolated.

A specialapplicationof both approachesis a dynamic
unigramadaptation.This may be interpretedasa seman-
tic cachecomponentwhich tracesthecurrenttopicsduring
a recognitionprocess.Sucha dynamicunigrammay then
be imposedasa dynamicmarginal constrainton a longer-
rangingbut moregeneralLM. In [10] a specialquickadap-
tationschemetosuchdynamicmarginalswasproposedwhich
therebyallowsto “distort” thegeneralLM towardsthechang-
ing semanticfocus.

4. COMBINED VIEW : MUTUAL INFORMA TION

Comparingthe two approachespresentedin Sect.3.1 and
3.2 they first appearquite unrelated. The basicconcepts
and the derived formal LM structuresare quite different.
Furthermore,the log-likelihoodexpressionsin (3) and(4)
look completelydifferent.

The only commonconceptis the exploitation of some
sortof semanticcoherence:Thewordscontainedin these-
mantic classeshave a strongtendency to be concentrated
in clearsubsetsof textsandto beabsentin mostothertexts.
Thetextsin someclusterontheotherhandhaveaclearpref-
erenceof somespecializedsubvocabulary and rarely use
many wordswhich aremorespecificfor topicsnot repre-
sentedin therespectivecluster.

As wewill seenow, thissemanticcoherencein bothap-
proacheshintsto a unifying formalismwhich alsoallows a
moreintuitivedescriptionof thewordandtext clusters’na-
ture.Let’sreformulatethejustmentionedcommonconcept:� Thestartingpoint in bothcasesis acollectionof textsO

composedof words � . The counts
M ��� N'O 	 may

be thoughtof as organizedin a matrix whereeach
line representsawordandeachcolumnstandsfor one
text.� After theclusteringprocessis completedeithersome
words � arecombinedinto onesemanticclass

/
or

several texts
O

aregroupedtogetherinto onecluster� . Thisresultsin acountmatrix
M � /&N'O 	 or

M �$� N �a	
whereeithersomelinesor somecolumnsof theinitial
matrixarecombined.

Regarding � /&N�O 	 or ��� N �a	 astwo-valuedrandomvariables
we will immediatelyseethat the exploitation of semantic
coherencetranslatesinto a high mutual informationin the
distributiongivenin eithermatrix

M � /&N�O 	 or
M ��� N �a	 .

4.1. Semanticword classes

Let’sstartwith thesemanticwordclasses(afully analogous
line of argumentsfor text clustersis givenin Sect.4.2):

1. The tendency of words from one class
/

to appear
in sometexts andto beabsentfrom all othersmeans
that thecountdistribution for onefixedclass

/
over

all textsdeviatessignificantlyfrom aflat distribution,
i.e.thecounts

M � /&N'O 	 aretypically notat all propor-
tional to thetext sizes

M � O 	 .
2. Reversely, the non-uniform“topic composition”of

each text meansthat the classdistribution <5>@?dA CFD<5>EC�D
within onefixedtext

O
is notat all proportionalto the

globalclassdistribution <5>@?dD< . (Here,
M �*e C M � O 	� e ? M � / 	 is thetotal corpussize).



In the LM model from (2) this is exploited by the
adaptivecomponent�-0 1324�.0�� / 	 .

Thesepointsmaybeexpressedin severalways:� Point1. meansthatwe have a high Kullback-Leibler
distancebetweenmostof thenormalizeddistributions<5>@?BA C�D<5>@?dD andtherelative text sizedistribution <5>ECFD< .� Reading<5>@?dA CFD<5>@?dD as��� O � / 	 wemayalsosaythatthe
knowledgeaboutwhich classesarepresentin some
text is agoodindicatorfor predictingthetext identity.� Combining1. and 2., we can characterizethe non-
uniform classdistribution over thetexts asstrongin-
terdependenceof the quantities

/
and

O
in the two-

valuedrandomvariable � /&N'O 	 .
In an information theoreticalframework, this trans-
latesinto a high mutual informationbetween

/
andO

: f �GR ? R C M � /&N�O 	M %�T@UWV M � /�N'O 	S% MM � / 	S% M � O 	 (5)

For the sake of completenesswe notethat

f
maybe

interpretedasa weightedaverageover theKullback-
Leiblerdistancesg mentionedabove:f �*R ? M � / 	M % g X M � /&N'O 	M � / 	ihhhh hhhh

M � O 	M Z (6)

The crucial link betweenformalismdepictedhereandthe
LM framework from Sect.3.1 is the dependency of bothPbP

from (3) andof

f
from (5) on thewantedclassification.

Splittingoff thetermswhichdonotchangewith
/

weget:PQP � R ? R C M � /&N�O 	S%)T@UWV M � /&N�O 	M � / 	kj constlmlM % f � R ? R C M � /&N�O 	S%)T@UWV M � /&N�O 	M � / 	 j const<^n o
4.2. Semantictext clusters

Theargumentsfor thetext clustersarerathersimilar:

1. The tendency of the texts in one cluster � to con-
centrateon a specializedsubvocabularyandto rarely
useother topic specificwords meansthat the word
distribution within onefixed text cluster � deviates
significantlyfrom theglobalunigram <^>@HID< .

2. Reversely, the localizationof the specializedsubvo-
cabularies in the semanticallyrelated text clusters
meansthat thedistribution of onefixedword � over
thetext clusters� is typically not at all proportional
to theclustersizes

M ���a	 .

As beforethismaybeexpressedin variousways:� Point1. meansthatwe have a high Kullback-Leibler
distancebetweenmostof theclusterunigrams<5>EHSA _`D<5>E_`D
andtheglobalunigram <5>EHID< .� Reading <5>EHSA _�D<5>E_�D as���$�p�q�a	 we maysaythatknow-
ing in which text clusterssomeword appearswith
highprobabilitiesheavily narrowstheword identity.� Combining1. and 2., we can characterizethe non-
uniform word distribution over theclustersasstrong
interdependenceof thequantities� and � in thetwo-
valuedrandomvariable �$� N �a	 .
This againtranslatesinto a high mutual information
between� and � :f �*R H R _ M ��� N �a	M %)T@UWV M ��� N �a	6% MM ���5	�% M ���a	 (7)

As for thewordclasseswemaywrite

f
asaweighted

averageovertheunigramKullback-Leiblerdistances:f � R _ M �c�a	M % g X M �$� N �a	M ���a	rhhhh hhhh
M �$�5	M Z (8)

The link with the LM framework from Sect.3.2 is now
givenby theclusterdependency of

PQP
in (4) and

f
in (7):PbP � R H R _ M �$� N �a	&%�TEU#V M �$� N �a	M ���a	 j constlmlM % f � R H R _ M �$� N �a	&%�TEU#V M �$� N �a	M ���a	 j const<5n o

4.3. Relation betweenword and text clusters

Comparingtheargumentsandformalismspresentedin the
previoussubsections4.1 and4.2 the readerwill easilyob-
serve the closesimilarity of all steps.The only difference
is anexchangebetweentherolesof wordsandtexts. Actu-
ally, everythingmaybemappedontoits counterpartby the
following replacements:

General Example�ts O <^>@HID< s <^>@C�D</ su� M � / 	6s M ���a	
exchange

M � /&N�O 	�s M �$� N �a	
This observation may be employed to usethe sameclus-
tering techniquesfor both tasks. Startingwith the matrixM ��� N'O 	 or with the transposedmatrix

M � O+N �5	 andclus-
teringfor thefirst component(i.e.by lines)will eitherresult
in semanticwordclassesor in semantictext clusters.



4.4. Possibleextension

Up to now theclusteringhasbeenemployedoneitherword
or text level. As a straightforwardextensionwe might also
combinetheclusteringto bothdimensionsaimingat a high
mutualinformationof thetwo-valuedvariable� /&N �a	 ormax-
imizing thelikelihoodof anappropriateLM. Intuitively we
shouldexpect to thus further improve the quality of both
classifications.

5. CONCLUDING REMARKS

This paperhaspresenteda compactsummaryof various
techniquesandconceptsusedin languagemodeling. As a
specialapplicationsemanticclusteringtechniquesboth on
word andon text level have beendiscusssedfrom various
pointsof view. It shouldbe mentionedthat sucha variety
of approachesfor thesamefinal formalismmayalwaysbe
usefulfor extensionsandmodificationsof anexistingalgo-
rithm.

For thesakeof completenessweshouldnotethata third
techniquefor the exploitation of semanticcorrelationsin-
herentin the

M ��� N'O 	 distribution hasdevelopedover the
lastyears:ThissocalledLatentSemanticAnalysisapproach
– first publishedin [1] – operatesonbothwordandtext level
simultaneouslyandis essentiallybasedonaSingularValue
Decompositionof the

M �$� N�O 	 matrix. Themostprominent
semanticcorrelationsarethenderivedfrom aprojectionfor-
malismusingtheeigenvectorswith highesteigenvalues.

For thespecialpurposeof informationretrieval thepre-
sentedunigramadaptationtechniquesmighthelpasfollows:� In [13] and [3] it wasproposedto approachthe in-

formationretrieval problemin an“inversedirection”:
Insteadof rankingall documentsby someestimated
“relevance”to thegivenquerythey essentiallybuild
a LM per documentandthenevaluatethe presented
queryby all LMs. Using Bayesrule the ranking is
now performedby the queryprobabilitiesgiven the
individualdocuments.� A crucialpointis tofindasuitablemethodfor arobust
LM trainingfrom ratherlimited singledocuments.� Here,robustmethodsusingthegeneralizationpower
inherentin thesemanticcorrelationsbetweenrelated
wordsmayhelptobuild unigramLMs fromverysmall
documents.� Thismaybeespeciallyusefulfor shorttypesof queries
which shouldbe treatedas “bags of words” rather
thanaswell-structuredtextsfollowingnormalMgram
statistics.
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