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Abstract—This paper proposes a syllable-lattice-based speaker
verification algorithm for Mandarin Chinese input. For each
speech utterance, a syllable lattice is generated with a speaker-in-
dependent large-vocabulary continuous speech recognition system
in free syllable decoding. The verification decision is made based
upon the likelihood ratio between a target-speaker model and
a speaker-independent background model, computed on the
decoded syllable lattice. The likelihood function is calculated
efficiently in a forward algorithm by considering all paths in the
lattice. The proposed algorithm was evaluated using a Mandarin
Chinese database, where 1832 true and 26 250 impostor trials
were recorded by 19 target speakers and 180 impostors. The
average duration of each trial is 2 s long without silence. The
target-speaker model was adapted from the speaker-independent
background model using enrollment data of two minutes with
silence. The proposed algorithm achieved an equal-error rate
of 0.857% which is beter than 1.21% of the hidden Markov
model-based speaker verification algorithm without using syllable
lattices. The equal-error rate was further reduced to 0.617% by
incorporating the Goussian mixture model–universal background
model algorithm with 2048 Gaussian kernels whose equal error
rate is 0.990%.

Index Terms—Lattice-based speaker adaptation, lattice
rescoring, Mandarin Chinese, speaker recognition.

I. INTRODUCTION

ASPEAKER verification system accepts or rejects a
speaker’s claimed identity based on his or her speech. It

can be operated in a text-dependent (TD) mode or a text-inde-
pendent (TI) mode. In a TD mode, the system takes the input
speech along with its prespecified text transcription, whereas
in a TI mode, only the input speech is used. When the true
underlying transcription is unavailable, as in the case of free
conversation over the telephone, the system must operate in a
TI mode. This paper will focus on TI mode applications.

Various algorithms have been proposed for TD and TI speaker
verification applications. Rosenberg et al. [1] proposed a hidden
Markov model (HMM)-based algorithm for both TD and TI
mode operations. An accept/reject decision is made based on
the likelihood-ratio test using HMMs which represent subword
units. Matsui and Furui [2] proposed a phoneme HMM-based
algorithm, where a test speaker is requested to utter a randomly
prompted phrase.
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Reynolds et al. [3] proposed the Gaussian mixture
model–universal background model (GMM–UBM) algorithm
in the TI mode. The UBM is a Gaussian mixture model (GMM)
which is estimated from background speakers. A target-speaker
model is adapted from the UBM using speaker adaptation
algorithms. An accept/reject decision is made based on the
target/background likelihood-ratio score. The GMM–UBM
algorithm needs a relatively small number of parameters com-
pared to HMM-based algorithms. Thus, when only a small
amount of enrollment data is available, the GMM–UBM is
usually preferable to HMM-based algorithms.

Weber et al. [4] proposed a large-vocabulary continuous
speech recognition (LVCSR)-based algorithm for TI applica-
tions, where the best recognition result generated by an LVCSR
is assumed to be the true underlying transcription of the input
speech. This algorithm achieves good performance for long
test speech utterances (30 s or longer). However, for an input
with a short duration, say less than 10 s, its performance starts
to degrade, and the result is inferior to that of the GMM–UBM
algorithm [4].

Doddington [5] demonstrated that the idiolectal character-
istics can be used for speaker verification. The idiolect of a
speaker was represented by the word n-grams embedded in the
underlying transcriptions. This algorithm achieves good perfor-
mance in the Switchboard corpus [6], which implies that not
only acoustic but also idiolectal information is useful for speaker
verification

Andrews et al. [7] proposed a phonetic information-based
speaker verification algorithm. In their work, the verification is
performed from the phonetic sequences created by six-phone
recognizers which were trained on six different languages. Re-
cently, Hatch et al. [8] demonstrated that using phone lattice
decodings instead of 1-best phone decodings can improve the
performance of the phonetic speaker verification further.

This paper proposes an HMM-based speaker verification
algorithm that rescores a syllable lattice using a target-speaker
model. The performance of an HMM-based speaker verifi-
cation algorithm is known generally to be worse than that
of the GMM–UBM algorithm in the TI mode. The two main
underlying reasons for this disparity in performance are errorful
recognition results and insufficient enrollment data: errorful
recognition results not only lead to incorrect decision making
but also lead to incorrect target-speaker modeling. Our previous
work [9] showed that the HMM-based speaker verification per-
formance can be improved by using syllable lattices generated
by the target-speaker model and the background model. In this
paper, an algorithm is proposed to 1) make verification decision
by rescoring syllable lattices using the target-speaker model
and 2) enroll the target speaker model using a lattice-based
speaker adaptation.
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There was one other speaker verification algorithm that is
based on the lattice decoding [8]. The proposed algorithm is dif-
ferent from the lattice-based algorithm proposed by Hatch et al.
[8] in that ours uses the lattice decoding to capture the difference
between speakers in acoustical information (such as Mel-fre-
quency cepstral coefficients) represented by HMMs while the
other uses the lattice decoding to capture the difference in the
dynamic realization of phonetic features represented by the rel-
ative frequencies of phone n-grams.

The proposed algorithm uses syllable lattices instead of
phone lattices to exploit the specific syllabic characteristics of
Mandarin Chinese. Mandarin Chinese is a syllabically paced
language which consists of about 1300 syllables [10]. Since the
combination of several specific syllables in general stands for
very few words, accurate syllable decodings often lead to ac-
curate word-recognition results [11]. For this reason, this paper
uses syllable-lattice decodings for both speech recognition and
speaker verification.

Using the decoded lattice instead of the 1-best recognition
result increases the probability that the correct hypothesis and
its alignment is incorporated in the decision-making process. In
the proposed algorithm, the likelihood given a model is approx-
imated as the joint probability of an input observation sequence
and a lattice given the model using the forward algorithm. The
accept/reject decision is based on the target-speaker’s poste-
rior probability which is approximated by the likelihoods of
the target-speaker model and the background model. The target-
speaker model was adapted from the background model using
a lattice-based speaker adaptation algorithm which is known to
be robust against the 1-best word error rate (WER) [12], [13].

The rest of this paper is organized as follows. Section II de-
scribes the proposed algorithm. Section III demonstrates the
performance of the proposed algorithm, and Section IV sum-
marizes our work.

II. LATTICE-BASED SPEAKER VERIFICATION ALGORITHM

A. Speaker Verification

Fig. 1 illustrates a generic speaker verification system that
uses a background and a target-speaker model. In this paper, we
use a single speaker-independent (SI) model as a background
model for all target speakers. The target-speaker model is ob-
tained by adapting the background model with a limited amount
of enrollment data of the target speaker. The Neyman–Pearson
criterion leads to the following hypothesis-testing procedure:

TAR

BGM
(1)

where , , TAR , and BGM are the input
observation sequence of frames, a preset decision threshold,
the likelihood given the target-speaker model, and the likelihood
given the background model, respectively.

B. Lattice-Based Speaker Verification

Multiple hypotheses encoded in a lattice carry more infor-
mation than the single best hypothesis, and they can potentially
enhance the speaker verification performance. HMM-based

Fig. 1. Generic speaker verification system.

Fig. 2. Lattice forward algorithm.

speaker verification algorithms using an LVCSR system ap-
proximate the likelihoods of the background model and the
target-speaker model by [4], [14]

BGM (2)

and

TAR (3)

where , , and denote the optimal state alignment of
the best recognition result generated by a speech recognizer, the
SI-HMMs and the target-speaker HMMs, respectively. Since
(2) and (3) depend only on the best speech recognition result,
the speaker verification performance may deteriorate when the
recognition result is highly errorful. Rather than using only the
best recognition result, we utilize the decoded lattice to incor-
porate more hypotheses in verification decision. In the phonetic
speaker verification and the language identification, using de-
coded phone-lattices improves the performances [8], [15]. This
paper uses decoded syllable lattices for HMM-based speaker
verification.

1) Forward Algorithm for Lattice: To calculate lattice like-
lihoods, we generate syllable lattices using a free syllable de-
coding network. Fig. 2 illustrates the structure of a syllable lat-
tice: and are the starting and the ending nodes of the lat-
tice, respectively. Each arc in the lattice is associated with a syl-
lable hypothesis whose label is determined by its fan-in node.
For example, all arcs entering the same fan-in node represent
the same syllable .
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Fig. 3. Plug-in lattice rescoring for lattice-based speaker verification.

Let be the forward probability of a node defined by

(4)

where , , , and denote the observation at frame index
, the frame index corresponding to node , the lattice gener-

ated by a speech recognizer, and the set of HMMs, respectively.
Then, at node , is induced as

(5)

where is the transition from node to node , and
is the corresponding transition probability. Using (5),

the likelihood of given can be approximated as the joint
probability of and as given by

(6)

where denotes the ending node of lattice .
2) Plug-in Lattice Rescoring: The proposed algorithm ap-

proximates the likelihoods given the background model and the
target-speaker model by

BGM (7)

and

TAR (8)

where denotes the lattice generated by the speech recognizer
using the SI background model .

Since the lattice is generated with , the likelihood
can be directly obtained by the forward

algorithm. In order to calculate , plug-in
lattice rescoring can be adopted. For an arc in the lat-
tice , we denote and as its starting and ending
nodes, respectively. In the plug-in lattice rescoring, the
joint probability of both an arc and its observation se-
quence given a model ,

, is replaced by for
speaker verification. Fig. 3 illustrates the steps in calculating

and with the plug-in lattice
rescoring which is also shown as follows.

Plug-In Lattice Rescoring for Speaker Verification

Step 1) Generate a lattice using the SI background
model .

Step 2) Calculate using the forward algo-
rithm.

Step 3) Replace with

for all ’s in
(plug-in rescoring).

Step 4) Calculate using the likelihoods

obtained in Step 3 and the for-
ward algorithm.

Step 5) Make verification decision.
The posterior probability of the target speaker will be used

as a test statistic in this paper. When a noninformative prior is
used, i.e., both prior probabilities of the background and target
speaker are assumed to be 0.5, the posterior probability of the
target speaker is

TAR
TAR

BGM TAR

(9)

Authorized licensed use limited to: Korea Advanced Institute of Science and Technology. Downloaded on January 6, 2010 at 06:44 from IEEE Xplore.  Restrictions apply. 



JIN et al.: SYLLABLE LATTICE APPROACH TO SPEAKER VERIFICATION 2479

C. Lattice-Based Speaker Adaptation

The lattice-based speaker adaptation is used here to estimate
the target-speaker model. Mariéthoz and Bengio [16] demon-
strated that the GMM–UBM using the maximum a posterior
(MAP) adaptation [17], [18] outperforms the GMM–UBM
using the maximum-likelihood linear regression (MLLR) [19]
and the eigenvoices [20]. In HMM-based speaker verification
algorithms, the amount of enrollment data is relatively small
to update all parameters of HMMs. And the underlying tran-
scriptions of enrollment data may not be available. In such a
situation, the MLLR outperforms the MAP in speech recogni-
tion performance. We evaluate both the MLLR and the MAP
for speaker verification applications in addition to lattice-based
speaker adaptation algorithms.

1) MAP and MLLR: Let be the state containing the th
Gaussian kernel in SI-HMM . For the observation sequence

, the Gaussian occupation count at frame
is given by

(10)

where and denote the state and the mixture at frame
, respectively. Using the Gaussian occupation count

, the MAP adaptation estimates the
speaker-adapted mean of the th Gaussian kernel as
follows [15], [21]:

(11)

where

(12)

and where and denote the mean of the th Gaussian kernel
and a prior knowledge chosen beforehand, respectively.

In MLLR, the Gaussian kernels are clustered into regression
classes by the regression tree clustering algorithm based on a
centroid splitting algorithm [19], [21]. Let be the extended
mean of the th Gaussian kernel defined by

(13)

For all Gaussian kernels in a regression cluster , the mean-
parameter transformation is obtained by solving

(14)

where , , and are the number of Gaussian kernels
in the regression class , the index of the th Gaussian kernel
in the regression class and the covariance matrix of the th
Gaussian kernel, respectively. Then, the speaker-adapted mean

in a class is adapted from the SI mean as follows:

(15)

2) Lattice-Based Gaussian Occupation Count: The unsuper-
vised adaptation based on the best recognition result is usually
performed by the following steps.

Unsupervised Adaptation Based upon 1-Best Recognition
Result

Step 1) Generate the best recognition result of adaptation
data using a speech recognizer.

Step 2) Accumulate Gaussian occupation counts using (10).
Step 3) Update parameters with (11) for the MAP and (15)

for the MLLR.
Since the above unsupervised speaker adaptation adopts the

recognition result as the true transcription, the adaptation per-
formance deteriorates when the best recognition result is highly
errorful. In order to alleviate this negative impact on the speaker
verification performance, the lattice-based adaptation was pro-
posed before for the MLLR adaptation algorithm [12], [13]. In
our implementation, we first generate a lattice using the
SI-HMM . Then, the Gaussian occupation count given
is accumulated as follows:

(16)

The procedure for lattice-based speaker adaptation using (16) is
performed by the following steps.

Unsupervised Adaptation Based upon the Lattice

Step 1) Generate the lattice rather than the 1-best recog-
nition result of adaptation data obtained by a speech
recognizer.

Step 2) Calculate the posterior probability for each arc ,
, using the forward-backward al-

gorithm.
Step 3) Accumulate Gaussian occupation counts by (16).
Step 4) Update parameters with (11) for the MAP and (15)

for the MLLR using instead of .

D. Maximum Likelihood Linear Transformation for
HMM-Based Speaker Verification

In this paper, we perform the HMM-based speaker veri-
fication with the maximum-likelihood linear transformation
(MLLT) which improves the speech recognition performance
[22], [23]. For the HMM-based speaker verification algorithm,
we showed that using the MLLT can also improve the speaker
verification performance [9]. Here, the MLLT was estimated
when training the SI-HMMs representing the tonal segment
models. For the GMM–UBM algorithm, another MLLT was
estimated in training the UBM, which was shown to improve
the performance of the GMM–UBM algorithm [24]. For both
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the GMM–UBM and the HMM-based speaker verification al-
gorithms, the MLLTs were estimated with diagonal-covariance
constraints [22].

The MLLT is a global linear transformation that is designed
to maximize the likelihoods of the training observation se-
quence. Let and be the mean and the variance of the th
Gaussian kernel, respectively. When a linear transformation

is applied to the training observation sequence , the
log-likelihood given Gaussian kernels, and the transformation

, is given by

(17)

where , , and are the total number of data, the dimension of
the data, and the number of Gaussian kernels, respectively.
and denote the set of training observations corresponding to
the th Gaussian kernel and the number of observations

, respectively.
The maximum-likelihood (ML) estimates of and are

given by

(18)

and

(19)

where denotes the sample full-covariance matrix of obser-

vations . is a diagonal matrix whose

diagonal elements are those of . Replacing and in
(17) with and gives

(20)

The that maximizes the likelihood in (20) is given by

(21)

where

(22)

In this paper, is optimized using the David–Fletcher–Powell
algorithm [25].

TABLE I
DESCRIPTION OF DATABASE FOR OUR EXPERIMENTS

TABLE II
EXPERIMENTAL SETUP

III. EXPERIMENTS

A. Experimental Setup

Table I summarizes the information of the database used for
our experiments. The database consists of about one million
different read sentences from 500 Mandarin Chinese speakers.
Each speaker’s data amounts to 20 min long on average. This
database was collected in a clean and wide-band (16-kHz sam-
pling rate) environment and recorded in one session for each
speaker.

Table II describes the experimental setup in this paper. The
number of target, impostor, and background speakers are 19,
180, and 300, respectively. The three speaker sets are mutu-
ally exclusive. Each target speaker provides enrollment data of
2 min long (silence included). Both target and impostor-speaker
test trials are 2 s long with 9.4 syllables on average. These trials
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were created by selecting only speech intervals using a voice ac-
tivity detector [26]. That is, silence in test trials was edited out.
We applied the MLLT to 39-dimensional Mel-frequency cep-
stral coefficients (MFCCs) which consist of 13 coefficients (12
cepstral coefficients and energy), their delta and delta-delta time
differences. Different MLLTs were applied to the GMM–UBM
and the HMM-based speaker verification algorithms.

For HMM-based algorithms, a set of SI-HMMs, , was
used as a background model. was trained on 90 h of data
from 300 speakers (156/144 female/male speakers). The basic
units of HMMs in are tonal segments [27]. Each syllable
is represented by 2 to 4 tonal segment models. By using a state
tying algorithm in HTK [21], we modeled as context-depen-
dent HMMs of 5434 tied-states. The observation probability of
each state was estimated by a mixture of 16 Gaussian kernels.

In Mandarin Chinese, a tonal syllable is a base-syllable with
a corresponding lexical tone. The syllable-recognition perfor-
mance in Mandarin Chinese can be either measured by tonal-
syllable accuracy or base-syllable accuracy [10]. In tonal-syl-
lable accuracy, both the base syllable and the corresponding
tone must be correctly recognized. When evaluating the speech
recognition performance in this paper, we used the tonal-syl-
lable error rate rather than the tonal-syllable accuracy.

The syllable lattices were generated in a free syllable de-
coding network with , and the tonal-syllable error rate of
the 1-best recognition result was 45.3%. The GMM–UBM al-
gorithm was implemented by modifying the HTK [21] where
1 emitting state HMM was used, and the state transitions in
HMM were ignored. For the GMM–UBM algorithm, the UBM

was trained using the same training data that was used to
train . The model was created by pooling two 1024
GMMs together, one for male speech and the other one for fe-
male speech as described in [3]. The speaker verification per-
formance was measured by the detection error tradeoff (DET)
curve and the equal error rate (EER) [28].

B. Experimental Results

1) Speaker Verification With the 1-Best and Syllable-Lattice
Scoring: We evaluated the HMM-based speaker verification
performance with various speaker adaptation algorithms. Fig. 4
illustrates the speaker verification performances of the 1-best
scoring and the lattice rescoring with the MAP, the MLLR, and
the MLLR followed by the MAP algorithms. The MLLR fol-
lowed by the MAP is abbreviated as the MLLR MAP. For
all speaker adaptation algorithms, the lattice rescoring outper-
formed the 1-best scoring. Fig. 5 illustrates the speaker verifi-
cation performances with the lattice-based MLLR and the lat-
tice-based MLLR followed by the MAP which are abbreviated
as the LAT-MLLR and the LAT-MLLR MAP.

Comparing the EERs in Figs. 4 and 5, the speaker verification
algorithms with the LAT-MLLR and the LAT-MLLR MAP
outperform those using the MAP, the MLLR, and the MLLR

MAP. When the lattice-based speaker adaptation algorithms
were used, the performance gap between the 1-best scoring and
the lattice rescoring decreased.

In both 1-best scoring and lattice rescoring, the HMM-based
speaker verification algorithm with the LAT-MLLR MAP
achieved the lowest EER followed by that with the LAT-MLLR,

Fig. 4. DET curves of HMM 1-best scoring with MAP, HMM 1-Best scoring
with MLLR, HMM 1-best scoring with MLLR+MAP, HMM lattice rescoring
with MAP, HMM lattice rescoring with MLLR, and HMM lattice rescoring with
MLLR + MAP.

Fig. 5. DET curves of HMM 1-best scoring with LAT-MLLR, HMM 1-best
scoring with LAT-MLLR + MAP, HMM lattice rescoring with LAT-MLLR,
and HMM lattice rescoring with LAT-MLLR + MAP.

the MLLR, the MLLR MAP, and the MAP. The same ten-
dency is found at the tonal-syllable error rates of the speaker-
adapted models in the unsupervised mode illustrated in Fig. 6.
The tonal-syllable error rates were evaluated using 950 utter-
ances from 19 target speakers. In the unsupervised mode, the
speaker-adapted models used in the tonal-syllable recognition
experiments are exactly the same as the target-speaker models
used in the speaker verification experiments. The LAT-MLLR

MAP achieved the lowest tonal-syllable error rate followed
by the LAT-MLLR, the MLLR, the MLLR MAP, and the
MAP. The MAP and the MLLR MAP achieved higher error
rate than the SI model and the MLLR since highly errorful
recognition results can lead to incorrectly adapted models in the
MAP. In the supervised mode, the MAP slightly reduced the
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Fig. 6. Tonal-syllable error rate of speaker-adapted models using the MAP, the
MLLR, the MLLR+MAP, the LAT-MLLR, and the LAT-MLLR +MAP.

TABLE III
LATTICE COMPLEXITY AND SPEAKER VERIFICATION PERFORMANCE

error rate. In contrast, when using the MLLR, the error rate de-
creased since similar models were clustered before adaptation.
The LAT-MLLR MAP outperformed the LAT-MLLR, which
implies that the lattice-based speaker adaptation algorithms are
more robust to recognition errors than the conventional unsu-
pervised adaptation in both speech recognition and speaker ver-
ification applications.

2) Lattice Complexity: The lattices for the speaker adaptation
and the speaker verification were generated by the token passing
algorithm implemented in the HTK [21]. We used three tokens
for experiments in Section III-BI. Table III enumerates the EER,
the number of syllables/lattice, the number of arcs/node, the lat-
tice error rate (LER), and the lattice density when using 2, 3,
and 4 tokens. The LER is the lower bound on the tonal-syl-
lable error rate from the decoded lattice, and the lattice den-
sity is the number of arcs in the lattice divided by the number
of syllables in the true transcription. Here, the LER and the
lattice density were computed on the 950 utterances from the
target speakers, which were used to evaluate the tonal-syllable
error rate of speaker-adapted models. The others were com-
puted on the syllable lattices used for the speaker verification.
The EER was measured using the proposed algorithm with the
LAT-MLLR MAP.

As shown in Table III, using more tokens generates the lat-
tice with larger lattice density and smaller LER. However in

Fig. 7. DET curves of HMM without using syllable lattices, HMM lattice
rescoring with LAT-MLLR+MAP, 2048 GMM–UBM with MAP, and linearly
combined score with a = 0:5: boxes denote the 95% confidence intervals at
EER operating points.

speaker verification, the number of tokens should be properly
set to achieve the lowest EER. Our conjecture for this is that
when the lattice with a large density is used, many confusing
hypotheses are also incorporated in the speaker adaptation and
the lattice rescoring, which can deteriorate the speaker verifica-
tion performance.

3) Combination of the Proposed and the GMM–UBM Algo-
rithm: Fig. 7 illustrates the DET curves of the GMM–UBM
algorithm with 2048 Gaussian kernels, the HMM-based speaker
verification algorithm without using syllable lattices, and the
proposed algorithm with the LAT-MLLR MAP. Here, the
HMM-based speaker verification without using syllable lattices
is the HMM-based speaker verification algorithm with the
1-best scoring and the MLLR in Fig. 4 which yielded the
best performance among the HMM-based speaker verification
algorithms that do not use syllable lattices. In addition, the
test statistics of the proposed algorithm and the GMM–UBM
algorithm were linearly combined as follows:

TAR TAR

TAR (23)

where TAR is the posterior probability
of the proposed algorithm calculated using (9), and

TAR is the posterior probability of the
GMM–UBM calculated in the same manner. Boxes of DET
curves in Fig. 7 denote the 95% confidence intervals at
EER operating points. By assuming that all target and im-
postor-speaker trials are independent and the number of target
and impostor-speaker trials are large, the false alarm and the
miss probabilities follow approximately normal distributions
whose standard deviations are given by [29]

(24)
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and

(25)

where , , , and denote the false alarm prob-
ability, the miss probability, the number of impostor-speaker
trials, and the number of target-speaker trials, respectively. The
95% confidence interval at operating point is given

by the set of satisfying

The 95% confidence interval at the EER operating point of
the proposed algorithm does not overlap with that of the HMM-
based speaker verification algorithm without using syllable lat-
tices. This implies that the proposed algorithm achieves better
performance in terms of the EER than the HMM-based speaker
verification algorithm without using syllable lattices. The 95%
confidence interval of the proposed algorithm at the EER op-
erating point overlaps with that of the GMM–UBM algorithm:
the confidence intervals do not ovelap when the confidence are
smaller than 75%. The linearly combined score in (23) achieved
the best performance in terms of the EER: as shown in Fig. 7, the
linearly combined score achieved lower miss probability than
both the GMM–UBM and the proposed algorithm at the same
false alarm probability.

The GMM–UBM algorithm captures the speaker charac-
teristics without utilizing any temporal information, while the
HMM-based speaker verification algorithm captures the pro-
nunciation difference following the decoded state sequence (in
1-best recognition results or lattices) with the Markov assump-
tion. The linear combination of scores from the proposed and
the GMM–UBM algorithms can capture speaker characteristics
in different aspects and yields better performance than either
algorithm.

IV. CONCLUSION

This paper proposed a syllable lattice-based rescoring for
speaker verification in Mandarin Chinese. The proposed algo-
rithm outperformed the HMM-based algorithm without using
syllable lattices. Unlike the GMM–UBM algorithm in which
the MAP adaptation outperforms the MLLR or the eigenvoices
adaptation [16], the LAT-MLLR MAP performed the best,
followed by the LAT-MLLR, the MLLR, the MLLR MAP,
and the MAP. One reason for this is that the MAP deteriorates
the speaker-adapted HMMs because of the highly errorful
1-best recognition results. The lattice-based speaker adaptation
further improves the proposed HMM-based speaker verification
algorithm.

The proposed algorithm adopted context-dependent HMMs,
which are used for SI speech recognition, for speaker verifica-
tion application. Thus, the complexity of the proposed algorithm
is intrinsically higher than that of the GMM–UBM algorithm.
In our experiment, context-dependent tonal segment models of
5434 tied states were used. However, the increased complexity

is not superfluous since our proposed system facilitates not only
speaker verification but also syllable recognition. Additionally,
by linearly combining the score of the proposed algorithm and
that of the GMM–UBM algorithm, we were able to further im-
prove the speaker verification performance.

The proposed algorithm was evaluated using syllable lattices
for Mandarin Chinese which is a syllabically paced language.
Thus, this algorithm is expected to be equally effective for
syllabically paced languages such as Cantonese Chinese or
Vietnamese. The performance with respect to other languages
such as English needs further investigations. Our future work
is focused on 1) reducing the number of Gaussian kernels and
2) modifying this algorithm to English speakers (e.g., NIST
speaker recognition evaluation) task.
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