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Abstract

In this paper, a probabilistic speaker-class (PSC) based acous-
tic modeling method is proposed for taking into account speak-
er variability influence in HMM-based speech recognition sys-
tems. Firstly, within the context of speaker-class based speech
recognition, an experiment is conducted to investigate the per-
formance of speaker-class recognition based on hard-cut speak-
er clustering. Then, in the proposed method, through introduc-
ing the probabilistic latent speaker analysis, the speaker-class
dependent acoustic models are trained based on a soft-decision
speaker clustering method, and combined by the distribution of
speaker-class in the decoding phase. The experiments were con-
ducted on a 600-hour speech corpus, and showed improvement
in a large vocabulary continuous speech recognition task.
Index Terms: speech recognition, probabilistic latent speaker
analysis, speaker clustering, speaker-class

1. Introduction

Although a great deal of progress has been made during the last
two decades in automatic speech recognition (ASR), it is still
much worse than that achieved by humans. Bridging the gap of
performance between human and ASR has become a realistic
problem. Among all factors influencing the recognition per-
formance, speaker variability is an important issue for speaker
independent (SI) speech recognition systems.

Many techniques have been developed to tackle speaker
variability problem, and most of them achieve considerable suc-
cess. Speaker normalization techniques have been widely used
such as vocal tract length normalization (VTLN) [1], which try
to minimize the variations in the speech spectra due to the dif-
ferent vocal tract length of speakers. Adaptation and adaptive
training techniques are very popular such as maximum a poste-
rior (MAP) [2], maximum likelihood linear regression (MLLR)
[3]. Adaptation performance is dependent on initial models, so
adaptive training techniques have been developed to generate
one or several canonical models to get better adaptation per-
formance, such as speaker adaptive training (SAT) [4], cluster
adaptive training (CAT) [5].

Though not been fully recovered yet, many aspects of the
complex mechanisms underlying human speech processing has
been unraveled experimentally and theoretically. A number of
them have been implemented in ASR [6]. Some neuropsychol-
ogists point out that information about speech message and s-
peaker’s vocal tract is combined to solve the difficult tasks of
understanding speech from different speakers [7]. These re-
searches provide instructive revelation about how to deal with
the speaker variability influence in ASR.
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There are a series of methods that model the speaker vari-
ability based on finding a subset of speakers, from the train-
ing set, who are acoustically similar to the test speaker. One
strategy is to conduct text independent speaker-class recogni-
tion and combine scores of multi-models [8], which are trained
based on speaker clustering. In this systems, the performance
of speech recognition has great dependence on the performance
of speaker-class recognition. Compared with the research of
speech recognition, the problem of the speaker-class recogni-
tion is rarely investigated in literature. However, in this paper,
the performance of speaker-class recognition for different num-
ber of classes is firstly investigated. Analysis shows that the
hard-cut division of speaker space is confused seriously. Then,
a soft-decision speaker clustering method, named probabilis-
tic speaker-class (PSC) based acoustic modeling, is proposed.
This method is inspired from probabilistic latent speaker analy-
sis [9, 10], in which speaker recognition and speech recognition
are conducted simultaneously. Finally, the experiments are con-
ducted on large vocabulary Mandarin speech recognition task,
and results show the proposed method outperforms the hard-cut
speaker-class based method.

The rest of the paper is organized as follows. In section
2, the experiment about speaker clustering and speaker-class
recognition is introduced. Section 3 describes probabilistic la-
tent speaker analysis method in brief and the proposed method
in details. Section 4 presents the experiments and results. Fi-
nally, the discussions and conclusions are drawn in section 5.

2. The problem of speaker clustering and
speaker-class recognition

In this paper, our interest is focused on these LVCSR system-
s using speaker-class based acoustic models to model speaker
variability. The basic concept of speaker-class based system
is to select the subset of speakers who are acoustically similar
to test speaker to train speaker-class dependent acoustic mod-
els [11]. Therefore, only a small amount of data from the test
speaker is required to approach the performance of speaker de-
pendent (SD) systems. The similar speaker-class selection is
based on speaker-class recognition which is carried out before
speech recognition. Thus, the performance of speaker-class
recognition should be seriously concerned about.

Prior to investigating the performance of speaker-class
recognition, it is important to briefly look into the technology
of speaker clustering. Various kinds of speaker clustering meth-
ods have been studied in the context of speaker-class based a-
coustic modeling [12]. They are comprised of two main ingre-
dients: speaker similarity measuring and unsupervised cluster-
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ing. For the first ingredient, one can employ standard Dynam-
ic Time Warp (DTW), Gaussian mixture models (GMM), hid-
den Markov phoneme models (HMM) or others. For clustering,
finding a global optimum is not tractable in practice. Classical
clustering algorithms, such as K-means (or K-medians) and the
hierarchical clustering are able to find the locally optimal solu-
tions. Furthermore, the number of speaker-classes, which is al-
ways determined by experience in practice, is also an importan-
t problem for speaker-class based speech recognition systems.
After the speakers are clustered, the speaker-class recognition
can be carried out. In order to test the performance of speaker-
class recognition, an experiment is conducted, in which, the s-
peaker similarity was measured by HMM and the agglomerative
hierarchical clustering was then applied.

In our experiment, the speech material contains 863-1, 863-
2 and Intel continuous Mandarin speech corpus. The corpus
totally consists of 1511 speakers (nearly half male and half fe-
male speakers), and add up to 661-hour speech. Each speaker
has 300 to 600 utterances, which are all read speech recorded
in clean studio environment. Details of the composition of the
three sets are given in Table 1.

Table 1: Main statistics of the speech data used in experiment.
[ Corpus | # of speakers(male/female) | hours of speech |

863-1 83/83 130
863-2 120/120 71
Intel 556/549 454
Total 759/752 661

Feature extraction was carried out at a frame rate of 10m-
s using a 25ms Hamming window. A pre-emphasis factor of
0.97 was employed. 12 Mel Frequency Cepstral Coefficients
(MFCCs) and log-energy with corresponding first and second
order time derivatives were calculated.

In this experiment, the SI context-independent (CI) mono-
phone HMMs were firstly trained, in which each state’s output
distribution was represented by a single Gaussian model. Then,
SD HMMs were adapted from the SI models with MAP tech-
nology. The central states of the three-state vowels were con-
nected as the super vector for every speaker. The Euclidean
distances of these super vectors were regard as measurement of
the speaker similarity. Based on the metrics of speaker simi-
larity measurement, agglomerative hierarchical clustering was
employed.

After speakers had been clustered, speaker-class recogni-
tion was conducted with text independent GMM. An universal
background model (UBM) was firstly trained using all the train-
ing speech. Then, for each speaker, a GMM was adapted from
the UBM. The test data was selected from the train set, one ut-
terance for one speaker, and added up to 1511 utterances. For
each utterance in the test set, all the speaker-classes’ GMMs
were evaluated to find the closest one.

Figure 1 illustrates the performance of speaker-class recog-
nition. The experimental results show a ‘U’ curve. When the
number of classes is 1511, namely every speaker is in a class
by self, speaker-class recognition performs best with 97.55%.
However, the performance drops to 24.82% until the speakers
were clustered into 24 classes. Then, recognition correct rate
increase as the number of speaker classes is further reduced.

Analysis on the experiments has been made. First, the vari-
ability of speakers is formed by various factors, which causes
the confusion for the hard-cut division of speaker space. The
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Figure 1: The correct rate of speaker-class recognition varying
with the number of speaker-classes.

differences among speakers may be localized, resulting in the
limitations on the clustering based on global measurement. Sec-
ond, there is an inherent contradiction using the speaker-class
speech recognition. Good performance is obtained when the
number of classes is either large or small. In the application
of speaker-class based systems, due to the data sparseness and
computational complexity, too large number of classes is not
acceptable. However, if the number is acceptable, speaker-class
recognition performs badly.

Consequently, a rational choice is to conduct a soft-decision
speaker clustering and speaker-class distribution estimation
rather than directly speaker-class recognition. Based on these
ideas, probabilistic speaker-class (PSC) based approach is pro-
posed.

3. Probabilistic speaker-class based
acoustic modeling

In this section, the proposed method, probabilistic speaker-class
(PSC) based acoustic modeling, is described in detail. This
method is based on probabilistic latent speaker analysis (PLSA)
[9, 10]. The basic idea of PLSA is that different speech trajecto-
ries are strongly correlated with speaker variation, and different
speakers may have high scores on certain Gaussian components
consistently [9].

3.1. Probabilistic latent speaker analysis

The probabilistic latent speaker analysis (PLSA) is implement-
ed on conventional HMM-based acoustic models, in which each
state’s output distribution is represented by Gaussian mixture.

The whole procedure can be divided into training phase and
recognition phase. In the training phase, state-level alignment is
first done with each speaker’s utterances to record the posterior
probability of every Gaussian component and then probabilistic
latent semantic analysis is performed to generate probabilistic
latent speaker model (PLSM). In the decoding phase, the prob-
abilistic latent speaker score is integrated into one-pass speech
recognition procedure.

The PLSM includes P(z), P(g|z) and P(r|z), in which g
represents a Gaussian component, r represents a speaker and z
can be interpreted as a latent speaker class. During the decoding
process, the distribution of the latent speaker class defaults to
the prior distribution of the training data from the PLSM:

P(Zk|h1) :P(Zk) (1)
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where, h: represents the history of dominant components. For
each decoding path, the vector P(z;|h:) is maintained, which
represents a distribution on all latent speakers at time ¢. For
each frame during decoding, the distribution is adapted with:

7o) = (9e]20) Paalhes)

t—1 1 P ge|Z1 P Z1 htfl (2)

o P(zlhea) + <
g Pllhe) L Pgil2q) P(zglhi—1)

Then, the probability of the current dominant component given
the history can be calculated. P(z;|h:) can be used to integrate
with the output probability or to estimate the Gaussian mixture
weights. To summarize, in PLSA, the speaker information esti-
mation is embedded in the decoding process, and conducted in
frame level.

Based on PLSA, the probabilistic latent speaker adaptive
training (PLST) is proposed in [10]. In PLST, the PLSM is
integrated to further re-estimate the initial acoustic model pa-
rameter, making it a more appropriately for PLSA.

3.2. The proposed method

Inspired from PLSA, probabilistic speaker-class (PSC) based
acoustic modeling, is proposed to tackle the problem of hard-
cut speaker-class based speech recognition.

In the proposed approach, the knowledge of the relation-
ships between speakers, latent speakers and Gaussian compo-
nents is obtained through PLSA. Then, for each latent speaker, a
speaker-class dependent acoustic model is trained. In the decod-
ing phase, unlike these methods published in [9, 10], where the
speaker information, represented by probability of the curren-
t dominant component, is used to constrain the searching path
or update the Gaussian mixture weights, PSC based approach
make use of the distribution of speaker-class to combine these
speaker-class dependent acoustic models.

On the other hand, compared with the traditional speaker
clustering and speaker-class recognition, two obvious features
can be obtained. First, the speaker-class dependent acoustic
models are trained by soft-decision clustering instead of hard-
cut one. Second, for the speaker information estimation is con-
ducted in the frame level, PSC based approach has the capability
of capturing the local structure among classes, which cannot be
achieved by traditional method using global measure.

3.2.1. Estimate the parameters

Firstly, an initial model is trained using all speakers’ data. Then,
with P(r|z) and P(g|z) in PLSM, the parameters in PSC based
model can be updated as follow:

r S PO S et
P PO S e

3

P(g|2)fizg + Thyg

Plgl2) + 7 )

Fzg =
where, vrgt = p(g9: = g|x},0,), obtained from the B-W algo-
rithms, is the posterior probability of Gaussian component g for
speaker 7 at time ¢. The accumulated means for speaker-class
z and Gaussian component g, represented as fi.4, are obtained
by P(r|z) and vrg¢. In Eq. (4), [i~g is integrated with the prior
mean [iq, and the parameter 7 is normally determined empir-
ically. To summarize, the soft decision is reflected in P(r|z),
and the locality in P(g|z), as illustrated in Figure 2.
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Figure 2: Schematic diagram of probabilistic speaker-class
based acoustic model training.

3.2.2. Decoding with probabilistic speaker-class based acous-
tic models

In the decoding phase, the distribution of latent speaker P (z|h¢)
is regard as the distribution of speaker-class, which is main-
tained for each path as Eq. (2). Because of the uncertainty of
speaker-class in the decoding process, the m best speaker-class
dependent acoustic models were used.

The probability P(z|h¢) reflects the similarity of the test
speaker to each speaker-class, and the probability of speaker-
class z, thus P(z|h.) is taken as the weight coefficients to inte-
grate the speaker-class dependent acoustic models. Therefore,
the resulting acoustic likelihood relies on the top m speaker
class dependent models, and weighted as follow:

p(xelse) = > P(Z|ht)zk:ajkp(xt|ezjk) )

zezZm

where p(X¢|0.;%) = G(X¢|ptzjk, X25k) and j, k represent the
tied state index and Gaussian mixture index respectively.

4. Experiments and discussions

The training set contains 863-1, 863-2 and Intel continuous
Mandarin speech corpus, which is same as the experiment in
section 2. The test data is 654 clean speech utterances from the
Hub4 1997 Mandarin broadcast news evaluation data set, where
the signal-to-noise ratio is greater than 20dB.

The baseline acoustic model was trained using all the train-
ing data. After decision tree based state tying, the model con-
sisted of about 8000 tied states and each state was modeled with
32 Gaussian mixture components. Then, by performing PLSA
on the baseline model, L(L = 8) latent speakers were obtained.
Finally, the speaker-class based acoustic models were trained
as described in section 3.2. In the decoding phase, m (1 to 8)
best speaker-class were combined, and the results are shown in
Figure 3.
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Figure 3: Chinese character error rate (CER) of probability
speaker-class based speech recognition.

As can be seen in Figure 3, the PSC based approach has
brought a significant improvement. A 10.2% relative reduction
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Figure 4: CER of speaker-class based speech recognition.

(RR) on CER can be observed at m = 4.

For comparing, another speaker-class based acoustic mod-
els were trained by hard-cut speaker clustering, and each
speaker-class’s model was adapted from the baseline acous-
tic model using the clustered speaker’s utterances with MAP.
L (L = B8) classes of speakers were clustered automatically
through the method mentioned in section 2. Text independent
GMM-UBM based speaker-class recognition mentioned in sec-
tion 2 is used to determine the speaker-class. As introduced in
[8], three experiments were conducted on these acoustic model-
s. In the first experiment, only the best matching speaker-class
was used. In the second experiment, 4 best matching speak-
er classes were used with the following weight: 0.4,0.3,0.2,0.1,
where 0.4 for the best matching speaker-class, 0.3 for the sec-
ond best matching class, and so on. The final experiment used
the entire speaker-classes by pooling the Gaussian components
of the corresponding speaker-class model pdfs. The results are
shown in Figure 4, which are similar with that in [8].

Table 2: CER of different methods.

Method [ CER(%) | RR(%)

Baseline(CD-HMM) 24.80 -
Probabilistic Latent Speaker Analysis 23.79 4.07
Speaker-class based Model 23.25 6.25
Probabilistic Speaker-class based Model 22.27 10.20

Probabilistic latent speaker analysis, introduced in [9], was
also conducted on this set, and in the experiment the Gaus-
sian mixture weights were updated. All the results mentioned
above are summarized in Table 2. As can be seen in this table,
the proposed method can get further improvement compared
with PLSA. Moreover, as a new method for the speaker-class
based acoustic modeling, the proposed approach outperformed
the hard-cut speaker-class based model.

Another method to introduce PLSM into acoustic model-
ing is published in [10], in which, PLSM is used to further re-
estimate the initial acoustic model, making it a more appropri-
ate general model for PLSA. However, in the proposed method,
PLSM is used to train speaker-class dependent acoustic mod-
els, which causes the speaker variation is directly reflected in
acoustic models. In addition, due to the speaker-class depen-
dent acoustic models are trained, the way to utilize PLSM in
the decoding phase is also changed, where the distribution of
latent speaker, regarded as the distribution of speaker-class, is
used to combine these speaker-class dependent acoustic model.

Compared with PLSA in [9, 10], the performance improve-
ment is obtained at the expense of a large increase in compu-
tational requirements in space and time for recognition. How-
ever, these computational requirements are quite similar with
the speaker-class based systems, where the individual speaker-
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class recognition is replaced by the requirement for computing
the probability items in Eq. (2).

5. Conclusions

In this paper, we carried out study on introducing probabilis-
tic latent speaker model (PLSM) to speaker-class based speech
recognition systems. The performance of speaker-class recog-
nition is investigated, which shows that the hard-cut division of
speaker space is confused seriously. Thereby, we propose the
use of PLSM for the soft decision of speaker-class and speaker-
class dependent acoustic model training. On the other hand, the
proposed approach, named probabilistic speaker-class (PSC)
based approach, also provides a way to combine these speaker-
class dependent acoustic models. It is worth mentioning that, in
the proposed approach, the speaker-class estimation and speech
recognition is conducted simultaneously to solve difficult task
of recognizing speech from different speakers. The experiment
is conducted on a large vocabulary Mandarin continuous speech
corpus, and experimental results show that the proposed method
yield better result than the hard-cut speaker-class based models.
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