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Dynamic programming (DP) is a mathematical pro­
gramming technique for solving certain sequential
optimization problems. In thispaper, we focus our
discussion on DP applications in the areas ofspeech
and language processing. Because ofthe sequential
nature ofspeech and language events, most applica­
tions can generally be formulated as a sequential
decision process. DP can then be used to obtain the
solution to these processes bydecomposing them
into a series ofsmaller local problems and solving
them sequentially. It is impossible to give adequate
treatment to each such application in thispaper. In­
stead, we briefly illustrate the basic way in which DP
techniques have been applied to several key areas of
speech and language research in the Information
Principles Research Laboratory. The applications dis­
cussed in this paper include speaker verification,
speech recognition, speech synthesis, speech analy­
sis, speech modeling, speech enhancement, speech
segmentation, speech coding, speech transmission,
language modeling, and natural language processing.
These applications have been proven successful in
enhancing human-machine communications.
Introduction

Dynamic programming (DP) is a mathematical programming
technique for solving certain optimization problems. Since its introduc­
tionin the 1950s byBellman,' DPhas been successfully applied to a
numberofproblems, including optimal control, optimal resource allo­
cation, optimal stringalignment, andnetwork optimization, to name
just a few. In this paper, wefocus our discussion on the applications of
DPto speechand language processing.



The ways inwhich the techniques ofDPhave
beenapplied to speechand language processing are
numerous. It is impossible to give adequate treatmentto
each suchapplication in this paper. Instead, it is our goal
to illustrate briefly the basicway in which DPtechniques
have beenapplied to several key areas ofspeechandlan­
guage research. As nearly as we can determine, the first
application ofDP to speech processing wasoutlined by
Slutzker.! Since that time, the numberofproposed appli­
cations has grown so rapidly that it is safeto saythat, in
oneform or another, the ideasofdynamic programming
have pervaded the methodology ofalmosteveryaspect
ofspeechsignal processing-particularly the areas of
speechandspeaker recognition.

Speech signals are oftenmodeled, in the time
domain, as a sequenceofsegments, and these segments
are generally modeled as a sequenceoffeature vectors.
The feature vectortypically consistsofeither spectral
parameters, temporal parameters, or somesuitable com­
bination. Markov models havebeen used to characterize
the statistical properties ofthe feature vectors. Because
ofthis sequential nature, a speech signal canbe consid­
ereda multistage process. In each stage,wehavea
frame or a segmentofspeech,which is characterized
bya sequence ofspeechcodewords or models. Most
speech applications are then formulated as stringalign­
ment problems, inwhich a sequenceofinputspeech seg­
ments (orframes) is matchedwith a collection ofspeech
models to determine the optimal speechcode sequence
or to perform speaker or speech recognition. For lan­
guage processing, there is alsoa sequential nature of
words, phrases, sentences, and paragraphs appearing in
text. Stochastic language models havebeen successfully
formulated to perform syntactic and semantic analysis of
textandspeech.

In this paperwereview someofthe DP applica­
tions to speechand language processing research done
inthe Information Principles Research Laboratory. Most
ofthe applications presentedherein havebeen pioneered
bythe people listedunder "Acknowledgments," who

have used them in many successful laboratory experi­
mentsand in somecommercial products. Other applica­
tionsare still in the research stage,but wereasonably
expectthat they will be perfected andwill become partof
the evolving technology. The reader is referredto special
AT&TTechnical journalissueson speechprocessing
technology' and artificial intelligence! fora broad per­
spective on other issues relatedto speechand language
processing technologies.

This paperis organized as follows. In the follow­
ing section, wegive an overview ofthe dynamic program­
mingformulation that is common to allapplications dis­
cussedin this paper. Wethen briefly present the essen­
tialsofa numberofDPapplications to speechprocessing
(theapplications include speakerverification, speech
recognition, speech synthesis, speechanalysis, speech
modeling, speechenhancement, speechsegmentation,
speechcoding, and speechtransmission). Following
that,wepresenta DP-based language processing applica­
tionforassigning the mostlikely sequence ofpartsof
speechto a sentence. Finally, wediscuss ways ofapply­
ingthese speechand language processing techniques to
future research in the areasofautomatic speechrecogni­
tionand natural language processing.

Dynamic Programming Formulation of Sequential Problems
Consider an N-stage decision process with state

vectorx, and decision vector q. Ateachstage i, we
denotethe decision by qi and the statevector afterdeci­
sionqi has been madebyXi' Asequence ofdecisions
(called a policy), is generally expressed as a sequence of
transformations T, such that Xi-l = Ti(qi, Xi), forwhich
the sequenceofthe decisions and the states {qi' Xi} cor­
responding to a policy can be retrieved by a traceback
procedure. Ateach stage,the decision is basedon optim­
izing-a well-defined objective/unction overa set ofadmis­
sible policies. In this paper, wefocus our attention on
additive objective functions; i.e., the objective function at
the current stagecanbe expressed as the sumofthe
contributions from the current and previous stages. The
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contributionci(qi' x.) at stage i is usuallycomposedof
two parts: (1) the transitional cost ofgoing from state
Xz"-l at stage (i -1) to state Xi at stage i, denoted by
a i (Xz"-l, Xi); and (2) the state occupancy cost at stage i,
denoted by d(i, x.), which does not depend on the state
of the previousstage Xz"-l' The problem of determining
the optimal sequence {qi' Xi} over a discrete time period
(or a finitegrid) is then formulated as

N
optimum L Ci(qi, Xi) =

{qi' Xi} i=l

optimumf [d(i, Xi) + ai(qi, Xi)] (1)
{qi' x.] i=l

DP providesa method of determining the opti­
mal solutionto problem (1) in a sequential manner.This
approach is based on the principle ofoptimality,1 which
states, "An optimal policy has the property that whatever
the initial state and the initial decision, the remaining
decisionsmust constitute an optimal policy with regard
to the new state of the process resulting from the first
decision." This principle of optimality is applied to gen­
erate a set offunctional (recurrence) equations. Assume
that the optimal policy at stage (i - 1) has been found
and the optimal objective function is denoted by
D (i - 1,Xz"-l)' Then, for every state, the optimal objective
function at stage i can be expressed in a functional equa­
tion of the form

D(i, x.) = oPti~um [D (i -1, Xf-1) + Ci(qi, Xi)] (2)

where Xz"-1 = T, (qi' Xi)' With initial condition D (0, Xo) = 0,
the functional equation (2) can be constructed systemati­
callyat each stage and solvedby successive iteration.
This recursive computational procedure for solving mul­
tistage decisionproblems is a direct consequence of the
principle of optimality.

An importantfeature of the DP recursion is that
the optimization at stage i does not require the values of
the decisionvariableswhich determine the valueofthe
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optimal objective function D (i - 1,Xz"-l)' This "bootstrap­
ping"nature of the DP recursion means that, at each
stage, the optimal policy depends on a smallnumber of
decisionvariables, and onlythe values ofthe objective
functions need to be retained for further calculation.

In the following sections we focus our attention
on several applications ofDP in the areas of speech and
language processing.Each application has been formu­
lated as a problem offinding the optimal path ofa deci­
sion network in an appropriate parameter space.The dis­
cussion will emphasize the sequential nature ofthe appli­
cations, the mappingof the optimization problemsinto
multistagedecisionprocesses, and the formulation of the
DP functional equationfor each application. Detailsof
the algorithms presented can be found in the references
given in each section.

Speaker and Speech Recognition-Dynamic Time Warping
In both automaticspeech and speaker recogni­

tion, the central task is the comparisonofa pair ofutter­
ances, one unknownand the other a labeledprototype.
Speech utterances are analyzed and represented as
sequences offeature vectors. Labeled prototypesare
usually actual sequences offeature vectors referred to as
reference template patterns. A fundamental problemin the
central comparisontask occurs when the comparison is
between twotokens of the same utterance. Repeated
utterances of the same word or phrase can never be
expected to have preciselythe same duration,nor can
corresponding events in each utterance be expected to
occur at preciselythe same relative times. For this rea­
son, it is crucialto find an optimal alignmentin time
between such utterances so that correspondingevents
can be compared precisely. In the following we outline
DP-based procedures for time alignmentand then
describe and differentiate the speech and speaker
recognitiontasks.

The time alignmentproblem is generallyformu­
lated as a graph search algorithm; i.e., we find the best
path through a finite grid, in which the axes of the grid



correspond to the time scales ofthe unknown and the
reference speechpatterns. The specific procedure that is
generally used has been called dynamic time warping
(DTW).5 The DPfunctional equation for determining the
best paththroughthe grid is ofa form similar to equa­
tion (2), i.e.,

D(i, j) = d(i, j) + min [D (i - 1, k) + a (k, j)J (3)
{k}

In the above formulation, i is the frame indexfor the
unknown (test) pattern, and it corresponds to the stage
index i inequation (2); j is the frame indexofthe refer­
encepattern used in the match, and it corresponds to the
stateXi inequation (2). The set {k}, corresponding to the
statespace [x;-d at stage (i -1), consists ofthe set of
frames from which a valid pathto frame j cancome.
D (i, j) is the (global) accumulated distance to the grid
point (i, j); d (i, j) is the local spectral distance between
frame i andframe j, and this distance corresponds to the
stateoccupancy costd (i, Xi) inequation (1). Finally
a (k, j) is the penalty associated with a transition from
frame k to frame j, and this penalty corresponds to the
statetransition costai (q i, Xi) in equation (1). Typically,
{k} is chosen to ensure that the overall pathor warping
function is monotonically increasing with appropriate
limits onthe maximum andminimum slopes, i.e., the
range ofwarping that is allowed. Equation (3) is solved
sequentially for i = 1, ... , T (where Tis the length, in
frames, ofthe test pattern), overthe range of j from 1to
R (where R is the length, inframes, ofthe reference pat­
tern). The initial conditions forthe DPrecursion are
defined bysetting D (0, 1) == 0,and settingD (0, k) to be
infinity fork "# 1.In Figure 1,weshow an example of
how the DTW procedure is used for aligning two utter­
ances corresponding to the sameword. In the top left
andthe bottom ofthe figure, we plotthe energycontours
ofthe reference and the test patternsrespectively. In the
topright, weshow the resulting optimal alignment path.
The dashed linesindicate goodalignment ofthe energy
peaks in the two utterances.

For speechrecognition, an unknown speech
sample is compared with eachone ofa labeled inventory
ofspeechprototypes. Eachprototype may represent
speechsegments, typically isolated words or phrases. An
overall spectral distance is computed foreachcompari­
son afterappropriate timealignment. The unknown
speechsample is identified with the label ofthe proto­
type having the smallest time-aligned distance. For
speakerrecognition, however, the speechprototypes are
labeled by talker. Two types ofspeakerrecognition sys­
tems are referred to in the literature, namely speaker
identification and speakerverification.V Those two sys­
tems differ with respectto the decision task. In speaker
identification, the decision task is analogous to the deci­
sionusually carriedout in speechrecognition, namely
choosing the prototype which best matches the input
sample. In speakerverification, an identity claim is either
assertedor solicited from the user.The decision taskis
to determine whetheror not the input sample matches
the prototype associated with the speaker (whose iden­
tityis claimed) well enough to accept the claim. The deci­
sionis made bycomparing the overall distance meas­
ured in the prototype comparison with a threshold dis­
tance. The application areaforwhich speaker verification
is usually considered is control ofaccess to privileged
information, transactions, or premises. The practical
significance ofthe verification task, as contrasted to the
identification task, is that only onecomparison is carried
outbetween the inputsample andthe prototype forthe
claimed identity. Hereagain, timealignment iscritical to
ensure that comparison distances are consistently small
whenthe inputand prototype speakers are the same.

Connected Word Recognition-Level Building
In the casewherethe unknown utterance corres­

pondsto a textpatternwith morethana single spoken
word, the DPiteration used in isolated word recognition
mustbe extended so that multiple patterns canbe com­
binedto give the best match to the string. Oneway in
which this canbe accomplished is to addlevel informa-
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Figure 1. An example
of using the DTW pro­
cedure for time align­
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tion to the frame-based DPrecursion ofequation (3).
Now the DPrecursion consists oftwo interacting layers
ofmultistage processes, one corresponding to the frame
index i and the other corresponding to the level index1
which defines the word position in a string. Sucha DP­
basedalgorithm forconnected word recognition is for­
mulated as follows. Wedefine D I (i, j) as the accumu­
lated distance to frame i ofthe test patternandframe j of
the reference pattern, at levell within the string. The
levell canvaryfrom 1to L, whereL is the maximum
expected stringlength. The DPiteration (3) is then
modified so that for j > 1, andforallreference patterns

DI(i, j) = d (i, j) + min [DI(i -1, k) + a (k, j)J (4)
{k}

andfor j = 1, i.e., the firstframe ofanyreference pattern
at anylevell,wehave

DI (i, 1) = d (i, 1)

+ min {min [DI-l (i -1, m)],DI(i -1,1) + a (1, 1)} (5)

Equation (5) defines the intraword DPrecursion, which
is similar to that inequation (3), and equation (5) defines
the interword DPrecursion forgoingfrom a word at
level (l - 1) to a word in the nextlevell. In the formula­
tionofequation (5), the second minimization inside the
bracketis doneoverallpossible words that canappear in
the previous level and terminate at someframe m,while
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This DPprocedure for recognizing a connected
sequenceofwords, known as level building, has been
applied successfully forconnected digitrecognition, and
for syntax-directed connected wordrecognition.s"

In Figure2,weshowan example ofusinglevel
building to obtain the optimal warping pathsforstrings
ofup toL words. In the horizontal axisweplotthe frame
indexofthe test utterance, and in the vertical axiswelist
allpossible concatenations ofreference patternsto form
a string ofup to L words. For example, in Figure2,q (l)
denotesthe indexofthe wordin the lth position ofa
string,Rq(l) is the reference patternfor that word, and
the concatenation ofreference patterns, {R q(l), 1s 1~ K} ,
forms a string ofK words. The horizontal linesrepresent
the boundaries between two reference patternsin con­
secutive levels. Therefore the intersections ofthe warp­
ing pathsand the horizontal linesindicate the word seg­
mentation boundaries in the test utterance for the corres­
ponding warping path.For example, the set {eI, 1~ 1s L} ,
shown in Figure2,corresponds to word boundaries for
the best L wordmatch. The shadedregion enclosed by
the dashedlinesrepresents the spaceofalladmissible
warping paths. It is interesting to note, for this particular
example, that the warping pathcorresponding to a single
word matchdoesnot exist, because the test utterance is
toolong; hence a single wordmatch is unreasonable.

The level building algorithm isbasically a level­
(orword-) synchronous DPsearching procedure, such
that the frame recursion is embedded ineachofthe level
recursions. The algorithm requiresthat all the distance
pairsd(i, j) for DPiterations be accessible forcomputa­
tionat anylevel, which posesa memory management
problem for large recognition tasks andforreal-time
implementation ofthe algorithm. Since mostrecognition
tasks can be accomplished by mapping the level (or
grammar) information ontoa finite state decision net­
work.l" connected wordrecognition problems canbe for­
mulated as optimal path searchingproblems througha
task-oriented network (e.g., a subnetwork ofthe Bell
Laboratories airline reservation system" ofthe type

thefirstminimization is performed to extenda path
eitherbypicking up from a path that terminates at some
frame mofa word in the previous level (interlevel) or by
picking upfrom a path that terminates at the firstframe
ofthe currentlevel (intralevel). The initial conditions are
defined so that Do(0, 1) ==°forallthe first frames ofall
the words that canappearin the first position ofa string,
andin allothercases, Do(0, k) is set to be infinity. By
iterating the above pairofDPfunctional equations in an
appropriate manner, a numberofinteresting andversa­
tile algorithms forspeech recognition based on concate­
nating words (orunitssmallerthan words) haveevolved.

Testframe

FIgure 2. An example of usinglevel building for connected
word recognition.
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Figure 3. A subnet­
work for the AT&T
Bell Laboratories air­
line reservation sys­
tem task.

shownin Figure 3). Basedon the conceptofmaximum
likelihood network decoding, the frame synchronous net­
worksearch algorithm'? uses the same pairofDP func­
tional equationsas in level building. However, rather
than search on a level-by-level basis, the approach keeps
track ofthe optimal path to any node (including the intra­
word nodes and grammar nodes) of the finite state net-
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work, at everytime instance, so that the best path is
obtained on a frame-by-frame basis.Since only the best
path information at the previous frame, plus the distance
vectorat the current frame, is requiredfor performing
the DP recursions, the algorithm is more efficient than
level building in memorymanagement. The algorithm is
alsohighlymodular, whichmakes it easy to implement



onspecial-purpose parallel processorarchitectures, such
as the AT&T BT-100 processor'! or the graph search
machine (GSM) processor.l! for real-time applications.

Speech Synthesis Using Articulatory Models
Wenow turn our attention to the areas ofspeech

analysis andspeech synthesisresearch. One promising
approach to improving the naturalness ofspeechsynthe­
sisis to employ physiological models ofthe glottis and
the vocal tract.l" While speech synthesisusingthis
approach is quite straightforward.l" the problem lies in
estimating an appropriate sequenceofparameters for the
articulatory models. This parameterestimation problem
hasbeenformulated as a constrained optimization prob­
lem17 inwhich a sequenceoftract shapes is found that
matches the sequence ofspectral feature vectors, so that
the synthesized speechclosely mimics the inputspeech
segment.

Instead ofexhaustively searchingoverallpossi­
bletractshapesequences, dynamic programming canbe
used to obtain the optimal shape sequenceon a frame­
by-frame basis. For a tract shape spaceofsizeM and a
speech segmentofN frames, the decision spaceis a grid
ofM x N points. Ifwelet D (i, j) be the accumulated dis­
tance associated with the optimal path through the grid
to the point (i, j), then the resulting DPfunctional equa­
tion forsolving the optimization problem is ofthe same
form as equation (3), in which d (i, j) is the acoustic
distance between the current speechframe i and tract
shape j anda (k, j) is the cost ofmaking a transition
from tractshape k to shape j as defined in Reference 17.

In the following setup,the articulatory tract
shapespace consists ofM = 2523 vocal tract shapes.
Each frame ofspeech is modeled by a vectoroflinear
prediction coefficients (LPCs) 18 which characterize the
smoothed spectrum ofthe speechframe. The LPC vector
is then linked to a tract shape (also referredto as a code
vector) in the articulatory space (also referredto as a
codebook). The sentence "Why wereyou away a year,

Roy?" as spoken by a male speakerwasused to create
the tract shape sequences forspeechsynthesis. Three
estimation approaches werecompared. The firstscheme
estimated the sequenceoftract shapesdirectly from the
articulatory codebook without imposing anyshapetransi­
tioncost. The quality ofthe synthesized speechusing
this discontinuous tract shapesequenceis rather poor.
The secondschemeused a local dynamic codebook
accessprocedure'? that contains a shapetransition cost
component in the objective function andforwhich the
shapeselection wasmadelocally at every frame. Much
smoothershape transitions wereobserved. The third
approach used a delayed-decision dynamic codebook
accessstrategy'? that is similar to the second approach
exceptthat the decision for the optimal shapesequence
wasmadeonly at the end ofutterance. The DP-based
approach, in addition to producing the desiredsmoothed
shape transitions, yielded the best quality ofsynthesized
speechamong the three approaches evaluated.

Speech Analysis-Estimation of Formant Trajectories
Aformantisgenerally defined as a resonance

(manifested as a complex pole pair) ofthe vocal tract
transferfunction. The formant frequencies as functions
oftime, or formant trajectories, are often important for
speechresearch.Speech synthesis studies have demon­
strated that the first three formants are ofprimary impor­
tancein the representation ofvoiced speech. However,
the spectral information in a short segment ofspeechis
often insufficient fordetermining the formant trajectories.
In the following, wedescribe a DP-based algorithm-" to
solve fora set offormant trajectories that optimally
satisfy a set offormant continuity constraints. The results
ofapplying the algorithm to estimating the firstfour for­
manttrajectories are consistent with estimates provided
by humanexperts.

Given a speechsegmentofT spectral frames,
the DP-based formant-tracking algorithm attempts to
find the best set offormant trajectories suchthat the
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totalcost ofselecting the trajectories is minimized. For
everyspeechframe i, wehaveavailable a set ofI, candi­
date frequency-bandwidth pairsobtained from a short­
timespectral analysis (e.g., LPC analysis). Letd (i, j) be
the cost ofselecting the candidate j E I, at frame i and
a i (k, j) be the transition cost at frame i between candi­
dates k E I i- 1 and j E 1;. Then the minimum accumu­
latedcostD (i, j), for selecting candidate j at frame i, can
be obtained by the DP recursion:

D(i, j) = d(i, j) + min [D (i -1, k) + ai(k, j)J (6)
k e Ii,

After allTframes are processed, a set ofoptimal
formant trajectories is obtained that can then be retrieved
usinga tracebackprocedure. The local costd(i, j) is
evaluated on the basisofa weighted sum ofthe assigned
bandwidth and the deviation ofthe assigned frequencies
from the nominal formant frequencies. The transition
cost ai (k, j) is a function ofhowstationary the signal is
and howmuchthe frequency changes in interframe for­
manttransitions. Adetailed description ofthe algorithm
and the method for estimation ofthe parametersneeded
in evaluating the costsd (i, j) and ai (k, j) can be found
in Reference 20.

Speech Modeling Using Hidden Markov Models
The speech signal can be considered a sequen­

tial processin which acoustic manifestations oflinguistic
codesare observed. For convenience, acoustic signals
fora particular linguistic codeare usually modeled by a
parameterized stochastic process. Suppose there are N
distinct soundclasses, corresponding to N distinct lin­
guistic codes, in an utterance representedby {Yt} &1' The
feature vectorYt usually consistsofspectral information
observed at frame t. Given a sequenceoffeature vectors,
the problem ofspeech modeling is to find the best char­
acterization ofthese N distinct signal classesand to
determine howthey interactwith each other and evolve
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to give the observed speechutterance. The interaction
and evolution ofsignal classesdefine the global "struc­
ture" ofthe utterance while the characterization ofeach
signal classmodels the local acoustic events in the utter­
ance. The inherentuncertainty in the acoustic signal
necessitates the use ofstochastic modeling techniques.

In the statistical hiddenMarkov model (HMM)
framework, an N-state Markov chainwith transition
matrix A = [aij], is used to characterize the underlying
transitional natureofthe N linguistic codes (states) in an
utterance. The linguistic information, which is repre­
sented by a state sequence {s.], is notdirectly observed
(itis hidden). Instead, we observe a sequence offeature
vectors {Yt} from which inference aboutthe underlying
Markov structure is made. Parameterized stochastic
models {P(Yt l s, = i, i =1, ... , N)} are usually used to
describe the local acoustic event (within a state).LetB
denotethe set ofparameters that characterizes the state
outputprobability P(Yt l s, = i). If the stateoutputproba­
bility is Gaussian, forexample, then the set B consists of
the meanvectorsand the covariance matrices associated
with each state.Therefore, an HMM is defined bythe
parameter set A = (A, B). Athree-state HMM, with its
associated parameter set A, is shown in Figure4. Onthe
basisofthe Markov structure,the probability ofobserv­
ing the utterance Y = {Yt} along with a particular state
sequenceS = Ist} canbe expressed as

T
P(Y, S) = n aSt_IStP(Yt 1s t)

t=l

whereaii is the transition probability from state i to state
j. The probability ofthe observations Yis obtained by
summing the right-hand side ofequation (7) overallpos­
siblestate sequences, giving

T
P(Y) = L Il aSt_tStP(Yt l s.) (8)

IS} t=l

The modeling problem then becomes that of



Figure 4. A three­
state hidden Markov
model.

finding the state transition probabilities and the parame­
tersdefining the N soundclasses so that either equation
(7) or equation (8) is maximized. The maximization of
equation (8) is solved by a procedureknown as the
Baum-Welch reestimation algorithrn.s' We will onlydis­
cussthe maximization ofequation (7), whichis ofdirect
relevance to the DP technique.The criterionofmaximiz­
ingthe jointstate-observation probability (7) is formally
stated as

mfC {m,F logP(Y, S I A.)} =

max {maxIflog aSt_1St + flog P(Yt ISt,A.)]} (9)
A. {St} ~=1 t=l

Instead ofenumeratingallNT possible state
sequences, the maximization over the state sequences is
achieved by a DP-based Viterbi algorithm.22,23 The algo­
rithmis similarto the DTWtime-alignment procedure
describedunder "Speakerand SpeechRecognition­
Dynamic TimeWarping." Conceptually, a set offunc­
tional equations similar to equation (3) can be systemati-

cally constructedto solve for the optimal path (state
sequence) through a grid ofN x Tpoints. After the opti­
malstate sequence is decoded, the maximization ofequa­
tion (9) over the parameterspacecan easily be accom­
plishedby traditional maximum likelihood estimation
techniques. The entire iterative procedure to solve equa­
tion (9) has been called the segmental k-means algo­
rithm.P' The algorithm has been extensively and suc­
cessfully applied to obtainstatistical reference models
that are crucial for high-performance speechrecognition
tasks."

Model-Based Speech Enhancement
Statistical approaches for enhancing speechsig­

nals degraded by noise require knowledge ofthe joint
probability densityfunction (PDF) ofthe clean speech
and the noiseprocess. For the case ofspeechsignals
whichhavebeen degradedby statistically independent
additive noise, considered in Reference 26, the PDFsof
the speech signaland the noiseprocessmustbe known.
Sincethe PDFof .he speech signal is notknown and the
PDFofthe noise rrocess is rarelyavailable, parametric
modelsfor the unknown PDFshavebeen used. The
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Figure 5. A block diagram of the HMM-based speech­
enhancement algorithm.

parametersets ofthese models are estimated by using
longsequences ofdata (known as trainingdata) fromthe
two processes. Useful modelsfor the speech signalare
Markov sources or HMMs. In particular, HMMs with
mixturesof Gaussian autoregressive (AR) outputPDFs
haveproven useful in speech recognition and enhance­
ment applications. Models for the noiseprocess depend
on its specific type. For the case of Gaussian noisewitha
theoretically flat powerspectraldensity, a Gaussian AR
model oflow order is typically used.

The estimation of the parameterset As ofthe
HMM for the speech signalis done by the segmental k­
means approach discussedunder "Speech Modeling
UsingHidden Markov Models." That approach locally
maximizes the jointPDFofstate and observation
sequencesusing dynamic programming and maximum
likelihood formulas. The parameterset An ofthe AR
model for the noiseprocess is estimated from AR model­
ing ofthe average of the autocorrelation vectorsin the
training sequencefromthe noiseprocess.

Given the models for the cleanspeech and the
noiseprocess, IP (S, Y IAs)} and IP (N IAn)}, respec­
tively, the cleanspeech signalY = IYt} is estimated from
the given noisy speechZ = Izt = Yt + nt} by a procedure
that is consistentwith the segmental k-means training
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Noisy speech
Wiener filter

State
sequence

Viterbidecoder

Enhanced speech

algorithm. Specifically, the jointPDFP (S, Y, Z) is
locally maximized as follows:
maxlogP (S, Y, Z) =
Is,.Y,}

max{f [logP(St,s, IAs) +10gP(zt - s, IAn)]} (10)
{s,.Y,} t~l

This is doneby alternatemaximization oflogP (S, Y, Z),
onceoverthe state sequenceS assuming that an esti­
mateofthe cleanspeech Y is available, and then overthe
cleanspeech usingthe resulting mostlikely sequenceof
states.Thus, a sequenceofcleanspeechsample func­
tionswithnondecreasing likelihood values is generated.
The iterative enhancementalgorithm is terminated when
a convergence criterion is satisfied, e.g., if the value of
the likelihood function (10) in two consecutive iterations
is less than or equalto agiven threshold. The mostlikely
sequenceofstates, sayS, is estimated by applying a DP­
based Viterbi algorithm to the current estimate ofthe
cleanspeech,say Y. The estimation ofthe cleanspeech
vectorsis done by time-varying Wienerfiltering ofthe
noisy speech.The Wienerfilters are constructed from
the AR covariance matrices ofthe HMM associated with
the most likely state sequenceand the AR covariance
matrixofthe noisemodel. Ablockdiagram ofthe algo­
rithm is given in Figure5.This algorithm provided a
signal-to-noise ratio (SNR) improvement ofapproxi­
mately 4 to 6 dB, whenenhancing speech degradedby
additive white Gaussian noiseat 1o-dB inputSNR. And
the perceived quality ofthe enhancedspeechwassignifi­
cantly better than that ofthe original noisy speech.

Autoregressive Maximum Likelihood Speech Segmentation
For a given utteranceof Tframes, the objective

ofspeech segmentation is to partition the utteranceinto
M consecutive segmentswithboundaries It 1, ... , tM} ,
such that the speechframes in each segmenthavesimi­
lar acoustic or phonetic properties. Basedon the max­
imumlikelihood autoregressive formulation." the follow-
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ingspeechsegmentation algorithm solves forsegment
boundaries so that the overall likelihood is maximized.
Equivalently, speechsegmentation canalso be formu­
latedto minimize the overall likelihood ratio (LR) seg­
ment distortion, i.e.,

{t,,~~~tM} m~l [dLR(t m, t m+1 -1)J (11)

wheredLR (t m' t m+1 - 1) is defined as the LR distortion
ofthe mthsegment." Atevery timeframe, let
{D (m, t m+1 -1), 1~ m ~ M} denotethe set ofthe
minimum accumulated LR segmentdistortions obtained
so far. Then at the next timeframe t, the DPrecursion to
solve forD (m, tm+1 -1) is simply

D(m, t m+1 - 1) =

(12)

$0=00

Time
i -1

Time
i

So
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After the last frame T (T ~ M) is processed, weobtain
the overall minimum LR distortion D (M, T), as well as
the set ofoptimal segmentation boundaries {t 1, ... , t M} ,
which canbe efficiently retrieved througha backtracking
procedure.P' The algorithm has servedas an initializa­
tion procedureforan acoustic segmentmodel-based
approach to speechrecognition.P

Speech Transmisslon-Combined Source-Channel Coding
Amajor problem encountered in digital speech

transmission overa mobile radio channel is the excep­
tionally high error rate causedby signal fading. For most
speechcoders, the bits in a quantized speechsegment
exhibitwidely varying sensitivity to channel errors. For
example, the dynamic bit allocation sub-band speech
coder in Reference 30exhibits morethan 4Q-dB variation
in error sensitivity, necessitating the use ofan efficient
unequal error protection code. It has been shown that
convolutional codesare suitable forcombined source

Figure 6. A section of the state trellis corresponding to a
binary convolution coder.

andchannel coding, so that channel redundancy is used
to match the error protection capability with the error
sensitivity ofthe speechbits.

Consider a binary convolutional encoder with
two delay elements (memory M = 2).Attime index i, the
outputs ofthe encoderare determined bythecurrent
inputand the two previous inputs. Thesetwo previous
bits representthe stateofthe encoder at that time. Since
the inputtakes onbinary values, there arefour statesin
this encoder. Therefore, every input bitsequence is asso­
ciated with a state sequence; i.e., the input bitsequence
canbe uniquely determined from a statesequence. Start­
ingfrom the initial state,allpossible statesequences
form a trellis, which is basically a network consisting of
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allpossible state transitions. Asection ofthe trellis of
this encoder is shown in Figure6, in which the four
states corresponding to timeindices (i - 1)and i, respec­
tively, are given. The solid linefrom each state at time
(i - 1) indicates a transition to a state at time i whenan
inputbit of0 at time i is observed. The dashed linefrom
each state denotesa state transition whenan inputbit of
1is observed at time i.Therefore, the current inputbit is
combined with the immediately previous inputbit in
memory to form a newstate.Asshown in Fig. 6, there
are eight possible state transitions at anytime.

In the processoftransmission, the encoder
transmits overthe channela bit pair (xi1, x i2),according
to the trellisstate at time i.Atthe receiver, a sequenceof
bit pairs Y = { (yi1, Yi2)} is received in the presenceof
channel fading and additive noise. The problem is to find
a codesequenceX = { (x i1, xi2) },through the state trellis
shown in Fig. 6, such that the accumulated distortion
between X and Y is minimized. This is accomplished by
usinga DP-based Viterbi decoding algorithrn.F Let
D (i, j) be the minimum accumulated distortion, at time
index i, between the received sequence Yanda path ter­
minating in trellisstate j. Then D (i, j) can be solved
sequentially by usingthe same DP recursion in equation
(6), wherek is one ofthe two trellis states at timeindex
(i - 1) that are connected to state j at timeindex i.The
state costd(i, j) is equal to zero in this case.The incre­
mental cost a i (k, j) is a function ofthe states k and j and
the received symbols at time i. Finally, the trellis will ter­
minate in a known state,and a backtracking procedure
through the recordgivesthe estimated state sequence,
which in turn uniquely determines the transmitted bit
sequence.

A Stochastic Parts Algorithm
Wenowturn our attention to language modeling.

There are two important aspectsin analyzing the struc­
ture ofa sentence: (1) categorization ofwordsintoparts
ofspeech, and (2) grouping ofwordsintostructural consti­
tuents ofthe sentence. The secondaspectis relatedto
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syntax and parsing, which wewill address under
"Natural Language Processing-Syntax and Parsing."
We now discussthe issue ofassigning parts ofspeechto
wordsin a sentence.

It is well-known that the part ofspeech (e.g.,
noun, verb,adjective) depends on contextin written text.
The word"table," forexample, canbe a verb in some
contexts (e.g., "The chairman will tablethe motion") and
a nounin others (e.g., "The tableis ready"). Part-of­
speechtagging is an important practical problem with
potential applications in many areas including speech
synthesis, speech recognition, proofreading, query
answering, machine translation, and text retrieval from
large databases (e.g., newspapers). In text-to-speech syn­
thesis,forexample, it is necessary to know the part of
speechofcertainwordsin order to pronounce them
correctly (e.g., "toconSTRUCT" vs."the CONstruct").
Other important examples canbe found in Reference 31.

The stochastic tagging algorithm discussed in
Reference 31 assignsthe most likely part ofspeech
sequenceP = {P i} to each word in an inputsentence
W = {w i l, so that the conditional probability Pr(PIW)
is maximized. The conditional probability canbe
approximated by the productof (1) lexical probabilities
Pr(p i IW i) and (2) contextual probabilities
Pr(Pi IPi+1, ... .n;: Bothprobabilities canbe
estimated from training datasuch as the TaggedBrown
COrpUS,32 which is a corpusofapproximately 1million
wordswith part-of-speech tags assigned laboriously by
hand overmany years. In the following, welet n = 2,so
that the contextual probability is approximated bythe
so-called trigram probability. The optimization problem
canthen be formulated as

maxf {lOg Pr(Pi IWi) + log Pr(Pi IPi+1, Pid} (13)
{Pi} i=1

The solution is then obtained by dynamic programming,
inwhich the search is performed startingfrom the end of
the sentenceand moving backward to the beginning of



'l'ii(A)=a=ar2:min{<I>ii(A)} (16)
{A--;a}

<l>ii(A) = min {C[a I t i-1, tdl (15)
{A --; a}

wherethe minimum is takenoverall possible one-word
production rules {A ~ a} , andthe one-word string is
obtained as the word that satisfies equation (15), i.e., for
1::; i« lSI,

Wenow try to combine words into phrases (strings) of
size greater than 1byfinding production rules thatgen­
erate these phrases; i.e., for1s i, j s lSI, and i s 1< j, we
solve for stringsofsize greater than 1by iterating the fol­
lowing two equations,
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(14)

sentence Ssuch that the total costC(S) is minimum
overallpossible sentences in the language L (G), i.e.,

, {lSI }C(S) = min LC[Wi I t i-1, til
S E L(G) i=l

where lSI is the numberofwords in the sentence S. The
solution to this problem, forboth regularandcontext­
freegrammars, canbe efficiently obtained bydynamic
programming. Since the set ofcontext-free languages
properly includes the set ofregularlanguages, wepre­
sent an algorithm only forthe context-free case. The
algorithm described in the following is basedon the
general DP-based context-free parsing algorithm of
Younger."

Leta ~ ~ denote a production rulespecified by
the grammarsuch that the stringa is replaced bythe
string~ whenthe rule is applied. For example, there is a
production rule in English underwhich a sentence is
replaced bya noun phrase followed bya verb phrase. For
anystring (phrase) A, let 'l'ij(A) be the minimum-eost
stringthat spansthe ith to the jth word position in S, and
let <l>u(A) be its cost. Initially, wetry to find all one-word
solutions inword position i suchthat

Natural Language Processlng-Syntax and Parsing
Asspeakers, readers,andwriters ofEnglish, all

ofus are aware-although possibly not on a conscious
level-that an arbitrary sequenceofperfectly valid words
will not necessarily form a meaningful sentence. This
phenomenon is no accident. Constraints onword order
in natural language servetwo crucial purposes. First,
they aid in determining the meaning ofmessages, and,
second, they decreasethe likelihood that one word will
be mistaken for another, therebychanging the intended
meaning ofthe message. Wewould liketo understand
and exploit both ofthese functions for automatic speech
recognition. Specifically, wefocus our attention on syn­
taxand parsing. For a review ofother important issuesin
applying structural methods to speechrecognition,
Reference 33is suggested. Reference 34discusses the
theoryofformal languages andgrammars and related
topics on syntax and parsing.

The classification accuracy ofa speechrecog­
nizercanbe improved by exploiting constraints onword
order imposed bya task language andexpressed by a
formal grammar G. The method for doing so is called
probabilistic parsing. In the probabilistic parsing formula­
tion, weare given a word lattice W = (wi' t i-l' t i) ofall
possible ways ofclassifying a particular speechsegment
in a time interval (ti-1, t i), as a particular word Wi, and
somemeasureofthe cost, C[Wi I t i-1, td, formaking
the assignment. The purpose is to find the mostlikely

the sentence.
Conceptually, the DP searchenumerates allpos­

sible assignments ofparts ofspeechto inputwords. If
eachword wereat mostk (:::::10) ways ambiguous, then
for an N-word sentence (N::::: 100), the searchwould
need to considerkN (:::::1010°) possible part-of-speech
sequences. In fact, it is not necessary to enumerate allof
them becausethe scoringfunction cannotsee morethan
n (:::::2) words away. Thus, only k" (:::::102) pathsneed to
be preserved, and the search spaceis considerably
reduced.
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Figure 7. An example
of a parse tree for a
sentence.

/
/

/

<l>ij(A)= min I.min[<I>il(B)+<I>I+l/C)]} (17)
{A ---;BCI I ~l <J

and

\jIij(A) = (13, C, T) =argmin {<I>ij (A ) } (18)
IA---;BC}

i sl «]

Atfirst, equations (17) and (18) are solved for j = (i + 1)
to find allproduction rules that will combine anytwo
phrasesBand Cofsizesless than or equalto 2 intoa
two-word phraseA. Then, weset j = (i + 2) and find all
production rules that will combine anytwo phrases intoa
three-word phrase.Wekeep iterating equations (17) and
(18) until wefind allproduction rules that will combine
two phrases intoa sentenceS of \SI words. Finally, we
have available a sentenceS and a sequenceofminimum­
costproduction rules that produces the sentenceS.The
minimum-cost sentenceScan then be retrieved as
S=,\jI1Isl (S), and the minimum cost is simply
C[Sj = <l>llsl (S).
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The processofrecovering the sequence of
production rules from the sentenceS is one ofcon­
structinga parse tree, illustrated in Figure 7.The root
ofthe tree is the sentenceS, so webeginby examining
\jI11s1 (S) = (B, C, k). This meansthat there are two sub­
trees (phrases) whoserootsare Band Candwhich
account for WI through Wk and W k+1 through W lSI'
respectively. Now weexamine \jIlk (B) and \jIk+11SI (C),
each ofwhich indicates the formation oftwo subtrees.
The two branching subtreesfrom B, namely D andE,
spanwords from positions 1 to 1and positions 1+ 1to k
respectively, while those branching from Caccount for
the single terminal symbol (word) W k+1 and a subtreeF
for the rest ofthe sentence. This reconstruction process
goes on until allthe phrases are replaced bywords, and
at that pointwehaveobtained a recognized sentenceS
and a parse tree associated with the sentence.

The version ofthis algorithm appropriate to reg­
ularlanguages reduces to a formulation verysimilar to
equation (9). This methodhas been used in the



conversational-mode speech recognition system
described in Reference 11. The algorithm exactly as
described in equations (15) to (18) for context-free
languages has been implemented and used in a large­
vocabulary speech recognition task."

Summary
In this paper, wehavebriefly discussed a num­

ber ofapplications ofdynamic programming in the areas
ofspeechand language processing. Asshouldbe clear
from this briefsummary, optimization by meansof
dynamic programming pervades the field ofspeechand
language processing. In fact, it is arguable that no other
single mathematical techniqueis so widely employed in
this field. Mostofthe applications presentedherein have
been pioneered by the people notedunder "Acknowledg­
ments," whohaveused them in manysuccessfullabora­
toryexperiments and in some commercial products.
Other applications are stillin the research stage,but we
reasonably expectthat they will be perfected andwill
become part ofthe evolving technology.
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