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Abstract
In speaker veriﬁcation over public telephone networks, utterances can be obtained from diﬀerent types of handsets. Different handsets may introduce diﬀerent degrees of distortion to the speech signals. This paper attempts to combine a handset selector with (1) handset-speciﬁc transformations, (2) reinforced learning, and (3) stochastic feature transformation to
reduce the eﬀect caused by the acoustic distortion. Speciﬁcally, during training, the clean speaker models and background
models are ﬁrstly transformed by MLLR-based handset-speciﬁc transformations using a small amount of distorted speech
data. Then reinforced learning is applied to adapt the transformed models to handset-dependent speaker models and handset-dependent background models using stochastically transformed speaker patterns. During a veriﬁcation session, a
GMM-based handset classiﬁer is used to identify the most likely handset used by the claimant; then the corresponding
handset-dependent speaker and background model pairs are used for veriﬁcation. Experimental results based on 150
speakers of the HTIMIT corpus show that environment adaptation based on the combination of MLLR, reinforced learning and feature transformation outperforms CMS, Hnorm, Tnorm, and speaker model synthesis.
 2006 Elsevier Ltd. All rights reserved.

1. Introduction
The state-of-the-art approach to text-independent speaker veriﬁcation consists in using mel-frequency cepstral coeﬃcients (MFCCs) (Davis and Mermelstein, 1980) as speaker features and Gaussian mixture models
(GMMs) (Reynolds and Rose, 1995) for statistical speaker modeling. To increase the discrimination between
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client speakers and impostors, a GMM-based background model (Reynolds et al., 2000) is typically used to
represent impostors’ characteristics. During veriﬁcation, the ratio between the likelihood that the claimant is a
genuine speaker and the likelihood that the claimant is an impostor is compared against a decision threshold
for decision making. In case enrollment data for individual speakers are scarce, speaker-dependent GMMs can
be adapted from the background model using maximum a posteriori (MAP) techniques (Reynolds et al.,
2000). Because almost perfect veriﬁcation has become achievable for clean and well-matched speech, researchers have focused on the problems of transducer mismatches and robustness in recent years. Environmental
robustness is an important issue in telephone-based speaker veriﬁcation because users of speaker veriﬁcation
systems tend to use diﬀerent handsets in diﬀerent situations. It has been noticed that recognition accuracy
degrades dramatically when users use diﬀerent handsets for enrollment and veriﬁcation. This lack of robustness with respect to handset variability makes speaker veriﬁcation over telephone networks a challenging task.
When suﬃcient speech data is available from a new acoustic environment, it is sensible to retrain the
speaker and background models to accommodate the new environment. However, retraining on corrupted
speech requires a large amount of data from each of the possible environments. An alternative is to use speech
data from diﬀerent acoustic environments to train the models. This is known as multi-style training (Lippmann et al., 1987). However, ﬁne speaker characteristics will be blurred by pooling multiple training
environments.
With some modiﬁcations, standard speaker adaptation methods, such as maximum a posteriori (MAP)
(Lee et al., 1991) and maximum-likelihood linear regression (MLLR) (Leggetter and Woodland, 1995), can
be used for environment adaptation. One of the positive properties of MAP is that its performance approaches
that of maximum-likelihood-based methods provided that suﬃcient adaptation data are available. However,
MAP is an unconstrained method in that adaptation is performed only on those model parameters who have
‘‘seen’’ the adaptation data. MLLR, on the other hand, applies a transformation matrix to a group of acoustic
centers so that all the centers are transformed. As a result, MLLR provides a quick improvement, but its performance quickly saturates as the amount of adaptation data increases.
This paper investigates two model adaptation/transformation techniques – reinforced/anti-reinforced
learning of probabilistic decision-based neural networks (PDBNNs) (Lin et al., 1997) and maximum-likelihood linear regression (MLLR) (Leggetter and Woodland, 1995) – in the context of telephone-based speaker
veriﬁcation. These techniques adapt or transform the model parameters to compensate for the mismatch
between the training and testing conditions. We have reported in Yiu et al. (2003) some preliminary results
on PDBNN and MLLR adaptation for robust speaker veriﬁcation. Here, we extend the results in Yiu
et al. (2003) by combining these two techniques with stochastic feature transformation (SFT) (Mak and Kung,
2002). Speciﬁcally, precomputed MLLR transformation matrices are used to transform clean models to handset-dependent MLLR-adapted models. Then, PDBNN adaptation is performed on the MLLR-adapted models using handset-dependent, stochastically transformed patterns to obtain the ﬁnal adapted models. The
paper also compares the proposed channel compensation methods with state-of-the-art techniques, including
CMS (Atal, 1974), Hnorm (Reynolds, 1997a), Tnorm (Auckenthaler et al., 2000), and speaker model synthesis
(SMS) (Teunen et al., 2000). Experimental results based on 150 speakers of the HTIMIT corpus show that the
proposed methods outperform these classical techniques.
The paper is organized as follows. In Section 2, we describe the techniques of model adaptation, including
PDBNN and MLLR adaptation. Our proposed methods are detailed in Sections 2.4 and 2.5. Section 3 outlines the architecture of a handset selector that enables the veriﬁcation system to select the most appropriate
handset-dependent model for veriﬁcation. In Section 4, speaker veriﬁcation experiments that compare the
eﬀectiveness of diﬀerent adaptation approaches are presented and the results are discussed in Section 5.
Finally, a conclusion of the paper is provided in Section 6.

2. Model transformation and adaptation
To address the acoustic mismatch between training and recognition conditions, a number of compensation
techniques have been proposed in the literature. These techniques can be roughly categorized into three classes: feature transformation (Mak and Kung, 2002; Sankar and Lee, 1996, Reynolds, 2003), model transforma-

