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Chln-Hul Lee During the past several years, research in large-vocabulary speech recogni­
Jean-Luc Gauvaln tion has been intensively carried outworldwide, encouraged byadvances in

Roberto Pieraccini algorithms, architecture, and hardware. In the United States, thedefense
Lawrence R. Rabiner advanced-research projects agency (DARPA) spoken-language-processing

community has focused itsefforts onstudying several systems. These
include the 991-word naval resource management (RM) speech-recognition
task, the open-vocabulary, spontaneous-speech, air-travel information sys­
tem (ATIS) speech-understanding task, and the 20,OOo-word Wall Street
Journal (WSJ) dictation task. Although researchers have learned a greatdeal
about how to build and efficiently implement large-vocabulary speech­
recognition systems, many fundamental questions remain, for which there
are no definitive answers. This paper focuses onthe basic structure ofa
large-vocabulary speech-recognition system, considerations inchoosing a
set ofsubword units, method of"training," integration ofa language model,
and implementation ofa complete system. The paper also reports on some
recent results, obtained atAT&T Bell Laboratories, onthe DARPA RM task.
Introduction

In the past few years,a significant
portion of speech-recognition research
has been devoted to studyingthe problems
ofbuilding and implementing a large­
vocabulary, continuous, speech-recognition
system. For the most part,DARPA has been
responsible for stimulating this effort,
and it has funded research on three large­
vocabulary recognition (LVR) tasks-namely,
the naval RM taskI, the ATIS task2,3, and the
WSJ4task. In addition, there is worldwide
interest in large-vocabulary speech recogni­
tion.This is due to potential applications in
voice data-base access and management,
voice dictation'', and limited-domain spoken­
language translation".

InJapan, large-vocabulary speech­
recognition systems are mostly developed
aroundthe conceptof interpreting tele­
phony.7,8 In Europe, the Philips SPIcas sys­
tern", the CSELT system10, and the LIMSI
effort II are examples ofcurrent activity in
large-vocabulary speech-recognition research.

In Canada, the most notable LVR project is
the INRS 86,000 isolated-word recognition sys­
tern." In the United States, in addition to LVR
research at AT&TI3, 14 and IBM5 (IBM is a
registered trademarkofInternational Busi­
ness Machines Corp.), most LVR effort is
sponsoredby DARPA. Projects include the
Bolt, Beranekand Newman BYBLOS system15,
the Carnegie Mellon University SPHINX sys­
tem16, the Dragon WSJ system17 , the Lincoln
Lab Tied-Mixture system18, the Massa­
chusetts InstituteofTechnology Summit sys­
tem19, and the Stanford Research Institute
DECIPHER system-",

Although someofthe systemshave
been "trained" to individual speakersv-" ,
mostcurrent large-vocabulary speech­
recognition systemshavethe goalofcontinu­
ous speech recognition offluent input byany
individual (speaker-independent systems).

The conventional approach to large­
vocabulary speech recognition is basically
one ofstatistical pattern recognition. The fun­
damental speech unitsuse phonetic labels,
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Panel 1. Abbreviations, Acronyms, and Tenns

Alls-air-travel information system
cepstrum-Fourier transform ofthe logspectrum ofa

signal
DARPA-defense advanced-research project agency
FSN-finite-state network
grammar-the set ofrulesgoverning word order in a

sentence
HMM-hidden Markov model, a statistical modeling

technique
LVR-Iarge-vocabulary recognition
mel-frequency scale--a psychological scaleofper­

ceived tonal frequencies
NG-no grammar
phoneme-one ofthe set ofthe smallest unitsof

speechthat distinguish one utterance or word
from another

PLU-phone-like unit, an acoustic description ofa
linguistically basedunit, as represented in words
occurring ina given "training" set

prosody--elements ofmeaning that are conveyed by
features, suchas stress andpitch, that spanboun­
dariesofsoundsegments. Forexample, in the
word ''window,'' the soundsegmentscomprise
/w/I/n/d/o/. The prosodic feature ofstress is
presentacrossthe firstthree segments.

RM-resourcemanagement, used in conjunction with
the 991-word naval speech-recognition task

scalar-a quantity, suchas time, completely specified
by a numberon an appropriate scale

semantics-a set oftask-dependent rules that help
determine the optimal sequence ofwordsina sen­
tence

subword unit-a unitsmaller thana word, suchas a
phoneme

task-a speech-recognition problem or application
"training"-ereation ofspeechmodels, which are suit­

ableforuse ina recognition system

but are modeled acoustically, basedon a lexical descrip­
tion ofwords ina vocabulary. Ingeneral, no assumption
is made, a Priori, aboutthe mapping between acoustic
measurements andsubword linguistic units, suchas

26 AT&TTECHNICALJOURNAL. SEPTEMBER/OCTOBER 1993

phonemes. A system learnsthismapping entirely by
meansofa finite, labeled, "training" set ofutterances.
The resulting speechunits, which are known as phone­
like units (PLUs), are essentially acoustic descriptions of
linguistically basedunits, as represented inthe words
occurring in the given "training" set.This pattern­
recognition approach offers the potential ofmodeling
virtually allwords andword sequences ina language,
because the set ofPLUs is usually chosen anddesigned to
cover allphonetic labels ofa particular language, and
words ina language can usually be pronounced based on
this set offundamental speechunits.

This subword-based modeling approach has two
important advantages. First, it facilitates design offlexi­
blevocabulary applications. Anapplication's vocabulary
canbe reconfigured dynamically according to specific
requirements, because all the words canbe modeled
approximately bya set offundamental speech units. Sec­
ond,subword-based modeling easesthe collection diffi­
culty ofapplication-specific "training" data. Incontrast to
whole-word-based modeling, which requires "training"
datacontaining a largenumberofoccurrences forall
vocabulary words ina particular application, the
subword-based approach allows modeling ofvocabulary
words incaseswhere some--ifnotall-of the words do
notappear in "training" dataeven once.

Although a great dealhas beenlearned about
how to build large-vocabulary speech-recognition sys­
tems, andhow to implement themefficiently, there
remains a whole rangeoffundamental questions for
which there are no definitive answers. Forexample, the
best ways to build and"train" fundamental subword
units, from which word models are created, are notyet
known. The best way to impose language constraints on
a recognizer-to utilize allavailable knowledge-in the
mostcomputationally efficient manner, is also notyet
known. The best way to implement a recognition system
to maximize the probability ofrecognizing a spoken
string-while minimizing the computation forstring
comparison-and searching through the recognition net­
work, is notwell understood. Ways to integrate supra­
segmental information, suchas prosody andduration, into
existing recognition systems, which rely mainly on
frame-level spectral information, are not understood.
Ways to extractrobust (relatively insensitive) features,
so that recognition systems are lessvulnerable to acous­
ticmismatch problems caused bytalkers, transducers,
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Figure 1. Block
diagram of the con­
tinuous speech recog­
nizer. The system
consists of three
main components:
feature (or spectral)
analysis, word-level
acoustic matching,
and sentenc.level
language matching.

channels, and speakingenvironments, are notyet
known. Satisfactory solutions to portability problems, so
that knowledge sources needed forcreating newapplica­
tionscan be efficiently acquired, are also notyet under­
stood. Mostexistingsystems require acquisition of large
amounts ofapplication-specific acoustic and language
"training" data to buildapplication-specific systems.
These requirementsoften limit development and perfor-
mance ofcross-domain applications. .

Even though there is stilla number ofunre­
solved issues, the research community has madesignifi­
cantadvances in large-vocabulary speech-recognition
technology overthe last few years. In the following sec­
tions, one particular version ofa subword-based speech­
recognition systemis discussedin more detail. Also dis­
cussed is the current understanding abouteach system
component, and where active research is attempting to
learnthe best way to implement the systemcomponent.
Additionally, some recent results are presented on per­
formance ofthe DARPA RM task,based on usingso-called
task-independent (orvocabulary-independent) unitsand
adaptive "training" methods.

sasellne Speech-Recognltlon System
Ablockdiagram ofa large-vocabulary, continu­

ous,speech-recognition system, developed at AT&T Bell
Laboratories, is shownin Figure 1.The systemconsists
ofthree maincomponents: feature (or spectral) analysis,
word-level acoustic matching, and sentence-level

language matching. Feature analysis provides the acous­
tic feature vectorsused to characterize the spectral prOIT
erties ofa time-varying speech signal. Word-level acous­
tic matching evaluates the similarity between the input­
feature vectorsequence (corresponding to the input
speech),and a set ofacoustic word models, to determine
whatwordswere most likely spoken. Sentence-level
matching uses a language model (based on a set ofsyn­
tactic and semanticrules) to determine the mostlikely
wordsequencecorresponding to a valid sentence in the
task language.

Fe."e Analy.... The purposeof this component
is to compute a set ofspectralvectors, overtime, that
contain the relevant information-for recognition pur­
poses-about the sounds within the utterance. Although
there is no consensusas to whatconstitutes the optimal
spectralanalysis, there are generally several aspectsof
the analysis that are common to mostspeech-recognition
systems. Mostsystemsuse linearpredictive coding
(LPC) spectralanalysis methods, based on fixed-size
frames (forexample, every1o-ms interval an analysis ofa
fixed frame of30ms ofsignalis performed). Typically,
the LPC analysis provides a set ofcepstral (Fourier trans­
form ofthe log spectrum) coefficients for the frame.
Sometimes, non-uniform frequency scalesare used,giv­
ing the so-called mel-frequency scale cepstralcoeffi­
cients.22 (Themel-frequency scale is a psychologically
basedfrequency scale, which is quasi-linear until about
1kHz and quasi-logarithmic above 1kHz.) The rationale
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Table I. The 47 Context-Independent PLUs.

Number Symbol Word Number Symbol Word Number Symbol Word

1 h# silence 17 er bird 33 p pop
2 aa father 18 ey bait 34 r red
3 ae bat 19 f fief 35 s sis
4 ah butt 20 g gag 36 sh shoe
5 ao bought 21 hh hag 37 t tot
6 aw bough 22 ih bit 38 th thief
7 ax again 23 ix roses 39 uh book
8 axr diner 24 iy beat 40 uw boot
9 ay bite 25 jh judge 41 v very

10 b bob 26 k kick 42 w wet
11 ch church 27 I led 43 y yet
12 d dad 28 m mom 44 z zoo
13 dh they 29 n no 45 zh measure
14 eh bet 30 ng sing 46 dx butter
15 el bottle 31 ow boat 47 nx center
16 en button 32 oy boy

is that, because the human ear perceives frequencies on
a non-uniform scale, it is desirableto represent the spec­
tral information ofsounds on the same perceptual scale.
In the last few years, the spectralfeature set for each
frame has been extendedto include dynamic information
aboutderivatives (firstand secondorder) of the cepstral
vector, as well as static information about the cep-
strum.23- 26 Also, scalars representingframe energy and
its derivatives are often used as part ofthe representa­
tionforeach frame. For the systemdiscussed in this
paper,each 3O-ms duration ofspeech (at an 8-kHz sam­
plingrate) wasanalyzed 100 timesa second (lo-ms
shift). This givesa spectralvectorwith 12cepstral
coefficients (ona uniform frequency scale), 12first-order
cepstralderivatives, 12second-order cepstralderivatives,
and first-order and second-order logenergy derivatives.
Hence, a spectralvectorwith 38components wascreated
every10ms throughout the signal. 27

WonH.eve' Acoustic Matching. The basicelement
of this component is the set ofsubword modelsand the
lexicon, as shown in Figure 1.Subword models are the
representations ofthe fundamental speech units used as
building blocksfor words, phrases, and sentences.A
great dealof research in large-vocabulary speech recog­
nition has gone intodefining these subword units in such
a way that:
- They can be easily "trained" from finite "training" sets

ofspeech material,
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- They are robust (relatively insensitive) to natural
variations in accents, word pronunciations, and test
materials, and

- They provide high recognition accuracy for the
requiredspeech task.

To date, no one has defined the ideal set ofsub­
wordunits. However, a great dealofthoughthas gone
intodeciding whatthe real issues are in defining, model­
ing,and usingvarious alternatives for subword units.

Perhaps the simplest set ofsubword units, and
one which is widely used, is the set ofbasicphonemes of
a given language. Although there is nocomplete agree­
mentas to whatsounds are part ofthis basicset--even
for English-Table I showsone representative set of47
such phonemes, with typical wordsin which the phon­
emes appear. These basicunits,when"trained" from real
speech material, are called context-independent phone­
likeunits (CI-PLUS). This is because the sounds are repre­
sented independently ofthe linguistic contextin which
they occur,and because the spectralproperties ofthe
sounds are "learned" from a "training" set, rather than
postulated on the basis oflinguistic unitfeatures.

In contrast to the 47CI-PLUs ofTableI, onecould
considersubword units that are contextdependent (CD).
For example, two separateunitscould be defined, one
for the sound lael whenprecededby IfI and followed
by ItI (as infat) , and the other whenprecededby Ibl
and followed by ItI (as in bat). In theory, there could be



Subword unit

----

Figure 2. Although many variants exist, perhaps the sim­
plest way subword units are modeled Is as a left-to-r1ght
HMM. Each unit Is represented by a simple, flrst-order, left­
to-right HMMhaving N states, Sl' S2' ..•, SN' with only seN
and forward transitions.

asmany as 473 CD-PLUs whenconsidering allpreceding
andfollowing sounds. In practice, there are about10,000
suchpossibilities-significantly less than the 100,000­
plus countof473, but substantially more than the 47CI­
PLU ofTableI. SuchCD-PLUs havebeen extensively used
for large-vocabulary speechrecognition.I-" Fora given
LVR task,practical methodsare generally used to restrict
the numberofunitsto something on the order of1,000
to2,000. 13 The numberofCD-PLUs requiredto achieve
good performance dependson the vocabulary ofa par­
ticular application and the speechmaterial used in the
"training" set

The secondbasicelementofthe word-level
acoustic matching component is the lexicon, which pro­
vides a linguistic description ofthe wordsin the task
vocabulary, in terms ofthe basicset ofsubword units.
Among the issues increatinga suitable word lexicon is
the base (orstandard) pronunciation ofeach word, as
well as the numberofalternative pronunciations provided
for eachword. The base pronunciation is the equivalent,
in some sense, ofa pronunciation guide to the word. The
number ofalternative pronunciations is a measureof
word variability acrossdifferent regional accents and
speaker populations. Although there havebeen some
very interesting experiments basedon multiple-word­
pronunciation lexicons-" , most large-vocabulary speech­
recognition systemsrelyon a lexicon having only a single
pronunciation foreach word. This canonical representa­
tion ofeach word mustbe consistent with the subword
units. Therefore, the representation's form changesas dif­
ferent sets ofCD or CI subword unitsare used.Also, for
function words, such as "the,""and," and "to," it is well

known that there is no ideal canonical or standard pro­
nunciation. Asingle representation forsuch function
words will invariantly leadto somerecognition problems.

The word-model composition partofthe word­
level acoustic matching component is simply the process
ofretrieving the word pronunciation from the lexicon,
determining the appropriate subword unitsthat make up
the word, and then concatenating these subword units to
createindividual word models. These are then matched
against the spectral vectors ofthe input speechsignal.
To understand howsuch matching takesplace, the pro­
cesses ofhowsubword unitsare modeled, and how the
models are "trained" from finite "training" sets of
speech, mustbe discussed.

Subword unit models. Akeyto the successofmod­
em speech-recognition systems is the use ofstatistical
modeling techniques (for example, hidden Markov mod­
els [HMMs]) to representbasic subword units. 3D Although
many variants exist, perhapsthe simplest way subword
unitsare modeled is as a left-to-right HMM ofthe type
shown in Figure 2. In this case,each unit is represented
bya simple, first-order, left-to-right HMM having N states,
S1, S2, ... , SN, with only selfandforward transitions.

Within eachstate ofthe model, there is an
observation-probability density function. Thisfunction
specifies the likelihood (probability) ofa spectral vector
from the speechsignal occurring within the model state.
This observation density canbe eithera discrete density
(implying the use ofa common codebookto quantize
the input spectral vector-"). a continuous density13, or
evenwhatis called a semi-continuous density!' , or a
tied-mixture density-", which is a codebookofcontinu­
ous densities whose weights are chosenaccording to
model state.Although continuous-density modeling usu­
ally provides the highestperformance recognition sys­
tems, it requiresthe mostcomputation to implement.
Performance obtained with discrete or semi-continuous
densities is often comparable to-or only slightly lower
than-perfonnance obtained with continuous densities,
often at significantly reduced computation rates.

Forcontinuous-density modeling, the baseline
systeminthis studyuses bothan observation-probability
density function (for each state), represented bya
weighted sum ofM multivariate Gaussian density func­
tionswith a diagonal covariance matrix, andan energy
histogram representing the logprobability ofobserving a
frame with a given logenergy. All subword-unit models
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are three-state, left-to-right models with no state skip. An
exception is the model for silence, which has only one
state.Furthermore, no transition probabilities are used,
and selftransitions andforward transitions from a state
are assumed to be equally likely.

"Training" subword unit models. This processcon­
sists ofestimating HMM parameters from a "training" set
ofcontinuous-speech utterances, whereallrelevant sub­
word unitsare known to occursufficiently often. The
"training" problem is anotherkeyaspectofthe system,
becausethe way inwhich "training" is performed greatly
affects overall recognition-system performance.

The first issue to noteis "training" set size. Opti­
mal "training" set sizeis infinity-that is, the more"train­
ing" material used, the higher the reliability ofthe result­
ingspeechmodels. Afinite-size "training" set mustbe
used,becauseinfinite-size "training" sets are impossible
to obtain (and computationally unmanageable). This
implies that somesubword unitswill occurmuchless fre­
quently than others (at least this will be the case inany
natural recording). Therefore, a tradeoff existsbetween
usingfewer subword units (with better coverage ofindi­
vidual units, but poorerresolution as to linguistic con­
text),and moresubword units (with poorercoverage of
the infrequently occurring units, but improved resolution
oflinguistic context).

Asecondissue is the choice of"training" mate­
rial. Fora given amount of"training" material, the best
coverage is obtained whenoccurrence statistics ofthe
"training"-set units match those ofthe recognition task.
That is, the "training"-set sentencesshould comefrom
the samelinguistic material as the recognition task
(same vocabulary and samelanguage model). However,
in such a case,the universality ofthe resulting speech
models is poor; the same models may perform poorly on
a totally different recognition task because ofpoorcover­
age ofsubword unitsfor the newtask.Asa result, two
typesof"training" wereused:
- Task-dependent (TD) "training," which attempts to

maximize performance fora given task,and
- Task-independent (TI) "training," which maximizes

performance foranytask.
Mostsystemsuse TD"training." However, results

ofboth "training" typesare presentedin this paper.
An alternative to usinga large"training" set is to

use someinitial set ofsubword-unit models and adapt
them overtime (with new"training" material, possibly
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derived from actual test utterances) to the speakerand
environment. Suchmethods ofadaptive "training" are
reasonable fornewtasks, speakers, vocabularies, or envi­
ronments, and are shown to be an effective way of"boot­
strapping" (building upfrom an arbitrary initial set) a
goodset ofspecific (adaptive) models from a moregen­
eral set ofmodels (speaker-independent and task­
independent models).

sentenc.Leve' Lan.....e Mlltchlng. This compo­
nent uses the constraints imposed bya grammar (aset of
syntactic rulesonwhich words are allowed ingiven con­
texts) and a set ofsemantic rules (which eliminate mean­
ingless sentences) to determine the optimal sentence in
the language-that is, the best word sequence, consis­
tentwith the grammarand semantics, which matches
the input speech. The set ofsemantic and syntactic rules
is usually specified by task requirements.

Anumberofdifferent forms forthe grammar
has been proposed. These include context-free grammar,
N-gram word probabilities, andword pair. Still, a simple
grammaris assumed to exist, which canbe represented
as a finite-state network (FSN). Thisway, it is relatively
straightforward to implement the grammar directly
within the word-level acoustic matching component. In
particular, forthe DARPA RM task (991 words), eithera
word-pair (wp) grammar, which specifies explicitly-for
eachword in the vocabulary-what words are allowed to
follow a vocabulary word, or a no-grammar (NG) gram­
mar, in which it is assumedthat every word in the vocab­
ulary canfollow everyother word, has been used. The
perplexities (average word-branching factor) ofthese
two grammars are 60forthe WPcaseand991 forthe NG
case.Thus, on average, there are about60possibilities
following each word in the WPgrammar, and991 in the
NGgrammar.

The WP and NG grammarFSNs canproduce any
valid sentence in the task language. Unfortunately, they
alsocanproduce a largenumberofsentences that are
notvalid in the task language. The sentence S: "and and
and," isvalid forthe NG network, but it is notvalid forthe
RM task. Overcoverage (the ratio ofsentences generated
bythe FSN to sentencesvalid in the task language) of
FSNs is often extremely large. This is a negative feature
ofusingthese simple networks as the grammar network.
Onthe other hand,usinga full grammar (thatis, noover­
coverage) generally demands morecomputation to solve
forthe recognized sentence.
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Figure 3. Average word and sentence accuracy rates versus
the number of Gaussian mixture components, per state,
using cr/re units for the WPand NG grammars.

Oneway to compensate for the overcoverage of
the FSN grammarimplementations is to use a semantic
processor to detectandcorrect invalid sentences. In a
sense, the semantic processorexploits the fact that the
syntax used in recognition has a great dealofovercover­
age, allowing meaningless sentencesto be passedon to
the semantic verifier. The semantic processorcan use
the actual task perplexity (generally, muchlower than
the perplexity ofthe artificial syntax network) to convert
the recognized output to a semantically valid string. 33 In
theory, the semantic processorshould be able to com­
municate backto the recognizer to requesta newstring,
whenever the resulting stringfrom the syntactic FSN is
invalid. In practice, one oftwo simple strategiescan be
used: either the recognizer cangeneratea listofthe
bestN sentences (N = 500- 1,000) that the semantic
processor can search until a semantically valid stringis
found; or, it canassumethat the best (recognized)
stringis semantically closeto the correct stringand,
therefore, process it appropriately to determine a
semantically valid approximation.

Experimenta. Results
The DARPA naval RM task is a data-base access

and retrieval taskbased on information aboutbattleships
throughout the world. Aspreviously mentioned, the task
vocabulary contains 991 words; the language perplexity
isaboutnine (that is,considerably less than that ofthe
WP or the NG FSNS). There is a "training" set (referred to
as 51-109) consisting of3,990 read sentencesfrom 109
speakers (30 to 40sentencesper speaker). Fourdifferent
setsoftest datawereused,containing a total of 1,380
utterances from 34new speakers, to evaluate the
system's performance.

The recognizer wasset upas a large FSN, with
about 20,000 HMM states and word-junction nodesto
keep track ofat each frame ofthe input. To reducecom­
putation, a frame synchronous-beam search algorithm
was used13.:~4 inwhich the best accumulated likelihood
score, L *, wasdetermined at eachframe. Basedon the
beam width delta (d), allnodeswhoseaccumulated like­
lihood wasless than (L *- d) wereeliminated from a list
ofactive nodes (that is, these pathswereno longerfol­
lowed). To prevent an excessive numberofshort­
function-word insertions, a word-insertion penalty was
used in the decoding algorithm at the end ofeach word
arc. By adjusting the value ofthe word-insertion penalty,

the rate ofword insertion (and word deletion) could be
controlled. Appropriate values ofthe word-insertion
penalty weredetermined experimentally.

CI and TD Unit•• The set of47CIunitswas
"trained" from the 3,990 "training" sentencesofthe 51­
109 "training" set forthe DARPA task. Therefore, these
unitsare TD units. HMMs werebuiltwith continuous mix­
ture densities with up to 256 Gaussian mixture compo­
nentsper state.Recognition tests werethen performed,
usingallfourindependent test sets,with boththe WPand
NG grammarsand nosemantic processing. The resultsof
these baseline tests, in terms ofword andsentence accu­
racy, are summarized in Figure 3.For the WPsyntax, the
average word accuracy rate foronemixture (single
Gaussian) per state is 47.5 percent; for256 mixtures per
state, the average word accuracy rate is 91.7 percent. For
NG syntax, the average word accuracy rate forone mix­
ture per state is 23.8 percent; for256 mixtures per state,
the average word accuracy rate is 69.3 percent. Choice of
an appropriate model (the numberofmixture compo­
nents) dependson the application requirements, suchas
the recognition accuracy, the computation demand, and
the systemarchitecture. Although performance
improves as the numberofmixture components per
state increases, a goodcompromise is the 32-mixture
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Table II. Word Accuracies Using CIjTI Units.

Maximum Number of Average
Gaussian Mixtures Per State Grammar Word Accuracy (%)

model, which achieves closeto a 9O-percent word accu­
racy rate for the WI' grammar, and yet does not impose
severecomputational requirements for mostexisting
hardware implementations.

CI and TI Unit.. The same set of47CI unitswas
"trained" from a set of 10,000 general English sentences,
which were totally unrelated to the RM task (different
vocabulary, different syntax, and so on).These sentences
were recorded at CMU and provided to AT&T by the
CMU speechgroup. This set is referred to as the GE­
10,000 "training" set ("GE" refers to "generalEnglish").
Tests were run usingHMMs with up to 64and 256 Gaus­
sianmixture components per state.Test resultsare
shown inTableII.

Acomparison of the results inTable IIwith
those in Figure3 reveals that the word accuracy rate
falls from about92 percent, with TO units,to about
83percentwith TI units, for the WPcase. It falls from
about69percentwith TO units, to 56percentwith TI
units, for the NG case,whenusingmodels with a maxi­
mumof256 Gaussian mixture components per state.As
a result, there is a significant lossofperformance­
evenfor the case of47CIunits. One reason for this per­
formance loss is the word-to-context mismatch, as dis­
cussed previously.

Another reason is that it is considerably more
difficult to define linguistic contentofthe GE-1O,OOO sen­
tence"training" set, becauseofthe sentencegenerality.
For "training," a set of isolated word pronunciations for
wordsin the 10,OOO-sentence "training" set wasused. For
many sentences, if not most, this formal pronunciation is
grosslyinadequate. This wasnot a problem forsen­
tences from the RM task, however.as mostpronuncia­
tions (especially with real speech) closely followed iso­
latedwordpronunciations in the lexicon. Attempts to
modify the word pronunciations, based on rules appro­
priate fora speech synthesizer, were made. However,

64
256

64
256

WI'
WI'

NG
NG

82.5
83.1

54.7
56.3

the modifications did notyield anyperformance improve­
ment in the recognition tests.

CDand TD Unit.. Based on the DARPA RM "train­
ing" set, several sets ofsubword unitsthat werecontext
dependent werecreated. The criterion forincluding a CD
unitwasthat it occurredsufficiently often in a "training"
set that a reliable model could be designed. It wasfound,
experimentally, that thresholdsfrom 20to 30were
required. co-unitsets weredesigned, basedon both
intraword and interword units. In the case ofusingSI-109
"training" sentences, a thresholdof30resulted in a set of
1,769 intraword and interword units. The word accuracy
rates on the test data,obtained usinga pairofmodels for
a CD unitset-one for female speakersandone formale
speakers-were 96.0 percentand 80.6 percent, usingthe
WP and NG grammars, respectively.

Word accuracy improves significantly using
CDITO units, when unitsfor modeling interword co­
articulation are incorporated. Onereasonfor this is that
interword unitsare implicitly providing extragrammati­
cal information, effectively lowering the perplexity of the
language model, therebyimproving performance.
Gender-dependent models ofsubword unitsalsoprovide
significant improvement in word accuracy, becausethe
models are designed to copewith the acoustic difference
that is inherentin the speech signal between female and
male speakers.

CDjTI Units. Using the GE-1O,OOO sentence"train­
ing" set, several sets ofsubword units that were context
dependent werecreated, in a mannersimilar to that used
forTO units. However, only intraword unitswereconsid­
ered. Amajor problem associated with creating CD/TI
units is that many ofthe unitsdo notoccurevenoncein
the RM task vocabulary. Whenever "training" datais used
to create a CO/TI unit that is not used in the RM task,the
sizeofthe relevant "training" set is essentially reduced.
To partially alleviate this problem, it is possible to post­
processthe set ofCO/TI units, to remove all such units
that do notoccur in the RM task,and to reassign those
units to the equivalent CIITIunit. 35 In this manner, all of
the "training" data is used to create the CD/TI units.

Thresholdsof75and 100 occurrences ofeach
unitwerefound to provide the best recognition perfor­
mance forthis task. Using a set of1,418 units, average
word accuracy rates foralltestingdatawere87.3 percent
for the WP grammarand 61.9 percentfor the NG gram­
mar.The improvement in performance is about4.2
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Figure 4. Word accuracy rates versus number of "training"
sentences, based on adaptive "training" for different Initial
subword-unlt models.

Numberof training sentences

A SA(CO/TD units, male/female models)
• SA(CO/TO units, single model)
• SA(CI/TOunits, male/female models)
C SA(CI/TDunits, single model)
o SO(CI/TOunits)

'E
~ 70

"training" sentenceswere used. Differences inword
accuracy rates, resulting from single models and
male/female models, weresmall, but not insignificant
forshort adaptation sets.

Word error rates for models 3 and 4, inwhich
CD/TOunitswere used,weresignificantly lower than
those obtained usingonly CIITO units. Again, both of
the models converged to a 98.5-percent word accuracy
rate whenall600 "training" sentenceswereused for
adaptation.

Summary
This paperdescribesa systemforlarge­

vocabulary, continuous speech recognition, and dis­
cusses the key issues in designand implementation of
the system. Research has shown that the choice and
method of"training" ofbasicsubword unitsare critical,
and that a wide range ofoptions exists. Results werepre­
sentedcomparing the use ofCIand CD units, basedon
their frequencies ofoccurrence in the "training" data.
Two methodsofparameterestimation werediscussed­
namely, the standardmaximum likelihood and adaptive
training methods. Eachchoice ofsubword units, in com­
bination with each method ofparameter estimation, has
distinct advantages and disadvantages, and there is no

percent (25-percent reduction in error rate) for the WP
case, and 5.3 percent (l2-percent reduction in error rate)
for the NG case, as compared to results usingthe CIITI
units inTableII.

Spe.ker Adepbltlon (SA). Perhapsthe ultimate way
tocreate ("train") subword units is to adaptthem to the
task, to the speaking environment, and to the speaker. In
caseswherean individual speaker is ableto provide
sufficient "training," this typeofsubword-unit learning is
capable ofgeneratingthe highest performance scores.

One way to accomplish speakeradaptation is
throughBayesian learning, in which an initial set ofseed
models (for example, SImodels) is combined with
speaker-specific adaptation datato adjustthe model
parameters. The result is that the set ofsubword models
matches well with the acoustic properties ofthe adapta­
tion data. This learning schemehas been proposed.v-"
Itwasused on the RM task-based on the separate
"training" set of600 sentences (about 30 minutes of
"training" material) by each of 12 speakers,with an inde­
pendent test set of25sentencesby each of the same
speakers. Five initial sets ofmodels were used, and the
sets were "trained" from the SI-109 "training" set, which
included:
1. Asingleset ofCIITOmodels with 47subword units,
2. Apairofgender-dependent CI/TO models, each with

47 subword units,
3. Asingle set ofCD/TO models, with 1,769 subword

units,
4. Apairofgender-dependent CD/TO models, each with

1,769 subword units, and
5. Asingleset ofCIITOmodels, "trained" entirely on

speaker-dependent sentences.
For each of these models, adaptation (or initial

learning in the case ofthe fifth model) wasperformed
using 40and 80sentences (models 4 and 5), 100 sen­
tences (models 1 through 3),150 sentences (models 4
and5), 300 sentences (models 4 and 5), and 600 sen­
tences. For each adapted model, word accuracy rates on
the independent test set were measured. The results are
shown in Figure4. For models1,2, and 5,where47
CIITO unitswereused, the adapted models allconverged
toa 96.5-percent word accuracy rate whenall600 "train­
ing" sentenceswere used in the adaptation. Model 5,
which did not use an initial, well-trained model, con­
verged at the fastest rate, and had a wordaccuracy rate
significantly lower than models 1and 2 until all600
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Table III. Word Accuracies (%) Summary.

Grammar

WP
NG

CI(fD(%)

91.7
69.3

Cltn(%)

83.1
56.3

CO(fD(%)

96.0
80.6

COtn(%)

87.3
61.9

ideal or optimal set ofunits. Instead, one mustconsider a
wide rangeofpossibilities.

Different ways ofincorporating context and task
dependency inacoustic modeling have been explored.
The conclusion is that task-recognition accuracy canbe
increased-when context dependency is properly
incorporated-to reducethe acoustic variability ofthe
speechunitsto be modeled. It wasshown that counits
provide better recognition performance than CIunits.
Thiswasbecauseinterword unitstake intoaccount
cross-word co-articulation, and, therefore, provide more
accurate modeling ofspeechunitsthan intraword units
influently spoken, continuous speech.

Similarly, acoustic variability ofspeechunitscan
be reduced furtherwhen gender dependency is consid­
ered in the design ofthe acoustic models for the set of
speechunits. Gender-dependent models usually give bet­
ter performance thangender-independent models, but at
a slightly highercomputational cost. It wasalsoshown
that,fora given task,speech-unit models-based onTD
"training" data-always outperform models "trained"
with TI "training" data. Acomparison ofperformance for
speaker-independent recognition ofthe DARPA RM task is
shown inTableIII. The word accuracy rates are based
on testing1,380 utterancesfrom 34newspeakersnot
contained in the "training" set.

Mostofthe resultspresentedin this paperwere
obtained with the RM task usingthe WPand the NG cover­
inggrammars. Experiments with the lower-perplexity,
full grammarwereconducted byperforming speech
recognition, first with a covering grammar, then using
a semantic post-processor'", to correctobvious word
errors. Byincorporating a simple set ofsemantic and
syntactic rulesfor the RM task in this two-pass recogni­
tion, a word accuracy rate ofover99percent, and a 92­
percentstringaccuracy rate on a random subsetof300
testingutterances, wereachieved. In addition to the RM
task, many other subword-based studieshave been car­
riedout. Forexample, the samesubword-based
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approach has beenapplied to the problem ofconnected­
digitrecognition with veryhigh performance on the TI
connected-digit database" The ATIS speech­
understanding task was alsoimplemented-with a word
accuracy rate ofcloseto 90percent39-for recognition of
spontaneously spoken utterances. Subword models have
been used to derive a spoken lexicon forlarge­
vocabulary, isolated word recognition.28•4o Finally, the
samesubword-based approach has also been applied to
speakerverification, to enhance the flexibility of
verification systems.41

The problems oflarge-vocabulary, continuous
speechrecognition are farfrom solved. Key issues
include the need to eliminate specification ofa finite task
vocabulary anda rigid tasksyntax. Asa result, modem
systems attempt to use natural-language queries (speech
input), with essentially unlimited vocabulary andsyntax.
This type ofsystemsuggestsimplementation ofan
entirely different process with a completely newset of
problems associated with unknown words, non­
grammatical constructions, extraneous speech, and so
on. In addition, the traditional problems associated with
noisy environments, speakervariability, transmission
systemvariability, andother issuesremain-along with
the needto improve the acoustic front-end signal pro­
cessing, and to provide efficient searchstrategies for
largetask networks.
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