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A Detection Approach to Search-Space Reduction for
HMM State Alignment in Speaker Verification

Qi (Peter) Li Member, IEEE

Abstract—To support speaker verification (SV) in portable in the device of lower cost and lower power consumption. On
devices and in telephone servers with millions of users, a fast algo- the other hand, a telephone server for SV may need to support
rithm for hidden Markov model (HMM) alignment is necessary.  yjjlions of users. A fast algorithm means that the same hard-
Currently, the most popular algorithm is the Viterbi algorithm .
with beam search to reduce search-space; however, it is difficult to Ware_ can support more telepho_ne lines or reduce the cost per
determine a suitable beam width beforehand. A small beam width S€rvice. The research on the alignment problem can also ben-
may miss the optimal path while a large one may slow down the efit the decoding problem in ASR, since they have the similar
alignment. To address the problem, we propose a nonheuristic problem.

approach to reduce search-space. Following the definition of the : : .
left-to-right HMM, we first detect the possible change-points be- Generally speaking, there are two basic requirements for an

tween HMM states in a forward-and-backward scheme, then use alignment algorithm—accuracy and speed. During the last sev-
the change-points to enclose a subspace for searching. The Viterbieral decades, several search algorithms have been developed

algorithm or any other search algorithm can then be applied to  based on dynamic programming [1] or heuristic search to pursue
the subspace to find the optimal state alignment. Compared to a the requirements, such as the Viterbi algorithm [2], stack de-

full-search algorithm, the proposed algorithm is about four times : )
faster, while the accuracy is still slightly better in an SV task; coders [3], multipass search (e.g., [4], [5]), forward-backward

compared to the beam search algorithm, the proposed algorithm S€arch [4], [5], state-detection search [6], [7], etc. and have been
can provide better accuracy with even lower complexity. In short, applied to both speech and speaker recognition (e.g., [8]-[10]).
for an HMM with S states, the computational complexity can Fortunately, in ASR, language information can be applied to
be reduced up to a factor of /3 with slightly better accuracy prune the search path and to reduce the search-space, such as
than in a full-search approach. This paper also discusses how to language model pruning (or word-end pruning), language model

extend the change-point detection approach to large-vocabulary .
continuous speech recognition. look-ahead, etc. (See [11] and [9] for a survey.) However, in the

Index Terms—Beam search, change-point detection, decoding, alignment, since the whole model is just one word or one phrase,

HMM state alignment, network routing, speaker recognition, 1O Word or language information can be applied to pruning.
speech recognition, Viterbi algorithm. The current technique for the alignment is the Viterbi algorithm

with a state level beam search. The Viterbi algorithm is op-
timal in the sense of maximum likelihood [2], [12]; therefore, it
meets the first requirement for accuracy. However, a full Viterbi
HE hidden Markov model (HMM) has been widely used isearch is impractical due to the large search-space. There are
speech and speaker recognition in which the nonstationdwo major approaches to address the speed problem: one ap-
speech signal is represented as a sequence of states. In guteach changes the optimal algorithm to a near-optimal one in
matic speech recognition (ASR), given an utterance and a eeder to gain the alignment speed (e.qg., [6]), butit may lose some
of HMMs, a decoding algorithm is then needed to search faccuracy; another approach keeps the optimal alignment algo-
the optimal state and word path, such that the overall likelihosithm while trying to reduce the search-space. The most pop-
score of the utterance is maximum. In speaker verification (S\Wlar one is the beam-search algorithm (e.g., [13], [9], [10]) ap-
given a spoken password and a speaker-dependent HMM, piied to the state level. It reduces the search-space by pruning
task is to find the optimal state path in the sense of maximutine search paths with low likelihood scores using a pre-deter-
likelihood. This is calledHMM state alignmentn brief, we call mined beam width. Obviously, it improves the alignment speed
it alignmentthroughout this paper. due to the search-space reduction, but it is difficult to determine
As the technology of SV is ready for real applications, the beam width beforehand. When the value of the beam width
fast and accurate alignment algorithm with low complexity its too large, the alignment can provide better accuracy, but it
needed to support both large-scale and portable applicatiosiows down the speed; when the beam width is too small, the
For example, a portable device, such as a wireless phone, wignment is faster, but it may give poor accuracy. Therefore,
ally has limited computational resources and power. A fast algee propose an algorithm which can detect a subspace from the
rithm with low complexity means that SV can be implementeconstraints of the left-to-right HMM states without using a beam
width for the alignment.
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Given a sequence of observations, it moves from one state toll. CHANGE-POINT DETECTION IN DATA DISTRIBUTION
another sequentially. Between every pair of connected stateﬁ,_et o
. t

) . . . denote an observation of thedimensional feature
there is a change-point. The idea of the proposed algonthrr\Ig tor at timet, andp, (o;) andps(o;) be thed-dimensional
ig

to detect the possible change-points in aforward—and—backw;ar sity functions of two well known, distinct, discrete-time,

scheme, then use the change-points to enclose a subspac rmutuallyindependent stochastic processes, i.e., the two sto-

searching. In the case that an utterance maiches the HM astic processes are not the same, and their statistical distribu-

the algorithm V\.'OUId _no_t miss the optimal path; in an 'mpOStq ons are known, respectively. (See [22] for detailed definitions.)
case, the algorithm limits the search-space, therefore it has ghe | a sequence of observation vect®s= {o; ¢ > 1}, and
ts — )

potential to decrease the impostor's likelihood scores. ONCg, ety functiong; (o;) andpz(o;), the objective is to de-

subspace is detected, a search algorithm, such as'the Vi't%gt a possible; to ps change aseliably and quicklyas pos-
algorithm or any other search algorithm, can be applied to f'%ﬂ)le. Since the change can happen at any time, Page proposed

the optimal path in the sgbspace. . . . asequential detection scheme [16], [17], [21] as follows.
The problem of detecting a change in the characteristics of .. .
) : . Given a predetermined threshald> 0, observe data se-
the stochastic process, random sequences, and fields is referred . .
guentially, and decide that the change frpmto p» has

to as thechange-pointroblem in the mathematical statistics occurred at the first time if
literature [14], [28]. There are two kinds of approaches to

the problem: parametric and nonparametric methods. The ¢ k

parametric method is based on fallpriori information, i.e., (o) = ZR(Oi) —min {Z R(Oi)} >6 (1)
the probabilistic model. The model is constructed from training =l - L=l

data where the change points (e.g., state segments) are given where

to guarantee the statistical homogeneity. If the segment is ‘

not available, the nonparametric method can be applied [14] R(o;) =log M. (2
to preliminary change-point estimation for each interval of pi(oi)

homogeneity; then, some parametric method might be applied WhenT'(o,) > 8, the end-point of; is

for more accurate change-point detection. In our application,

since the HMM has been trained laypriori information, we ) b

only consider the parametric method of change-point detection. t=arg 10 {2 R(Oi)} : ®)

In order to detect change-points quickly and reliably, we
need a sequential detection approach. Sequential testing wa8s pointed out by Page [16], the above test breaks upinto are-
first studied by Wald [15] and was known as thequential peated Wald sequential test [15] with boundarie®at) and a
probability ratio test(SPRT). The test was designed to decideero initial score. Itis asymptotically optimal in the sense that it
between two simple hypotheses sequentially. Using the gequires the minimum expected sample size for decisions, sub-
quential test to detect the change-points in distributions wigst to a false alarm constraint. The related theorems and proofs
first proposed by Page for memoryless processes [16], [1#@n be found in [18], [20], [21]; however, in many applications,
lts asymptotic properties were studied by Lorden [18]. TH&is impractical to determine the threshold vatu€or example,
general form of the test was proposed by Bansal [19], afftiSpeech segmentation, we may have over one thousand sub-
Bansal and Papantoni-Kazakos [20]. They also studied Ww&rd HMMs and each HMM has several states. Due to dif-
asymptotic properties for stationary and ergodic process undi@ient speakers and different spoken contents, itis impractical to
some general regularity conditions. It has been proved that #i€-determine all of the threshold values for every possible com-
test is asymptotically optimal in the sense that it requires tfénation of connected states or every possible speaker. To apply
very minimum expected sample size for decision, subject tdhe sequential scheme to speech applications, we modify the
false-alarm constraint [18], [20], [21]; however, the Page alg@bove detection scheme as follows [6]. Select a time threshold
rithm needs a pre-determined threshold value for a decisidn.> 0. Observe data sequentially, and decide that the change
It is not critical if only one change-point between two densit§ffom p1 to p» occurs, if
functions needs to be determined, but, for the alignment, we
have to detect the changes between many different density t—tzts, )
functions, and the threshold values are usually not availabfd §
Our solution is to extend the Page algorithm to a general test . i
which releases the specific threshold. I(o;) = Z R(o;) — s {Z R(Oi)} >e (9

The rest of the paper is organized as follows: in Section II, we =t =t
discuss how to extend the Page algorithm to a sequential testiviieres > 0 is a small number or can be just zero, aki;)
which can detect the change-points in data distributions withdatdefined as in (2). The end-poiAbf p; can be calculated by
using likelihood thresholds. In Section Ill, we apply the changé€3). Here, we assume that the duratiorpgfs not less thar;.
point detection algorithm to HMM state detection. In Section IV, Fig. 1(a) illustrates the proposed scheme, witgras in (4)
we propose the search-space reduction algorithm, then compara time threshold representing a time duration, &ad in (1)
it to the Viterbi beam search algorithms in a speaker verificeepresents a threshold value of the accumulated log likelihood
tion database in Section V, followed by the conclusions in Setio. It is much easier to determirtg thané in speech and
tion VI. speaker recognition. A commag can be applied to different

t
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ZlogTz I \ Fig. 2. Left-to-right hidden Markov model.
(b) i Q\\\e'/e/@ As we proposed in [6], detecting the change-point between
! . states is similar to detecting the change-point between two data
R P . distributions. For a left-to-right HMM, it can be implemented by
State 1 i Sae2 | Stawe3 ! repeating the following procedure until obtaining the last change
| . point between stat& — 1 and.S.Select a time thresholg > 0,
Proe e 00 bee | observe data sequentially at titieand decide that the change
© P2 e 600 s 0000 from states to s + 1 occurs, if
p3 1 ® & o ¢ o o o
ts to t—stt& (8)

Fig.1. Scheme of the proposed change-point detection algorithmaith2: — and

(a) end-point detection for state 1; (b) end-point detection for state 2; and (c) grid t k
points involved inp,, p» andps; computations (dots). .
T(o:) = R(o;) — min R(o;) p > ¢
(0)= > Rlo)—, min_ ¢ 37 Rlo)
t=f;_ 141 t=f;_1+1
HMMs and different states. Generally speaking, a latgean (9)

give amore reliable change-point with less false acceptance, but
it may increase false rejection, delay the decision, and cost mereeres > 0
in computation. To avoid false rejection,we can justlet 1

as discussed in the next section. ' ) K R 10
s = algfs_l?gltﬁt ‘_Z (Oi) ( )
. HMM S TATE CHANGE-POINT DETECTION =t
. . . _ bs+1(os)
We have introduced the scheme of detecting the change-point R(o0;) = Thalor) (11)

between two stochastic processes. Now, we can apply

the scheme to HMM state-change-point detection. Sing@ds;(-) is defined in (7);/,_; and/, are the end-points of

left-to-right HMM is the most popular HMM in speech andthe last and current states, respectively. The procedure should

speaker recognition, we focus our discussions on it. Neveéje run recursively frond; to £s_;.

theless, the proposed algorithm can also be extended to othefig. 1 illustrates the above scheme for the end-point detection

HMM configurations. for state 1, Fig. 1(a), and state 2, Fig. 1(b). Fig. 1(c) illustrates
A left-to-right HMM without state skip is shown in Fig. 2. It the grid points involved in the detection. It is straightforward

is a Markov chain with a sequence of states which characterizgsmplement the above procedure in a recursive form. For the

the evolution of a nonstationary process in speech through aggk of search space detection, wetlet= 1 ande = 0; thus,

of short time stationary events (states). Within each state, @ detector will not make any false rejection except false ac-

probability density functionsidf9 of speech data are modelecteptances. Nevertheless, the false acceptances can be resolved

by Gaussian mixtures. An HMM can be completely characteif the algorithm introduced in the next section.

ized by a matrix of state-transition probabilitie$:= {a;;};  The above algorithm assumes that there is no state skip in the
observation densitied; = {b;,}; and initial state probabilities, alignment. When allowing one state skip, we need to consider
II = {m} as an additional test with’' (o;) = b,2(0;)/bs(0;), then compare

the result to the above test to decide both the number of the next
A={A4,B.11} ={a;;,b;,m;i,5=1,...,5t  (6) state and the location of the corresponding change-point.

) ) _ Example: State Change-Point Detectiom a speaker veri-
where S is the total number of states. Given an observatiGiation system, a speaker-dependent (SD) left-to-right HMM
vectoro;, the continuous observation density for state is trained with 14 states, and each state has four Gaussian mix-

tures, for a pass-phrase “open sesame.” The speech feature is a
@ sequence of 24-dimensional cepstrum and delta-cepstrum coef-

ficients derived from a tenth-order LPC analysis over a 30—ms

window updated at 10-ms intervals. For a test utterance of 100
where M is the total number of Gaussian componehis- ); feature frames, Fig. 3 is the procedure of change-point detection
Cims Ijm @NAY 5, are the the mixture coefficient, mean vectorfrom state 1 to 7, and Fig. 4 is from state 8 to 13, respectively. In
and covariance matrix of theth mixture at statg, respectively. states, we plot_ logbs.1(0+)/bs(0;) for each time step. The

M
bj(or) = > cimN (0, trjms Xjm)

m=1
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100 ; i : ; ; ; i i ;

Fig. 3. Procedure of sequential state change-point detection from state 1 (top) to state 7 (bottom), where the vertical dashed lines are thd-getatted e
each state.

-200
-400
0

-200
-400
0]

-200

-400
0

-100

-200
160

0
-10

-100

200 ; i ; ; i ; : L
50 55 60 65 70 75 80 85 90 95 100

Fig. 4. Procedure of sequential state change-point detection from state 8 (top) to state 13 (bottom).

vertical dashed lines are the detected end points for each stateere
Whents = 2 ande = 0, the detected end-points are exactly the (¢, s;) € ¥ grid point for probability computation;

same as those from a full Viterbi search. " frame number of feature vectors:

IV. HMM SEARCH-SPACE REDUCTION St state index at time;

, . . . , T andS  total numbers of frames and states, respectively.
We define the entire search-space, in terms of grid points, as

The probability density at each grid point is computed by (7).
U={(t,sy)|1<t<T;1<5 <5} (12) The goalisto detect a subspdeec W, which includes the path
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Fig. 5. All the grid points construct a full search-spakeThe grid points Fig. 6. A*hole”is detected from the forward and backward state change-point
involved in the change-point detection are marked as black points. A single pdgtection. A search is needed only among four grid points, (8, 3), (8, 4), (9, 3),
(solid line) is detected from the forward and backward change-point detectidnd (9, 4). The solid line indicates the path with the maximum likelihood score.

with the maximum likelihood score under the constraint of ther perform a full search in or construct a search-space as

left-to-right HMM. follows:
M N
A. Concept of Search-Space Reduction QO — U . U " (16)
When applying the above state change-point detection algo- m=1  n=1

rithm with #; = 1 ande = 0 in a forward time scheme, i'e"where¢> is an enclosed, regular subspace in whithis under
fromt = 1tot =T, we can detect a sequence of state changg-,~ ™ 189 P

points. The grid points along the sequence form a boundaryin ’
the search-space, called tfeeward boundary b = {(@ so) [t <t<tysy <s < SZ} 17)

BY ={(t,sD)|sf <sf .t=1,....T}c ¥ 13 _ . L
s st < st o T (13) andv,, is a rectangular subspace in whiBtt is underB—,

wheres/ is the state index at time along the boundary. An

example of the forward boundary is shown in Fig. 5 as the solid

line. The grid points along the forward dashed line and the solid _ . _
line were involved in the forward detection. Once a search-space is enclosed, an optimal search algorithm

On the other hand, if we detect the state change-points i§& then be employed in eitheror €’ to find the optimal path.
backward scheme, i.e., from= T to £ = 1, we can detect an- There are three typical cases in search-space reduction. A real
other sequence of state change-points. The grid points along¥f&"ch-space can be a combination of these cases.

sequence form another boundary, callectthaekward boundary ~ Cas€ 1: Single Path in the Reduced Spadfethe forward
and backward boundaries are identical, there exists only a single

B~ ={(t,s7)|s;y <sppt=1,...,T} C U (14) Path in the reduced search-space, iBt, = B~ = Q. In this

case, a further search is not necessary, and a maximum likeli-

wheres; is the state index at timealong the boundary. An ex- hood score can be computed from the path directly, such as the

ample of the backward boundary is again the grid points alofglid line in Fig. 5. We note that the change-point detection in-

the solid line in Fig. 5. The dashed line from right to left indivolves the points along the dashed lines, but they are not in the

cates the direction of the backward sequential detection. ~ Subspacé?.

Generally speaking, neither one of the boundaries guarantee§ase 2: Multiple Paths in a Local Areawhen multiple paths

the optimal path since both of them may include false acce®Xist in a search-space, the forward and backward boundaries

tances; howe\/er, the two boundaries enclose a Subspace &Q]DOI meet in some local areas. In this case, a search is needed

sisting of the grid points inside and along the boundaries. @fly for those local areas. An example is shown in Fig. 6 as the

the grid points of the forward boundary are above the backwaftple” of four grid points, (8, 3), (8, 4), (9, 3), and (9, 4). We

o ={(ts) |t St<tist Ssi <y} (19)

boundary at every time frame, i.e., only need to search those four grid points. Another example of
a larger, reduced search-space is shown in Fig. 7.
Q={(t,s) |1 <t<T;s; <s; <sf}cCV¥ (15) Case 3: Special Casedn some special cases, the forward

boundary may be under the backward boundary in some areas,

where(t,st) € BT and(t,s~) € B, subspacé? must in- as shown in Fig. 8 between (11, 4) to (18, 6). This could be
clude the optimal path under the constraint of the left-to-riglehused by the data skipping one HMM state or not going through
HMM since neither one of the boundarig8; or B—, allows all HMM states. Most likely, the data are from an imposter, i.e.,
false rejection. there is no match between the testing data and the HMM. De-

However, the constraint in (15) may not always hold true, i.gaending on applications, we can either reject the data set or per-
the grid points ofBT may be located below— at some time form a search on eithet or ’. For the example in Fig. 8,
frames. This may be due to a skipped state, a mismatch betw€n= ¢ Uy, wherep = {(¢,s,) |1 <t < 11;s; < s < 57},
the model and data, or an impostor’s utterance. In these speaiadl«;,, = {(¢,s:) |11 < t < 18;4 < s; < 6}. ¢, IS a rectan-
cases, depending on the application, we can reject an utteragekar subspace.
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s uous speech recognition (LVCSR). The change-point detection
6 O 0 O 0 0O O O O & -&-0-9-0-0»0
L can be performed at both phoneme and word levels. We use the
5 0O 0O O 0 O O eme & & o o ® O=ud . .
" e e . . o o word-end hypotheses in a tree lexicon as an example.
g oo oot IR At the end of a decoding word, there are usually many tree
ZR IR ¢t start-up hypotheses. For each of the hypotheses, the proposed
2 oo O ® 6 &6 & e=® O O O O O O© . . . .
e change-point detection algorithm can be applied to detect
! se-e -0 e ¥ 0 0000000 whether there is a change-point between the last state of the

1 2 3 4 5 6 7 8 0101112131415 16 17 18 t current word and the first state of the next word hypothesis.
Frames If a change-point exists, the corresponding hypothesis can be
Fig.7. Asearchisneeded inthe reduced search-$padsch includes all the started up and deCOdlng can propagate into the tree hypothe5|s;

black points in between the two dashed lines. The points along the dashed IiAE3erwise, the hypothesis should be pruned. Further research
are involved in change-point detection, but they do not belong to the redudd some modifications may be needed in implementing this

search-space. concept for ASR.
This change-point pruning can always be followed by a

S language model pruning for further search-space reduction.
6 O 0O 0O 0O 0 O 0 0O O O O & 6=ue-0-¢ -6 _I. .
. / The beam-search algorithm at state and word levels can always
5 O 0 0 0 0 0 0 0 0 0 e &K e e e o & o i . i
" ¥ L be applied as before. Other computational techniques to reduce
04 [e] (o] o o 0 o -0 0 -0 00 -0 - 0>»0 L 3 [e] R . . )
5 7 . complexity, such as frame deletion strategies by evaluating
A3 O O O S -e»0 @ & © o ¢ ¢ © & © o O O B . . K .
L s spectral distortion to detect stationarity, can also be applied
2 -0 O & & =0 - o 0O 0O O O O O 0O O . .
L together with the proposed algorithm.
1 e © & oewe-9 O O O O O O O 0O O O O ©° . . .
We note that this proposed algorithm provides not only a

1 23 4 5 6 7 8 91011 12 13 14 15 16 17 18 t new direction for pruning but also the opportunity of improving
Frames the system performance. Based on the above discussions, a

Fig.8. Aspecial case is located between (11, 4) and (18, 6),wheretheforw§;£9te will not transit to another state hypothesis without a

boundary is under the backward one. A full search can be done in the subspad@nge-point. This limits the decoding hypotheses or reduces
{(t,s:)|11 <t < 18;4 < s < 6} the false acceptance in decoding. We will show the performance

improvement in the following experiments.

B. Summary of the Algorithm

We summarize the proposed algorithm as follows: V. EXPERIMENTS

1) perform a forward state-change-point detection to obtain!n this section, we apply the proposed algorithm to a fixed-

a forward boundaryB; phrase speaker verification (SV) task and compare it to the full-
2) perform a backward state change-point detection to cggarch and beam-search algorithms. An SV system includes two
tain a backward boundary3—; kinds of sessions, enrollment and test. In an enroliment ses-

3) if Bt is aboveB at all time frames, search for the op-sion, an identity, such as an account number, is assigned to a

timal path in subspacg as defined in (15), if necessary;Speaker, and the speaker is asked to select a spoken pass-phrase.
otherwise, search for the optimal pathéthas defined in The system collects and verifies five training utterances through

(16); an automatic verbal information verification (VIV) procedure
4) return the accumulated log-likelihood score. Return tHé3], [24]. A speaker-dependent (SD) HMM, called taeget
state segmentation if required. mode] is then constructed for the whole phrase. In a test session,
the speaker’s test utterance is compared against the pre-trained
C. Complexity Analysis target model. The speaker is accepted if the likelihood-ratio
score exceeds a preset threshold; otherwise the speaker is re-

Assuming each state h#@5 .S frames, the proposed algorithm;
needs approximateWI'/S + 3(S — 2)T/S = T/5(35 — 2) Jected.
grid point computations, whefEands are the total numbers of
frames and states, respectively. Wheps> 2/3, it needs about
37 grid point computations while a full-search algorithm needs Fig. 9 is a block diagram of the SV system in the test session
approximatelyS x 7" grid point computations. Supposing thaf23], [25]. After a speaker claims the identity, the system expects
the overhead computation can be ignored, the upper boundft# same pass-phrase obtained in the training session. After end-
the speedup of the proposed algorithm is approximaigsy In ~ point detection, nonspeech signals, such as silence, dial-tones,
other words, the computational complexity can be reduced 8ff., are removed, and cepstral mean subtraction (CMS) is con-
to a factor ofS/3, in the ideal case, compared to a full Viterbiducted to reduce the acoustic mismatch.

A. Speaker Verification System

search algorithm. In the block of target score computation of Fig. 9, feature
vectors are decoded by a tested algorithm using the target model.
D. Extension to LVCSR Alog-likelihood score for the target model, i.e., the target score,

We have proposed the algorithm for change-point detectii)%calcuIated as
and applied it to the HMM state alignment. The concept can 1 )
also be extended to the pruning task in large-vocabulary contin- L(O, A) = Ff log P(O]A¢) (19)
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Fig. 9. Fixed-phrase speaker verification system.

where The feature vector for SV is composed of 12 cepstral and 12
O set of feature vectors; delta-cepstral coefficients since it is not necessary to use the 39
Ny total number of vectors: features for SV. The cepstrum is derived from a 10th order LPC
A, target model: analysis over a 30 ms window and the feature vectors are up-

Lo . dated at 10 ms intervals [25]. The experimental database con-
P(O]A) lr'rlfggPOOd score from the target model allgn'sists of fixed phrase utterances recorded over the long distance

telephone network by 100 speakers, 51 male, and 49 female. The
When the likelihood-ratio test is applied to the evaluatiofixed phrase, common to all speakers, is “I pledge allegiance to
we need to compute the background score as in the blockiqé flag” with an average length of 2 s. Five verified utterances
dashed lines, where a set of speaker-independent (SI) HMMg ysed to train the target model. For testing, we use 40 ut-
in the order of the transcribed phoneme sequence is appliedd@nces recorded from a true speaker in different sessions, and

align an input utterance with the expected transcription using ytterances recorded from 50 impostors of the same gender
the Viterbi algorithm. The background score is computed as i different sessions.

The speaker-dependent (SD) target models for the phrases are

K left-to-right HMMs. The number of states depends on the total
L(O,A) = — Zlog P(O; | \) (20) number of phonemes in the phrases. There are four Gaussian
Ny i1 components associated with each state [25]. The background
models are concatenated SI phoneme HMMs trained on a tele-
where phone speech database from different speakers and texts [27].
Ay = set of SI phoneme models in the order of thehere are 43 phoneme HMMs, and each model has three states
{1, transcribed phoneme sequence; with 32 Gaussian components associated with each state. Due to
P(O;|Xy,) corresponding phoneme likelihood score founreliable variance estimates from a limited amount of speaker-
the phoneme modé\,, ; specific training data, a global variance estimate was used as
K total number of phonemes. the common variance for all Gaussian components in the target

The target and background scores are then applied to the f§Rdels [25].
lowing likelihood-ratio test [25]
B. Experimental Results

R(O; A, Ay) = L(O,Ay) — L(O, Ay). (21) The proposed algorithm was compared to both the beam-
search and full-search algorithms on the speaker verification
A final decision on rejection or acceptance is made by coraystem with a total of 3970 utterances from true speakers and
paringR to a threshold. 19 608 utterances from impostors in the database. For accuracy
In this experiment, a typical beam search algorithm was apralysis, we list the experimental results as verification equal-
plied to the comparison: {ft, s7) is the grid point with the best error rates (EERs) in Table | and summarize them in Fig. 10(a).
path at timef, and the log-likelihood score i5(¢, s} ), the path  The results indicate that the accuracy of the proposed algo-
to any (¢, s;) will be a candidate for extension at frame- 1 rithm is almost the same as the full-search algorithm and is
only if L(t, s¢) > L(t, st) — 6, whered is the beam width [13], much better than the beam search algorithms for different beam-
[26], [9] and L is an accumulated log-likelihood score from bewidths of 200, 300, and 500.
ginning of the utterance. For complexity analysis, we evaluated the experimental re-
To facilitate the comparison, in this test, we only apply difsults in three aspects: grid points involved in the alignment,
ferentalignment algorithms in the target scaf€®, A;) compu- speedup, and overhead computation. Table Il lists the percent-
tation. We fixed the endpoints and background scéu@3, A,) ages of grid points involved in the alignment. On average, the
during the comparison. proposed algorithm visited only about 27% of the grid points,
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TABLE | TABLE 1
COMPARISONS OFAVERAGE INDIVIDUAL EERS (%) (BW: BEAM WIDTH) COMPARISONS OFPERCENTAGES OFGRID POINTS INVOLVED IN DECODING (%)
Algorithms Without With Algorithms |  True Im- | Average
Background Model | Background Model Speakers | postors
Proposed 4.83 2.07 Proposed 22 32 27
Full Search 4.84 2.09 Full Search 100 100 100
BW 500 4.87 2.18 BW 500 48 56 52
BW 300 4.88 2.24 BW 300 37 46 42
BW 200 4.90 2.29 BW 200 30 37 33
% A TABLE Il
23 2.29 COMPARISONS OFCOMPLEXITY (BW: BEAM WIDTH)
g 2
% Algorithms True Speakers Impostors Average
g 22
[5 MFlops | Speedup | MFlops | Speedup | Speedup
E )1 Proposed | 0.61 4.75 0.91 3.00 3.92
g 2
Full Search | 2.69 1.00 2.79 1.00 1.00
2.0 BW 500 1.30 2.10 1.56 1.78 1.94
Pro- Full- Beam Beam Beam
posed Search 500 300 200 BW 300 1.00 2.74 1.28 2.20 2.47
(@) BW 200 0.81 3.40 1.02 2.75 3.08
A 392
4.0 TABLE IV
. COMPARISONS OFOVERHEAD COMPUTATION (KFLOPS)
o
=
g‘ Speaker Viterbi Beam Widths | Proposed
%, Groups | Algorithm | 500 | 300 | 200 | Algorithm
<
) True 8.8 9.2 |83 | 17.7 5.9
<
Impostors 9.1 103194 | 85 6.4
Average 8.9 9.8 [ 88| 8.1 6.1
Pro- Full- Beam Beam Beam o ] . )
posed Search 500 300 200 likelihood computation at each grid point. The overhead compu-
(b) tation includes all of the computations except the computation

in (7) at every grid point. We have listed the results in Table IV
Fig. 10. (a) Comparison of average individual EERs and (b) comparison H‘FKFIOpS (thousand flops). It shows that the overhead computa-
average speedups. . . . .

tion of the proposed algorithm is less than all other algorithms.

) ) o o Table V shows the average occurrence rates of Cases 2 and 3
while the beam search algorithm visited more grid points to oRrone utterance. A reduced search-space usually consists of sev-

tain a similar accuracy. . ~erallocal search areas along the optimal path (e.g., Fig. 6). The
The complexity is compared in terms of speedup defined gfore local areas, the smaller the reduced search-space. Gener-
follows: ally speaking, true speakers have smaller search-space since the
Flops of the full-search algorithm detected change-points are close to the real path. One the other

Speedup= ( hand, impostors usually have larger search space due to the mis-

Flops of a compared algorithm
P P g match between the model and test utterances.

where each arithmetic computation counts as one flop (floatingThe slightly better accuracy of the proposed algorithm over
point operation). Table Ill compares the complexity in term dhat of the full-search algorithm, as shown in Table I, is due to
MFlops (million flops) and speedups. Compared to the fulthe search-space reduction. As shown in Table VI, the average
search algorithm, the proposed algorithm is about four tim&rget scores of the true speakers are almost the same as the
faster. Compared to the beam-search algorithms, the propo&édsearch one while the average imposter score of the proposed
one is either much faster when the accuracy is about the saalgprithm is reduced. In the true speaker’s case, since there is
or more accurate when the alignment speed is about the same.false rejection in change-point detection, the optimal path in
The complexity is also compared in overhead computatiorthe reduced search-space is usually the same one as in the full
although it can be ignored when compared to the large amounsefirch-space. On the other hand, in the impostor’'s case, since
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TABLE V
AVERAGE OCCURRENCERATE OF DIFFERENT CASES PER UTTERANCE
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LVCSR as proposed in this paper. It might also be applied to
the decoding problem in digital communications and in network

Speaker Groups | Case 2 | Case 3 routing, where the Viterbi and other search algorithms are usu-
ally applied.
True Speakers 2.8 0.05
(3970 Utterances) ACKNOWLEDGMENT
Impostors 18 0.11 The author wishes to thank the anonymous reviewers and the
(19608 Utterances) associate editor for their valuable comments and suggestions for
improving the quality of this manuscript, as well as C.-H. Lee,
TABLE VI W. Chou, F. K. Soong, B.-H. Juang, and H. Jiang for useful dis-
COMPARISONS OFAVERAGE TARGET SCORES cussions and their comments on an early version of the manu-
script.
Algorithms Full Search Proposed
Speakers True | Impostor | True | Impostor REFERENCES
Scores 12.12 0.92 12.10 0.83 [1] R.E.BellmanDynamic Programming Princeton, NJ: Princeton Univ.

[2]
there is a mismatch between the model and utterance, the pro-
posed algorithm may skip one state or may not go through allf3;
the states in detecting the boundaries (e.g., Fig. 8). The optimal
path in the reduced search-space may not be the same one a?
in the full space; therefore, the impostor’s likelihood score can
be lower than a full-search one while the true speaker’s scores
are almost the same. Since the search-space of the proposéd
algorithm is a subspace of the full-search algorithm, its likeli-
hood score is usually smaller than the full-search one; however,
the proposed algorithm can increase the difference between th¥!
true speaker’s score and the impostors’ scores. This reduced the
EERSs slightly in the test. [7

We note that in the above experiments, the endpoints were
given from an SI HMM alignment. If the target model align- g
ment includes silence, the speedups of the above experiments
will be larger and the accuracy can be better due to more accu-9]
rate endpoints. The accuracy can be further improved if targe{
model adaptation is allowed, as in [23] and [25]. Also, if we
further apply the proposed algorithm to the background moddt©!
alignment, it will show much larger speedup since there are large
number of concatenated states in the background model. [11]

VI. CONCLUSIONS

In this paper, we first introduced an algorithm of sequen—[12]

tial HMM state change-point detection, then proposed an algdi3]
rithm on search-space reduction. In the proposed algorithm, we
use the detected state-change points to form the boundaries
a search-space. When two boundaries are detected by using a
forward-and-backward scheme, a subspace is detected, anlfl'é{
. . . . 16
search algorithm can then be applied to find the optimal path:.
Compared to the beam search algorithm, the proposed algorithiiv]
is capable of detecting a subspace without using any beam Wid{h
which is difficult to determine beforehand. The experiment in
a speaker verification task showed that the proposed algorithmg]
can provide much better accuracy than the beam search algo-
rithm at a faster speed. Compared to a full-search algorithn{,zol
the proposed algorithm is about four times faster with slightly
better accuracy in the experiment. Given totailysates in an  [21]
HMM, the computational complexity can be reduced up to &2
fact of S/3. The proposed algorithm can also be extended to

Press, 1957.

A. J. Viterbi, “Error bounds for convolutional codes and an asymptot-
ically optimal decoding algorithm,JEEE Trans. Inform. Theoryol.
IT-13, pp. 260-269, Apr. 1967.

L. R. Bahl et al, “Large vocabulary natural language continuous
speech recognition,Proc. IEEE Int. Conf. Acoustics, Speech, Signal
Processingpp. 465-467, May 1989.

J. K. Chen and F. K. Soong, “An-best candidates-based discriminative
training for speech-recognition applicationsEE Trans. Speech Audio
Processingvol. 2, pp. 206-216, Jan. 1994.

L. Nguyen, R. Schwartz, F. Kubala, and P. Placeway, “Search algorithms
for software-only real-time recognition with very large vocabularies,” in
Proc. DARPA Human Language Technology Worksihbgr. 1993, pp.
91-95.

Q. Li, “A fast decoding algorithm based on sequential detection of
the changes in distribution,” ifProc. Int. Conf. Spoken Language
ProcessingSydney, NSW, Australia, Nov. 1998.

—, “A fast, sequential decoding algorithm with application to
speaker verification,’Proc. IEEE Int. Conf. Acoustics, Speech, Signal
ProcessingMar. 1999.

C.-H. Lee and L. R. Rabiner, “A frame-synchronous network search
algorithm for connected word recognitionlEEE Trans. Acoustics,
Speech, Signal Processingl. 37, pp. 1649-1658, Nov. 1989.

H. Ney and S. Ortmanns, “Dynamic programming search for continuous
speech recognitionfEEE Signal Processing Magvol. 16, pp. 64—83,
Sept. 1999.

N. Deshmukh, A. Ganapathiraju, and J. Picone, “Hierarchical search for
large-vocabulary conversational speech recognititfE2E Signal Pro-
cessing Mag.vol. 16, pp. 84-107, Sept. 1999.

H. Ney, R. Haeb-Umbach, B.-H. Tran, and M. Oerder, “Improvements
in beam search for 10 000-word continuous speech recognitirg.
IEEE Int. Conf. Acoustics, Speech, Signal Proces$ipgl-9—I-12, Mar.
1992.

G. D. Forney, “The Viterbi algorithm Proc. IEEE vol. 61, pp. 268-278,
Mar. 1973.

B. Lowerre and R. Reddf'he HARPY Speech Understanding System,
Trends in Speech RecognitioW. A. Lea, Ed. Englewood Cliffs, NJ:
Prentice-Hall, 1980.

B. Brodsky and B. S. Darkhovskijonparametric Methods in Change-
Point Problems  Norwell, MA: Kluwer, 1993.

A. Wald, Sequential Analysis London, U.K.: Chapman & Hall, 1947.

E. S. Page, “Continuous inspection schem&gmetrikg vol. 41, pp.
100-115, 1954.

——, “Atest for a change in a parameter occuring at an unknown point,”
Biometrika vol. 42, pp. 523-527, 1955.

] G. Lorden, “Procedures for reacting to a change in distributiémy.

Math. Statist.vol. 42, no. 6, pp. 1897-1908, 1971.

R. K. Bansal, “An algorithm for detecting a change in stochastic
process,” M.S. thesis, Univ. Connecticut, Storrs, 1983.

R. K. Bansal and P. Papantoni-Kazakos, “An algorithm for detecting a
change in stochastic procestEEE Trans. Inform. Theorwol. IT-32,

pp. 227-235, Mar. 1986.

D. Kazakos and P. Papantoni-KazakoBgetection and Estima-
tion. New York: Computer Science, 1990.

] A. Papoulis, Probability, Random Variables, and Stochastic Pro-

cesses New York: McGraw-Hill, 1984.



578

(23]

[24]

(25]

(26]

(27]

(28]

IEEE TRANSACTIONS ON SPEECH AND AUDIO PROCESSING, VOL. 9, NO. 5, JULY 2001

Q. Li and B.-H. Juang, “Speaker verification using verbal informatiol Qi (Peter) Li (S'87-M'88) received the Ph.D. de-
verification for automatic enrollmentProc. IEEE Int. Conf. Acoustics, gree in electrical engineering from the University of
Speech, Signal Processingay 1998. Rhode Island, Kingston. In 1991, he attended Har-
Q. Li, B.-H. Juang, Q. Zhou, and C.-H. Lee, “Automatic verbal infor- vard University, Cambridge, MA, to study statistical
mation verification for user authenticatiodlEEE Trans. Speech Audio theory and methods.

Processingvol. 8, pp. 585-596, Sept. 2000. In 1995, he joined Bell Laboratories, Murray Hill,

S. Parthasarathy and A. E. Rosenberg, “General phrase speaker veri NJ, where he is currently Member of Technical Staff
tion using sub-word background models and likelihood-ratio scoring in the Dialogue Systems Research Department. From
in Proc. Int. Conf. Speech Language Processing®Bhiladelphia, PA, 1988 to 1994, he was with F.M. Engineering and Re-
Oct. 1996. | search, Norwood, MA, where he worked in research
J.R. Deller, J. G. Proakis, and J. H. L. Handeiscrete-Time Processing on patent recognition algorithms and in real-time sys-
of Speech Signals New York: Macmillan, 1993. tems. His research interests include speaker and speech recognition, robust fea-

A. E. Rosenberg and S. Parthasarathy, “Speaker background modelgdoe extraction, fast search algorithms, stochastic modeling, fast discriminative
connected digit password speaker verificatiofrbc. IEEE Int. Conf. learning, and neural networks. He has published regularly and holds patents in

Acoustics, Speech, Signal Processipg. 81-84, May 1996. his research areas.
E. Carlstein, H. G. Muller, and D. Siegmund, Ed3hange-Point Prob- Dr. Li has been active as a reviewer for several journals, including IEEE
lems Hayward, CA: Inst. Math. Statist., 1994. TRANSACTIONS ONSPEECH ANDAUDIO PROCESSINGNd as a Local Chair for the

IEEE 1999 Workshop on Automatic Identification. He has received two awards
and is listed inWho’s Who in Americémillennium and 2001 editions).



