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.Speech Recognition Using
Hidden Markov Models

The Lincoln robust hidden Markov model speech recognizer currently provides state­
of-the-art performance for both speaker-dependent and speaker-independent large­
vocabulary continuous-speech recognition. An early isolated-word version similarly
improved the state of the art on a speaker-stress-robustness isolated-word task. This
article combines hidden Markov model and speech recognition tutorials with a
description of the above recognition systems.

1. Introduction

There are two related speech tasks: speech
understanding and speech recognition. Speech
understanding is getting the meaning of an
utterance such that one can respond properly
whether or not one has correctly recognized all
of the words. Speech recognition is simplytran­
scribing the speech without necessarily know­
ing the meaning ofthe utterance. The two can be
combined, but the task described here is purely
recognition.

Automatic speech recognition' and under­
standing have a number ofpractical uses. Data
input to a machine is the generic use, but in
what circumstances is speech the preferred or
only mode? An eyes-and-hands-busy user­
such as a quality control inspector, inventory
taker, cartographer, radiologist (medical X-ray
reader), mail sorter, or aircraft pilot-is one
example. Another use is transcription in the
business environment where it may be faster to
remove the distraction of typing for the nontyp­
ist. The technology is also helpful to handi­
capped persons who might otherwise require
helpers to control their environments.

Automatic speech recognition has a long
history of being a difficult problem-the first
papers date from about 1950 [1]. DUring this
period, a number of techniques, such as
linear-time-scaled word-template matching,
dynamic-time-warped word-template match­
ing, lingUistically motivated approaches (fmd
the phonemes, assemble into words, as-
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semble into sentences), and hidden Markov
models (HMM), were used. Of all of the avail­
able techniques, HMMs are currently yielding
the best performance.

This article will first describe HMMs and their
training and recognition algorithms. It will then
discuss the speech recognition problem and
howHMMs are used to perform speech recogni­
tion. Next, it will present the speaker-stress
problem and our stress-resistant isolated-word
recognition (IWR) system. Finally, it will show
how we adapted the IWR system to large-vo­
cabulary continuous-speech recognition (CSR).

2. The Hidden Markov Model

Template comparison methods of speech
recognition (e.g., dynamic time warping [2])
directly compare the unknown utterance to
known examples. Instead HMM creates sto­
chastic models from known utterances and
compares the probability that the unknown
utterance was generated by each model. HMMs
are a broad class ofdoubly stochastic models for
nonstationary signals that can be inserted into
other stochastic models to incorporate informa­
tion from several hierarchical knowledge
sources. Since we do not know how to choose
the form of this model automatically but, once
given a form, have efficient automatic methods
of estimating its parameters, we must instead
choose the form according to our knowledge of
the application domain and train the parame­
ters from known data. Thus the modeling prob-
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Glossary

coarticulation the effect of an adjacent phon.e the acoustic realization of a
phone on the current phone phoneme: a phoneme may be

CSR continuous-speech realized by one of several

recognition phones

decode e\'alualion of p(O I M)
phoneme a linguistic unit used to con-

struct words
diphone left- or right-phone context-

lUI the DARPA lOOO-word Re-
model sensitive phone model

source Management CSR
fiat start training initlalization in database [31

which all states have the SD speaker dependent (train and
same parameter values test on the same speaker)

FSG finite-state grammar
51 speaker independent (train

HMM hidden Markov model and test on disjoint sets of

IWR isolated-word recognition speakers)

mixture a weighted sum of pdfs: the 'I1-20 the Texas Instruments 20-

weights must sum to I and be word JWR database [4)

non-negative '11-105 lheTexas Instruments 105-

ML maximum likelihood word IWR simulated-stress
database [5)

MMI maximum mutual
tied~ a set of mixtures in whichinformation
(TM) all mixtures share the same

monophone context-insensitive phone elemental pdfs
model model

tied states a set of states that are con·
obsenration (1) generation: the parameter strained to have the same

emitted by the model: (21 parameters
decoding: the measurement

triphone left-andright-phoneconto."t-absorbed by the model: may
be discrete or continuous model sensitive phone model

valued VQ vector quantizer. creates dis-

pdf probabilitydismbution fune- crete obsenrations from con-

tion: may be discrete (i.e.. a tinuous obsenrations (mea-

probabilistic histogram) or surementsl by outputting the

continuous (e.g.. a label of the neaTest template

Gaussian or a Gaussian ofa template set according to

mixture) some distance measure

perplmty a measure of the recognition WBCD word-boundary conteA't de-

task difficulty: geometrtc- pendent (triphones)

mean branching factor of the WBCF word-boundary context free
language (triphonesl

lem is lransfonned into a panuneter estimation
probl m.

A.A Markov fir I used Markov m dels to
model letter sequences in Russian 161. Such a
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model might have one state per letter with
probabilistic arcs between a h state. Each
letter would cause (or be produced by) a tran 1­
tion to its corresponding state. One could then
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HMM:.> lise a ma '1111\ 1111 (J IJnslp.l'forlli)( lilloorl
clas, lOr' Hun (re ogni I III 1'111 - 'hoo ., III
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2.3 lasslj1calion U lng 11M s
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50 no special aILenL on 11 d be paid to Lh
r 111 UV ca C5. There Is ulso a pragmatic
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111 . try r mpha lzc lI:-11 p~ LIi: In 111
[opola lies n onl 'Lart 11 slale 1. Th exll aJ"
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only at th • d ordala.ln ('f ct, U,er \s a sp clal
'nd-of-cJa observation ymhal for \ hi h
b , =0 'x '\ fur til On I ar n whl h

, • -1'1ll

b, "J . ,... ,= I. TIlIH 'or v'llllon allows all
..." I:;" c.~ 'Ino ,,..at:.tlU

slates I 1)(' ldenll HI ill f rill nncl nntlclpat •
on 'at n Ung phon mod Is III c:n:at word
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s Uon 5 ami 6). Otherwi lnt mu hav'

If-transition prohabllil 0 I. whl h will
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he optimal recognition-model parameters for
each clas are Ih . Sllmc as lhe paramelf'fS for
en h class in lhe generation model. [llowever, in
many ·ases. U1C eneralOl- is not an HMM or the
g neraUon mod ~1 param tel' ar not available.)
Evaluation ofp{OI M) will b dis ussed in lion
2.'1. and p(class) allows us to apply constraints
from higher-level knowledge sour es such as a
language model (\ ord sequcnec probabiliUc )
as will be descrtb d In section 5.

2.4 E aluaLion q[ p(O IM)

t1111erlcal valuation of the conditional
prouabilily p(OI M) from' q. 4 is \ ital to both the
training and recognition pro' sscs. (This com·
putation is commonlv called a decode due to a
imilar op ration u 'cd In oHll1lunication U1e
ry.) Till is the probability lhat an • path (i.e.,

the um of lhe prohabllilles ofal1 paths) Ulrough
lh nel \ ork ha generated lhe observation
sequcnc O. Thus for lhe ticl of possible tal'

qu nceslSI

for U1JS topology can either lay in a stat (the
horizontaJ arcs) or move to the next state [I he
diagonal arcs). In each ase, the are probability
is the product of lh SOUI'C lattice-polnl
pTObabl1lty ar(i) , lhe lransilion probability a,J'
and Ule observation probabilily ufJ.

o
,' Ea ~h lal­

Uc point at lim. I + I sums U1C probabilities of
the illcomlngares (I':q. 6.2). Thus lhe probability
al each latUcc point is the prob billty of gelling
from the start stal (s) to th UlT nt state al. the
c.urrent time. Th final probabiJity is thc sum 01
the probabJllUes on th exit slates (Eq. 6.3).
(There i only one exit stat in topology lid).)
This op ~rallon Is tile forward d· coder. Time·
syn 'hronous (i.e.. all states ar upclal d at th
sam Ilmc)lcfl-lo-rightmocl Iscanb omput d
in pla('e by updattng the state probabilities In
rever (stale number) order.

Th" uackward decoder tarts at lhe xII
tales and appllcs thc observations in reverse

order Wig. 2Ib)):

i E { tem1inal slates} (7. 1)

This sumc 1'1' c1ur I' 110wn gr:-tphl ally ill
Fig. 2(a) fur lh IIncar t poloro' r Fi,l.(. 1[(1). Till'
1m 'r-I'rtlnlti pnintl'lIl1ializ dlo 1 'In ('lh
topologyclcl n 's -lal I asth' ·laJt(~q.. J) All
olh r lalli c point nr initialized 10 O. The paths

'I'h compl xll of Ihis ('amputation is on th
order 01 NT (Or. 'I)) and ther 'fore complctl.'Jy
intractabl . for lIny nontrivial model.

Fortuna! Iy, then' is 1111 i1cr(lliv method or
evaluallon thnt i lur more effict nt thun till'
clir ct mcthod:

(7, )

J~i~N (7.2)
N

1J,(i),,- LQI.jIJI.).O)J,+I(j)
);1

POl' I = ']: T - I. . . . , 1

N

p(OIM) =LJrr/3. (1) .
1.. 1

",he probability ofco 'h lattice pint Is the proba­
bJllty 01 gellil1 l from th' lilT nl sl' t and lim
t Ih~ xit stat (5) at lime T + I. Till decoder
produ es th ' 'ume resullas til 1'0 rwurd dccod r
and can also b comput cI In pIa e for a tlme­
synehr nous 1 fI-to-righl mod'\' \Villi' ell h 'r
de .oder c n b us d for c\asslfic, lion. u ually

nly th fonv<lrd Is us d I calis the omplllA­
tion can 1J gin b '1'01' all of th obscrvaLlOll
ar < vallabl·'. Ilowcver, b th an: rcquir'ct for
(h" forward-ha Invard tralnln~ • Ig rltl1111
descrlb d tn sect (01 2.5. 1301 h de ~o(h;rs

ar O(N2 T) f r r,l;odi moclel L nd (NT)
1 r tYI I('al spec 'II IIIUti Is, wlll('h Is prad 1'<11

to ompule for the mod I lI'd 111 P h
1'(' 0 rnlt lOll.

Th combined decoder I ov tl1<' prop "rty

(0.3)

ISi$N (6.1)

1_ j 5 tv (6.2)

lJ(OIM) = I. a1 ,dO·
".(1"111111",1,,1,,"',,1

QHIU = La,(i)el f ,/)1.,.0,
i~1

a, i) =Trj

For 1= J. 2, . .. T:

1lIt'I.I11C'u/n l"hclrm'lI'l/.IIIIIIrl / "oJIIIHt':l NltII"Jj'r 1 (HJ!JOI '15
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haLlh'sum flh produ t rIlle forw~ rd dld
b ck\ nl pr b' h Illi' of II - Les al an glv n
IIl11c I p{or 1\1):

u I. Lo til mod l. VI rbl II cn I 'r-ba cd p eh
fl'.·O rl1l~~rsusuallyprodll e tmllarr 'oTlllllun
fe ulls to the full d 'oder-based sll"llls.

P DIM LI.l,(I)fi,(i)
I I

ISlsT-ll. () 2.5 Training tit" Model

hi I ,n xp rlatlnl -I lHxhnlzullon. r ' 1I.
mal '-maxlmi% (EM). I orllhn : 1I c cxp 'LH'

lion ph,' IIgH' III' [I 'nin.c! cI La Lo th mod I
nncl til, maxhnlzatlon pha. c rl~L:slin1iJLcs til '
p'~l'alll lcnwflh 111 deL The xp 'Lall n pha.
ollsl Is f mp\\lIn'lI pI' hahn \ ' fir. V'J' ­

n r {I lalll ar a lime (glv{'n 1111: llir 1 alltJlI
cqu 'nc ' 0:

TIl(' 1.1,... 0111 /.LllJo< 11M JOHnin/' Vol",,, 3, 'um 'r I 1190<11



Paul- Spl1ccll U cognillol1 Using IlIdrlclI Inr/w(J Models

where or Is the observation vector, I' 1$ th . m all
ector. lrdenoLes vector transpose. and E is the

correlation ll111trlx. (A GallS iall pufis. ofcourse.
d filled by its tl and E.)

The interpretallon of these equations is
v ry simple. The term p,,)i,.J. l) is simpl a
probabilistic count of the number ofime the
arc from state i to./ Is travel's'd al l.im I. Thll
Eq. 12.1 is the numb 'I' of limes the path start::;
In state i. Eq. J2.2 is the number of limes
arc i..J is traversed Iivid'd by III lol'll llU Ill­

bpI' of dcpal"turc::; from state I, and Eq. 12.3
is the number of limes the symbol Ie Is mil­
ted from arc i. J divided by the tOlal number
of symbols milted rom arc i,j. Similarly, Eqs.
12.4 and 12.5 arc Jusl (arc) weighted aver­
ages for ompllling Ule mean veclor tl and
covariance matrlx L

Th above equation nssume on training
ok 11 (a token is an observation scqucne gen­
rated by a single Instanc of the v nl., Llch as

a sinJ2:1 instance of a word). The xtcnsiol1 to
multiple tl"iinlng tokens simply computes the
ums ov r Iltok ns. which mnximizc

The proof of lhis r stimalion procedur I . 10.
141 guaranlC ·s·lh- t plOI (1'1) ~ pro I N~. Tills tmln­
ing proceduI'e acts much lik a gmdj Ilt hill
dimb wllll automaLi' step sizing-II starts
with an Initial set of paramct rs and Improves
them wilh .ach lICI'<lllon Iml il il rcaehcs a Im:Hl
maximum.

Illsp cUml or the forward-bnclnvrlJ'(j :llgn·

1'1 11m sho'ws It to be n aIle lion of local ML
opLimlzations, f.ach individual par(\mct 1'-11 ('
tran51110n probabllitl 51 ,Wlllj:!; a sh1~1 slale or
lhe ohsclvalioll p .Iffrom·l 'in nc nrl:-I~ s't 10

Its ML v'llle glv n th data allgnm nt from the
xpc-lalion pl1a, c. '1'1 proof nl:'lo 'lInrnl1!ccs

that th lolal ell l of ::my sui sel of th c local
opl.lmizallons is p(OI M) <: plOI n1). ThllS om:
can hoo'c lo tr<lln only 111 01 III parn­
m 'Ll:rs whi! I £Wlll III olhers fixed.

The forwurd-bacl{\vanl al~orllhm slIII u.llan .

ously cOllsid'r::; all posslhle nliglllllcnis of Lll'

dflla to th mod 'I (I ;:It I1s'. en h welghte 11Y It
probabilit '. The ViLcrlJi Lmillin9 pro 'prJ \I re usc.

III)

]2.5)

(12.1)

$: I 5 7'

15i.J N. (12.2)

I S Ie s; 1{.
1 S i..J N (12.3)

I S I. j <. N (l2.4)

----II

- /1/'JP .J

I)

(

L j?QI (1. ;.1 )0,0:'

T

I Pm" ( i. j. l )
1=1

r
Ip, (I. J. 1)0.
'.1::: ----r
I, Pw (i. j. 1)
1,,1

N

ffi == L Par.,(i. }.I

1=1
a l (iJPdl)

p( 1M )

For a discret '-obs rvaUol1 'ystCJl1

I Pare (i, J.l)
IE{a,~kl
-1'- --'-----

I Pure ( i . j, t. )
I'"~

-I11e a rrn is th probability of gcl:Ung from Un'
slarl statels} to state i at tim t. Ih\': (1 term J8

the probability of tnmsillonlng from tnt,. i 10

sLat j. lhl" b term i Ihe probabilil)1 lhat Ul
observation 0/ occur.' Oil the transition [rom i
Loj. and the (J term is the probability of gcLUng
from state . al lime l + I to lhe. exitls) oj Ih~

network. The prOI M) lerm 5 nt 5 0 nomlalizc
p sitch that

tit

N N

L I, Pwc(i, j.t) = J
I~J J=l

due to Eq. 8.
The maxirnlzaUon plla 'C consists 01 esUmat·

Ing thc_model par, III tcrs to obtam a new
model, 1:

For . eontinuous-obs rvalton sysH:m wilh
Gaussian pd s

)/ I ../

n. ' L,"ntln ' ....t">ml."./ J()UIllUI. I' lum" :1. '"m/"" I II .KI/ 47
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a Vitcrbi de odf'r to denve the ounts from the
baeklrae Is lion 2.4). (111 counts Parr are now
I's or O's and nt into Ule am" T .estlmatlon
f'quations.) This pro cdur . unlil{{" Ole forward­
back\ ard algorithm, considers nly 0lC best
path through U1C model. As a result. it is IllU h
more s nsitlv Lo the initial model parameter.

The rc::;tricted topologies an be viewed as
fully onneet· cI models with som of the transi­
Uon probabilities I'et 10 zero: The fonvard-back­

vard and Viler!)i training algoriU1JllS maintttln
lhes zero prol abiUUes bNA-1USr- a ::: 0 1m-

~.1

Plies p (i.J'. t) ::: 0 for aU l and thus the l1umer-
tll'C'

• tor of I::q. 12.2 alld Q must also be zero. The
LJ

training algoril hOI an set a Iran. ilion or s 'm-
I 01 emis ion probability to zero, bulan zero It
r main. 7.ero.

11 er ar two oUler LraJning mcUlods avail-
hie for HMMs: gradl 'nt hill ' imbingand simu­

lated annealing. 1'11 fradl 11 m thod 1141,
whir:h mu '1 b modifLd to bounrl Ult' valu s of
Uw prouablliUes by zero alld one, is omputa­
lion'llly xpcnsivt" and reqUires step-size esti·
mation. Simulated all ealillg has also b en
tested a a t.ralnlng m 1l1Od 117). It demands far

ore compute lion and disc rd t.he Initial
model p::trmnel 'f -will h convc useful infor­
rnalion into the models b hclpln~to hODse the
I <11 111< !OIum.

The ML -ril('.rion 1 nol Ihe only posslbl
training c.-II rion. Sev rill Iher clit ria that
con ider Ih Incon'c:1 '~s well as the cone 1

wor I - nch as maxImum mUHlUlinlonl1atlOn
IMMlll181-have be n proposer!. llwse rHerl
'ciler lIy l' quire 'Ignificanlly or oll1pula­
t10n th'lII Ihe: forward-ba .!eward alg ritJl/ll and
he V not shown mproved specf:h r (Ignition

pcrfonnullc on an ul 1)1 all lasl<s. A
phtlosoplllcnlly related p1"OC 'dur f:<-11l d r: rr ­
live training 1191, \ hi h mo<lill s ML. mod I
based upon pos.11>1 confusions obtain d from
a modifl d r eO~l\I7. r, h S (lmvirll'd modest
p 'r/onntlnc' improv'm 'Ilt "

2,6 Tj d tat s, Null AI' •
and Null taL s

A v ry IIseful 1001 for JJMMs is (fed S((l((~S.

h:d tal's are n s . r 'tal s ill Which 1I slatc .

8

have the same lransUion probabilities and ob­
s >rvation pdfs. States may also be pmtially
U d by tying only some of Ole stale parame­
leI'S. This allows us to con lrain the models
such lhal. for e. 'ample, all inslances of a par­
U ular phon have Ih umc moclel and Olls
model Is traJned on all instances of Lhe phon
III the training dal, , fl also rec/u the num­
ber of param leI'S thai must b estimaled
from the n cessarlly finite amount of Iralnlng
elata,

Another useful tool Is the null arc., whl h docs
not clllilan observation symbol, Asingle null arc
Is eqUivalent to arcs from all immediately pre-
edill lales to all Immccllat Iy follOWing states

with ~ ppropriaLc tying on U1C tran ilion proba­
bilities. (Su ce sl e null at' s an~ more cOll1pli­
catcc!bulareanext'nslonoflh inglcnull re.)
Thc null m'c (s as 0 'Ialed wILli the state ralher
than it surrounding states. ancl thus may be
more COl venienl and r quirc fewcr par" meters
than the qUlvalent nc work wlthouL lIlC null
ares.

A similarly \.1 fulloolI lite /lull slal', which
has no, If-tr< nsition and only null exiting arcs.
His a path r dl Irilmllon point thalmnybc u cd
10 induce tyin~ on tl1 pr \lious slat's wllh
a slmpliflcd organizat ion. For cxampl , if mod­
els of the form sh Wl1 In Fig. II ) were on-
alcnalcd, null latcs mi~ht bc placed at til

Jun lions.

2.7 Di -'c;reL:J OJr ""'ru lliollS

Some ta k , u h a . til I It r s qu net' t'l 'k
uS'd by Mark v 16]. inhcr nUy use a nnll' al­
phabet of ells r t· s 'mhol " M<'lIlY oth r taslts,
in 'Iudingspc' h re }';nitlon, havc onllnuolls­
valu 'CJ Db 'en'allons (mea II rClllcnI.s). A lJe Lor
quantize,. IVQ) (2 I Can b u cd to conv 1'1 the
III 'G1 'ur Illcllls 11110 eli cr le ob ·crvuliOl1s. A
typic, I VQ \lsed III 'p 'ceh r co 'nilloll .ontaln,'
a s 1 of , IWc:t ral v ct r tcmplat I om time
call dth od bo klan IOlllpulslhclalJ loflhe
los sl t mplale according 0, <11 lane m 'n­
'ur', This operaliOl t.:ollvert. <.l s 'quell of
sp tral 'tor Int a S '<III n(' of lIest kill­
plaLe lah Is. wi'll h I the dis r lc-ob rv tlon

quen '.

11,,' UI/c/"11 /j""Jrutory J III ",,1. ...llInlt' 3, N",,,/x" , {, !J!iOJ
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2.8 Continuous Observations

TIl pr 'ceding sections dcsr:rilJe tile discrelC'
obsenratioll and continuous obsc.rvaUon with
single-Gaussian-Ildf-per slalf' models. The
Gaussian pdf. whil not th only conllnuolls­
obsenr~tioll pdf for which r:onvergence of the
to vard-backward illgorttilm has b 'cn proved.
has slmpl malh malics and is the most com­
monly used contlnuous-obscrvatlon pdf fOl­
H M speech r cognition. Only Ul(' Gaussian
pdf \ ill be discussed here. 'nIl' slngk Gnu, ian
model has thedisadvantagc Ulatilisa unimodal
distribution. A mullimodal distrihu(jon can be
obtained from a Gaussian mu1ure. or weighl 'd
sum of Gaussians (G):

2>tG(o.,u"rd
f

L I '" 1, (;, ~ O.

, w Gaussian lllixt Uf<> call hI" r drawn as a
~llbncl of sin I' Gau 'slan (per stale) tates by
using null and ied states and Is th rcfore a
t:onvcnlcnce, hul nol a fund mental extension
tu HMMs.

Recently a nc\ form of mixlure has merged
'n th sp ~ech reco~njUonHeld: Ule (led mixlllr '

rrMlt2l-231. ~ausslanI i tI mixt1Jre~ area s tor
m- ture Ihat shur the same seL ofGausslans.
he Lr'aclilional di'cr le-nbscn'ation system

cd for peech recognition-a V follow d by a
dis'T le-oh' rvalion YIMM-i u spc tal case of
a TM ysl m. Ills < pruned TM !5ysl 'm In which

nly Lhe slllgic highesL-probabilit). G ltsslan Is
used. (A 'I'M yslcm <':'111 alsu be ~ ewell as all

,"-1 n51011 of " dis r te-obncrvation syst m in
~h.ich nil observation ymholsan~lIsed all t fill
time, but wt:i f leu ac onling Lo Ul ir probabill­
ties.ITh pdf of the 'I'M sy. tl'm f:omb111 5 Ihe
gener. Illy of the nonparamctrt (probabillsll
histo~rtlml pdf of lIw (lisr:rCle-ob' I lallon )Is
lem willi Lhe tlircel ,c 'ess It UIC xnea til' ­

m nt ) of the 'ontinu0l1S-0bSI~TValon Slst m
LInd Ill' pelf SIlW Ihing I lh Gau sinn pelf
system. Unlik the tradition, I ell erel -ob e
vation . yst '01. 'I'M s L.llIs allow imull.an· us

ptimlz"ltion of I ntll 1I c ...ausslan ,which cor

"w" Un 0111 /.ell YJl '11 Jo'III"" V"lullu' J Nwn/x" I 11990)
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respond to the VQ spectral 1 mplales. and Ule
weighls. which eOlTespond to the discrete pdf.

2.9 Pragmatic Issues

The preceding secUons describe the basic
techniques ofHMM . In addiUon, several prag­
mali iSSUf:S must be addre sed Ifone wishes to
lise llMMs. The firsl Is numerical underflow.
After se\' ral probabilities have been l1lulUplled.
Ihe nllmpers become so _l11all lhal mosl com­
puters will underOow. (The Lincoln Laboratory
sysl . m routinely produces lik lihoods on the
order of lO':!Ooo,) Thus lh s systems musl slore
11 c nUlllhcnl In a log format or liS· scaltng.

Second, for besL performance the complcxlIy
of the lIlocielmusL be matchecllo th amounlof
Lralnln~dala. Tying slat cs or pamll1clers Is one
melhod of reducing the nurnbcr ofrree vUliables
lo be trained. The form of U1C ohservatlon pdf
l1lu'L I () b chosen w:lth consideration for thi .
Iimi <JLion. Frcqucnlly, the p rilmcters are
smoothed with less-detailed bul b ·ltcr-tr<lln d
models. D lcLccl inlcrpolaLion [2411 an IIMM·
bos· d method thal automatlCfllly dclermincs
Ul SIl Quthing weights. moothin~of phone ie
models will b described In se lion 6.2

,Finally, '[ discrcte-obs rvatlon I-1MM has a
mls In obsclvallon problelll. A test tol<r:n rnay
resull in un ob elvaUon symbol thaL was nil!
seen dUling Lralning of Ihe class. Tlw symbol's
probnhilily will haY be n sct to Z 1'0 during
Lr Inlng and Ihus Ih 'lass probabiliL will go to
zcro. To pr vellt this probl Ill, a lower limit Is
placed lpon thc valucs of thc ob. crvalion pelf.
'Ihislln ilpr ventsaSl1lalllllmbcl'orpr'vlull~ly

lInob nred ymbol" from liminaUn 1 lhe cor·

I' c: class from nsicl raUon.

3, Basic HMM Isolated-Word
Recognition

Normally we speak In contlnuou . qU'1 cs
of worls call d s nt'llc' . In cnnllrlllollS
BpI: 'cll, Lh'r Is con 'idcrabl v ria t1011 Oil . t
the cnl n c struclure (pro ocllcs) Gnol ltene­
LIon bel \\ 'ell atUa' nt words (eros -word oar­
U ulallon). In addiLlon, no clc~,r a OUHIit: III/uk-
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tm~m~Mtft1~IiliIIu..:"IA.IJ 1L
.1'1

Time -----..

Waveform

H r o G R A M
II

Fig.3 Vi'erbidecoderalignment for the word "his'ogram. "

t:rs dclincat the word boundaries. Ther fore, It

I Impler to rccognllc IRola1 .U \ ords. The word
pron u neiations;)r much 11101' unl form and lhe
bOllmhrics arC' much 'asi r a loc41l<, Umn It

nlinuous spe h. 'l1ler fOTC, Isolated-word
re('u III ilion \ ill I.> tics '1;l.>eu first.

In p rformlng recognition upon a nalurally
a lIrrlng signal, slI('11 as hllman . pccch, we do
lIol 1m ac e55 to Ule " n r tor and th refOI'c
are lIlIal 1 I d ~t rmine its slnJ luI' e1ir 1I /. ([t

i. olm LC rtain that human do not us' IIMM
010 I Is. '.V n I I h sp cch g , ratOl do s not

u c I 1MMs. v ha\ found that \V • Ct'lll model Ih '
pI'" 'l'll I 'n<.I1 fairly well WiUl IIMM.) hl! \V

nlusl 'u' th tapuIo " Ith m del. 1"01' I\VI~

U;J)<1. ;-md IIn('ar IlllJrleJ~ huve t en foUl d t

\V rI w II. butlhc numb 01 tates N nt' 'cis 10

h d 'lCrl111llcd.

h pC' 'h Igllalll If Is nol a '00 lohs 'I 'a-
llol\. Ilow 'v 'I', worh in ps choac usli ~ nd
oi odin~ ha' Ii und Ih • hort-Ienn :(11:("1)";11

50

cllvdope Lo be a good way La represcnl th
spe ell. Thus 'most sp cch r cognition systems
ll~C SOlllC rcpr scnlallon of the spectral nvc­
lope. om] ut d at JO-t -20-m5 Illt rval as the
bm;;i , III .asur 111 Ill. A continuous-ab -ervallon

sl m II es this m asurern 'I l cllr clly, b II a
liscrct -observation system musl liS a VQ to
onv 1'1 a h me' surement InLo onc uflhe eL of
bs r allan symb Is. This pI' pro ssor I
all d th front nd.

Th ' b,5i sysl 'm oullil d her usc word
mod I . Word mod Is II- 'aL III word as the
fllnd:'lInenl, I uull tlJ I e mod 1(>c1 <IS a, qu nc
01 sound ,Ea h word m d lis eompl 1 Iy Inl! ­
p n<lclll-il doc. nol I1lak u of Ih<> f· t
thaL word' are buill frOll a slIIall iJ v· nlOl ' of
pholl 'mes,

T lrain III sy tCIll, onc n~ (Ircb :; 'v '1"11
lol,ens of c h word In th vo al ulary ancl
pro S5 s th III with a front -ncl In 'rC'~1 . the
obs 'rVaUl)ll s 'qucn s rr I ondlng 1 a '11

111 UIIM!'l I""hmc.lt)/!lJollrllr". VoIII"!';). ",,,u.,11 1(1090)



token. The model might be initiall1.ccI to a jlat
starl (all slates haw" 1111' SaJllf' init ia! param ­
tel's) and trained by uslngtll forward-backward
algOJithm. The training data nCl'(\ only be ielen,
lin d by Its oTd label \ol1h graphic lransclip­
lion)-no detailed internul mrll'king is I' quirccl.
Til . training \vilJ dynamicall rtli 'n eaelt Iralnlng
token to the model anti customiZe the states and
arcs.

The re ognition process must first choose a
probability for cad) vonl Usually. II words nrc
asslllllCd to hav~ equal probabilit.. bu t unequal
probabHltles aT \1.' d in o>OJnc applications.
£ach unknown word is then pI' cessed with lhe
front !ld and passed to Ih(" HMM, whi II
l'hoo~ s the most lih:el word according to Eq. 4.
II the Ilk IIllood is ton low U1C' recognizer an
r ~ed the utt rance (Rej tio can h Ip to
eli min, te oul-ol-VOl abular words. poor pro­
nunciations. or extran au noises.)

A -ampl' d ode for Ih word "histogr 111" is
shown in Fig. 3. An I~ht- tat J1n~ar model for
the word wa. tnJincd from a nat start unci was
used to p rform a Vit"fbi decorte. V rllcal lin
ha\! b II c1nl'wn on a p ctmgram of the word
10 howthclocaUonofth stat trallsillon ',Th
flgurc show how the model tends to pi each
st; linnary region into. sIngle state; howevcr,
th /h/ 'md /1/-\ hidl are Vf:J)' dlssill1l1ar­
w~:n.luml ell inlo ",I Ie I. Thi. OCClllTCd because
I h I raining pl"Ocedur' is a colleclfon of local
optimization ond lh(> topllloglt:al (:onslrl.1lnl·­
t h . 1IIodel was unabl to plit stal I Into tw

t<.lt dUling training. rh Iel.:ocle also al·
tempt d 10 diseard , tatf' I ut could Ilot b -
,u • no sldp path was provldrcl. late 8 proba­

llly 010 lei an allcrnativ I r nun Inti nand
lh highestlik 'Hllood wa . obl<'\i1lctll minlmiz­
in 1 1h . amount f tim' sp J1t In e tat".

4. The Lincoln Robust IWR

lIr initial goal was to II1lJlrovc Ihe' ce Iracy
of SI 'C 'h I' 'co Iniliun in t 11 0 Iq)IIOr..11l1 c1'rtl

hi fh-pcrlormanc .' In'mlt 'I h . pllOl1 - III it l10i '

(,Il iI'onment HllU unc..leJ tasl{. mcntal. nncl
phy i al II' S '. ull of which arfel:1 , jlc"cll nllcl
degrade rCl:O 'nilion p r onn nee ITIl 'alii •

'Ille lIl1coln U',bo,a! "' ./o"mlll \,,,',,,,,,.:1. '11""11",, I (/!lUll)

Peul- Speech Recogn(((on Using Hide/eli Markov Models

fa tors oe ur In a wide varicty of mililary and
'ivilian environments.) The factors caus u
v~uicty of clTects in speech-loud speech. the
Lombard ITect (251. careless speech. fast
spec 11, or even a speech blocle Thes eITects. In
turn. cause a numb r ofaCOLl lic crfects sUl.:h as
changell sp ctral tilts. hanged formant (vocal­
tract resonance) posllions, changed energies.
changed timings. and ('hang . In the phonology
126.271.

Wc ~ It thaI the VQ rcqulred by a dlscrete­
ob ervatton system would in pose i:l barrier
betwcen Ule signal and the HMM. Thuswechos
a conllnuou -observation HMM for our robust·
ncss work. Th follOWing se Llon. de 'crib our
fronl end. our bus lin system. and our robu ·t
(Wn system.

4.1 The Lincoln Front End

The Lin oln l.ahoratory lWR and CSR )'s­
tem use a pseudo-filter-bank 128] front ml.
This front nel proeluc sa 100-pcr-se and me!­
eepstra! ob crvaUon lector by the follOWing
signal processing. Th input pcech can b
samp! d l rates between 8 and 20 kllz.
(I) Apply a 20-ms Hamming window and

~ Z 1'0 p. d to 256 or 512! oints.
I:?) FI'T (~ c( mpl'x 'p 'c( rum).
(3) Magnltud' qual' d (-I power sp dnllJ1

S(1)). (2)
(4) Pre 'Illphastze Sen = S(.n J +( 50~J J~ ) .

(5) Mel-bandpass w Ighl d 11l1lmallon
(-> m I·p w r spe'trum) using I.:on­
Rlant area trlangul~r tHt 1'5: 100-I~lz

'po. in 0.1 kHz ( I kllz, 10% ahove;
width = 2x spacing,

(6) I1ver( m I-power spc '(rum to III
(db(x) = 1010'1 (.\1).

(7) Modified 0 tne tran -form (281 (-t l11el­

t:q>sLr 111 e,l.
(8) Trun at lh mel- 'pslrul1l to th' nC'·

sir'd numb 'I' of .olllponcnt .
( ) J\d\!. nc -I fOal 10 JIll:' and rep 'at from

sl p 1.
Th III 1- cal' Is a nonlln .ar fr lIlt '11 Y s 'ule
[291. 011 -islclIt wilh scveral ph nom n ... ob-
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p ul- Spc ell '~e( 91111 n 0:'/11[1 /lid 'I~U i\Inrko , '~ls

- n' cI In h1ll 1 11 healing. til 1 n b approxl­
Ill. I d by lin Ail ral' II 'JO\\l I I Hz <lnd a
10lnrllhmlC" .ale' abo I 1 JIll:. Th mcl- p­
"lruan of p , II Is :II "Il a l' :htlvd ' orlh onoJ
cnlurf' set 'hus the III I-e pstrum ha. bulh
00 P , h ... ou tic prop 'I' it's and ,:toad I 1-

It'r!l r co i )J1 pI' per '". TI m -r 'I .'1 rum
a transfOnTl Uw. pc I It spec'lm] IIV lop ­

Wllkh carri " III0, orth' d .. 11' d Infonnalllllin
Ul bngllsh' nil the EUlop 'H111unf(ua . (P1l h

I. phollcmi in some Ihcr Jan Imlgc..1 Th
LJ 11 lion In -I p rl'lIl ve: 111 I cp II'. 10m­
!lOlll:lIl U1al an bl' am 'It:(\ by the 'p 1\1 er's
pll h.

.2 1ne 11 il1lulaled- {re. .5

1 R DQtab~ ('

ill'cl' I!i III unl flrlllystrcs crisp 'cell

50 ...--.........--..,......----,.-----,.---..----.

(hl'~ are dim I lobi in. W II 'cd a peak r·
tI J nd n . lI11ulalcri-str d~ tabase rc 'or d
HI T xns Instrumenl n'll 151. AILhough lhe

Jl akcr \V n: l'l.'lt I to P It In a val'l 1 of
51 I s. Ule acollsl\c challll~S Ihal OCCUlT d ar

II ,liar 10 tho. e thal 0 ur d rln I I' 'nl sir' 'S

12 >, 271.1111 al u c a J05-w r I illrcn\ft
vo ahulal ~\ICI I Ihu I' qu nl1y call cI (he
Tl-105 dal I con lain I~ht 51' ak'r'
-n~' male and three femal . 'acll of wh In

produ ed a ull I of II' Inil 1 I nnd lest IIller-
nC" 'so Th lrainin porllon on I -ls of Ov n r­

mally polt n lolt 'II of cae h W I'd and U, I 1
porlion co sists of tw I k 11. of each word,
pol<cn in til follow1n J ylc: normal. C' 'l,

I ud, Lombard (spe k rs W:flrlllg h adpho cs
wi h nol c I'll th C' ll11cc I, ::and sofL (Til 'I' Is
al '0 A shaul ondilion th I W;;\S so exlr m that
Il was Jarg 'Jy I 'n reeL) Tile d laba I c mpl .(\
c I kllz. TI I 0 us 1 lh am dalal a 0
\II I'k on Ih '. II' !is rol u tn prahl mil).

4 ..'3 'file Robll 'l {Wn Algorithms

10 4-Spca r d pendent Lmea/II robust 'WR porfor­
mance on 'he TJ.105 ,mll'a/ d,s/'f)sS database.

word HMM

Inn c Gau Ian

lin syslem wllh lhe

141 rv lion:

(!'» Ii n ard-

( ) I'

(71 'udin , I nr.J -

( )

~ und by III

om·

0

Nonnal Fasl Loud Lombard Soft

Te I Condllion

rror Rala (%)

Tas Co di ion
Sy em ormal Avera
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Diagonal covman (varl 11 ) Ga ssians w re
used beca s w did not have enough lr Inlng
datu for full covarian . Til ener 1 rm wa not
used du tu nom alizati n difficult! s. Th nat
start and he V1t rbl decod 'J' W re chosen be-
ause they wer'lmplcr tl all th alletnaUves

anu the . cl<gr d models a110 d u t
pllcitly r g lize the b ckground in Ihe
d oding proces .

The r og iUon p rfonnance of til s b linc
stem Is shown In Fig. 4. 'n,e n nnaJ ('\1

n'Ol' rate of 1.9% Is fairly d (compar d 1 Ihe
stal of the art \ hen Lhe te ts were perfonllcdl.
but the error rat' {) th . lyles ar qUll high
with an verag Hal' f(. t ov r all flv 1 I

nditions of 20. %.
From '15 bas 1\ y. 1 m we develop d two

r bust syst ms. on usi g l'l perceptually m 11­
v led di anee m ur, a d a se and USing a
1I d (or rand) v' rlan 130-321. These y t inS

r, ture
(11 tied \I rian (train d Qr fixed)
(2) ubs rvatlons ug nt d with lempor' I

difference (d /Ia) m '1- epstra (In Iud'

Co tenn)
() ulomatic number of slates
(4) on t e of VIl' lJi training for Initl' I·

lzatin
( ) adaptive b kground mod I d Irin 1

r cognition
Fiv toli: ns of 'h word wer' fi un t be
ins ffid nt to train a rlane vcrlar p state.
nd hu' lh variance wa tI d. Under ondi­

lions 0 In urn I I'll data. lal ~ varianc can
become loo m II: tn fa t. w observed ca sin
whl h .omponent of tl varian ve lor
c 7. r . (l h tr- tn r w S op rating p.-op­
erly-Lhi Increas d th Iili:elihoo of th I ai ­
Ing data.) The p r 'I lu lIy mollv t d 01 I n e
mea ur I I. 21. whi h I a man ally 'ho n
n variance. I rovi rceptu I nd pra -

a ic pe<> hkn wi (~g"'whlleltstllllllt n ous)y
avoids th van I'll' trainln pr bkl11.

F rmant moll n c; v II as posltlo i impor­
t' nt in p echo 'I I th Inclusion of th d It
m 1- p tra mad this Inrormatlon mar' < vall-
'hi to Ule sy l m I I. The 'd UI r 0

states In h bas lin . t m v to many

Poul - Speech R<:,cognitioll U ing liidd n MarleolJ Moaels

tales 10 _hcrt words loa fi \II l U1e long
words. hoosing the nllmber of states per word
to be avg_length_inJram /3. where th lengU,
1 d lerrn.1ned by an ndpoin Ing algorithm.
pmvid I appropriate model slz I'Of all words.
A belter inltiaJ s lofparameler for traIning' n
be obt Ined by dividi the obsel\'atlon be-
ween the endpoints of a h tm.1nlng tok n 1nto

number-of-st t·s qual·duration seetio s. as­
signing a -h .tlon to Its corresponding late.
:md av raging th ob rvations assign d to

nch st leo This VilerIJi tart Iv sea h'lat a
11101' equal role In the modeling Lhan do s lhe
llat slart and I' qulv I nl to on lterall n of
Viterbl lralnln 1 from a r, rc db j<trace.· inally.
an adaptive ba 'kground model w s used u ring

r ognltlon. sin' Lh r '{Jgni i n ba I<ground
may differ from the b C'1<gro nd observed dur­
i training.

We also Impr v d p rforman e by multH,lyL
training. whl h in ludes samples of tressed
spe ell in traini g 134.' I. ( 0 token W?o S d
imul neollsly for both training nd t ling.)

This appruach allow d h train r to fnnls on
thecon I tent peel whlleavold1ngth -lr s·
variabl asp t of t . P cch.

Th robu I fWR. ystems yielded slgnllkanl
Improv m ~J1l . OV r 11 baseH syst'm. bolh
wtth and wit oul mulll- t Ie tralnl g. Th re­
sult for III p rc pt lIy moliv t d Ii tan
m sur' sy t~m are hown II the (' nd and
thir I plots in 1"1 . h' av rag etTor rale I~
r du I rrom 20.5% to 1.9% ~ r n I'mi.11 tr inlng
and 0.7% for multi- yl' tl nin. Th nonn I
lcst- de elT r r' te rc Iso reduced rror I. ~

1..00.24%'nd VO,r I .llvely.Thl1Slh rolu t·
ness nh' n III 'ntsand the m Ill-slyl _trl'linin~

help d both the robustness to sp kcr str S

and the nann I pee I p 1"1'01 Ian
A 11 ind _( end 111 1 sl of lh r lI' 1\ R

syst m. we tcst d It on the Te, as In truments
20-w r I (TI·20) d tab' ., [4]. which 2

01'01 II Spol< n Isol' t d·worrl nblilary frol11
16 p '. k rs, r Or'l nlll Oil Ihi ct. LaDas
pr due d 0.0 % (3/5120) norr I . Th b sl·
known pr'viou result wa .2M! (10/5120) 14J.
Afl r, . mall c mount r work on 111 d b -',
the rr r r t w s r du d to lob. 'I h •. r ult

5



Pllul- pe h Rec09l1iti0I1 U~ill!J I /irJrlPIl Mnrko forI Is

showcd that our systcm performanc was also
ry good on an independ ilL daLabase.

he stalldnrd I/MM sys/ellls have a dying­
exponential statc-dumUon model du to the
probability on the Self-loop. This model is not
very realistic for pc eh. so we im csligat d

OTJIC lrong 'I' duration mod 'Is 13/1.1 vo basic
.. pproaches were inve ti~at d: subncts 135, 311
and xpllr.1t duration llIodclln J 136, 71.
Subnets, wher each stale i ~ I' placed bra slllall
n'1 vurk witll ptlfs lied over "lIoSLaLes. were found
somewhat promising bu t doubled the n \Imber of
states in Ole ncLwork. Tile explicit duration
lUod Is did not help clue to tnining and normall,
zalion difnclIlLles and significanlly grealer
amputation requirement than Ule standard

mod .ls. Duration are a function of th speak­
ing rat and oth r factors. Th' fun lion Is seg­
m '111 dr.p<'nclcnl, nonlillcal', and no \V '11 IInder­
stood Thus a weak model wa found pr ferable
to a poorly lrained strong model.

\'11 also test 'd Lwo other approa 'lies La 1m,

pro ing Ih~ stre s robustncss and/or general
p rionnunr: tre_ ~ compl"n allon and ()
ond-pa s di criminator. Sille w wcr. not ahle
toquanlif' lh' 'pcal,'r II' ' from th slgmll.
Ille slrl... (:0111)) I1sntor us d Lh spectral UIL c

1
10 ontr I a meJ- peelral omp n aLar 138. 391.
Thr. . pcond-pass eli riminutor, usin' p, invis
db rimlnatlon I • 'hniqu 'S on Il1fOI-m' lion b­
I'llned fr m the iterhi lJa 'kLrac '5, compared
th tupfew('\lOlcc. frolllL!l'll [110,4 II. l:ioll1

clJniqu s provld d som additional illlpro c'
m n1; how \I r. boLh w rc t .'Ltc! only III til '(WR

'Dvirmml nl. The 'ompcllsaLor might. but Lhc
dl rlminalor do' -. n t· PI Cal' to extend Lo Lhl'

SR n ironm nl.
\ l' invt'sllgalcd slIp'rvls('(\ 'Lr '5S alld

sp { 'r adapt, uon of th mod I durlr g 1'cco.£4­
nlLlon. \10 orms of slIpcn Islon iIIT po.'sihlt·:
orreet-ill .on'cel or th Jdenllt' 01 the correct

word. In Ih(~ nrsl ('ClSC, 1I1l' 8),.'\ '111 ('nn only
adup\ on Ihe C:01Tccll. T r ogniz'd tol< IlS; ill
th 5 '('ond {'ase:, Lhl' s stem .;.tJ adapt on all
t 1«:05 'lie- found limit d impr \I III nl In III
Or·t cas1", but dramalk llllpml'cmcni In Ill'
s ond' 1'121. Tilt! ,In IlVlronm nts wll I

the UHI'I \ III C:OJT~l'l 1"('0 'nilhlll 'ITClI'S, the
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system Is able to adapt \lcry effectively.
As a prelud to CSR, we onverLed the IWR

from IVaI'd models to triphone models. En h
word model was composed of a s 'C]uenc of
trlphon (context-dependenl phone) modc.:ls
(sec scction 6 for detallsl. which aused a sligh I
Increase in thc 1"1'01' rat 1321. We al 0 clustered
the triphones (using a X2_lIk' riterlonJ (tnl!
found thaI the number of triphones auld I e
reduced by one-third b fore the p 1'[01"

manec began to sur~ r 1321. I\nolher study Lhal
clustered st te of our word models I' ach d
a similar conclu ion 143J.

5. Basic HMM Continuous-Speech
Recognition

I IMM CSR Is performe I by using thrc . hler·
arcllical modeling lay '1-5: a language-mod 'I
layer. a word-model lay r. and a phone-moclel
lay r. The langllage mo I I cont -ns all of til
onstrulnLs all the word s "qu 'nce~ that till'

spcHkcr ml shtu1t r. Thi language model con­
tall the syntax (st n1cLUJ-e) ~tncl the S Illantics
(111 ~anlng) ofth Ian uage, in luding < II cant xt
factor (e.g., who lh pal'Udpants ar ,what has
Just happ ~ned).Thl. tochnstic langung model

, Is expressed a

P(W;}=PIOIf/(W1_1, '" .w.lwd· (14)

Th probabilitl cxpr s the likelihood of en h
possIble ullcr~tnce.For cXHlllpJ • Ihe.!inil.e-s(ci!e
gromme//" (F G) is L implc lnnp;uop;c model thul
Cnn 1 'expr sscd as a nolLe-sLall' nc!work with
word on a h arc. (I\n FSG is simple 1 lise, nd
lila IJ{~ adcquat· for limited dOlllah S, blltlt Is
not a go I 111 1 I of J n 1', I human I n~llag .)
Th r ar ml'iny (II her e1aRscf; of Inn Ilia 'morl­

cIs, ullcllanguag m d ling Is n 11 1<1 of res nr '11
in Its OWl ri 1\11.

The I' p;nilion dim ulty 01, I,u guogc is
IlIl'HSun:lI hy II' per») .xlt I 12t1J:

perpl 'iLy = 2Clllrt,,'U , ( I GJ

111<' U'wulll '~I"t)ml"'!J .J""'"tll. v..ltl'lIl· :1. 'IUI,Ix:' J (I ( • 0)
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Table 1.

ConditIOn
Number of Number of Approximate
Speakers Sentences Time

SO Train 12 600 per speaker 112 h
SI-72 Train 72 2880 total 3h
SI-l09 Train 109 3990 total 4h
Tesl 12(80) 100 pet speaker -

(Th ~s anlOUJlts ofdata differ from the amounts
shown In Ref. ;3. Since the Sf) resl set is us 'r! for
51 t sling, an I mosl of tile Sf) spcakt rs were a1 0

us~d in U1' 51 porli 11 01 the database, eight
spe~kCJ'S had to he J'cmoved from the dcsj~natcel
51 training S 1 to cr ate the SI -72 training set
anu 1J sp al< r h d to be remo\ cd rom th
combined d 'ignaled 51 Irainingand dcsi~natcd

51 evelopmenl t sl set to creale lit 51-1 Of>
training N.) These amounts of tr inin~ dala
may s em large, but til y arc lIlillusnrl eom­
pared to th amount avallabl to humans, 13)' the
<\gc of fiv • a typi aI child has heard lho lsand
of hour of sp 'cell.

Thcr ar 99 I \ ords In til voc<'\bulm-y. A
perplexit -60 standard word-pair gr, mmar-a
list a allowabl word pair,' wllhoul probabili­
lies-has b ('n d veloped for J'C o~nltioll, The
entcnc(' pal t rn~ or a bi 'ram (word pair with

probabililles) gr~ll1mar would hav' lower
perpl 'Itl ,but would h" e rcdll cI the hal­
lenge lo Ih CSR .ysl IH dev lopeI'.

6.2 The Lineolll RolJlI .(
C R Algorithms

Th(: Lin 0111 Labor, t r' SI ySt 111 has
pro~n; ~ d through rallgeofpdr- sturlil ~\Vilh

in 1 -0. u iall-p r-sl'ttt~ syslcms, Gausslan­
mlxlur' SY5lCIl1 , ,nd, nllall', tI d-mlxtur
s r 'l m , 1"01' darlly, Ihe Inlcrlncdiatc S '5l'm3
[32J \ ill nol be d' crib d here, and the ('111'1' III

8)'sl 'III "'1111)(' (Il:serihcd a If it wcr cI s ended
<lIre .L1y from tlH' whol '-word IWH s'stelll.
Jlo\\' v 'I', ontpari ons wJIIl.> tn~de t til Inl 'r­
tTl I 1I<.l tt' S 'slt.:m: \\'11 '11 vcr, ppropriat .

Til _Y t III wn cXI('ndccllo Ih' ,'H IH 'I b
ad Iln~ til fol1o\ In 1 training r. 'al \l' S:
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(I) separate mel-ccpstral Glut! <.leila mel-eep­
slral observation streams

(2) Gaussian tied mixtures (257 Gau_slans/
tream)

(3) lied variance p r stream
(4) three-st'lte lineal- LJiphone model
(5) funel ion-word-dep ndcnt (riphone eli ­

lIonary
(6) lrlphon . smoolhed I y dlphon sand

monophon
(7) word-boundar' conlext-dependent

lwa D) Irlphonc
(8) lin upervis <l monophonc boolstroppcd

lraining from n nal start

and lhe fall wing rc 0 'nllIOIl fcalurcc:

(J) I" languag' model
(2) mi ing trlphon extraflolat (011

(3) Vilerbi b am s ar h
(tI) word Insertion 11:n Ily

In tllc IWR lit . della p~ mmelcr. \V 'rc simply
appcnd '(I to th obseJ alion v'etal' Lo mal< Ll

high r-orcler obselvatlon \I 'tor. Uu' 0 lhe
diagonal covariunc nmtri>-.. th two pnl"lnt ter

el. (m I-e pslrum and d lla mel-cepslrum)
wcr LJ'eL ted n if th Y w r . tntisli "Illy Ind ­
pc d nl 11 the nonmix ur sl ms. I ( W'v ...
wh n mlxturcs arc liS '<1, III ' two 'cts nr no
101 ~ r inc! p ndcnt b nus' lit' rnt'Hn ve!'t ors
for adt sir alll urt~ pain.:d in eel" mlxtllre
'ompon nl. Thlls Ihe mel-cellsl rllm and Ih '

c1'lla 111'1- p:5trum \V'I' S p:lral cl Into lWo
sq>anllt' 01 SITVHllon strc<Jllls feeding S I orate
mixture pdf'I22, 531. The rnlxltH' I robabilili .
for th ' two sIr am ar then multiplied to glv
IIH' fnll pelf. \V Irl d bol Il ombinc<! and s pn-

111 • /.I'" hI 1.<11 ra(onJ ,}Ollfll I. Vohlln :J I'o'"O[I)('r I IJ OfIOJ
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.,_all

d...
word I
\\101'12

dlcllnmu :

h 'III' similar 10 UIC BB 'h 'me, but ;w'

'platinA del I d Inl rpalatioll.
liN'" ISC funcliOI worels (such as artlcl s ami

pr positions) ar~ "0 fr qU'lIl and generally
tlnslr '55 d, U r prono 1ll II dir~ I' Ilily
(rom III r words. Ilow v r. in 0 m. ny I "
kCI" r nvall bl p elO' lIIod I' can b
ll', In I for Ihem, Thu' w nl 0 make (h'
ll-jphun s word I p nd(~nt for I". function
wor I I 81.

ThC' iniUnl ,y I ms used word-ho nel.ry
'0111' 'I-fr ' rWB 1") lriphon al lit \ IJnl

bound 1"1~s-1. .. III WOI' I-I Ollll hry , I I'... ·
w rc Jilek] end nl of nylhinp; 011 I h ollwl'sl,k
oflll'bounclar" lIl'lllcephallcC'ourUculalloll
al "I ml5 a '1'0 word boun I 1'1'", wc Impl '

'd wa.-d-ll andal" 'OnltlXI-eI p'llelenl
I ) lrlplton [551. rt\vo til ~r DI\HPI\­
I' d Il s Il11llllancously and Illu p 'n l­
ei ·v 'Iop'd WI3CD pl on' 11l0cldlll I 147,

511. \V D Irlplloll{'s slmpl In Iud lh \\lord
bOllnda '.lI1dlh ph n onllwolh'rsidC' ftll'
word b unciaI')' In III ('onl -I us Ilo g ncra '
lh lrlphom:s:

mmlUphol c ,\lrU I 011 '
Ix: ' I I s

Irlphllllc eli lton~ ry
Ix; I/-s-I -I-I I-k- 1<-s-1

Th \V rel- bOllndm 'Irlphollc, an: dislin I from
III ('nrrl' , pondlll I \V I"d-Im rn. I lriphon's.)
Trulllin ca y-Jll 'llnln III 'ollsen' d \ rcl­
Inl'mill "ntl \Vord-Iwllndal)' lrlphol1c', I 'IH'I'­

al II I the re 0 Ii'll I n 11 '1\ 0 I liiffi III I c
calise.' \11'1' \ ill b man unob IV 'il WI~ IJ
ll'iph n', I' qlllr'cll g neml 'III full n \V ric
WI: II l; H ba ')wrr 'helll for til won!-l;olllltlClry
\1'1 h ne : If d Ired !JOUIl 1.11)' triphon h.
n I I 'C'II Inllll' I. . III; lillil th rrc. p()lldlll~

\VB F lrlphon " IExlnpnlfllloll-IO I ells
·w...,,(\ .sllor Iy-is II - dlo e IImnl . 1I1l0hS<TV(:d

\VB VOl' W I'd-II l'I'Il'lllrlpIIlJllt,s,) 'I'll sllllph'1'
WB Jo' SYhtClIls lIlodel :l h word a, rl 1IIIt'Ilr

S fill n f II'll hOI1 " "I1r: \ /13 I I 1l1~

moclel Crwh 1hrm: phon or I ng(lr \ onl as :m
enlry r. 11. a linear mid "CCLlOIl, Wid on . It hn, a
SIlOWIIIII 1-'1 I. f, fl\v 'pilOIl' \V rcls ('01111 '('I 11ll'

\ h r'~It"rcpl" l'llls IwonlllollllckllycOlI','t.
I BN Is ho\V'd Ihal 1I1l: Irlp]1llIlC-1ll0 leI
paran Il~r :.lllIluI' oul I Impt" v'c1
b sl1\oolhln~ wll h I 'fI-dlphun . {Idl-plloll

o xl-sen.ltl\,) III d I , rlghl-dlphnn'
III )(j 'b, :wel lllollllpltnl t (I'unll' -, -Ill. r:n, III )

01 d I 1541:

1- L,)" I,
.1c..·.\1'

() 7)

f

h'. moothing \ IA'I onlr I I Ill' IrHC!l'-nrruf
h Ihl. p' I I' mud I~ Imll (' I flom • ,01.11
- llIounl ofdnt•• Ilclm r gCI C'rall11odds Irallll'd

IrC:lIl'1 I. r~ 'I' ~ mOl III Is of dala. IIBN l"Il S· I x I
\ el~htH af> n mUlllh \I : cJ 'rlv 'd IlIlH'IIIHI of 1111'
nUlIl I' rlr' Illtlll-!. t IH'IlS 1'01' ('aell mo 1'1. I> 1\

lei 'Ieel (II/NI" /i II 1" 11'11('1111". til(' \ ('1'11
clsLlmuLl 11 as Clll IIMM probl 'Ill 11 I c I mill
til(' W('llht. from tIl(' I. l( by lIS11l lhc fun ani­
b .I<w rei <llgurlllllll 1241. \ 'I'urr Ilil u,·, n

W I' I l-worcl 2: \VB F:
WO .0:

... ~ -I -II 11- -d .. ,

... il-h-//r h/l-r:-c1 .. ,

II,,' IJ"",I" 11,1" If 'll II/t'''/' I' IU"«·.I , ,,'" "., I II. _
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?ya cy?•......- ._-----.
Case 1: Word has ~ 3 phones: abc

fan and one-phon words I" qull" a full ros.­
uar, ill 0 hown 111 ("[g. 5.)

Til T S) sl III nrc u'ull1 .d b I the folluwln ,
UllSIlPCfVi cd bonlslrappln t I rm;(:durc:

II) II L1allz' UIC au sial1 - b • Il1g an EM
, I 11lhm ('{Jul"a] nl lo furward-ba k­
\ lInl II" inin/.! r a 011 -. laIc au:,\slal1-

mL'Cllll' ' I I ).
(2) S 'I all mi."l II' weigh s eCJl1al (nat hlarl).
(:,3) Train mon ]11CIJl('s with ron <1nl·\ a k·

\ nnl \ orilhm.
('1) Inlltallz' lhl. Iriphon Illod I with para,

111'1'1" fr III ll1 orl"'ponding II ICll H).

II I .

(, ) Train the LJiphotlcs 11 lIS!lIg lhc forward-
I 'Ic!nvart! «I,gol il!ll11 wllh mo thing.

Till. Ir() dur r quire onl' lIf[ho rl'aphlr'all'
(I.e.. on] , lh' 1t.·I) !mns 1'i1 (\ daLu-n 11m'
r , JisU', I n 1 I' qulrcd. Til 'Illonophon ll' in­
Ing Sial-!' has SCI III11n r opi 0 acll mono­
pllOll'lllS 11l<lI,l'lllllcxlslhallllsnbll"nncr

?xa.-------

?x.a.-------

ex?____ MOO.

bx?--_....•

1h' phon In U1 trail In I le.·l an II' 11 g 0 I
mon pl1ol1C'lllorlcL. [3 inlUallzlnglhelrlphOlll'
model wll II the ' lllullopltone I 1 I I , th
mon phon bootstrap uaralllc, I hal U1 d ­
lull d lripl on rn d Is a . rain d I lhe prop r
claln (I. ., 111<: lllodcJ on" I' . 10 n ood 10 ul
maximum). In on Ie. I, til ITor ral cloubkcl
vh '11 \ olllill d th ~ l110nuplH 11. buut 'trop
phase of training 1321. Til Oat larl \Va L 0

found 10 b '. lip lior to [11 VII rbi slar! becaus
tb IIncar , IIgnm nt as,'ul1cd by tl1 VI rill
starll, not Do ural for continuo s sp eh.

The clin' 111 I" 'lillian sysl n rH"raLt~::; a
r' ognillon network fr III lh lrlpll I mo I Is,
th dlctlon;'!1 ,and on' Of a nllll p;ntl11TlHlr

( oy word an follow lilly olilC'r W I'd). Wh 11 U

word-Internal or WD F LJiphol1 I r'q II'
bill 110 round In the Ir;<llnecl phon -.. mod Is. n

mo I I . trapo[ul d. • 'In11 Iall n us a
\V 'I 'ht d 'lV 'ra~c of Irrlll I 'd tl'lplll n s of til

.... m monoJ hOlle Ins 10 lima Il:' Ill' pamme·
It~r ru un b rV'd Irlphon . TI .. n lw rk
I ar heel by a lim - nchrOI1Olls VII rill
IH:flrll s r h, The IJ 'Hill an:1t 156JI n
pl"un d-s areb HI rorllllm th::ll • mpul a
lllrc hold as some ('OIlsl::l111 «1) limcs lh
pI' b bllily til I Igll -pI' hahlllty sl I .
An s[al wUh pro, blllLt·s below Ih 1I I" h·

lei ' re pnlllt:d. in 'C '\I ral III II words call
som limesmat hal'r .\ orl.w a d duw I'd
Insprtioll p(,llHII lhal conlrol. the Irmle~nrr

] ween wonlln' rtiUll 'nul'S <llld word tlelcllo
lTnr,'. TJ cwoI'd cq1I n" rbest pH 111 from lhl~

:-;1 arti n 1,I.e ofthl' rH'1\ orl~ 10 .. lllll~ Lal I
til r' I IZl:d utpul.

?ya by?
.--_.- -- ---- --Me

Cas 2: Word has 2 phones: ab

?xa xax ax?.------..------..------.

?ya ay?.---_.-....-.:......::...-......------.
Case 3: Word has 1 phone: a

FIg r. Rocognlli IItlfll veJl/{ lapaloglo lorViold boundtJry
conI xl·depefld nl (WaCO) word mod Is

r::

0.3 P ':forman oj tit .
I..ill 'uln R!J l m,

Th Lit eoln C H r'lellls IHwe pro 'I'

1I r ugh m<lIlY Iir~ renl v'r ions II lh Ird vel­
IIplllel l. The r 1I0\Vtll~ I"hl(' • Ilnw~ 11 ~ \V k Y
r utl of' l 'nih l<.sl '<Ion lh HM [. ab ..
TIn'!> 'slcm. ::II' lanln c1ll1lhr t' \ ~1 ':': ~ (GOO

'nl II Pl'l' spealu:rJ, 51-72 172 'pcakcr:i
RRO lotnl sent 11 ). and 'I-J ( [109 P 1t

'I' , 3H90 In[al S 111('11(' ·s). 'I'll I SI r'sllIls af('

01 taln <I 11 the nUn' ~ 'I d wlOI ment t 5l
e.lIon: 12 .IW:lIl I'h, 1200 t 1 t ,In''s,

111 1J",'ol .. /~'''''I/I,wIJ JIII/Hwi. \'"huIlI':1 11111"'" I I/ur)[l)
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I ,242101 I word ,Th III lal word,pall' I.:ram,
lIIur Is used III 'Ill 1c',·ls. Th \ ord elTOI r,lll' I
d nn'd a II v:

For tber Reading

1 I III hi fram work to I lall1l11or than an
1'- f-n a 1nltud illlprov III nl I' 0111'

1J3.' Iill 'lern In robll '1 ( 'olal 't1- vorel r 'co ­
nlllnll, and slmil rimprov m nl \ I' I lain 'd
in speal 'r-d pendent and spt.'ak I'-illtl'p lid
nl nllnllo\l -spc It I' o~nlllon. Ilowe\/('r,

lIMM cI 11 l model rlahHI.<;p'rls r. p h­
Sll It w; ,'III rascglll 'nl.. 1 (Ion p;ml phenolll'
Illl-well. ParL of tit, ol1llnulll I hull 1l~ of

Illis rcscarrh j lo d~ pl IIMMs M nllfl new
frameworks that improve 11111' Ihilil 10 mod I
~lIld rc '0 'I ~(' human p c h.

ur prrfonmu C'c I' stili Illad 'qllalc n llr
('lilT nt 10 O-word \'0 nl ula lask, Ilow' cr,

ne .. I II' d ffr"'cognitilln 11m LillyI' q rror,
m<\I1('n an II rform taslt SW'('('SSflllly wil h I he:
urr \111 'wallalJl t ('hnolo", F r In lnn , \

IHI\' ~l lasl - tr s d D ' 'H (ll-mon,lmtion
\ Itll a p rpl 'xII' 7, 28-w nllun~llag' thllt hn .
~ ."cnl 11 rl'Ol't lc bel w 0, I ,and omlll r·
('Ial IIMM IW • hav, b n vi. 1.>1 rOl" v 1<11
, 'ur . \V Gnd oth '1'1' S '<In:II'f, nr' 'olllill JiI1~

to v rk on lll' Illrg '-vocabulnl' alltomallc
. P(;C h r gnlti n probl('IlI.

hOWI1

illsri/firms of

Thl' word ITOI' I'L I , lor III
III Ttl I 2.

Thl'1I01l-TM D Y 1'lIl' liS nc ~::nl' 'Iall I I'

WI and IIw non,TM • I ,}' 1t'IlIS \1St' vllliahl
unit'r ,au, Si;ll1 IIli~I'1l 'I Ir~, Th trms
J)rovld a fa tor of Iw J or Ihr 'C b 'lI<'r IwrfOi J11.

fInl" llJaI1 10 III Is' lem ,Till 1'< Llo Is
I' 'U nablc '1\1('1' II... 'I) ~"Iems llC'l'U III
III d 'Ion' I 'L k willi th 'I ' lel11 m\lst
In d'l 111,11)' • I (', kl'rs. '111t' ~I-I Of! s sl 'III.

p'rforlll b '(t'l Illt\l1 lh' corr p n lin: '1·72
" I III ,whl h Illdll'~lIt'~ Ihal \\II: nlll probn 1

do Iwll('1' it w h, \/(' slill l1Iore twining daili.
(Mol" dala wOllld pl'nhahly also illli rov' our
o ~ 'si III p I'lorman .' 1'1 '( M perrOI"

IIlnn 1l1l1ll1H'rs an' ('UllII Ill'nMlrall' \ lib lh
I '=:.l of 111 'DARP .' 'I III . Ilow('v 'r, lh '
1 tlles y. I C'\11' lin:. a 12% :.t:J11 'II ' Cllor
r; Il', \ IllclI dl'<lrI' lIna ('{'plabl 111 1I1i1l1)'

('11\/11'(1\11 n('nlS

Table 2. Training Conditions

Syslem SO 51·72 1·109

Non,TMWa F - 12.9% 10.1%
on, waco 3,0% - -

TM waco 1.7% 7.2%' 58%'

, Includes a second dillerenilal observalion Siream

Conclusio

I 'al slrld '-In "pl' 'l'h r c nlll Illwvc'!JcTIl
Iliad 1>' lIsln f hltltlt'll :1<lrkov 11111 leI::. 11 •
III d b !JW"illl' a II' iI 1'bill rl~ roll slod msllt'
fl;mlt'\\I( rlt 1\1 wi tll'I I III !Jllild 0111 sy'l'Il1 III
"rill i n, til' fr III \\(lrk prO\'(clt'<, ,I '01111'"1:1'

((ollally I'Ilklr'lIlllltlllf/lg HI fOl'illllll 111' 'lIm,lt
Ill~ til(' par m 'leI': 1 Ilr 1110 I Is. \ 'W('l"(' allk

Acknow d ments

k 11m 1l' I~ •1h( t:unlrl
I l'Ulltll .11'11, Hi har I Lippmann,

<lnd Ed\ .. I'd rUn I 111(' (1l'wlopllll:lll f \11'
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