
UNSUPERVISED ADAPTATION 
USING STRUCTURAL BAYES APPROACH 

ABSTR.ACT 

It is well-known that t hc p~~rforrnancc: Of rm-ognit.ion sys- 

t.crns is often largely degraded when t.here is a mismatch 

Mween the training and testing environment. It, is desir- 

ahlr to cornpensat,e for the mismatch when the system is 

iu operation without. any supervised learning. Recently. a 

sl.ruct ural maximum a posteriori (SM.\P) adaptation ap- 

preach. in which a hierarchical structure in the parameter 

space is assurnetl. was proposed. In this paper. this SNAP 

method is applied to unsuprrvisrd atlapt.abiOn. .A novel nor- 

malization trchniquc is also int.rotlucctl as a front end for 

the adapt ation procxss. ‘I‘hc rc~c:ognit.ion rc~sults showed t.hat 

r he proposctl Inct hod was cff(~crivc CWII when Only One ut,- 

reranc‘c from it new sprilk(,r was used for atlap~,atiOn. Fiir- 

I hrrmorc. ali c:lfcctivc~ way to cx’IIit)inc* t hc sup(:rvih(d adap- 

t iLt iou i~lld t hc: Iln?;up<‘rvisc:d il.tlil[)l.itt ion was irlwsl igiltcd I0 

rducx: the tieed for a large amount of suprrvisd learriiug 

dat.a. 

1. INTRODUCTION 

Speech recognition using hidden hlarkov n~otlels (II MXls) 

has been successfully applied t.0 various applications. llow- 

ever. it. has been reported that the performance of rrcog- 

nition system is often largely degracled when testing condi- 

tiour. including speakers. microphones. chauuels. and uoist-: 

Icvds. ii.rc different from t host* wit.h which tririrling tlal.il 

iir<* c~oll~~c~t.cd. (.~oliventioiiiill~. t hcsc tlilf~~rc:Iicc:.s have: bc:c~II 

conhidcrd scsparatcaly. iiiid ilc:c:ordiIigly. dilfcrc~ul approadic3 

hilV(! hl!Il iltlO[>kd t0 ~‘OIIl[>(~IISil~.(L ( Il(’ tl~~gril~lilliOll. 

Ila~GiII adapt iil.iori il~‘~‘rOi~c.h(c~.g. [I. 21) has Bern suc- 

cessfully applied to spcakcr adapt at ion. In t.his approach. 

prior tlist,ribut,ions are assumed for the parameters in II 51 SIs 

iLIlt I he IIlClriIIIl17IZ 0 pO.5tCGOrI (5IAP) est.iIIlilt~~s for I hC [‘a- 

rilIrIc’lc:rs are calculated iIlstc4 Of l.hc: c:0n\.c~Ilti0Ilill maxi- 

n1111n lik~~lihood (il I,) ~htiIIIat(~h. SiIIcc! (his approach re- 

quires less anmint Of data than ML estimation when the 

priors are appropriat.elg chosen. it has t)c:c:Ii widdy iih~d 

for cx~~r~pt~nsn~ ing t tic: diff(*rc~Iic.c~ in spcakrr charactrrist.ics. 

\I-hen the amount. Of data is ext.rernely small. however. t IIf: 

improvefnc~rit by this iltlilptat.iOIl is rat hctr SInall t’NaIIse the 

number Of pararncsters to he estimated is usually large. For 

the other mismatches. the transforrnat.ion t)ilst!d ;q)proiL(.tI 

((:.g. [3. 4. .i]) has been extensively studid. It. has been ustd 

lo c0tupt:Iisal.c: the difference tlue to Iuicrophones. chanrids. 

and uoisc: lcv(~ls. III this ilpprOil(:h. il hitnplc ~ransfortniit.ion. 

such as ii shift. Or ilIl iiliirlc trilnsfort~~iltiorl. is defined iri I he 

acolistic fcaturc: S~‘il(Y Or ( hc I I bl hl pilranIr(er spaw illltl its 

parameters are rstiInal.c:d using t hct atlapt,atioii dalii. Ilow- 

ever. the recognition pcrformmcc tlot:s nOt improve as Inuch 

when the amOunt Of (lilta is largt:. This is partly t,ctc-ause 

the nutnhcr Of free: paratr~c:t.c~rs is too small. 

Rcccn( Iv. ShiIlOcli~ autl I,c(: proposd a sfmcftrrd rrtrc.ri- 

rn117,1 II podf~riori (SSl.!l’)[(] I-1 j d ) ‘rOa(~h. iu which hierarchi- 

cat priors arc: iritroduccd t.0 cOInbitie thcsc: 1.~0 approaclic:s. 

In Shl h I’. a hierarchical struct.urc iu the: paramet.er space: is 

nssu Incd and t hr: transforn~at.iotI paraInct.crs for each levc~l in 

the struct urc are rst.itiiated. ‘The pa.rii.Iiic~tc~rb in One level arc 

IISC~ as t.he priors for its itn~nediat.e subordina~.c~ (child) lev- 

els. The resulting transformation paraImet.er. c:orrc~spOntling 

to each HM11 pararnetcr. is a combination Of t hc trans- 

formation parameters at all levels. in which tht: weight for 

each level autonomously changes according t.0 t hcs aIIIount, of 

adapt,ation data used. Ace-ortlingly. S5lXP is expc~~~cd 1.0 he 

Inore rohnst against. the changr in the amount Of <lilt a t.han 

the conventional apprOach<hs. Since the I\lXP est.iInatcs are 

calculated and it, is wdl known that t.he hlXP r~stin~atc~ is 

asvinpt,otically eqiiivalrnt to t hc: hl I; rstirnate[Z]. its rccog- 

niiion perforniance convcrgcb to that. of speaker-tl~,l’c:II(l(~Iit 

lI\l.\ls when the amount of data becomes large. It was re- 

ported that. S\l.I\P achievecl better recognition ratrs rhan 

the cx’nvcnl.iOIIal lnethods for both Slnitll iLIlt lilrgc amounts 

0l’ iltlilptiltiOIl dab. 

In r(:iLI use. it. is desiridde to adopt unsupc~rvisd atlapta- 

lion. in which II0 supc~rvihitig infortIIilt ion is rcyIiiretl. III this 

paper. wc focus On this iinsup~~rvis~:d atlaplation sc.<:Ilario. 

\Ye propose a nornlalizat ion tcdInique which <~OI~~pt‘IIsilt c‘s 

for t tie iriisniatch a.nd can he used as a front-td for SXI A F’ 

;~pprOi~(~h. ‘1‘11~ cxperinIr:ntal results showed t.lIat the pro- 

posed tnc~t,hOtl WilS dfcd.ivc~ C’V(:II whc:Ii 011ly One ut terancc 

was used for aclapration. t:urt hcrrnore. we investigate dfcc- 

tivcs ways lo conibine fast supervised adapt ation ilntl On-line 

unsiipervisetl adapt ill ioll to iL(:hi(‘V(’ iL sllfficient recogllitiorl 

accuracy for real use. 

2. SMAP ADAPTATION 

In this paper. wc‘ foctls on rhe atlaptat.ic’n Of t Ilc paraITletPrs 

Of (;illl5Siilll ptlfs in cont.iliuoiis-delisil~( (‘I)) I I hl\ls. I,et 



x = (r I. . 1’7 ) tlcfIotc* a given set of 7’ obsc~rvatiorl Vec- 

lors for atlaptal ioII (adaptation datai. I,cI. q,,, tw il normal 

(II~Iihif’ function for mixture c.orIIponent tn. :Y(XIjI,,r. L,,,). 

whcbrc* II,,, is it lI1(‘all vcdor ilnd E,,, is a covariaricx: IlliL- 

t ris. illld Itst (; = { </,,, : ttt = I. . ;I/ ) be the wholo sc:t of 

misl11r(’ c~o~~~por~er~ts in (‘1)llJl 51:. + wlicrc .\I is the sum of 

thus number of mixt iir(’ cump0nelit.s irt all the hlilt(‘S in the 

(‘1)11\1\1~. 

2.1. Misrn;ltc:h PDF 

:\t t.he first ht(%p iI1 our method. each sample vc%ctor ~1 is 

normalized into ii wc:lor y,,,r for c%ach mixture mrnponcnl. 

trt as rollows: 

grnt = \.;‘I2 (Jt - j/m 1. 1 = I. . 7’. ttb = I.. . :\I. 

(1) 
Obviously. t hc: pdf for y,,, = y,,,,. . !jrn.r is t hc standard 

Iiormal clia~rihII~io11 .V(ylO. I) when there is no mismat.ch 

hc:twWn the training tlilt.il ilIlt t.he atlaptat.ion data. tlOW- 

cv(sr. when there is a mismatc:h between them. thr ptlf for 

y is different from .V(ylO. I) I or the adapt.ation tlat il. illltl 

asslIrIletI t.0 he .V(ylu. q). whcsrts v # II and ‘9) # 1. It can 

bc: said t.his ptlf for y better represents t.hr diffcrc:ncc of 

tl1e aco11st ic c.harilc:t.cristics between t.he training data and 

the adaptalioI1 tla.ta. rather t.han t hc c.hara.c:t.c~ristic:s of the 

adaptat ion data. ‘I’liereforr. we call I his ptlf rtti.sttrc8lch pflf. 

\ve ahhII111~~ that t.he Iriisrnatrh ca11 hc: 1r10tl&~l by simpler 

models t ban that for speech rccognil ioI1. I II other words. 

we ah~;IImc that t.he number of I Ii<* IIIisIniikh pdfs required 

to motlcl t.hc acoustic diffrrrncc ih sIIIall(~r t ban that of t hr 

111ixturc componrnts of 115151s. III our rnrthod, to have: a 

smallrr number of I hc ptlfs. t hcs whole set. of mixture compo- 

Iicants. C;. is divitlctl into stsveriil s11bset.s <;I. ! C;rp. whc:rts 

I’ is the number of s1tt)sc:t.s. and 011e common misma(c+ pdf 

/t, = :Ir(ylvP. tjp) is ilssignd to all the mixture compo1Ic:nl.s 

in .subset C;,,. 

The paramctcrs for the mismatch pdfs can hc c~stimatc~d 

using t,he F:\I algorithm. It. is assumed that the traIIsit.ion 

probabilities and the weight coefkients are neglcctt4. ‘I’he 

auxiliary f11~1c:t.iori C) for t.hc tI3ISI parameters is givc71 by: 

7 .\I 

Q(rj.H) = x x 7 7,,, (0) log :Y(.rtljl,,I. L). (2) 

t=, ,,,=I 

wlicrc H = (jI ,,, 1 E,,,: ttt = I. 1 :\I ) is I h(: currc:nt H\I 5[ 

paramcl (tr sc( illltl ri is the new H \I XI paramchtcr Wt. to be 

estimated. :\ntl -,,,,1 ix the post.erior probability of 1IhiIIg 

mixt nre componrnt ttt at I. .l’hc rt~latioll tWt.wern the origi- 

Ilill pdf ilrltl the mismatch pdf is ilS follows wllc~n the mixt Iirc 

compon(~n( ttt hc:longs to subset C:,,: 

motlific~tl as follows: 

wlicrc tttt, denot,es each rnixt1Irc c~oInporic~Iit in 511 bhct C;,, 

and ;\I,, i> t hc* nII1nt~er of mixture c~ompoII(~Ilt.s in siibstxt 

(i,,. F3.v tliff(~rc:l1tiilriI1g this equations. the 111; estimat(sh 01 

t IIC: piirametc~rs arc (:sf iIIIilt.cYl ilS follows: 

where, ( !jrrlPr - U,)’ is a transition of (!j,,lpl -tip). lising the 

mismakh pdf parameters. new t1 51 hl pilril~lIc*trrs. bm and 

I,, ( are ~~ill~~lll~lt~~tl as follows. 

IA 11s compare this rnc*t hod wit.h the Stoc.hast ic: kliltCh- 

irig (S51) [4]. As can bc scc11 from k:qs.(i) and (X), \.I,J2u,, 

c:orrc~spoIIds to the bias in S\I. arid tjr, corresponds to t IIC 

SCillillg fact,or in SSI whc~rl t hcb diagonal CoVariaIlcY ih IIsctl 

for +I In o1Ir rIirthod. the bias for each mixture cor~ipo- 

nent changes according to the variance: whcI1 the varia.nce 

is large. I IIC bias is also large. Besides. both parameters 

Ijl, and tf,, can bc: xiIn1Iltaneousl~ calculatctl in our method. 

while an itt*rillivc: process is required iii SJI. 

where .J,, = -,,, VI/J 1s t hc .IilcWhiilll lllillrix for the normaliza- 

I iori iti b:q.( I ). [‘sing this rc~lation. t I1(, allxiliilr~ t’unction is 

Figure 1: Tree Structure for Gaussian pdfs in CDHMMs 



f.(st a flrf .s/rttclut~r~ I’or the-, set C; be given as shown iri f:ig. I. 

wlic*rc* I\. is t.hck IiIrIIih(~r of liiyf>rS. Each node in the /I--lh 

lilyctr (Itaaf node) corrc3poridS to 0rIc mist IIre component Of 

(‘1111 51 Jls. -1’iie root iiodc u~rrchporids t hc whoit~ set of 

the rnixt.Iirc cmrIrpoIIc’rIts. (;. E:acli irItt~rIIIc~diatc~ rIotIc (urr(‘- 

sp011ds to a 511t)~t of (;. c*iic41 Of whose elements corrrspontlh 

to orI<* of its ~ohortlinat I’ I<‘ilf IIotl~5. 

:\t. I!il(‘h node in the trW. il IIlisrrlilt.c~ll pelf for y. which is 

sharetl i*IIlOIlg t.hc rriixtiirr componI~rIt.5 iii 1 III: c.orrc~s~‘oritliIIg 

subset of c;. is ilh3igll~d. Lrt :1-(1/k. t)k) bc: tllr ptll’ for IlOd<* 

k. whose corrc~spoiidiri~ 51rlbet is tienotc~ti as (tttk: tttk = 

I. . . .\fr }. First. t hc AI 1, c*stirrIat.css Of thr ptif pammeters. 

fil; ilIlt rjr; 1 is c.aiciilatc~tl using I IIc ildil~)tiltiOIl data l>.v using 

Eqs.(.j) illltl (fi). 

Next. the: hl,\ 1 estimates for t.lrc pdf ~Jilrillrlc:tc~rS are 

calculated IIGrIg hierarchical Bayes analysis. f:or ttrc csti- 

rriiition at. each rrotlc. the ptlf at it,s parent. IIotle is Irsctl ilS 

111~ prior tlihtrit)Iit.ioIi. 1.c.t { :Yk;. k = 1.. I\-} bf! a IlotlI~ 

scyuc:Irce from the root to a Icaf. where :VI is the rOot nodc 

ilIld .V,i is a leaf IlOtlI~. f’:il(‘ll node ~V;I-I is the parent node 

for node ;vr;. .f‘hI:n. t hc: hl~\ f’ est.iIIrates of the pdf pararnc:- 

trrs in each nOtIc arc calculated as follows: 

f’I;Y,+ + i-kVk-1 
Vk = 

f‘k + rk 
. k=l..... Ii. (‘3) 

<Ilk-l + rkik + 7 
‘t,k = 

$$$(Yj, - vk-I t(vi, - Vk-l)t 

< + I’k 

k= I...../\. (l(J) 

I‘r. I,,,~[. k = I..... Ii. (11) 

t=, mg=l 

where r > 0. < > I. ‘I’lre prior distribution fr,r the root 

node is assIIrnc:tl to 1~ the standard normal pdf, i.e.. t/g = 0. 

Ijo = I. f%y sIrcussivr4y appl.ving E+.(9) and (10) from t hc: 

root. nOtl(: t.o lhc Ical’ r~ode. t,he mean I/I< and the variance: 

‘tjr; for t hc: Icaf rrode .YI< are obt,ained. These VI< arltl t/Ii 
are Ilsrtl lo Ilptliltr the corresponding mixture c0IrIp0nI:nI.s 

as in b:qs.( 7) aIItl (8). Il’tt call this est.irnation procrhs as 

SSf.-\P mct.hotl. 

Eq.( 9) can bc* rcwrit tori for t.he leaf node as follows: 

where. 

(II’) 

(13) 

The mean estimated ly S\IXP can be interpreted as the 

wc+htc:tl SNIII Of the XI L, estiIrIat.c~r, at t.11~ tlilli:rt*IIt layrs Of 

t,he tree. ‘1‘11~ wciglit has the following charact,eristics: 

I. :\t riotIc >\-,. as tlata anioIint bccorrIc5 larger. I’, t)c:- 

corncs lilrgcr. and t.hus. II,:; becomes larger. 

2. ThIt weight II*: f Or it11 ancestor node :v, decays I’x- 

ponrnt.ially ilS ,I lWcornc:s smaller. 

These arc prc~li*ral)ic charactrrist its for atlapt.iltiOn. \\.hcI~ 

the arnolrnt. of tliltil is small. t.iIe XII, c:st.irnnt.e3 in tlIc* III’- 

per layers arc: IIIiliIll~ responsible for t.hr rc3IIlt.iIig pdI’. OII 

the: other hand. whc*r~ the a.In~unt of data is large. the* 511. 

cstirIIates in the lower layers are dominant. ‘[‘his CX)II~ rol is 

tlorlc~ illlt.oIlorIlollsi~. 

.f‘hI: prior kriowletige about 1 IlIt c:IrIt)c:tltlctl structure in 

I Ii(: ilCO~lStiC spacct should he iiseci for the constriict.iori ol’ t IIc 

Irc,c* xtruct tire for t.hc set of rrii.utIIrc: conIpoIrt~rIts. (;. In 1 his 

ht fitly. 1.11~ liuilback tiivc*rgc*ncc: l)Ist wccri 111~ out put ptlfs of 

the Inixt IIW corIIporIent> is IIW~ iLh I hc clislancI~ rn(‘ahiire he- 

tween t hr rnixt Irrc cuInponent~s[‘i]. .f’hc Lrnc~ans clust,erirIg 

algorithm is IIWI [or clustering the (;aIissia.n ptifs. 

I\lthough t,his SSI :\I’ approach is not, tl1c3 first IO pro- 

post I rc(:-lmsed adapt at ion (c.g.[X]). we t)c~lic*vc I hc pro- 

pos~tl rnc:thod is theorebicall,~ wc:ll-tlclirIc:tl in tc:rrns Of both 

the ba,vc:siilrr frilrrlcwork and I ht: trc:ts c’onsl rIic.tioII principle. 

It demonsl.ral~~s thcxe t.wo propertics well as will be c1ea.r iri 

the experimental result, section. 

3. EXPERIMENTS 

1Ve experimentI wit 11 the 991-worcl DARP.4 reSOurcc: III;~.I- 

agrrnent (R 51) task[9]. SiInult,aneous recordings of five IIOII- 

native spcakcrs (A.B.C’,D.E) wcrc coll~~ct cd through two 

channels: I) a close talking Inic~rophorrc (Yf(‘). and 2) a 

t,eleptiOnc~ haridsr~t over a tlial-up lint: (‘l’L:I,). ‘1.hr tlata con- 

sist.4 of 300 utterance for atlaptatioII from (!a(.lI spc~akrr in 

mclr Of the two channels (Llf(’ and ‘f~b:f,). For t.csting. WC 

collcc:t.t~l 75 utterances from (ba(.lI speaker for c!a(.lI Of t hc: two 

<haIIIIelS. The sprrch III tc*raIIcc:S were first dowrl-Sa.II~pl(,(l 

from 16 kHz to 8 klfz. For each frame a :~e-diIrrerIsiOrIil1 I’(‘+ 

ture vect.or[ll)] \VilS c:xt.racted based on a trtnth order f,P(’ 

analysis. whose c~ornponents are l:! crpst ral cOef5cient.s and 

their first and WCOII~ time tferiVat.ives and the first antI 

secontf t,imr tlrrival,ivcs of a normali7ed log energy. For 

rccognit,ion. WC usc:tl 1769 context, deprntfrnt iinit.s[lO]. For 

all our exprrirrrcnts. we used the RLl word pair grammar. 

which gives a pc:rplcxity of about 60. Speaker-indel)entleIIt 

rnod4s were trained using t.he SfST/R 51 Sf-109 training 

set consisting of 3!)90 ritt.erances from 109 native .\InericaIi 

talkers (31 feIrIalI:s and i8 males). each providing 30 Or 10 

IIt.t.c:rances. These rnotlcls were t.hen adapted using a xl:\ I’ 

atlapt.aIion algorit hIn[?]. with the data from t.he iH Illill~~ 

t.al kcrs. to create sprak(:r-irrtl(,l,crI(l(,~it Inale rrrodcls. ‘f’hc~ 

IIlillC Irrodels are used as initial rIrod~:ls for ~ldil[~tiltiOIl. .\ 

tliagonal covariance was IrsIYl for (!ilCtl rriixt Iin* ( ~illISSiilll 

cornponc~rit. ‘I’hc tree structiirr was constriic~tc~l Iising the 

speaker-iIidel~c~ri~l~~Iit Inale models. It was a binary t.ree wit11 

live iavers. In the cxpcrirrrc:rIts. Only t.he mean vector. 11. was 

Iriotlificd and the paraInctc*r T in b:q.( 9) were fixctl. ‘f‘li(~ co- 

variance: matrix tj was assllrrrtd to l)c lixcd to 1. 

First, an orI-lint: unsuperriseci atlapt.ation met.hod was 

(*valIIat4. During unsIrpc~rVisc4 adaptation ant1 testing. t.hc 

paranirlers wcrc c4Inateci on a prr-Iit t(~rilIlcT t)ibis: wc fibt 

d~~c~ocie the word st.riIIg rising the initial HJIlls and then cs- 

timate t tits parameters corI(lil ion on I his word string. ‘l‘at)lI5 

1 and L! showx ttic recognition results. I%? ilhirig Only one 

utterances. t hr error rc:du&on rates wcrc 2.1 ‘%, for hffc and 

~7 ‘A for Tt:f,, rc*spcc~tiVc*ly. It should 1)~‘ r~ot.ctl ti1a.t. the rf- 

feet Of the propOs~~d 111c1l10d is larger for the speakers wit 11 



.l‘able 1: Recognition rates (“/) f o o unsupervised adaptation for 

MIC data 
.\ I3 (’ I) 1:: Ave. 

SI i4.8 .?I._’ 7.4.9 8.j.i XY..I i.j.‘, 

SbI.\I’ 81.? (ii.3 7P.i 88.4 X9.0 X0.!) 

Tat+ 2: Recognition rates (%) of unsupervised adaptation for 

TEL data 
A B (’ I) E :\w. 

SI 18.X 18.6 50.x :I.i.fi .52.6 41.:1 

SSI:lP 67.3 -1x.5 .5i.i Cl. I TO. I .j 7 .:I 

lower rcw1griition rates. l:or (~xa~ril’lt‘. the error rc~tluc:tion 

ratc*s for hp(*ak(!r t3 were ;3;1 ‘%, for \,l I( * acid :3i ‘% for ‘I’E:l,. 

For real iis:. t.he recognitGon rate in .l’able 1 seems still 

rat her low. III I.hc: ncsxt esperimcnt.. we c~xa1ninetl effectiw 

ways to cornbinct filSt Supervised atlapl i1t.iOIl and on-line un- 

snpcrviwd adaptation to achieve a snfficicnt wwgnition ac- 

curacy for real 11w. ‘l’his combined ildilptiltiOI1 process was 

tlcsc~ribed as follows: 

Step 1. Snpc*rvised adaptation lrsing tl1e adaptation diltil 

Step 2. I.nsiipervised adaptiltion 11sing t,he test data. in 

which the IIlotlels 0bt iliIlc:tl iI Step.1 are 11sc~tl ilS t hc 

init ial mod& 

In t.his c*sp~rimrnt~, t lit hiipcrviwd adaptation WilS carried 

011t IihiIig only SIl(’ iltlilptilti011 data, while t hc: 11nsupervisetl 

a(laptation was tlonc: for both hllC* and ‘l‘l.:I, test. data. The 

wcognition rat (*s awraged over the five spc,akers are shown 

in .l’ahle 3, in which the number of 111 tf!rilIlcc5 Irsd in St.ep I 

is changed. In this table. SI:P is the recognition rates onI> 

wit.h Step 1 and S+II is t,he rates ObtiliIlcd i1ftr.r St.ep 2. 

Although this atlapt.at.ion is only slight I! c~fl?:c:tiv~: for hIIC’ 

dat.a. it,s effect iwnws for ‘TEL clat a is c.l(aar. For example. 

to achieve 60%. wcognition accuracy. t.hc combint~d method 

rquirecl only t,hrw utterances. while t hc ~up(~rviwd adap- 

t ilti0Il needed I00 ii ttcrilnces. It can be said Ihis combined 

ildA[)t ilt iOI1 is rspwially effective when t hew exist ot hc:r mis- 

n1atch(*s t.ha.n the sp(:ak(:r differences. 11 should b(: also 

not c:tt that t.here was no tlcgratlat ion in the recognition per- 

f0rIIlilIlc~c: when \lI(’ tliltii wart: used for testing. ix\., wl1c:n 

t ht!rc* wilS II0 miwiatch h’t.wWIl the atlapta.tidn dilt.il illld 

the tf.*ht in:: (Jill il. 

4. CONCLUSION 

\Ve have presc-IIl cttl il novel unsrIpervisc:tl atlapt al ion method 

iihirig the SJIXP approi1dl. 1t.s effectiveness was c~oIilirII1td 

by the rwognit ion esperiment,s. S(*\c:raI problems remain to 

Ix, invcst.igated. First.. adapt.ation for t.hr variants should 

be c~xarnint~d. Second. t hct way to make a t,ree struct 11w 

t list well reprcwnts the enihetltl~~tl sl riict iir(* in t IIV aconstic 

hpiiw shonld tw fi1rt hcsr st iidied. l‘hirtl. ttw cfrc%c.t of the 
11n~iipc~rvisctl adaptation for tlifferenl kind5 of IllihIIlilt.Cllt’8 

~hoiiltl be twaluatcd. 

Table 3: Recognition rates (%) of the combination of unsu- 

pervised adaptation and supervised adaptation 

\II(: .II.:l. 

So. of Ilttc:r. 11 SI’I’ 1 S+P 11 sl-I’ [ I;+(- 

111 

[L’l 

L31 

PI 

[5] 

[(iI 

PI 

PI 

PI 

[ ’ (‘1 

I 

;3IJO Yl.3 94.4 70.8 1 84.6 
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