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Abstract—In this paper, we present two efficient strategies for reduction, several versions of the global, “super-segmental’
likelihood computation and decoding in a continuous speech rec- speech models described in [10]-[12], [28] have, in various

ognizer using an underlying nonlinear state-space dynamic model ; : ot ;
for the hidden speech dynamics. The state-space model has bee r\]/vays, integrated the speaking rate variation with the contextual

specially constructed so as to be suitable for the conversational or Ya1ation in spontaneous speech. They have provided explicit
casual style of speech where phonetic reduction abounds. Two spe-Correlation across pronunciation units at the levels internal to
cific decoding algorithms, based on optimal state-sequence estima-the direct acoustic observation. The mathematical structure of
tion for the nonlinear state-space model, are derived, implemented, such novel speech models is a highly constrained, nonlinear
and evaluated. They successfully overcome the exponential growth state-space system, with the model parameters switching from

in the original search paths by using the path-merging approaches L .
derived f?om Bayes’ Pule. Wg havegtestgd and Cc?mgargg the two ONe€ set of values to another at a switching rate corresponding

algorithms using the speech data from the Switchboard corpus, 10 €ither the feature-sized, phone-sized, or syllable-sized
confirming their effectiveness. Conversational speech recognition phonological units of speech. In this paper, we confine the
experiments using the Switchboard corpus further demonstrated speech model to a specific version where the continuous state
that the use of the new decoding strategies is capable of reduc'ngvariables are partially hidden vocal-tract resonances (VTRS),

the recognizer’s word error rate compared with two baseline rec- dwh th itchi te of model t based
ognizers, including the HMM system and the nonlinear state-space and where ine switching rate or model parameters are based on

model using the HMM-produced phonetic boundaries, under iden- the phone-sized speech unit.
tical test conditions. The VTR-based, nonlinear state-space model described in
Index Terms—Bayes rule, decoding, Kalman filter, path merg- this paper can be considered as generalizations of thg HMM and
ing, state-space model. SSM. It is more complex so that the speech dynamics can be
more properly handled. The conceptual and theoretical similar-
ities and differences between the HMM/SSM and the nonlinear
state-space model can be summaried as follod¥:they are
NHERENT difficulties of the popular hidden Markov modelsimilar left-to-right statistical models, with trainable model pa-
(HMM) approach to recognition of naturally-speakingameters; 2) they are intended to model the speech feature trajec-
speech have been known for sometime (e.g., [2], [4], [7], [8lpries, with different degrees of precision; 3) unlike the HMM
etc.), so are the limitations of some more recent approact&l SSM, the nonlinear state-space model has an internal rep-
based on the stochastic segment models (SSM) [3], [9], [L0§sentation of the production-affiliated speech dynamics. This
[14], [19], [20], [26], [27], [33] that have largely ignored cor-new dynamics has the special target-directed property, and the
relations across pronunciation units. Along the SSM directiopfoperty of continuity across speech units, which are not shared
we have in recent years been developing a new approachwith the HMM/SSM; and 4) they have very different complex-
conversational speech recognition which directly addresgtgs in decoding, which we address below.
the following key issue: how to represent in the speech modelOne major limitation of SSMs for continuous speech recog-
the phenomenon of phonetic reduction that is ubiquitous fition is the decoding complexity, which forces many SSMs
conversational speech and how to represent the associdteddopt the re-scoring strategy for evaluation. The decoding
speaking rate variation that is scaled in a continuous fashiogfficulty is even greater for our long-span or “super-seg-
Aimed at explicit incorporation of the mechanisms of phonetimental” dynamic model. Because of the explicit continuity
constraint and correlation imposed across the hidden dynamics
of a sequence of the phone uritsthe decoding methods
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using the “super-segmental” dynamic model is to develayver time. The earlier solutions to the state estimation problem
efficient decoding strategies. The subject matter of this pageave first been rederived and modified to suit the special con-
is the formulation of the decoding problem associated wititraints associated with the speech model. These solutions have
the constrained state-space model that explicitly represetiten been extended to those to the decoding problem used for
cross-phone correlation and phonetic reduction via the usespieech recognition.
partially hidden VTR state variables. This paper is organized as follows. In Section Il, the switching
The work in this paper has been partly motivated by some eatate-space model for the dynamics of VTRs is reviewed in order
lier work on the various versions of the switching state-spate set up the context in which the formulation of the decoding
model developed in control engineering, time series analysitategy is established as the problem of optimal state sequence
neural computation, and in econometrics [6], [16]-[18], [22Fstimation. Details of the statistical state estimation, including
[31], [32], [35], [36]. Common to those diverse fields is variousll main steps of derivation and two types of approximate so-
forms of the switching model, or a model with switching palutions to the state estimation problem, are contained in Sec-
rameters, where the model parameters change among a seioofI1l. Armed with the approximate solutions to the state es-
different parameters and where the change is allowed to octiuration problem, a one-pass dynamic-programming-based de-
at any time. A linear case of the switching model is coding algorithm is developed and presented in Section IV. This
algorithm aims at finding the globally optimal path under the
Z(k) =F[s(k)]Z(k - 1)+ W(k — 1, s(k)) (1) constraints imposed on the switching process of the model. The
O(k) =H[s(k)|Z(k) + V (k. s(k)) (2) decoding strategies described in Section IV are evaluated on a
conversational speech recognition task defined from the Switch-
where s(k) denotes the mode of the model at tirhewhich board data. Details of the evaluation experiments and the im-
is assumed to be one aff possible modess(k) € {s;}M,. proved performance using an N-best re-scoring paradigm are
Such earlier work typically dealt with several simplified casggported in Section V. Finally, we draw conclusions and discuss
of the model, and focused only on the state estimation and fia&in contributions of this work in Section VI.
the decoding (i.e., state-sequence estimation) problem. In [32],
the switching is refined only to the measurement equation (to Il. CONSTRAINED SWITCHING STATE-SPACE MODEL FOR
trace the trajectories of multiple targets). In [22], the state esti- SPEECHDYNAMICS

mation proble.m fF” linear state-space models was Cor‘SideerThe constrained, nonlinear, and switching state-space model
where the swnchmg Washallowed f_or bOtg State_and MeasUghy the target-directed dynamics of VTRs is reviewed in this sec-
ment equations (to trace the recession and booming stages 'n[itg\?, forthe purpose of setting up the context where the Bayesian

economy). The model in [18] allowed the parameter switching,, , ation of the decoding strategy will be established in Sec-

to occur in the error covariances as well. A more general algl.‘féns ll-V of this paper. Details about this model can be found

rithm for the state estimation was given in [6], where Bayes,

o 12].
rule was used when the parameter switching of the state-spac%he mathematical structure of the model is described by the

model follows an arbitrary process including the MarkOViafbllowing coupled state equation and measurement equation:
one. A comprehensive review on the use of switching models

for the multiple-target tracking problems has been provided in
[30], [31]. A detailed review of the application of the switching
models to econometrics has been provided in [35]. O(k)
Moving beyond the original applications in target tracking
and in econometrics, the research reported in this papeiThe state equation (3) describes the constrained linear dy-
represents our novel contribution of applying the speciallyamics of VTRs, in which the state variabh#&k) represents
constructed switching state-space model to functional moekctor-valued VTR frequencies (with dimensionality of four in
eling of speech production and to speech recognition. Thws work: Fi, F», F5, and Fy), T and ®U) are the vector-
speech production process can be well fitted into the switchimglued VTR target and “time constant” (diagonal) matrix, re-
state-space model since each phone in afinite number of phosgesctively. (They are both automatically estimated using the
in a language can be associated with a largely distinct targ@¥ algorithm as presented in [12])y U)(k) is an additive,
vocal-tract shape and its related acoustic resonance structaezo-mean, Gaussian i.i.d. “state” noise with covariance matrix
When a speech utterance is produced, the vocal tract shap€6?. The most significant property of the state equation (3) is
resonance (continuous state in the model) changes relativibélg constraint on the parameters which forces the state variable
smoothly from one target phone to another, where the tardétk) to exhibit the asymptotic behavior directed temporally to-
shapes determined by the model parameters are made to switaid the target’).
from one target phone to its temporally adjacent one. The measurement equation (4) describes the noisy non-
A further contribution of the research described in this papknear relationship between the state vectd(k), and the
is to extend the solutions to the state estimation problem to thaleect acoustic observatior)(k). Examples of the acoustic
of the statesequencestimation (i.e., decoding) problem. All theobservation are the Mel frequency cepstral coefficient (MFCC)
earlier work on the switching model surveyed above focused oreasurements computed from a conventional speech pre-
the state estimation problem where the source of the difficulpyocessory %) (k) is the additive “observation” noise modeled
is exponential growth in the number of switching combinatiorelso by a zero-mean, Gaussian i.i.d. process with the covariance

Z(k) =8P Z(k — 1) + (I _ (I)(j)> TG £ W) (3)
h(Z(k)) + VO (k). @)
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matrix RU). The multivariate nonlinear mappind,(Z), is temporally correlated) into the summation of likelihoods at
implemented by a global multi-layer perceptron (MLP) as prdecal time points (uncorrelated innovations). Under the approx-
sented in this paper, whose Jacobian matrix can be analyticathate Gaussian assumption for the innovations, the minimum
evaluated as needed for the state estimation problem torbean square error criterion for state estimation becomes that
discussed in Section lIl. of maximum likelihood for each local time point. Therefore,
In the model formulation of (3) and (4),is the index of the when the model is allowed to switch, the only problem that
switching dynamic regime which corresponds to a unique setr@imains is how to determine the switching sequence (or phone
model parameters. The switching model parameters are discegquence), using maximum likelihood as the criterion.
at the dynamic regime boundaries (i.e., no constraints), but theKalman filter [23], [25] is a recursive state estimation algo-
underlying continuous state énstrainedo be continuous at rithm. For the model in (3) and (4), the extended Kalman filter
the dynamic regime boundaries. (This constraintis implement@€KF) algorithm that we use in this work and that handles the
in the state estimation algorithm described in Section ll.) In theonlinear functiom is given in
work presented in this paper, each dynamic regime occupies a

segment of speech roughly of the size of a surface form of a Z;(f“)c_l Z‘I’(”Z,(f_)”k_l + (I - ‘I’(J)) T (6)

phone. That is, the parameters of the model are phone depen— 0 _py@ o) 4 Q) 0

dent, and because of the incorporation of contextual modeling klk—1 k—1lk-1

via target-directed dynamieand via the continuity constraint, élgj) =0(k) —h [215]\11_1] (8)

the parameters of the model aret made conditioned on con- W) i) , ,

text-dependent phones such as triphones. Eék =Hp 135, (Hyjp—1)" + RY ()]
In short, the model parameter set consists @f = ) ) I Tal)] 7t

{®,T,R,Q} plus the parameters contained in the nonlinear Ky :Ek|k—1 (Hji—1) [Eék} (10)

functionh(-) (e.g., MLP Welghts). As the _speech utte_rance_ tra- Z,ij‘,i :Zéyli_l + K]EJ)ONIEJ) (11)

verses from left to right in time, phone-sized dynamic regimes ' ’ T N

switch from one to another, which induces the switching process ng\i :2%2_1 - K,gj)zg: (K,E?)) (12)

among M parameter set®) = {oU) TG RO QU)},
wherej = 1,2,..., M andM is the total number of phones. where H,;,_, is the Jacobian matrix df(-) at pOintZ,E]‘,)c_l.

The dynamic speech model reviewed above which underligcursion at: is initialized by the filtered values at recursion
our new recognizer has been developed based on new pjin- | Z,E.j)l - andE,(cj)l ., This makes the calculation at
ciples of modeling hidden dynamics of speech production. iy ch Iocaflt{mie point dgp‘e,{d on the entire past history.
summary, this speech model, as constructed for the VTR dy-if the model switches amonty different modes (or phones),
namics employed in this work, is formulated in mathematicghe switching combinations will grow exponentially. On the
terms as a constrained and simplified nonlinear dynamic systgfier hand, the local score computation for our new model
with switching parameters. This is a special version of the géflapends on the past history. Therefore, no path deletion is
eral statistical hidden dynamic model described in [10], [11jheoretically allowed during the decoding (detailed analyses
where more detailed motivations and mathematical constructighyy pe found in [24]), which makes the search for the new
for the dynamic speech models of such a type are available. mogel difficult. In the following, we will first review how the

Given a sequence of observationsDf' = gpjtching state estimation problem with the exponential growth
{0(1),0(2),...,0(K)}, and assuming that this entirenag heen handled. We will then exploit the relevant ideas to
sequence is generated by mode(i.e., no model switching gea| with our discrete-state decoding problem.
occurs during the generation of the observation sequence),

then the log-likelihood of the new model in (3) and (4) can
be computed according to

I1l. FORMULATION OF THE DECODING PROBLEM:
STATE ESTIMATION

L (O{( |®> =logp (O(l), 0(2),...,0(K) |®(j)) For the conventional state-space model iitadparameters,

the goal of optimal (in both the Bayesian sense [34] and the min-
imum mean square error sense [25]) state estimation (filtering)
is to calculate the conditional mean and covariance of the hidden
stateZ (k) given the observations up to tinke Let us useZk|k
~HY T~ AG to denote the conditional mean, axigl;. the conditional covari-
+ (O’E )) [Eiﬂ O’(“ )} ance, then |

M =

log p (0(k~)|0{“—1, @<J’>)

>
Il

1

L[]0

J

-3 4[=g
k=1

+ const. (5)

where we assumgO(1)) = p(O(1)|0(0)), and deﬁnél(cj) -
O(k) — E [0(k)|0F~*,00)], which we call the innovation and
sequenceX ;) is the covariance of (O(k)|oF 1, 00)

Zye = E [Z(K)|OF]

e . e = Cov [Z(k)|OF].
or the covariance oO,EJ). O,(j) and Egz are calculated from | | 1
the Kalman filtering procedure. The Kalman filter converts Generalizing from the fixed-parameter case to the case with
the likelihood of the entire observation sequence (which ssvitching parameters like the model given in (1) and (2), the
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mean and covariance ¢&f(k) will be conditioned not only on  2) Estimator for the state (continuous) and its covariance
the observations up to timebut also on the evolution history

of the model switching. Therefore, the conditional mean and2k|k = Z Pk(n)Zn,k\k (17)
covariance become nev,
) . . Yk = Py(n)
E[Z(k)|sk = Gk, Ske1 = Tk—1,---,51 :’Ll,O’f:| (13) ng;k
N N ~ ~ /
and X {Enkk + [Zn,k|k - Zk|k} [Zn,k|k - Zk|k] } .
Cov |:Z(k)|8k :ik-/sk—l :ik—lv"'-/sl :Zl/Olf:| (14) (18)

. . 3) Recursive update d?;
wheresy represents thdiscrete statéat time framek, i, (1 < ) P k(n)

i < M) is the index to the phone which the dynamics in the ( (k) |1k (n )7011%1)

system switches to at tinie In the remaining of this paper, we Px(n) = O’“’l

refer to (13) and (14) as the elemental estimator in the overall ( )

state estimation procedure to be discussed. X P (Snk = inkltx1(m),0F ') Pe_1(m) (19)
If the switching evolution processs, = ig,sx.1 =

where the normalizing facter(O(k)|OF~') is computed
from

p (O(R)[r(n),017")

ik—1,...,81 = i1, were known, the conventional state esti-
mation techniques would directly apply [1], [25]. However,
in speech recognition decoding problems of concern, t
switching evolution process is unknown. In principle, all th
possibilities (paths) of the evolution have to be con3|dere§ ) el
during the estimation. At each time point, any one of fiie X P (Sn e = inxle-1(m),07"") Pro1(m) (20)
models couldkbe chosen, and _suc_h as, there are pott_entlally which p(O(k)|wk(n),O’f‘1) is  calculated
as many asV/© paths for the switching evolution up to time . L
. during the elemental estimation, anf(S, . =
k. Each of these paths forms an elemental estimator based P . .
) . . in,k|¥r—1(m),0{"") characterizes the evolution of
on the conventional state estimation, and hence there are a ’ o S .
- % : the switching, which is typically assumed to be known
prohibitively large numbe/* of the elemental estimators at in advance

time k. How to obtain the overall state estimate from the huge : oo . .
The state in the switching dynamic system can be recursively
number of elemental estimators in a computationally efficient
stlmated by the above algorithm. However, the number of the
manner? The Bayes theory holds the key to the solution.
elemental estimators grows exponentially with time. This gives
For simplicity purposes, let us first adopt the following nota-
tions: rise to a great computational difficulty in the implementation of
' o . : the algorithm [6].
Vi ?‘” paths- of the switching evolution up to tirkg To overcome such a difficulty, let us assume that the model
in total); o ' . :
Ve (n) nth path of .. This can be explicitly written as switching follows a first-order Markov chain. The first-order
k P ke plicitly Markov chain can be expressed by the following transition prob-

. . . ability matrix:
l/’k(n) Z{Sn,k = ln,kySn,k—1 = tn,k—15---,5n,1 = 'Ln,1} y
Py P2 -+ Py
Z{Sn,k = in,k7¢k—1(m)} p_ P.21 P.22 P2']\[ 1)
where ¢, (m) is the mth path of ¥;_;, from Pt P L opo
whichy,(n) stems.Thatigp,_1(m) = {sm k-1 = ML A MM
Imk—1 = Gnk—1y - > Sm,1 = bm,1 = in,1}- whereP;; = P(Sj, = j|Sk—1 = 1) andz -, P,; = 1foralls.
Pi(n) probability of ¢, (n) being true giverO¥; that is, P(Sk = j|Sk—1 = i) is the probability of the system dynamics
Pr(n) = Pr(¢r(n)|O¥). which switches from discrete state (i.e., phoite)discrete state

Using the above notations, the following state estimation ai-at timek.
gorithm, by applications of Bayes’ rule, is obtained (see the For this Markov chain, the current switching depends only on
derivation in Appendix). the previous one,sB(Sy i, = in,k|te—1(m), 07 ") becomes

1) Elemental estimator for the fixedth path P(Sn = ink[Snr-1 = ink-1). Therefore, (19) can be dras-
tically simplified to
p (O(k)[¢x(n), 01 71)
p (O(k)|077)
XP (Spk = tnk|Sn k-1 = tnk—1) Pe_1(m). (22)

ZAn1k|k =E[Z(k)|Snk = tn ks Sn k=1
= k—1s-- -2 Sn1 = in1, OF] (15) Pu(n) =
Ykl =Cov [Z(K)[snk = ink, Snk—1
= dpk—1y--1 801 = in,1,0F] . (16)
3In this work, each discrete state corresponds to a distinct phone or modeIHowever' even under this Markovian assumption, the ele-
with phone-dependent model parameters. mental estimator is still conditioned on the entire switching
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history,1)x(n). As such, the number of the elemental estimatoks, _1, i, andi, ,_1, respectively , and will adopt the fol-
remains exponential growth with respect to time. To make th@ving notation:
state-estimation algorithm computationally feasible, approx-

imations have to be made which would make the estimation Zlngkj) V=B [Z(K)|sk = j, sk =,077']
suboptimal as a price paid for alleviating computation burden. (elemental predictor)
We h_ave explored two types of_apprquatlons, both based on E}(;,’z) =Cov [Z( ek = jr sner = i, O’f‘l]
merging the path hypotheses in a time-synchronous manner. |
The two ways of path merging and the associated suboptimal Z,(j‘kj) =E [Z(k)|sk = j,sk—1 = 4, Of]
state estimation algorithms are discussed below. (elemental filter)

(4,5) ) — — 4 OF
A. Approximation I: Generalized Pseudo-Bayesian Approach Sy =Cov [Z(R)lsk = j, se-1 = i, 01]

The generalized Pseudo-Bayesian approach (GPB) has been Zzgju)c =k [Z(k)|5k =7 O]f]

used for state estimation in the target-tracking and economet- (merged state estimate)
rics literature for general dynamic systems [6], [17], [22], [31], Ez(j& —Cow [ (F)|sk = 4, OH .

[35]. We extended this approach, which has been developed

specifically for speech recognition applications, to the specially 1) Merging and State Estimationwith use of the above no-
constrained, nonlinear dynamic system model described in Sggion, the state estimate, (17) and (18), has become
tion 1l for the speech dynamics.

First-order GPB and second-order GPB for general ; il . Ak S
linear dynamic systems have been available in the liter- Dkl :ZZP sk =Jsk-1 =10y )Z’glk) (23)
ature [31]. In the first-order GPB (GPBL1), the state esti- ];1 Z:;
mate is carried out under each possible current model at > _ZZP o =i s _ é|O’“)
each timek. In the switching evolution historyjy(n) = klk = . (Lt ookt
{Snk = @nk>Snk—1 = fnk—1s--+150,1 = in,1}, ONly the = ) [ 400)
most recent term,, ;. = i, ;. is kept, while the other terms are {Ek‘,ﬁ [Zk“f Zk|ki|
dropped. That isyr(n) is approximated by{s, . = ini}- oy
Therefore, onlyM out of M* paths are considered by merging [Z;EU:) Zk|k} } - (24)

all “older” paths for all models at timé — 1. This approach
is very efficient in computation but we judge that the price for In GPB2, the merged estimate at noglés calculated ac-
loss of accuracy would be too great to be used for implementingrding to
our speech recognition decoding algorithms.
29 =B [Z(k)|si = j, OF]
In the second-order GPB (GPB2) which we use for |mpIe- k|k k=71

menting one of the speech recognition decoding algorithms, the M
state estimation is carried out under each possible pair of current = Z P (Sk—l = i|sp = J, O'f)
and previous model at each timeIn the switching evolution i=1
history, Yx(n) = {Snk = ink:Sn k-1 = in,kflw-'-/sn,l = x E [Z(k‘)|8k =J,8k-1= Z}Olf]
in,1}, the most recent two terms,, , = 4, ands, x—1 = M
ink—1, are considered and earlier terms are dropped That is, :ZP (8k—1 = i|sk = 4, O") ,E]kj) (25)
1/;k( ) is approximated bY{s, x = ink, Sn k-1 = Ink—1}- i=1
Therefore, a total of\/> paths for the path combination are E(J‘) =Cov [Z(k)|sy = j,OF]
considered at each time frame. For this case, all the paths for "
each model at timé& — 1 are merged. The merging in GPB2 _ Ak
. . . . . —ZP Sk 1—L|Sk—_j./01)
is not as heavy as GPB1 and its estimation accuracy is sub- —
stantially higher. We describe and derive GPB2 in detail for the
constrained, nonlinear switching dynamic model of speech re- X {Cov [Z(K)|sk = j. sk—1 = 1, Of]
viewed in Section II.
Given the GPB2 approximation, the precise elemental esti- + (E [Z(K)|sk = j,sk—1 =4, 01]
mator (15) and (16) has now been approximated by E[Z(k)|s, = j,07])

( [Z(k)|sk = j, sr—1 = 4, OF]
B (20l =3.08))'}

E[Z(k)|3n,k = in,k7 Snk—1 = in,kfh Oi‘]

and M
=3 P (sk-1 =1i|si = 4,0F)
Cov[Z(k)|Snk = in g, Snk—1 = in k1, OF]. i=1
o As@h) 4 (500 _ 5D (56D _ 50) }
For simplicity purposes, in the following derivation of the { i T ( klE klk) ( klk k‘k)

state estimate, we will use,, si_1, 7 and: to represens,, i, (26)
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That is, the merged quantities are obtained by summing up iatiplementation, the EKF algorithm ( [1], [23], [25], [30], [34])

the possibilities at each model according to their individual poRas been adapted to suit the special structure of the speech
terior probabilities,P(sx 1 = ilsi, = j,OF), which is also model (Section Il) incorporating target-directed constraint and
called merging probability. It is easy to show that the state estross-regime continuity constraint. For the elemental estimator
mate, (23) and (24), is equivalent to in GPB2, the EKF algorithm given in (6)—(12) is tailored to

v 260 —piz® 4 (1-sW) 1) (32)
k k—1
Zur =Y P (s = j1O¥) Z,) 27) (I ) _eWs® ! (E’ <'>)
= S, =eWn 00 1+ QU (33)
M ~(2'71') _ (i,9)
Yk ZZP (s = j]0%) O =0(k) = h [Zk“‘ 1} (34)
N / a4
209 —Hyy 20 (Hy) + B9 (35)
) G) _ 5 50 _ o ] -
{Eklk |:Zk|k Zk|k} [Zk|k - Zk\k:| } .(28) K( 7) Zglz) (Hygees) (Zg:)) (36)
(4,5) (4,5) (.3) 7(8:9)
AR + K0 (37)
The posterior probabilities?(sx_1 = i|sx = j,OF) and klk klk—1 k. _ k. _ o
P(sx = j|O¥) (also called model probability), are calculated El(c|k) = gui) L K,E””Eg’k]) (K,(c””) (38)

recursively. According to Bayes rule and by straightforward
conditional probability manipulation, they are equal to whereH,;,_; is the Jacobian matrix of nonlinear functiag )

at poth,Elk’) .- Inthe speech recognizer described in this paper,
athree-layered MLP is used for the nonlinear funcfi¢r). The

Jacobian matrix of the MLP is

P(sy_1 =i|sy = j,0F)
p (O(k), sk = j,sk—1 = ilOF ")

M . kel (29) Ohy Ohy f9h1
L (O) = f s =11017) TR TR T
T ox ox ox
P(sk = j|OT) H=1"" " - (39)
X2 (00, 56 = jy sn-1 =101 ) ol o
(30)

M

E S p(O(k), s, = j,sk-1 =10} )

Jj=1li=1

wheredh; /0x; (1 <i < Tandl <[ < L, isthe dimension
of output andL is the dimension of input) is equal to

2 f ()

Loslga)) o)

in which NV is the number of nodes in the hidden layéf,, are

weights connecting output and hidden layers; weights con-
necting hidden and input layers, ag@) is the sigmoid function
g(x) = 1/1 + exp(—z) with its derivativeg(z)(1 — g(z)).

In (29) and (30)p(O(k), s, = j,sx_1 = i|O*") is computed
by

p(O(k), 51 = j,s1-1 = i]OF ™)
= p(O(k>|sk = j75k,1 = L/ 011671)
X P(Sk :j|3k—1 = i,Olf_l)

X P(Sk,1 = L|O§71> (31)

wherep(O(k)|s, = j,sx_1 = i,0F~") is obtained during the
elemental estimation?(s,, = j|s,_1 = i,0Y™") = p(sp =
Jlsk—1 = 1) is the transition probability and is knownand

Note that the current elemental estimator is initialized by the
merged state estimate of modeit the previous timeZ,E.Z,)1|k,1

andx!”

P(s,_1 = i|O¥1) is recursively calculated according to (30) th 1k—1"

and (31) with the initial value given at time 0.

2) Elemental Estimator:Many possible approaches are Ok~
conditional staté
estimation given the path history). The simplest approach we
have adopted in the current recognizer implementation is the

available for elemental estimation (i.e.,

Extended Kalman Filter (EKF) algorithfnln our recognizer

ile using the EKF for the elemental estimator |mplemen-
tation, an assumption is made thdO(k)|sx = J,sk—1 =
) in (31) is Gaussian and computed by

p (O(k)|s1. = j, s1—1 = i, OF ")

C-1/2
_ —1/2|52(:3)
= (27) ‘z e

4This is the transition probability of the discrete Markov switching process. 1 ~(i,7) / (4,5) -1 ~(i,5)
In our phone-based model construction, this probability gives the bi-phone “lan- X exXp _5 (Ok ) [E()k ] Ok : (41)
guage model,” which we fixed to be 0.5 in our recognizer implementation.

SDespite the linearity in state equation (3) used in our speech model of Sec-, . . .
tion 11, a nonlinear filtering algorithm is needed due to the nonlinear measure- ) _Algorlth!'n Summary:Each recursion O_f the GP_BZ
ment (4) in the model. algorithm, tailored for our specially constrained, nonlinear
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switching state-state model of speech, as detailed above in thitn (42) and (43) P(sx—1 = i|skx = 7, O’f‘l) is called mixing
subsection can be summarized below for each time step.  probability, and is computed recursively from Bayes’ rule
1. Calculate elemental estimatef?,g",j) and Eé‘“? for P iler — i Ok-1
i,j = 1,2,..., M, using the EXF listed in (32)—(38)," \ 71 =ilsk = 5,01

usmgAt(?)e merged sgc)ate estlmfa\tle.s at the previous time P (Sk = jlspor = Z--/Oic—l) P (Sk_l _ z‘|O’f‘1)
step,Zk_llk_1 andzk_llk_1 as initial values. =37
2. Calculate the merging probabilities(s,_1 = ils; = S P (s = jlsk-1 = 4,05 1) P (5,1 = i|OF 1)
4,0F), according to (29) and (30) and (41). i=1
3. Merge states for each model at the current time step using  P(sk=jlsk1=9)P(sp1= oy 1) (44)
the merging probabilities according to (25) and (26). M ] ] ok
(These will be used for the next time-step recursion). ;IP (sk = jlsk—1 = 1) P (sp—1 = i[Oy ")
4. Calculate model probabilitie®(s, = j|O¥), according B - o1
to (30), (31) and (41). where the model probabilit’(sx_; = j|O7 *) is updated
5. Calculate the state estimafﬁ,‘k andy, ., according to as in GPB2 (given by (30)). However, the calculation of
(27) and (28). p(O(k)|sk = j,sk_1 = i,0¥1) has been changed to
: . . . p O(k)|sk =J,8k-1= i7O]’?71
B. Approximation IlI: Interacting Multiple Model Approach
In the general Interacting Multiple Model (IMM) approach _ (%)—1/2’2(]) -1/2
[30], [31], the state estimate is carried out under each possible O
current model at each time steépHowever, each possibility has X exp {_l (O(j))’ [E(j)} -1 O(J’)} . (45)
its own initial value obtained by a weighted sum over all the esti- 2 \7F Ok F

mates at the previous tinke- 1. This differs from the GPB1 ap- 2) Algorithm Summary:The entire IMM algorithm can be
proach [31] in which all possibilities are initialized by the samsummarized as follows (each time step).

value. The merging in the IMM approach takes place just be-

fore the estimation begins at each current model, which differs cajculate mixing probabilities?(s,_; = i|s, = j, ok-1,
from GPB2 in which the merging takes place after the estima- gjng (44).

tion is completed at each cur_re_n_t_model. I__|ke GPB1, the _IMI\@_ Calculate merged initial conditionsZ,EJ_)llk_l and
approach has the samé possibilities considered at each time  _ .

step, and hence have the same computational complexity. IMM ) k-1’ for each current model a}ccor(jlng to (42) and
is more accurate than GPB1. Compared with GPB2, the IMM (43), given the es_tlmatgfj?t the p(rj?wous t|m_e stepl.
approach has significantly lower computational complexity (8 Calculate the estimates,; and; ., by running the EKF
factor of M), but since the merging is more aggressive, it is ex-

k|k?®
listed in (6)—(12) with the special initial values obtained in
pected to have a lower estimation accuracy.
1) Merging and State Estimationin this subsection, we

Step 2.
4. Update model probabilities? (s, = j|O¥), according to
adapt the general IMM state estimation approach to suit the
special need of our specially constrained, nonlinear state—sp&e

(30), (31) and (45). R
Calculate the state and its covariance estimatgg, and
model of speech dynamics. In this approach, the elemental Xk
estimator is approximated by[Z(k)|sx = j,Of] and

according to (27) and (28).
CovlZ(k)|sk = j,OF]. The EKF algorithm for the elementalC. Analysis and Comparison of GPB2 and IMM
estimator in IMM is the same as that given in (6)-(12), excep{pproximations
that the initialization vaIuesZ,iJ_)llk_l and ", ,, are  Asdemonstrated in Sections I11-A and B, the GPB2 approach

replaced by special onei,lgj_)l‘k_1 and i,(jzllk_l. The new takesinto accountall pairs of model switchings from titne 1
initial values are obtained by merging according to to k, each pair has its initial value from its previous model. The
IMM approach considers only the models at the current time
Zlgj—)uk—l =E [Z(k- —1)|sp, = 4, 011671] but each model has its initial value obtained by a special way av-
o eraging over the state estimates of the models at the previoustime
_ Z P (si_1 = ilsk = 4,081 k — 1.In GPB2 the merging takes place after the elemental es-
e ’ ' ' timation (EKF). In contrast, the merging happens before the ele-
5 (i) mental estimation in IMM. A graphical comparison of GPB2 and
X Zk—l\k—l (42) IMM merging strategies is illustrated in Fig. 1, where for conve-
() M ' o nienceZ andV are used to represeﬁtandz, respectively).
Ek—1|k—1 :ZP (Sk—l =i|sy = 7,07 ) While on the surface, it may appear that the difference of
=1 the GPB2 and IMM approximations lies only in the order of
% {E(i) + (Z(i) _ 7 ) merging and of elemental estimator (EKF), the deep-seated
h=1lk—1 k=1lk-1 h=1lk-1 difference lies in their distinct ways of approximating a mixture
" (Z(” _ 7 )' (43) Gaussian density. This is elaborated below. The estimation in
k—1lk—1 k=1lk=1/ (* (25) and (26) is eventually equal to the computation of pdf
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Fig. 1. GPB2 and IMM merging Strategies.

p(Z(k)|sr. = 7,0%). The posterior pdp(Z(k)|sx = j,OF) In the IMM approximation, the Gaussian sum in (47),

can be shown to be iy p(Z(k=1)|sp1 = i, OF ) P(sioy = ilsi = 4,01 7),
ok p (O(k)|sk = 4, Z(k is approximated by a single Gaussian before the integration (or

(F)lsk = 4,01 | =
P B T p (O(k)|sk = j. 0’1“—1) the EKF process), which results in the approximate unimodal

S k-1 Gaussian fop sk = j,0%). In contrast, in the GPB2 the
xp (Z(R)|se =35.0177)  (46) Gaussian surgp(( 2| k)lsk = j, )O k), is approximated directly
wherep(Z(k)|sx = j,OF™") can be expressed as (see proofipy a single Gaussian after the integration. Therefore, the
the Appendix) GPB2 have to carry out/ integrations (one for each mixture
p (Z(k)|sk = 4, Okfl) component) and the IMM only carries out one integration. This
shows that IMM isM times more efficient than GPB2.
_ /p(Z(k)|Z(k 1), s = 4, 05

IV. DECODING STRATEGIES USING
[Zp —1)|sg_1 = 4,071 APPROXIMATE STATE ESTIMATION

The state estimation methods described in Section V have
% P (sk_l = i|sy, :j_/of—l) dZ(k —1). (47) been adapted from the methods well established in control
engineering, econometrics, and time series analysis, where
Let us examine (46) and (47) in detail. We first note that th@e interest has been mainly focused on the accuracy of the
Component in the integrand of (4E 1p(Z(k—1)|sp-1 = (continuous) state estimation at local times. Our contribution
i, OF NYP(sp_1 = ilsp = 4,071, is a Gaussian sum. Thistherein has been to tailor the methods to suit our special speech
makes the entire integral of (47) to be also a Gaussian suodel’s structure and to generate the maximum likelihood for
Also note that the denominator in (46) is a constant independ@air models. In this section, we incorporate these methods into
of Z(k) and the numeratop(O(k)|s, = j, Z(k),0f™"),isa the decoding strategy for our new models, aiming to search
Gaussian. This further makeéZ (k)|sx = 4, 0%) in (46) to be (time-synchronous) for thglobal optimal path through all
a Gaussian sum. discrete states (i.e., the entire parameter switching history).
The essence of the GPB2 and IMM approximations, bothnce the global path is found, the recognizer produces the text
of which alleviate computational problems in state estimautput according to this global path. Before we present the
tion, is the use of approximations of a Gaussian sum byha&o global decoding algorithms (incorporating the GPB2 and
unimodal Gaussian; that is, the Gaussian sp(%(k)|sr = IMM, respectively), we briefly explain why a straightforward
4,0F), is approximated by a unimodal Gaussian. They ussse of the state estimation methods described in Section Il is
such approximations in different ways, resulting in difnot desirable. For both the GPB2 and the IMM, at each time
ferent approximation accuracy with computational tradeofftep the posterior probability?(s;, = j|O¥), can be computed
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For each frame, O(k), in the observation sequence of an utterance ( 0 <k<K+1)
Initialize Best_score(k) to be negative infinity.
For each node (model or phone) j in the lattice (or n-best list) (0 < j < M+1)
Initialize max. path log-likelihood L(k,j) to be negative infinity.
Run step 1,2,3,4 of IMM state estimation algorithm to obtain local score L(O(k) 1 )
and other updates for the next time step.
For each node i which can enter into node |
Let path log-likelihood L(k,j,i ) = L(k-1, 1) + L(O(k) I j ).
if (L(kj,i)>L(k,j))
L(kj)=L(k,j,i),
Remeber the tracking-back pointer from node j to i.
endif
if (L(k,j ) > Best_score(k) )
Best_score(k) = L(k,j );
endif
End
End
Impose boundary constraints here if needed.
Do path pruning here if needed.
[if (1 (L(k,n) - Best_score(k))/ Best_score(k) | > Pruning_thres ), delete node n
for next expansion (0<n<M+1).
End
Find the path with the highest likelihood.
Backtrack to obtain segment boundaries if needed.

Fig. 2. One-pass dynamic programming decoding algorithm with the incorporation of the IMM merging strategy.

for each discrete stageor phone (30). Therefore, at each timeand scores, which will be again used, due to the dynamics’
step, if we were to “decode” the discrete state based on thentinuity imposed across the adjacent discrete states, as initial
highest posterior probabilitiarg maxi<;<ar P(sr = 5|O%)), values for the expansion of those paths at the next timel

we would have a global “maximum a posterior” path. Howevefdetails can be found in [24]).

the posterior probability’(s, = j]O¥) is just conditioned on  However, the GPB2 and IMM algorithms developed in
the observations up to tinterather than on the whole sequencé&ection Il have provided effective ways to prevent the above
Of, so the “maximum a posterior” path is not consistent witproblem of exponential growth of paths. The GPB2 uses (25)
the normal decoding criterion of maximizing the joint likelihoocand (26) to merge the different filtered values of those paths
of observaltjon sequence and pathax,, cv, [(Of,9x) entering nodej at time k. Z,Ezl,f) and ijl’,ﬁ) are merged to a

x l(Yi|O 6. On the other hand, in the general switching; L 50 ) : : .
Enod(els t|he1re))are no constraints on the model switching, butglngle point, Z, ;. and X, according to their a-posteriori

speech there are alwavs some constraints on phone mod 0babilities after the filtering at the current model. The IMM
P re away ; P : uts (42) and (43) to merge the different initial values of those
word model switching, such as the left-to-right constraint. (i

To implement a desirable decoding rulef)aths enterlrjg nodg, Z’(@'L*)}g’?*l and El(ﬁl\kfl’ to a single
maxy, cu, (O, 1), we have developed a new dynamidnitial point, Z,ij_)l‘k_l andE,j_)llk_l, according to a posterior
programming based strategy. For the new speech dynamiebabilities before the filtering begins at the current model.
model given in (3) and (4), the standard Viterbi algorithm usd@oth the GPB2 and IMM force all those paths to start off from
for HMM cannot be applied directly to search for optimathe same point (have identical initial values) for their expansion
dynamic regimes. This is so because different paths enterifgnext timek + 1.
one nodej in the trellis bring different initial values (due to With the incorporation of the GPB2 and IMM, two dynamic-
different path histories) to the EKF and score calculation Bfogramming based decoding strategies have been developed.
node;. For example, in (32)—(38), the filtered values and scofee one-pass dynamic programming decoding algorithm with
calculation at statg and timek of the path coming from state the incorporation of the IMM merging strategy is described in
depend on the initial Va|ue§£?1 ., and 2521 ., These Fig.2inits completion. The algorithm with GPB2 merging can
differential initial values will produce different flitered valuesbe similarly described and is omitted here. In the remaining of
this paper, we denote these two algorithms as GPB2-decoding

8¢ |OF) here is equivalent t&x (¢ ) in Section IIl. (GPB2-D) and IMM-decoding (IMM-D), respectively.
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V. EXPERIMENTS ONCONVERSATIONAL SPEECHRECOGNITION TABLE |
. . . WORD ERROR RATES (%) FOR FOUR RECOGNIZERSWITH DIFFERENT
In the experiments on conversational speech recognition = METHODS OFLIKELIHOOD COMPUTATION USING THE N-BEST

designed to evaluate the decoding strategies presented in this RE-SCORING PARADIGM
paper, we choose one male speaker’s data (speaker ID: 1028) Recognizers | Ref+100 | 100-best
extracted fronmitrain-ws97-a” training set of the Switchboard Baseline 53.2 60.6
corpus for training the switching state-space model for the PSD 51.1 60.2
speech dynamics. The training data consist of 966 utterances GPB2-D 50.1 60.1
and about half an hour data. One single MLP was trained for IMM-D 495 59.7

the entire recognizer, common for all phones [5], [12]. One
HMM system was also trained on the half an hour data, we call
it HMM-baseline system [5].

N-best re-scoring paradigm was used for the evaluation of

TABLE I
EVALUATION RESULTS OFIMM-D ON THE WHOLE TEST SET

the new decoding approaches. The test set is chosen to be the Recognizers | Ref+100 | 100-best
male side oftest-ws97-dev-I” Switchboard test set (a total of Baseline 55.6 58.3
23 male speakers, 24 conversation sides, 1243 utterances and 50 IMM-D 515 57.1
min of speech). [5] One hundred hypotheses for each utterance HMM-baseline [ 561 [ 58.9

in the test set have been generated by a state-of-the-art HMM
system Wh!Ch was developed for the Workshop:9ihe phong the phone boundaries provided by the HMM system. Recog-
segmentations generated by the HMM system are not conssﬁ%rs labeled by “PS-D,” “GPB2-D,” and “IMM-D" represent

with our new model’s dynamic regimes. In our earlier work [5]the systems using the dynamic regimes optimized by the PS-D,

[12], the computation of the acoustic likelihoods for each hB@PBZ—D and IMM-D methods, respectively

pothesis transcription in the 100-best list was carried out usingFrorn the recognition accuracy results shown on Table I, we
the dynamic regimes fixed suboptimally from the phone boung '

) ided by the HMM ; In thi K th bserve that all three PS-D, GPB2-D, and IMM-D recognizers
aries provided by the system. [n this work the Compu(iutperform the baseline recognizer, specially for the “Ref

tation of the acoustic likelihoods is carried out using the d¥|'-100” case. The three decoding algorithms give comparable

namic regimes optimized by the decoding strategies. For q,g

. ) . ) ognizer performance, with the IMM-D being a slightly
coding, each hypothesis becomes a simple lattice, where e %ter one. The reason that the GPB2-D has not produced better
phone is only allowed to transit to itself and to the next phon

Fesults than the IMM-D is probably due to the high level of

In order to focus on the aqoustlc mode_hng ISSUE, WE 19N0O[f5is6 in the real system, which makes the GPB2 approach lose
the language model scores in our experiments. However, imation accuracy

improvement due to language models should be equally app WWe summarize here a comparison among the GPB2, IMM,

cable to the new model. - - ; ;
. . and PS decoding methods in terms of computation requirement.
We have tested the GPB2-decoding and IMM-decoding, o \m.p is much more efficient than the GPB2-D and PS-D.
HPeach time step, the PS-D method runs a totef f M « M

are generally capable of recovering the hidden switching ti?%rallel EKFs 6 is the path-stack size, which is bigger than

points used to artificially generate the observation data. Al 8ne) [24], while the GPB2-D method rudd M EKFs and
consistent with the theory, the GPB2-decoding algorith%e IMM-b method runs only\/ EKFs

is slightly more accurate but significantly slower than the Based on the most desirable accuracy and the computational

IMM-decoding algorithm. Given the correct implementatio'?equirement achieved by the IMM-D approach from the above

of these algorithms as confirmed in these simulation expefke it we choose to use the IMM-D approach in a larger-scale

ments,.v've apply t'hem to real speech data and carry out spegﬁ ech recognition experiment, described below, using the en-
recognition experiments.

tire set of the test data.

A. Comparison Experiments B. Evaluation Experiments

Ve first carry outaset of compari_son expgriments ona SmallThe entire test set in the Switchboard corpus, consisting of
setof the Switchboard test data, Wh'Ch. co“r13|st of 240 uttef,a “C_Lef43 utterances, is used in the evaluation experiments. The per-
extracted randomly out of the male side“t#st-ws97-dev-I|

test set. We compare the two decoding algorithms describeitent word error rate results are shown in Table Il. The “Base-

mn,
this paper and the path-stack decoding (PS-D) algorithm state-space model with the state switching times suboptimally

ine” in Table Il is a system constructed by using the nonlinear
Eg:bset?altg det:;;?ng?gé;htehgsz;?hii?;mizm éjnssstg rpez[l:]cietl |>éed based on the HMM output. Compared with the “Baseline”
search spg)c/’e P ging ' system, the “IMM-D” algorithm gives about 4% absolute WER

Table | lists the re-scoring word error rates, with (Ref00) reduction for the “Ref-100” case and 1.2% for the “100 best

) . - ase.
and without (100-best) adding the reference transcrlptlonsQto_l_he re-scoring results of the baseline HMM system under

the 100-best lists. The “Baseline” recognizer computes the Iik%- . . . .
: : . : ; identical conditions are also given in the last row of the table.
lihoods of utterances using the dynamic regimes fixed fro

With the use of the “IMM-D” decoding algorithm, the nonlinear
See http:/iwww.clsp.jhu.edu/ws97/ws97_general.html state-space model outperforms the HMM baseline system.
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VI. SUMMARY AND DISCUSSION was paid to obtain the optimal “local” state estimation under

In this paper, we report our continuing efforts in the develorst]e S_‘W't(_:h'ng cond|t|on_. In contrast, for the speec_h r_ecognmon
plication as our subject of study, the interest is in how the

ment of a specialized, nonlinear state-space model for the viRP | switchi devel how to find the alobal
speech dynamics. The purpose of this development is targe%){fmal gW' ¢ tlngtp:oc;ess _t?"e Opti or 0;’;: 0 'tr_‘ | ehg oba
atits use in conversational speech recognition. The specific c rﬁ’—'g‘a iscrete-state transition path (i.e., the optimal phone or
tribution of this work is the establishment of solid path mergin ort¢ sequence). .
) . . . o - Since currently the HMM is the most popular approach to

strategies for recognizer decoding with the optimized dynamic I S

. . . : . S e]ech recognition, it is important to compare the new state-
regimes, one associated with each discrete state, in the speec . . ;

o . ) ithnepace dynamic modeling approach with the HMM approach

model. Two specific dynamic-programming based algorithn} s

: . . in terms of recognition time and number of parameters. The
using the merging strategies (GPB2-D and IMM-D) are pr%- ; . .

: rmer is related to computation cost, which would be much
sented. They both have successfully overcome the formidal ?e .
exponential arowth in the original search space. The new str. reater (four orders of magnitude) for the state-space model
xp lalgr n A pace. ew an HMM if no approximation is made. After the most effi-

gies are drastically different from the decoding techniques ri

. ; . ient IMM approximation is introduced, the difference can be
ported in [24] and in [12]. In [12], the phone boundaries in eaq duced to roughly one order of magnitude. As for the param-

ofthe N-hest hypotheses need to be known in advance (base%%? size or the memory cost, the new state-space model can be
the HMM segments in practical implementation), so decodiq re ' -

can be reduced to simple computation of the Segment'bour%jntext-dependent HMMs, and is in the same order of magni-
model likelihoods. The work in [24] overcomes such a "mifude compared with the co'ntext-independent HMMs

tation via the use of aggressive path pruning in dynamic pro-yyiw the efficient decoding algorithms developed and de-
gramming search. The strategies presented in this paper use Raffheq in this paper, it becomes possible to move the evalua-
merging to cut down computation, without doing explicit pathyp, of the dynamic model from N-best list re-scoring to lattice
pruning. Speech recognition experiments using a subset of {a&;qqring and possibly to full decoding in speech recognition.
Switchboard corpus have demonstrated that the use of the R\ gigorithms can also be incorporated into the model training
decoding strategies can effectively reduce the recognizer's wajdhcess to improve the training; that is, after each EM iteration,

error rate over jthe above two baseline recognizers under idg@z the decoding algorithms to re-align the dynamic regimes
tical test conditions. . _ before parameter estimation takes place. Another future direc-
Both the GPB2-D and IMM-D decoding algorithms usgion, for the development of the current speech model and rec-
merging strategies to limit the theoretically exponential grov"ggnizer is to adopt a full Bayesian approach to the model con-
of the search space. The merging formulas for both the GPByction where both the “rate” and “target” parameters will be
and IMM methods are theoretically motivated, being derive@ade randomly distributed (with continuous distributions) and
from Bayes’ rule. The consequence of the merging is diregfe adaptive by on-line algorithms. While the model construc-
applicability of the dynamic programming principle to recogtion as presented in this paper allows these model parameters to
nizer decoding, which would otherwise be impossible due g “random” with a discrete distribution, each mode in such a
the essential VTR continuity constraint imposed across speefitribution is associated with a separate speech class (phone).
units in the construction of the speech model. For a fixed speech class, no parameter randomness has been per-
Taking into account the special temporal-flow properties imitted. This has limited the ability of the current model for em-
speech production and special requirements in speech reco@pécing speaker variation in the VTR “target” and “hyper”-ar-
tion, we have developed two innovative ways of applying theculated speaking rate variation in the system dynamic “rate.”
switching state-space model, both distinct from the traditiongl incorporating continuous distributions for model parameters
approaches developed in the control-engineering and economgthin each phonetic class, such variations will be naturally ac-
rics applications. First, in the traditional applications, no coounted for, and hence more significant recognizer performance
straints were imposed on the model switching process; i.e., ihgprovement will be expected.
model parameters can arbitrarily switch from one discrete state
to another with nonzero probability at any time. For example, APPENDIX
in the models of [17] and [22], the modeled economy may rel-
atively freely switch from recession to booming and vice versa.

In the _model of [32], the measurement of the sensor may be p(Z(k)|OF) = Z Pu(n)p(Z(E)|4r(n), OF). (48)
the trajectory of any one of the multiple targets at each time. In

Derivation of (17) and (18):By total probability theorem

contrast, for our applications of the dynamic model to speech net

production and recognition, specific structural constraints rE€Nce,

flecting dynamic speech properties are imposed. Second, as a N L

direct consequence of the left-to-right structural constraint for Zik =E {Z(k)|(01')]

the switching process, the search for the “global” optimal dis-

crete-state sequence (i.e., the switching history) based on the = Z Pk(n)E[Z(k)h/;k(n), O’f}
observation data becomes significantly more complex than the newy

case without such a structural constraint. In the traditional appli- = Z Pi.(n) Zn,k| L (49)

cations [6], [17], [18], [22], [31], [32], [35], exclusive attention nely,
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and M
p<8k =j|0f> = Zp (sk—1 = 1,81 = j|OF)
=1
5 M k—1
S =F [(Z<k) ~ Zue) (20) ~ Zag) |01] S p (O(k), 51 = i, s = 08
_a=1
=Y AmE p (O(k)|O1 ™)
e > (O(k) 50 = 41057
i N ~ / k i—p 3y Sk—1 = 1,5k =] 1
| (209 = ) (209 = ) a0 = —
= Py(n)E 921 12 p( (h), simy = s = 71O )
n€vy and
X ((Z(/f) - Zn,k|k) + (Zn,k|k - Zk|k)) p (O(k), Sk—1=1,5¢ = j|0f71)
- A =p (O(k), s = jlsi—1 =4,017")
(2= 2 xp (51 =104 )
. NN =p (O(k)|sk—1 =i, = 4,01 ")
p— 1 k
+ (Zn,k\k Zk|k)> |l/}k(n)701:| xp(sk :j|sk—1 :i’Olf_l)p(Sk_l :7/|Olf_1)
= Z Pk(TL) :p(O(k)|3k—1 :i,Sk :.7 Ollc_l)
new, , X p(sk = jlsk—1 =) p (sk_1 = i|OF1). (54)
X {En,k|k + [Zn,k|k - ZAk|kj| [Zn,k|k - ZAk\kj| } Derivation of (47): By total probability theorem
(50) p(Z(k )lSk =j,017")
_Zp k)|sk = 7, $k— 1—20k 1)

Derivation of (19): By Bayes’ rule (see (51) at the bottom of
the page). X P (sk—1 = i|sk = 4,0 7)
Derivation of (29) and (30) and (31)By Bayes' rule M
=> [/p (Z(k)|Z(k = 1), s = j, 511 = i, OF )
=1

. Ak
p<5k—1 =ilsp = 3701) X p(Z(k—=1)|sg = j, 861 =1,08 *dZ(k = 1)

p (O(kz,sk_l = i|su zkj,l?’f‘l) X P (sp—1 =i|si = 5,08 7")

p (O(k)[sk = j, 01" k-1

= Z(k)Z(k—-1 =3,07"

0O s = = 10F) [t ==
= Ok _ Ok_l

P( (k), sk .J| 1 ) - [Zp k—1)|sk— 1—LOk 1)

p(O(k), 511 =i, = §|O7 ")
=M (52)
> p (O(k), 551 = s = 510F™) x P sk =ilsk = j,01 ') |dZ(k—1).  (55)

Py(n) =P (¢ (n)|OF)
_P(O(k), $nk = ink, br—1(m)|O7™")
N P(O(k)|Oy )
_P(O(k), $nk = inglthr—1(m), OF ") P(¢hr_1(m)|O} ")
P(O(k)[OF ™)
_P(O(k)|5nk = in,ka’l/}k—l(m)v Olf_l)P(sn,k = in,kwjk—l(m)a Olf_l)
= =1 Pi_1(m)
P(O(K)|OT™)
P(O(k)[x(n), OF )P (sn 1 = i,k lthr—1(m), 01 ")

} rowofy 0
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