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Capturing observations in a nonstationary hidden
Markov model

Djamel Bouchaffra and Jacques Rouault

Cdstal-Gresec - Universit6 Stondhal
B.P 25 - 38040 Grcnoble Cedex 9 - France

ABSTRACT thir pipd i. @nEmed viti dE pmblem of mphologiet
prbLm heE h b .stide inbGhr
r M{*ov chatn wirh op lons &quh. h n rh. ro$holosi$l tdcs 8nd a

rjum. componds ro r ftontion fron oie fa.m @ morhd Afr.r bavins obs.rtn m inadqu.y ol lhn mdc|
vhspsordrisla@rnod€lwhavelhe

possibilty b sdln ! lyp. b a dl siwn sme hining tanpl6. Tnecrw, a lusoirion or "sryl. or ! @dion of!
id om midr b. d.vdopp€d.

27.1 lnFoduction

27.1-I AfiManc o@bsis of naturul lMs@se

This work lies within a tqtual malysis system in datural ldguage discours {French h our ce)-
Itr mort system used today. ttte analysis pr@ss is diviiled into Lv?b, staiting frommorphology
(fi6! level) though synld, ed stmtics to pragm,rtics. Th* lerels @ squenlially activat€d,

without bacttacking, originating in the morphologica! pha& md ending io ihe Pragmadc one.

Th@forc, the i-th level knows only lh€ results of pmeditrg leEls. This means that, at the

morpbologicar bvel, eeh word in the lext (a/om) is alyzed autonomoDsly out of cotrtex.

H€nce. for ach form, one is obliged to consids all posibto analysis.

Exdple : let's consider th€ s€quence ot th€ two forms cul dd dow, :

. .ur cm be given 3 oalyrs \erb. noDn. rdi4live:

. down cm be a verb, adverb o. a noDn-

The numberofpossibte combinationsba-\€d upon the indeletulance ofthe alysisofonefom
in relation with the others implies that the ?hr6e cut doM is liable lo t!4e interpretanons.

indepetulen{y on ll)e @ntext.
These mulliple slutions do transmitled 1o syntetic pdsing which do€sn't eliminate them

either Id fet. 6 a synta.tic pdsr geneEtes its oM itrterferent analys4, oftetr frcm interfer€nt

morphology analysis, the problem with which we re conaontEd e fd from t€in8 slved ln
oder 1o provide a slution 1o thes prcblems, we hav€ re.oor* to st.listical m€thods, Thus the

result of the morptolosical aulysis h fillered when usiry a Markov mod€l

|s.bdns M",t ktDn Datu: at a'd Rwordfod olsr4spdncdvdas.
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27.1.2 MotpholoEi.ala lysb

A norphological andyscr must bc able io cut up ! eord f(m in(o smalle.ompoMrs lnd
lo interprEl lhis etio. IIE asi.st scgnc.ratior of a word form consis$ in s?dariaS wor.t
renninatiors (bfenoml endings) frcm tbe rd of rE word fmn calcd ,2d,. W. harc tb€n
g.t . inletional otpholoqy. A InoE ecunte cuuing up consists in splining op the basis iDto
alfrfts(prefA, sufl;vs\ 

^d 
/o,t This h tbcn c6ll€d d?nvotionatmorphotosy.

Tbe inrerEetatiotr consists in associaring thc slsmentariotr of a word form wirh a set of
infdmaiols, paniculary in€luding :

. fte g€rcral morpholqical clas : Ed, nom-dirtire, preF6itior, ...

. the values of rcleeant morphological vaiiables : numb€r, g€ndd, ionse, ...

ThereforE, an intcrprcialior is a class pl6 vdB of vari.bl€s : such a ombimtion is catlcd a

/.aruE. No& that a qo.d forE is 6s@iited eith scvedl fsru.cs in case whc.. tbere @ nurtipte

27.1.3 Wht saiisncol ptue.luds?

Bccause of th€ indepcndaicc ofdE ao.lysis lovcls. it is dimcut to pmvid€ @ntcxrud linauistic
rules. This is orc of rh€ rcaens wlry we fall b6ck on stadsdcal mcrbods. TtEse lart€r D.thod
poss.ss orter advadage : lh.y r.iied sinltrltln€oosly lrng'iage Fopenis. e.8. the impossi-
bility to ob.aio a determinanl folow€d dirccUy by r v.rb, lnd propenies of tnc aoalysed @rpus,
e.s. a large rober of roninal p}rasei

Sonc rcs.i.clcG u*d Baycsi& approacho! to solvc the problem of morpholoSical mbigui
lics- However, tlese nethods have a cle3r corccpiual framowork and povcrful r€presenrations,
but must stitl b€ ktrowtcdg€- cngine€red, rarh€r thd lrained. V€ry ofien in rhe apptioaiion of
th€se nethods, researchers har€ a good obs€rvation of thc individuds of (he population, ,.cadc
th. obseflation is a rclanve aoribn. Tbcrefor€, w€ haw difnculty in obs.rving lossible !raa-
sitions of the individuab. The way of _ca?ruring" 

rhe individuals depcnds on lh. eDvironrent

27.2 A morpbological features Markov chain

27.2.1 The ,e,noatk 6th. dod.t

l,t m be th6 numb.. or states, T the l€nsth of srare s.quence and {t/r < r < m} rhe siat€s
or morphotogical f€aures : we har€ only on€ idividual (n = 1) for erch t ansition rime
t = 1,2,...,?. A fi6t order m-states Ma*ov chain n defin€d by an a r r srzre tansidon
mtrixP.sh> I i.irial probabiljry 6-1d 11,whep

P : (4:)
i,i =1,2,.. ,m

Pt,r; = P,obl.4' = ltl4= J.)

n,,= P,oblet = il



By d€fitrition, w€ have :

C.pbring obo.flatior in ! nonrhionary

\_

Itrn:r
The prcbability 6socialed to a rcaliation E of this Mdkov chain is :

PrcblE lPln) = n.'II
27.2.2 EsnMtut of tunsinon prcbabilines

As poitrted out by Baitlett i! Ando6on ind Goodm [AG57] the asynptotic thory most be

considered with res!@t ro the vdjable nunbe r oJ tiws d obsening the wor.l fom in a sinSle
yq dce oJtnNitio$, inttead ot the lsjal!r'.. nmbet of indieiduls i4 a sate eheaT is Iued.
However, this asymptoti. Iheory w6 consider€d beaDs tho runber of tines of obening the

word fom increa!€s (" + +6). Furth€rmore, we cmo. investigale tle stationary Properties
of the Markov pr@ess, since we @ly have one word form (ooe individual) at €&h tmsition
time. TberefoE, we Essumed slatioMity. Thus, if lvr,,r, is the Nnber oftines lhat the ob€ryed
word fom w.r in the feature i at lime , I md in the feature 1., ar dtu ,, for t € {1' 2, . . . , 

"},then the estimts of the tresinon probabilitios are :

; Nnt',r,.r, _Ut,,

wher€ ,Yr,+ is th€ number of timcs that th€ word form wd in state li. The €stima&d aa$ition
pmbabiliti; d€ evaruated on one training sampl€. We remov€d the norphological mbiguities
by choosirg the squence t of hiSber probabiliry.

27.3 A Markov model with hidden states and observations

The inadequacy of tho previous model to remore cenain norphological mbigDities hd led us

to belide that some uokown hiddln states goom the dirhibution of the morphological f€aturcs.

lnstead ofpNsing from on€ morphological featm to dother, we f@sed only on lhe surface of
orc redom sanple, i.e. m obsenation w6 a morphotogical featue. As lointed out in [ROU88I,
this latte. entity cmoot be extracted without a @niext effet in a s@pte, In ord€r to consftler
tbis conoext effe.t, we haw chND cnbnabka the Mt@ of th. Jedture, its trcceset fedtAft,
its positioa in o vtAtue, the posilid of thz sefience in ,/8 tet . An obssation oi is then a
tnown hi.Aa ve.ror whot.€ components re values of the criteria presetrted here. Of @urse, one
can dplore oiher crit€ria.

D66riti l Ahidd.nMdtkovnodel(HMM)isaMatk@chainwhosestatesctunotbeobsemed
directlt but orlt thmuRh a seqwace oJ obsedation vctols.
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A HMM isrpr6€rr.dbydEsrn lralt.iriopiob{ttlityP,tbcinitial$llcFobstritry!€cror
trardrf x,f mdix y (f is tbe rumbcrof st l.s); tbc erqF.nrs of y ar€ ln conditioorr
dftrrdfA ot(o.) = dattiry 6 ot^sratiat ot girvn 4 = i. olu aie is the deronninatioo of $e
o$tnal nodel estiDste y' = (tr',P',y') givm ! ccrtain oumbd of smple6 I this is rhr

Tl{,,i'd L Th. ptubabllitt d a satnple S = {o'o',, . .,or} giren d nodely catb. wfiEn

P'o6(s/y) = ttr .,.,(o1) * II p..-,,,%,(o,)

Proof: For a 6rcd stale sequ€nc€ E = (ei,.',...,er), e! p.obrb ity of tho ob6.mrio'
s€queicr .9 = {ot, o., , . . , 4r} is :

pte(s 
/ n,v) = v,(ol) x o"(".) x... x o.,(or)

Thc ?mbabiliry of a nab s.que.c. is :

Pfth(El1t)') =8., x P,,.,, x Pa,q x ... x P.,_,,.,

Usnry tte fonnula :

hob(s,Elv, = Pra4slE,v\ \ P,or4ElY\

ad $mtlling lhi. joint gobtbility ove{ aI possiblc staEs sequeoces -D, on€ demootraDes lhe

Th€ int€rgnaiion of th. prcvious cquation i! : irftially .t timc , = I, tb€ sy!&{! is in $rle
er wilh pobability & aDd we ob!6tE or with prdabiliry r.,(q )- Irte sysbt[ dEa m!r6 a
taDsilion to ltal€ €r silh Fsablig Pna aDd rc ot!6erw or wirh probobilily uq(,')- Thia
procers continres usdr the h* tmnsition froin $ate.r. ! to sta& €r wi$ probability P.,_!&
aad ft.n we oh*rve or $iIh ptobability,r (or).

In or&r to driermin€ onc ol th€ estimat€ of th! mod.l y = (tr, P, y), oic car ue dtc
marinunlik hood crii.rionn (ora nu .llrory)fora cdtain firlily $ vhe.Ei € {r,2,,. -,r}
of irainiry snrplos. Som. rEthods of ctmsing iqre*rtitiiE slrplca of ft(ed lergtb rlE
p€sertcd in tBOU92l- rte problem ir dprtsscd matrnrticdly rs :

i=r.
oax"J(rr,sr,..., rr,/v) = n'a.t II Dln x o.(.i) " II P-,^'.(4))

j=r !
Th.re is m trovn o€*hod to solv€ nhii probbm analticaily, tlEt b the r.3son why we

.rsc ilcratiee proedures. We st rt by alet€rminiqg firsl thc optinar path for e!.h salrplc. An
optirnrl path ," is lhe one which h associat d to ttrc high€r p.obattlity of tlE sallplc, UsinS
th. qdl-knowlr \.rt!'bi dgorilhm, or€ c.n ddcrnine lhis cplird peih- Tt difiqltlt ltcP8 for
inding ftc sirgle bd de $Equ.mc in tb Viexbi alSdithn ,rc :

!t p I: lnithlhrdotr

&(;) = trp(or) (1<i<r)
t'(t = 0



-' 
c.p.;ng oto.*oo* -

strp2 r tloBior fcii2.>r>?andl< j <ff:

shte s€quo..e backtracking lor t = T - t, T - 2,...,7 1

ei = ttr+reit

P' is the state-oltimiad likelihood function dd E ={ei,e;,...,e;}istheoptinalstate
sequence. INt€ad of |ackinS aI posible palhs, one succossively treks otrly the optinal paths

-g: of all smples. Thus, this cm be written d :

s(o1,o,,...,o!;E',y) = ma,{flq x !.,(.,) x ffP" ,..,,",(.,D

This computadon has 10 be dore for aI th€ smples. Anong all the ,r (t € {1,2'... , r})
dsociated to optin.l paIhs, we deide to ch@s as best model esti@te the one which llwimi@s
the p.obability 6s@iated to a sample. It cd be written 6 :

v' : n s{nw",g(4, i',..., $; E',v;)

i<{1,2,...,1}

27.4 The different steps of the method

We presnt m interetiw method which enables us to obtain m estimator of the model V. This
m€thod is suitable for dir€cl computation.

trirst step I on€ has to cluster the smple wiih Bp@t to the chos€n criteria. two possibiliti€s
& otrercd : n classijcation or a re8Derrctb4, In this latier procedDre, the user may
structure tlle slates ; otenting in this way, the states appeu like untn@n hiddon slates.

Howevea in a cl4sificatiotr ihe system structures ils own siates Mording to a suitable
norm. Thus, thestnl€s app. like DikoM hidden ones- The clusteN formed by one ofthe
two prcedurcs represent th€ fi6t stat€s of the model, they Ioifi the Ji/I' nahing path,

Secord st€p : one stimate the lransition probabilities using the folowing equatio$ md the

probability oi €ach t aining vector for qch state 4(or. This is the first model y1. t t
t,i < {1,2,...,I{ } dt € {1,2,...,?}.

6i(i) : m.x,<i<{F!-(t)4 ';l"lo,)
,1,,0) = *8 r'ax,<,<rl4_,(i)PiJ

r'= nax'3r3x[dr(i)1

€; = e8 ma\<,<rt6r(i)l

. bt X(o1, t) be the number of times the observatiotr 01 belongs to the state i dd
,{r? the number of aaining palhs, then :



Dj,mcl B0uch.n6 and Jequd Rourdx

. Irt N6(o. L t; .!, j) bc tle numb€. of lines rhe observation o, , belongs ro rhe stale
i ard the observatim or belongs io rhe sratc i , tlEn :

The lltchood dto wirh Bp€cr ro dE n'll ald altcmare typoLbesis is :

c,0\4

E;lt):
. Tho lrqious estiMtion formula ce b. wriucn as :

b /,, iV,J{.) . lJ,Jt).,, ,. lr,t, t) _ 
Nr.O

wherc rY,.j(r) is tho nunber of trasitions from stste i al tinrc t - I ro shre j at rrme
! dd rvr(, - 1) dE trulnher oftimcs the srnre i is visi€d attima l.

. td,Tba(a,i) be thc expc.ted number of times of bcing in slate t and obsErving
o, md ,Y6e'(i) fto ex?eced trumber oftnnes of being in state i, then I

-, x[e,(o,,tttto't = Nbc4i)

Thi.dstep:onecomputosl(o!,o,,...,oriyr)anddcterninoslhoncxttminingpath.orclus
tering. nec.ssary to hcreasc t(o1, or, . . . , o?; y1). we appty rlE s.cod step to this lraining
parh. The prc@due is rcFated utrlil we rcach the naximum value of the prcvious tunc-
tio.. At this optjrul value, w€ have ti od q of thc fts! smple. Thk step uscs vilcrbi

This al8o.iftn is applied to a fmily of samples of the same teil, so we oblain a family of
,: and yr. As mcntioned prcviously, on decidcs r.aonably ro choose lhc model y' whos
probablitiy asociar.d to a samplc is mdimum. Ilts lait model males lhc sample the mosl
relrosentativo. i.c. ,c ldv. z Sood obsedatih in sone sen.'?. This oplimal model estimt€ is

.oasideftl as a ttpe of rte rcxt ptusse.l.

2?.5 Test for $rst-order stationarity

As oudined by Anderson ang Goodman IAO5?I dle followitrg test can bc used to dctermine
wtclh€rlhe Markovcbain is f6l-dder stadonary, ortror Thus, we ha!€ ro l€sr lnc nuil hypolhcsis
(H) :

P,.;(t') = P;.t (r = {1,2,...,"}

rIIn
We Dow deterlllne the conffd€ncc re8ion ofthe te$ In fac! the s(pr€ssion -21o9 ) is dhtributed
as a Cni squdc distriborioD wi$ (" - 1) x -K x (r( l) de8r6i of Mom wi.n the nun
hypothesis is tr1]e. A! ttE dislribution of the stalistic t = -2log -r is rr, one can compute a B
poi.t (p = 95, 99.95 %, etc.) as the thrcshotd .9r. Tte csr is formular.d as :

IJ S < So. thz null hypothesis is ac.epted, i.e. the Md*tr chain isjEt-otder stationart.
Othqtuise, the tull htpothesis is rejecte.l at 100% - p t.lel of sisnilicte, i.e. the chai^ is not
a f,st odet ttoi@4ry aid tu decides in fowl. oJ th. tuBlatiotuty nL.dcl.
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27.6 How to sdlve the morphologiCal ambiguities

This is tbe most importut pha-r€ of ow applicalion. I€t's consialer an exampl€ of nin€ lossible
paths eftounter€d in a oest- Amon8 these paths, the system ba to choN the most likely
according to lhe probability medurc (se the third figw). Our d€cisio! of ch@sing the most
likely path cones fron the optimal nodel y' obtained in th€ t.aining pha.se. We show in this
exmple bow to rcmd€ the morphological ambiguities.

ff the optimal sat€ sequenc€ obtained id th€ training pha!€ is lhe on€ which @responds to
the figw I

IE
2

E
3

E
4

lr
K=4 : tle optimal state squorce is 1, 3, 3, 4, 2, 2, 3

t -*.*.t*r""."J,]
[-----------; J

r *'"il".il---l
F**;"t'n"'*.-,**;-l
r-"'**'""**;-"""l

th€ one for example cm choos b€tw@n $e two followinS laths of the fi8w :
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$,,";\ 
-6,",)

Paqhl 4 r,
Pdth2 st 

" 
ri rr rr rl rr

Onc comgut tle probrbilitics of tblse t$/o rcalization of lhe oblcnations or (t = 1,2, . . . , 7)

pror(or,oz,. . . ,ot lv. J =n,".,(q) ' 
*Ii 

p",-,,",".,(.,

Thc first figurc shows thtt cach 'l belorgs to t s.le .r !nd, Bing lhe optimal mod€l y' :
(tr, P, y) oDe can codrpu(e ttc Eobability of a padr. ollr docisid to rcnove tle norpbolosicil
anbiguiti:s is lo choo6e lte paih wilh thc highast probabiuty-

2?.7 Corclusion

wc have prcsented a new approach for solving ih€ morphological ambiguiti.s using a hidd&n

Markov nodel- This mthod nay ale be applied to olh.r aralysis le€ls as syDlar. Tht nnn
advi ag. of lh. nElhod is th€ pGsibility to assigo ntatry diffcftnt cl6rcs of critsia (fozy or
.flrlPlclely lnc,n) to lt t .Dhg i,€c(o.s aod invcstigating nany sampLs. Furlhcfnore, we can

iLfne n "distancc" b€twcen oy srrbplc ad a fa$jly of type of texls called models. Orc can

cl|oosc the nod€l which gives 0le higher probability of this sampl€ aral concluale that the samplc
bclongs to the s!e.i6c lyp! oflexts. We can also dcirlop a Eoximiry tn asun bcrela two
nodels yi and y; ttllough r4.€scntati\& euPlE' Howrvd, sorE prc.lutiois nust bc t kdr
in th€ choi@ of lh. disam. us.d b€N'€.n thc lrridrg vrc&rs in tltc clus€r pmc€ss. h facL
dF v.l'ic of thc psbability lssociatcd io a srnple may &?€nd on this rora D4 thcreforc, the
ctoicc of f'e besa nod€l estiDated ca te atrecie{L

So fd, w€ luppos.d tha,t the criieiia dos.rib€d lhe obsNations alal thc stales are completcly
known (hard oblerwtion). Ve.y oftln, wh.n wc watrt to makc dc€p inEstigdions, fuzio€ss or
un@dainty du€ to somc criteria or slrt s ar!.!cq!ntd!d, what should he donc in this @sc? How
ctll we cluscr rhe obErnrdtio s accrydirg to solnc uEiainty tlEalrlr!? Whar ir rhe optinal
pslh lrd the b.3l cstina& nbdel rccordirg !o fte u@nainty rneausure? We e working in
orah. to propos€ elutions to rhosc qucstioDs in the case of a probabilislic IBOUgI,BOU] and
tuzzy logic.
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