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Summary

This thesis presents novel approaches to acoustic modeling of speech to

achieve a personalized speech interface: automatic speech recognition (ASR)

and text-to-speech synthesis (TTS).

Chapter 1 describes general background of the thesis.

Chapter 2 describes a rapid model adaptation technique for emotional

speech recognition. This technique utilizes the MRHMM framework for the

model adaptation and the style vector which corresponds to the degree or

intensity of expressivity of styles. In the recognition stage, the HMM is

adapted to the input style using the estimated style vector. It has been

confirmed that the proposed technique reduces the error rate by 11% of the

style-independent HMM. Furthermore, the technique can obtain not only

linguistic information but also the degree of expressivity of emotional speech.

Chapter 3 presents an emotional speech recognition technique based on

speaker adapted MRHMM. Using a speaker-independent neutral style model,

the MRHMM is trained with a small amount of target speaker’s data. The ex-

perimental results indicated that the performance of the proposed technique

in both speech recognition and style estimation is promising for simulated

emotional speech.

Chapter 4 describes an average voice model training technique that uti-

lizes speaker classes representing the voice characteristics of speakers. In the

speaker adaptation process, the speaker class of the target speaker is esti-

mated and used for speaker adaptation and speech parameter generation.

Objective and subjective experiments showed that the proposed technique

can synthesize speech that is closer to that of the target speaker than the

conventional method.

Chapter 5 presents a similar speaker selection technique as the first step
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for further improving the similarity of the synthesized speech. The technique

first trains a transform matrix based on distance metric learning using the

perceptual voice quality similarity. Given an input speech, acoustic features

of the input speech are transformed using the trained transform matrix. The

results indicate that the proposed technique reduces the speaker selection

error rate by about 53.9%.

Chapter 6 describes conclusions and future works of this thesis.
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Chapter 1

Introduction

1.1 General background

Speech is one of the most important ways in which humans communicate.

Over the years, many efforts have been made to incorporate speech into

human-computer communication systems. In recent years, improvements

in computer performance have produced greatly improved performance in

speech interface systems, i.e., automatic speech recognition (ASR) and text-

to-speech synthesis (TTS) systems. Consequently, a number of applications

using speech interfaces have become indispensable for people’s daily lives,

such as car navigation systems, computer telephony integration systems (e.g.,

Interactive Voice Response; IVR), and transcription systems for use in par-

liament [1]. Furthermore, many new services using speech interfaces have

been developed in the past several years with the rapid spread of sophisti-

cated mobile devices such as smart phones and tablet computers. Examples

of widely used services of this type are those provided by web search systems

using speech (such as Google Voice Search [2]), spoken dialog systems (such

as Apple Siri [3]), and automatic speech translation systems (such as NICT

VoiceTra [4]).

In mobile device services, the speech interface plays a rather different

role than in conventional applications such as IVR systems and transcrip-

tion systems. The conventional applications require only the highly accurate

transcriptions obtained from ASR systems. However, the new applications
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2 CHAPTER 1. INTRODUCTION

also require paralinguistic and/or nonlinguistic information about speakers

(emotional expressions, ages, illnesses, etc.) for comparatively new processes

such as dialog control and machine translation. Furthermore, while the con-

ventional applications do not need to handle various types of synthesized

speech, the new applications need to handle types such as desirable speaker

characteristics and emotional expressions. However, since these differ from

user to user it would be difficult to handle them by using the same speech

interface for all users. One realistic approach to overcoming this problem

would be to enable mobile phone users to personalize their speech interface.

In the field of ASR, acoustic features of speech are affected by speaking

styles and emotions as well as speaker characteristics. As a result, recognition

performance is seriously degraded when emotional or spontaneous speech ut-

terances are recognized. One useful approach to alleviating this problem is

to adapt the acoustic models. Since the degree of expressivity of speaking

styles and emotional expressions changes with every phrase, it is desirable

to perform the model adaptation online. This implies that difficulties will

be encountered when adapting an acoustic model while using only a limited

amount of data; more specifically, one sentence or one phrase. For mak-

ing such adaptations, rapid adaptation techniques based on a small num-

ber of control parameters would be more promising than the one based on

maximum likelihood linear regression (MLLR) [5] because MLLR generally

requires a certain amount of adaptation data to attain good performance.

Such low dimensional parameter space-based adaptation techniques include

vocal tract length normalization (VTLN) [6], Eigenvoice [7], and multiple-

regression HMM (MRHMM) [8].

In the field of TTS, there are two main streams of corpus-based speech

synthesis: the unit selection approach [9] and the HMM-based approach [10].

Unit selection speech synthesis enables speech to be synthesized with a high

degree of naturalness since the synthesized speech is generated by directly

using target speech waveforms of the target speaker. However, a considerable

amount of speech data uttered by the target speaker is required to obtain

sufficient performance. Therefore, the HMM-based approach is preferable

since HMM-based speech synthesis enables an arbitrary speaker’s speech to

be synthesized from a smaller amount of the speaker’s data than that required
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in the unit selection approach. In the HMM-based approach, an average-

voice-based speech synthesis technique with model adaptation [11] has been

proposed. Given only a few minutes of the target speaker’s speech data,

this technique can synthesize arbitrary texts by adapting an average voice

model to the target speaker’s model. However, it has been reported that the

model adaptation degrades the similarity of the synthesized speech to the

target speaker’s speech if the acoustic features of the average voice model

are distant from those of the target speaker [12].

1.2 Scope of thesis

This thesis presents novel approaches to two methods (ASR and TTS) we

proposed for acoustic modeling of speech to achieve a personalized speech in-

terface. It will first describe a novel emotional speech recognition technique

we proposed that can obtain not only linguistic information but also emo-

tional expressions. It will also present a technique we proposed for generating

synthesized speech of arbitrary speakers using a small amount of speech data.

Chapter 2 presents the novel adaptation technique we proposed, which

is based on a quite small number of control parameters for enabling recog-

nition of emotional and styled speech. The technique utilizes the MRHMM

framework for model adaptation, but the approach to modeling speech is

fundamentally different from that of [8]. In the original MRHMM, an addi-

tional acoustic feature, that is, fundamental frequency (F0), is used as the

explanatory variable of the regression. In contrast, the proposed technique

uses the degree or intensity of expressivity of emotional and styled speech,

which is called the style vector, as the explanatory variable rather than spe-

cific acoustic features. The key idea of the technique is based on the style

estimation [13] and style control [14] of speech. We first estimate the value of

a style vector that represents the degree of expressivity of emotion or style of

input speech. Then the model adaptation is conducted by setting the value

of the explanatory variable to the estimated style vector and calculating the

new mean vectors of output distribution functions of HMMs. As a result, we

can obtain paralinguistic information, that is, the degree of expressivity of

emotional and styled speech, as well as linguistic information after the recog-
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nition process. The chapter will also show how the proposed technique ’s

effectiveness was verified from results of phoneme recognition experiments

for acted emotional speech.

Chapter 3 describes the MRHMM-based emotional speech recognition

technique we also proposed, which uses only a small amount of training

data of the target speaker because MRHMM training requires a consider-

able amount of training data for each style uttered by the target speaker.

For the MRHMM training, we use a speaker-independent (SI) neutral style

model that can be obtained much more easily than speaker-dependent style

models. The SI model is adapted to target speakers’ style-dependent models

through simultaneous adaptation of speaker and style with a small amount

of speech data uttered by the target speaker. Then, the MRHMM of the

target speaker is trained from the obtained style-dependent models. We will

show the assessment of the technique’s performance in recognizing simulated

emotional speech uttered by both professional narrators and non-professional

speakers.

Chapter 4 presents the average voice model training technique we pro-

posed, which is based on a speaker clustering approach, to generate syn-

thetic speech with enhanced similarity to the target speakers’ speech. A

novel point of the technique is the use of the speaker characteristics (called

“speaker class”), obtained from unsupervised clustering, as the additional

contextual factor for average-voice-based speech synthesis. In the model

training process, speaker clustering is first performed to all speakers used

for model training to obtain the speaker class for each of them. The av-

erage voice model with multiple speaker characteristics is trained by using

the obtained speaker classes. For the speaker adaptation and speech param-

eter generation, the speaker class of the target speaker is estimated using

the Euclidean distance between the centroids of each cluster and the target

speaker’s feature. The use of the estimated speaker class makes it possible to

utilize model parameters that have similar speaker characteristics to those of

the target speaker for speaker adaptation and speech parameter generation.

The results of objective and subjective experiments indicated the proposed

technique can synthesize speech with improved similarity and naturalness.

Chapter 5 describes the speaker selection technique based on distance
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metric learning (DML) [15] we proposed as the first step to achieving im-

proved synthesized speech quality. It also describes experiments we con-

ducted to ascertain its performance. We first conducted a large-scale subjec-

tive experiment using 62 female speakers to identify perceptual voice quality

similarity. To exclude the influence of prosody, we used speech modified so

as to exhibit exactly the same prosody (F0 and phoneme duration). Several

acoustic features highly correlated to perceptual voice quality similarity were

found by regression analysis of the subjective experiment results. With the

proposed technique, the transform matrix is first trained on a data manipula-

tion language (DML) basis to convert the acoustic feature space to perceptual

voice quality similarity space. The acoustic features of a given speech sample

are transformed using a trained transform matrix. Then, a similar speaker is

chosen using Euclidean distances on the transformed acoustic feature space.

An experiment was also performed to compare the technique’s performance

to that of speaker selection on an acoustic feature space without transforma-

tion.





Chapter 2

Emotional Speech Recognition

Based on Speaker Dependent

Multiple-Regression HMM

This chapter describes a model adaptation technique for emotional speech

recognition based on multiple-regression HMM (MRHMM) to achieve the

personalized ASR. We use a low-dimensional vector called style vector which

corresponds the degree of expressivity of emotional speech as the explanatory

variable of the regression. In the proposed technique, first, the value of the

style vector for input speech is estimated. Then, using the estimated style

vector, new mean vectors of the output distributions of HMM are adapted

to the input style. The style vector is estimated every input utterance, and

an on-line adaptation can be done in each utterance. We perform phoneme

recognition experiments for professional narrators’ acted speech and evaluate

the performance by comparing with style-dependent and style-independent

HMMs. Experimental results show the proposed technique reduced the error

rates by 11% of the style-independent model.

A part of this chapter was presented at INTERSPEECH 2008 [16].

7
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2.1 Introduction

To bring human-computer or -robot interaction more natural and realistic,

we need an ASR system that can accept speech with various speaking styles

and emotional expressions. In order to achieve such an ASR system, person-

alization of the ASR system would be required because emotional expressions

and speaking styles are different with each speaker. In addition, acoustic fea-

tures of speech are affected by speaking styles and emotions as well as speaker

characteristics and linguistic factors. This fact causes serious deterioration

of the performance on recognition of emotional or spontaneous speech. One

of useful approaches to alleviating such a problem is to adapt the acoustic

model. Since the degree of expressivity of speaking styles and emotional ex-

pressions would change in every utterance or even in a phrase, it is desirable

to perform the model adaptation on line. This implies that we encounter a

difficulty of adapting the acoustic model with using only a limited amount

of data, more specifically, one sentence or one phrase.

For this purpose, rapid model adaptation techniques based on a small

number of control parameters would be promising than that based on max-

imum likelihood linear regression (MLLR) [5], because MLLR generally re-

quires a certain amount of adaptation data to attain considerable perfor-

mance. Such low dimensional parameter space-based adaptation techniques

include vocal tract length normalization (VTLN) [17], Eigenvoice [7], and

multiple-regression HMM (MRHMM) [8]. In this chapter, we propose a novel

adaptation technique based on a quite small number of control parameters

for emotional speech recognition.

The proposed technique utilizes the MRHMM framework for the model

adaptation. However, the approach to the modeling of speech is fundamen-

tally different from that of [8]. In the original MRHMM, an additional

acoustic feature, that is, fundamental frequency (F0), is used as the explana-

tory variable of the regression. In contrast, the proposed technique uses the

degree or intensity of expressivity of emotions and styles appeared in acoustic

features of speech, which is called the style vector, as the explanatory vari-

able rather than specific acoustic features. The key idea of the technique is

based on the style estimation [13] and style control [14] techniques of speech.
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We first estimate the value of the style vector, then conduct the model adap-

tation by setting the value of the explanatory variable to the estimated style

vector and calculating new mean vectors of the output distribution functions

of HMM. As a result, we can obtain para-linguistic information, that is, the

degree of expressivity of emotional speech as well as linguistic information af-

ter recognition process. In the eigenvoice technique [7], since each axis of the

eigenspace does not represent the degree of expressivity of emotional speech,

it would not be easy to obtain such para-linguistic information directly. We

show the effectiveness of the proposed technique from results of phoneme

recognition experiments for acted emotional speech.

2.2 Multiple-regression HMM

2.2.1 Style modeling based on MRHMM

Let µi and Σi be the mean vector and covariance matrix of output distribu-

tion of HMM at state i. In this chapter, we assume that the mean vector of

MRHMM is modeled using multiple regression as

µi = h
(i)
0 +Aiv = H iξ (2.1)

where H i = [h
(i)
0 , · · · ,h(i)

L ], Ai = [h
(i)
1 , · · · ,h(i)

L ], ξ = [1,v⊤]⊤, and v =

[v1, · · · , vL]⊤ is a style vector. The component vk of the style vector represents

the degree of expressivity of a certain emotional expressions or speaking style

in speech. In addition, H i is the regression matrix of dimension M × (L+1)

and M is the dimensionality of µi.

When the training data and corresponding style vectors are given, the pa-

rameters of MRHMM, i.e., H i and Σi can be estimated using EM algorithm.

These estimation formulas can be found in [14].

2.2.2 Style estimation

We consider a problem of estimating the style vector v for an input ob-

servation sequence O = (o1, · · · ,oT ) given the trained MRHMM λ whose

parameters H i and Σi are fixed. The optimal style vector v for the input
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observation O is determined in ML sense as

v = arg max
v

P (O|λ,v). (2.2)

The EM algorithm-based re-estimation formula of the style vector for

output distribution is given by

v =

(
N∑
i=1

T∑
t=1

γt(i)A
⊤
i Σ

−1
i Ai

)−1

(
N∑
i=1

T∑
t=1

γt(i)A
⊤
i Σ

−1
i (ot−h

(i)
0 )

)
(2.3)

where N is the number of states, and γt(i) is the probability of being in state

i at time t. The derivation of the equation can be found in [13]. Note that the

estimation formula in [13] is derived in hidden semi-Markov model (HSMM)

framework which has explicit state duration pdfs.

In this study, we assume that the input observation sequence O is a whole

sentence, and estimate the style vector in each sentence.

2.3 Speech recognition using MRHMM

2.3.1 MRHMM training

A block diagram of the training part for the MRHMM is shown in Fig. 2.1.

We first train triphone HMMs for respective styles, such as neutral, sad, and

joyful styles, independently. Then we apply a shared decision tree context

clustering (STC) technique [18] to these models to construct a common tree

structure for all styles. After that, we further apply re-estimation process

based on the EM algorithm to the resultant triphone HMM of each style.

Finally, we obtain a single model with the common tree structure for all styles

by incorporating the style vector into the re-estimation procedure based on

the EM algorithm for MRHMM.

2.3.2 Overview of the recognition system

When the trained MRHMM and a specific style vector are given, an HMM

having the new mean vectors calculated by Eq.(2.1) can be obtained. By
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Figure 2.1: A block diagram of MRHMM training.

using the obtained HMM, we can straightforwardly perform ordinary speech

recognition based on Viterbi algorithm. In the proposed technique, first,

the style vector is estimated using style estimation technique mentioned in

Section 2.2.2, then, using the estimated style vector, the adapted HMM

for recognition is obtained from the MRHMM. The style vector is estimated

every input utterance, and the adapted HMM is modified in each utterance.

This recognition process can be viewed as a kind of an on-line adaptation.

When we perform the style estimation, we need a label sequence of the in-

put speech. In [13], the triphone label is obtained by a pre-trained style-
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independent HMM. In this study, for the given MRHMM, we use a two-pass

recognition process summarized as follows:

Step 1 Obtain the initial HMM by setting the style vector equal to 0 in

MRHMM.

Step 2 Perform phoneme recognition using the initial HMM.

Step 3 Estimate the style vector v for input speech using phoneme label of

the input speech obtained in Step 2.

Step 4 Obtain the adapted HMM from MRHMM by calculating the new

mean vectors with the estimated style vector v.

Step 5 Perform phoneme recognition again using the adapted HMM and

obtain the recognition result.

2.4 Experiments

2.4.1 Experimental conditions

We used three styles of professional narrators’ acted speech – neutral, sad,

and joyful styles. Speech database [19] of each style contains 503 phonetically

balanced ATR Japanese sentences (about 50 minutes) uttered by two male

and one female professional narrators, MMI, MJI, and FTY, respectively.

The neutral, sad, and joyful style speech data were not real emotional speech

data, but just read speech data with simulated styles. When we recorded

the speech data, we directed the speakers not to vary so much the degree of

expressivity in each style.

450 sentences were used for the training of MRHMM and fifty sentences

not included in the training data were used as the evaluation data in each

style. We performed a 10-fold cross-validation test. A one-dimensional style

space was used and the style vectors of training data were set as (−1.0),

(0.0), and (1.0) for the sad, neutral, and joyful styles, respectively. Although

dimensional models such as the circumplex model [20] are widely used as the

space representing emotional expressions, we did not use such style spaces to

avoid the multicollinearity.
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Table 2.1: Experimental conditions.

Sampling frequency 16 kHz

Frame length 25 ms

Frame shift 10 ms

Analysis window Hamming window

Feature vector 12 MFCCs +∆

Log of power +∆

Number of monophones 42

Model left-to-right, 1mix., 3-state

triphone HMM

To compare the recognition performance between MRHMM and HMMs,

we also trained style-dependent HMMs (SD) and style-independent HMM

(SI). The SD models were trained from 450 sentences of each style and the

SI model was a single model trained by 1350 sentences combining 450 sen-

tences of the three styles. In general, the tying topology of HMM affects the

recognition performance. To compare the performance of the models under

the same condition, we chose the topology of the HMMs and the MRHMM

to be the same tree structure obtained by STC described in Section 2.3.1.

Other experimental conditions are shown in Table 2.1. Although the number

of mixtures is generally set to 2 or more, we set it to 1 since the amount of

the training data was not enough to increase the number of mixtures.

2.4.2 Recognition using neutral style HMM

To examine the influence of emotional speech on the recognition rate, we first

performed phoneme recognition using the neutral style-dependent HMMs.

Table 2.2 shows the recognition error rate of each speaker and style. In the

table, the entry for “Average” means the average result of the three speakers.

The error rate was calculated by

error(%) =

(
1− H

H +D + S

)
× 100 (2.4)
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Table 2.2: Phoneme error rates (%) for neutral style-dependent HMM.

Input Speaker

Style MMI FTY MJI Average

Neutral 5.47 7.32 4.45 5.75

Sad 5.89 12.36 21.87 13.28

Joyful 14.90 12.32 18.83 15.34

Table 2.3: Phoneme error rates (%) for initial and adapted HMMs.

Input Speaker

Style HMM MMI FTY MJI Average

initial 4.79 9.61 10.86 8.42

Sad adapted 4.23 8.54 8.48 7.07

correct label 4.20 8.51 8.38 7.03

initial 9.44 11.19 8.74 9.79

Joyful adapted 6.69 9.63 6.49 7.60

correct label 6.56 9.49 6.38 7.48

where H, S, and D represent the number of correctly recognized phonemes,

substitutions, and deletions, respectively. We can see that the error rates

increased in sad and joyful styles compared to neutral style. From this result,

we confirmed that the acoustic features were different in each style and that

degrade the recognition performance.

2.4.3 Adaptation performance of MRHMM

Table 2.3 shows the recognition error rate of the initial HMM obtained in

Step 2, and the adapted HMM obtained in Step 4. In the table, the entry

for “correct label” represents the result when using the correct phoneme label

of the input speech in the style estimation in Step 3 and this corresponds to

the upper limit of the performance of the proposed technique. It can be seen

that the adapted HMM gives higher performance than the initial HMM.

Moreover, the result of the adapted HMM is close to that of the “correct

label” case.
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Figure 2.2: Phoneme recognition error rates (%).

2.4.4 Performance comparison between HMM and

MRHMM

Figure 2.2 shows the recognition error rate of the style-dependent (SD) mod-

els, style-independent (SI) model, and MRHMM. In this figure, “All” rep-

resents the average result of the all three styles. As for the SD models, the



16 CHAPTER 2. ASR BASED ON SD-MRHMM

Table 2.4: Error reduction rates (%) from the SI model.

Input Speaker

Style MMI FTY MJI Average

Neutral -3.82 2.05 0.39 -0.17

Sad 5.79 10.97 14.52 9.97

Joyful 25.75 12.22 20.95 19.06

All 12.66 7.76 13.71 11.04

style of the input speech was assumed to be known and the recognition re-

sult was obtained using the SD model of the input style. Thus, it is an ideal

case and, in actual use, the style of input speech should be identified by

some classification techniques. We can see that the error rates of the pro-

posed technique decreased and were less than or comparable to that of the

SD models. The error rates of SI model were reduced compared to that of

neutral style-dependent model in Table 2.2, however, it is still higher than

SD models and MRHMM.

Table 2.4 shows the error reduction rates of the proposed technique from

the SI model. It can be seen that the MRHMM reduced the error rate by

11.04% on the average. Especially, the performance is improved in the joyful

and sad styles.

2.4.5 Style estimation using MRHMM

Figures 2.3–2.5 show the distributions of the estimated value of the style

vector of the test speech data. It can be seen that each style gives a different

distribution and each distribution is near the value of the style vector that

were set in the training. When we chose the classification threshold as from

−1.5 to −0.5 for sad, from −0.5 to 0.5 for neutral, and from 0.5 to 1.5 for

joyful, about 96% of speech data were classified as the correct style class of

the input speech. However, there is a slight displacement between the mode

of each distribution and the value of the style vector assumed in the training.

This is because the acoustic features of the sad and joyful style included in
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Figure 2.4: Histogram of the estimated value of the style vector (Female

speaker FTY).

the database are not completely symmetric and that of neutral style are not

absolutely located mid-point between the sad and joyful styles. As a result,

the three styles were influenced by each other in the MRHMM training. Two-

dimensional style space in which the sad style and joyful style are located

in the independent axis might be one of the approaches to overcoming the

problem.
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2.5 Conclusions

In this chapter, we have presented a speech recognition technique considering

the degree of expressivity of speaking styles or emotional expressions. This

technique utilizes the multiple-regression HMM (MRHMM) framework for

the model adaptation and the style vector which corresponds to the degree or

intensity of expressivity of styles as the explanatory variable of the regression.

In the recognition stage, we adapt the HMM to the input style using the

estimated style vector. We have shown that the proposed technique reduced

the error rates by 11% of the style-independent HMM. Furthermore, we can

obtain not only linguistic information but also the degree of expressivity

of emotional and styled speech from the recognition process. This para-

linguistic information would be also useful for human-computer or -robot

interaction to detect user’s emotional state and respond to the user more

natural and appropriately.



Chapter 3

Emotional Speech Recognition

Based on Speaker Adapted

Multiple-Regression HMM

In this chapter, we propose an emotional speech recognition technique based

on multiple-regression HMM (MRHMM) with a small amount of speech data

uttered by the arbitrary speaker. In the previous chapter, MRHMM-based

emotional speech recognition technique was proposed. However, this tech-

nique requires a large amount of speech data uttered by the target speaker to

train MRHMM of the target speaker. In order to avoid this problem, speaker

adaptation technique is applied to MRHMM-based emotional speech recogni-

tion in this chapter. For the MRHMM training, we use a speaker-independent

(SI) neutral style model which can be obtained much easier than speaker-

dependent style models. The SI model is adapted to target speaker’s style-

dependent models based on simultaneous adaptation of speaker and style

with a small amount of speech data uttered by the target speaker. Then, the

MRHMM of the target speaker is trained from the obtained style-dependent

models. The recognition process consists of two stages. In the first stage,

the style vector that represents the emotional expression category and the

intensity of its expressiveness for the input speech is estimated on a sentence-

by-sentence basis. Next, the acoustic models are adapted using the estimated

A part of this chapter was presented in IEICE Trans. Inf. and Syst. [21].
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style vector, and then standard HMM-based speech recognition is performed

in the second stage. We assess the performance of the proposed technique in

the recognition of simulated emotional speech uttered by both professional

narrators and non-professional speakers.

3.1 Introduction

In the previous chapter, we have presented a speech recognition technique

considering the degree of expressivity of speaking styles or emotional ex-

pressions. This technique utilizes the multiple-regression HMM (MRHMM)

framework for the model adaptation and the style vector which corresponds

to the degree or intensity of expressivity of styles as the explanatory vari-

able of the regression. As results of the evaluations, the proposed technique

reduced the error rates by the style-independent HMM. Furthermore, we

can obtain not only linguistic information but also the degree of expressivity

of emotional and styled speech from the recognition process. However the

technique has a problem that a considerable amount of speech data of the

target speaker is required in advance to train the MRHMM. This leads to

difficulty in recognition of arbitrary speaker’s emotional speech. Although a

possible approach to this problem is to use a speaker-independent MRHMM,

the performance would be unsatisfactory because the emotional or style ex-

pressiveness varies sensitively on individual characteristics.

In this chapter, we propose a technique that enables us to easily obtain

an arbitrary speaker’s model and to adapt the model on-line. The on-line

adaptation process of the proposed technique is the same as the MRHMM-

based rapid model adaptation. However, for the MRHMM training, we use

a speaker-independent (SI) neutral style model which can be obtained much

easier than speaker-dependent style models. The SI model is adapted to

target speaker’s style-dependent models based on simultaneous adaptation

of speaker and style with a small amount of speech data uttered by the

target speaker. Then, the MRHMM of the target speaker is trained from the

obtained style-dependent models. In the recognition stage, we first estimate

the value of style vector for every sentence of the input speech based on

a style estimation technique [13]. Then we adapt the model by calculating
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new mean vectors of the probability density functions and perform standard

HMM-based speech recognition.

In this chapter, we examine the effectiveness of the proposed technique

under a condition where the types of emotion are limited, and also the amount

of training data of the target speaker is very small.

3.2 Speech recognition based on multiple-

regression HMM

3.2.1 Acoustic modeling of speech with multiple styles

using MRHMM considering multiple mixture

In the MRHMM-based emotional speech recognition framework described in

chapter 2, the acoustic model is represented by MRHMM, i.e., HMM with

Gaussian probability density functions (pdfs) in which the mean vector of

each pdf is expressed by a function of a low-dimensional vector called the

style vector. Each component of the style vector corresponds to an intensity

or quantity that represents how much the acoustic features are affected by a

certain emotional expression or speaking style.

Here we consider a Gaussian mixture pdf as the output pdf. Let µim be

the mean vector of the m-th mixture component at state i. In the MRHMM,

the mean vector is assumed to be represented by multiple regression of a

style vector v as

µim =h
(im)
0 +Aimv = H imξ (3.1)

where

Aim =
[
h

(im)
1 , · · · ,h(im)

L

]
(3.2)

H im =
[
h

(im)
0 , · · · ,h(im)

L

]
(3.3)

v = [v1, v2, · · · , vL]⊤ (3.4)

ξ =
[
1,v⊤]⊤ . (3.5)

Aim andH im areD×L- andD×(L+1)-dimensional regression matrices, and

D and L are the dimensionalities of µim and v, respectively. When training
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data and corresponding style vectors are given, the regression matrix H im of

the MRHMM can be estimated using an EM algorithm. Let {O(1), · · · ,O(K)}
and {v(1), · · · ,v(K)} be sets of observation sequences and style vectors for

model training, whereK is the total number of observation sequences, O(k) =

(o
(k)
1 , · · · ,o(k)

Tk
) is the k-th observation sequence, Tk is the number of frames of

O(k), and v(k) is the style vector that corresponds to O(k). The re-estimation

formula of the regression matrix of the MRHMM can be derived in a similar

way as that for the single mixture model case [14] based on a maximum

likelihood (ML) criterion, and is given as follows.

HML
im =

(
K∑
k=1

Tk∑
t=1

M∑
m=1

γt(i,m)o
(k)
t ξ(k)⊤

)
·

(
K∑
k=1

Tk∑
t=1

M∑
m=1

γt(i,m)ξ(k)ξ(k)⊤

)−1

(3.6)

where M is the number of mixtures of the MRHMM, o
(k)
t is an observation

vector at time t in O(k), and ξ(k) = [1,v(k)⊤]⊤. In addition, γt(i, k) is the

probability of being in the m-th mixture component of state i at time t for

given O(k).

3.2.2 Style estimation for on-line model adaptation

We consider a problem of estimating the style vector v for an input ob-

servation sequence O = (o1, · · · ,oT ) given the trained MRHMM λ whose

parameters H im and the covariance matrix Σim are fixed. The optimal style

vector v∗ for the input observation O is determined based on an ML criterion

as

v∗ = argmax
v

P (O|λ,v) . (3.7)
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The EM algorithm-based re-estimation formula of the style vector for the

output pdf is given by

v =

(
N∑
i=1

T∑
t=1

M∑
m=1

γt(i,m)A⊤
imΣ

−1
imAim

)−1

(
N∑
i=1

T∑
t=1

M∑
m=1

γt(i,m)A⊤
imΣ

−1
im(ot−h

(im)
0 )

)
(3.8)

where N is the number of states of the MRHMM. The above formula is

straightforwardly derived from the single mixture model case [13] where the

estimation formula is derived within a hidden semi-Markov model (HSMM)

framework, which is the model having explicit state-duration pdfs.

In this study, we assume that the input observation sequence O is a set

of acoustic features for one sentence and we estimate the style vector in each

sentence.

3.2.3 Training of MRHMM with a small amount of

speech data using model adaptation

The MRHMM training generally requires a considerable amount of speech

data to obtain reliable model parameters. However, it is unrealistic to prepare

a sufficient amount of speech data of arbitrary speakers. In the style control

and style estimation based on the multiple-regression HSMM (MRHSMM),

we have shown that the use of average voice model [11] and simultaneous

adaptation of speaker and style is promising for overcoming this problem

[22], [23]. Thus we incorporate a similar approach into the MRHMM-based

emotional speech recognition.

A block diagram of the model training is illustrated in Fig. 3.1. First,

we train a speaker-independent (SI) neutral style model with a sufficient

amount of neutral style speech of many speakers. Next, we adapt the SI

neutral style model to a target speaker’s respective styles using a model

adaptation technique with a small amount of speech data uttered in advance

by the target speaker. Then we obtain the target speaker’s MRHMM based

on a least squares estimation from the speaker- and style-adapted HMMs.
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Figure 3.1: MRHMM training using SI neutral style model and model adap-

tation.

Suppose that the adaptation data contains speech uttered in S different

styles. Let the mean vector of the m-th mixture pdf at state i of the style-

adapted HMM of style s and the corresponding style vector be given by µ
(s)
im

and v(s), respectively, for 1 ≤ s ≤ S. We choose H im that minimizes

E =
S∑

s=1

∥∥∥µ(s)
im −H imξ

(s)
∥∥∥2 (3.9)

as the regression matrix of the MRHMM[22], [23]. By differentiating E with

respect to H im and equating the result to zero, the optimal regression matrix

HLS
im is obtained as

HLS
im =

(
S∑

s=1

µ
(s)
imξ

(s)⊤

)(
S∑

s=1

ξ(s)ξ(s)⊤

)−1

. (3.10)
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To improve the performance of the simultaneous adaptation of speaker

and style using only a small amount of speech data, we refine the MRHMM

parameter H im as follows [22]:

H im =
τ HLS

im + ΓimHML
im

τ + Γim

(3.11)

where HLS
im is the regression matrix obtained by Eq. (3.10) and HML

im is

the regression matrix estimated from the adaptation data in ML sense. In

addition, τ is a positive parameter for controlling the modification weight

and

Γim =
T∑
t=1

γt(i,m). (3.12)

It is noted that the regression matrix H im approaches to HML
im when enough

adaptation data is available for the m-th mixture component of state i.

3.2.4 Emotional speech recognition using MRHMM-

based on-line model adaptation

When the trained MRHMM and a specific style vector are given, an HMM

having the new mean vectors calculated by Eq. (3.1) can be obtained. By us-

ing this HMM, we can straightforwardly perform ordinary speech recognition

based on HMM.

In the proposed technique, first, the style vector is estimated using the

style estimation technique mentioned in Sect. 3.2.2, and then, using the

estimated style vector, the adapted HMM for the recognition is obtained

from the MRHMM. The style vector is estimated for every input utterance,

and the adapted HMM is modified in each utterance. When we perform

the style estimation, we need a phoneme label sequence of the input speech

to calculate γt(i,m) by the forward-backward algorithm. For this purpose,

we use a two-pass recognition process. The overall recognition process is

summarized as follows.

SI model training:

Step 0 Train SI neutral style HMM using neutral style speech data of many

speakers.
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MRHMM training:

Step 1 Convert the SI neutral style model into the target speaker’s respec-

tive style models using a model adaptation technique.

Step 2 Construct the target speaker’s MRHMM using Eq. (3.10).

Step 3 Refine the obtained MRHMM using Eq. (3.11).

MRHMM-based recognition:

Step 4 Obtain neutral style HMM by setting the style vector equal to 0,

which is assumed to be the value of the style vector corresponding

to the neutral style, in the training of the MRHMM.

Step 5 Perform phoneme recognition of input speech using the neutral style

HMM.

Step 6 Estimate the style vector v∗ for the input speech using the trained

MRHMM and the phoneme sequence obtained in Step 5.

Step 7 Obtain style-adapted HMM from the trained MRHMM by calculat-

ing the new mean vectors with the estimated style vector v∗ using

Eq. (3.1).

Step 8 Perform speech recognition using the style-adapted HMM and obtain

the final recognition result.

3.3 Experiments

3.3.1 Emotional speech database

In the following experiments, we used professional narrators’ and non-

professional speakers’ speech. The professional narrators’ speech data con-

tains three styles of speech samples with simulated emotions — neutral, sad,

and joyful styles, in which 503 phonetically balanced sentences taken from

the ATR Japanese speech database were uttered by two males (MMI and

MJI) and one female (FTY) narrators in the respective styles. The non-

professional speakers’ speech data consists of four styles of speech samples

— neutral, sad, joyful, and angry styles, uttered with simulated emotions by
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Table 3.1: Experimental conditions.

Sampling frequency 16 kHz

Frame length 25 ms

Frame shift 10 ms

Analysis window Hamming window

Feature vector 12 MFCCs (with CMN) +∆

Log of power +∆

Number of monophones 42

Model left-to-right, 16-mixture, 3-state

triphone HMM/MRHMM

with diagonal covariance

nine graduate students (eight males and one female). Each style contains

100 sentences chosen from the above 503 sentences. The non-professional

speakers had little experience in uttering the given sentence with such sim-

ulated styles. All the speech samples were recorded in a quiet room, and

the speakers were directed to keep the degree of expressiveness of each style

almost constant.

3.3.2 Experimental conditions

The SI neutral style model was trained from neutral style speech data of 209

speakers (106 males and 103 females) included in the Japanese Newspaper

Article Sentences (JNAS) [24]. These speakers were different from the profes-

sional narrators and non-professional speakers mentioned above. The speech

data used for the training of the SI neutral style model was about 50 sen-

tences for each speaker, 10498 sentences in total. The parameters of the SI

neutral style model were tied using a decision-tree-based context clustering

with MDL criterion [25]. The total number of states in the SI neutral style

model was 1875.

In the speaker and style adaptation, five sentences (around 20 seconds)

of the respective styles were used for each target speaker. To alleviate the

dependency of the choice of the adaptation data, the adaptation sentences
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were randomly chosen and the experiments were conducted twice by changing

the adaptation data. As for the model adaptation technique in Step 1, we

applied a combined approach based on the MLLR and maximum a posteriori

(MAP) adaptation (MLLR+MAP) [26]. Since the amount of adaptation data

of each target style was small, we used a global transform in the MLLR. In

this study, the covariance parameters were not adapted because the amount

of adaptation data was very small. We set τ = 10 in Eq. (3.11) on the basis

of preliminary experimental results.

The speech recognition was performed based on the Viterbi algorithm

using the decoder of the Hidden Markov Model Toolkit (HTK) [27]. We

used phonetic networks based on Japanese phonetic concatenation rules in

the recognition. The other experimental conditions are listed in Table 3.1.

Although we have set the number of mixtures to 1 in chapter 2, we set it to

16 in the above experiments.

3.3.3 Performance evaluation with professional narra-

tors

3.3.3.1 Performance of speaker and style adaptation of the

MRHMM

We first evaluated the performance of the speaker and style adaptation by

comparing the proposed MRHMMwith four types of ordinary HMMs. In this

experiment, we used three styles of the professional narrators’ speech data.

A one-dimensional style space (Fig. 3.2(a)) was used for the MRHMM. The

style vectors for the adaptation data were set to fixed values, (−1), (0), and

(1) for the sad, neutral, and joyful styles, respectively. We performed 10-fold

cross-validation tests using 50 test sentences that were not included in the

adaptation data.

Table 3.2 shows the average scores of the three speakers’ phoneme recog-

nition error rates, and the entry for “Overall” represents the average score

of all the styles. The error rate was calculated by

error(%) =

(
1− H

H +D + S

)
× 100 (3.13)
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Figure 3.2: Style spaces for MRHMM.

where H, S, and D represent the numbers of correctly recognized phonemes,

substitutions, and deletions, respectively. In the table, the speaker-

independent HMM is the SI neutral style model obtained in Step 0. The

speaker-adapted neutral style HMM is the one adapted from the SI neu-

tral style model using MLLR+MAP with the target speaker’s five sentences

of neutral style speech. Similarly, the speaker-adapted style-independent

HMM is the one adapted from the SI neutral style HMM using MLLR+MAP

with the target speaker’s five sentences for each style, 15 sentences in total.

The style-adapted HMMs are the ones obtained in Step 1 using the tar-

get speaker’s five sentences of the respective styles. It is noted that we

assumed that the style of the input speech was known when using the style-

adapted HMMs, and unknown for the other models. From the result, we can

see that the error rates of the MRHMM significantly decreased compared

with the speaker-independent HMM. Moreover, we confirmed the improve-

ment of recognition performance to be statistically significant at the 1%
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Table 3.2: Comparison of phoneme error rates (%) between ordinary HMMs

and MRHMM.

Model HMM 1-D MRHMM

Speaker Independent Adapted Adapted Adapted Adapted

Style Neutral Neutral Independent Adapted Adapted

Neutral 12.3 8.6 8.8 8.6 8.6

Sad 16.8 13.4 11.8 11.5 11.1

Joyful 19.4 16.7 14.9 13.7 13.5

Overall 16.2 12.9 11.8 11.2 11.0

level between the MRHMM and one of the ordinary HMMs except for the

style-adapted HMMs. It should be again noted that the results for the style-

adapted HMMs were obtained under the condition where the input speech’s

style was known. It has been found that the recognition performance of

the style-adapted HMMs becomes worse when the style of input speech is

unknown.

3.3.3.2 Results of style estimation and classification

We also evaluated the performance of the proposed technique in terms of

the style estimation. The style classification test was conducted for the test

speech samples using the following classification criterion: if the value of

the style vector is less than −0.5, then the input speech is classified into

sad style; if it is greater than 0.5, then joyful style; otherwise, neutral style.

Table 3.3 shows the average classification rates of the respective styles for

the test speech samples of three speakers. In total, about 89% of the speech

data were classified as the correct style class of the input speech. This would

be promising results in the sense that we estimated the degree of expressivity

of the input speech without using prosodic features.

Figure 3.3 shows the histograms of the estimated values of the style vec-

tors for the test speech samples. It can be seen that different styles give

different distributions and the estimated values of the style vector are dis-

tributed around the values that were set in the training. However, there is
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Table 3.3: Classification rates (%) for professional narrators’ emotional

speech.

Input Classified Style

Style Neutral Sad Joyful

Neutral 98.2 0.4 1.4

Sad 14.8 85.2 0.0

Joyful 15.6 0.0 84.4

a slight displacement between the mode of each distribution and the value

of the style vector assumed in the training. This is because the acoustic

features of the sad and joyful styles included in the speech database are not

completely symmetric and those of the neutral style are not absolutely lo-

cated on the mid-point between the sad and joyful styles. As a result, the

three styles were influenced by each other in the MRHMM training.

3.3.4 Performance evaluation with non-professional

speakers

We next assessed the performance of the proposed technique using non-

professional speakers’ speech which is a little more realistic situation than

focusing on the professional narrators’ speech. We used four styles of the

nine non-professional speakers’ speech with simulated emotion. Two differ-

ent style spaces, namely a two-dimensional space (Fig. 3.2(b)) and a three-

dimensional one (Fig. 3.2(c)) were used for modeling MRHMMs. In the two-

dimensional space, the style vectors for adaptation data were set to (0, 0),

(1, 0), (0, 1), and (−1, 0) for the neutral, joyful, angry, and sad styles, respec-

tively. In the three-dimensional space, the style vectors for adaptation data

were set to (0, 0, 0), (1, 0, 0), (0, 1, 0), and (0, 0, 1) for the neutral, sad, joyful,

and angry styles, respectively. We performed two-fold cross-validation tests

using 50 test sentences that were not included in the adaptation data.
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Figure 3.3: Histograms of the estimated values of the style vectors.
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Table 3.4: Phoneme error rates (%) for non-professional speakers’ emotional

speech with different style spaces.

Model HMM

Speaker Independent Adapted Adapted Adapted

Style Neutral Neutral Independent Adapted

Neutral 15.1 11.2 11.4 11.2

Sad 18.6 15.7 14.8 14.0

Joyful 19.4 16.4 15.3 15.3

Angry 23.4 20.6 19.0 18.8

Overall 19.1 16.0 15.1 14.8

Model 2-D MRHMM 3-D MRHMM

Speaker Adapted

Style Adapted

Neutral 11.1 10.9

Sad 13.5 13.4

Joyful 14.7 14.7

Angry 17.7 17.7

Overall 14.3 14.2

3.3.4.1 Effect of the choice of style spaces for speaker and style

adaptation performance

We first examined whether the choice of style spaces affect the recogni-

tion performance. Table 3.4 shows the average scores of the nine speakers’

phoneme recognition error rates of respective styles. In the table, the en-

tries for “2-D” and “3-D” represent the results for the MRHMM with the

two-dimensional and three-dimensional style spaces, respectively. For com-

parison, we also evaluated the four types of ordinary HMMs described in

Sect. 3.3.3.1. The speaker-adapted style-independent HMM was obtained

using adaptation data of the target speaker’s five sentences for each style,

20 sentences in total. We again assumed that the style of the input speech

was known when using the style-adapted HMMs, and unknown for the other



34 CHAPTER 3. ASR BASED ON SA-MRHMM

models. It can be seen that both of the 2-D and 3-D MRHMMs gave lower

error rates than the ordinary HMMs. It was found that there are significant

differences at the 1% level between the ordinary HMMs and the MRHMMs.

As for the style spaces, the error rates are comparable in scores between the

2-D and 3-D style spaces, and it seems that the recognition performance is

not sensitive to the choice of style spaces.

3.3.4.2 Results of Style Estimation and Classification Using Dif-

ferent Style Spaces

Next, we compared the estimation performance of the degree of emotional

expressivity between the 2-D and 3-D style spaces. Figure 3.4 shows the

distributions of the estimated values of the style vectors using the 2-D style

space for all the test samples of one female and two male speakers who were

arbitrarily chosen from the nine speakers, and Fig. 3.5 shows those using

the 3-D style space. We can see that the distribution of the estimated style

vectors belonging to the same style differs from those of other styles.

Table 3.5 shows the average classification rates of the styles for the test

speech samples of nine speakers. The input speech samples were classified

based on the Euclidean distance between the predetermined style vector used

in the training (see Figs. 3.2(b) and (c)) and the estimated style vector. The

overall correct classification rates of the MRHMM were 86.8% and 91.3% for

the 2-D and the 3-D style spaces, respectively.

3.3.4.3 Performance evaluation in continuous speech recognition

We examined the performance of the proposed technique for non-professional

speakers in terms of the word error rate in continuous speech recogni-

tion. Adaptation data and other experimental conditions are described in

Sect. 3.3.1 and Sect. 3.3.2. We performed 10-fold cross-validation tests us-

ing 50 test sentences that were not included in the adaptation data. The style

space for the MRHMM was the 2-D one. For comparison, we again evaluated

the speaker-independent HMM and the speaker-adapted style-independent

HMM in Sect. 3.3.4.1. We used Julius (ver. 4.1) [28] as a decoder. We

used one of the sets of lexicons and language models contained in [29]. The
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Figure 3.4: Examples of the distributions of the estimated style vector with

2-D style space.
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Table 3.5: Classification rates (%) for non-professional speakers’ emotional

speech with different style spaces.

(a) 2-D style space

Input Classified Style

Style Neutral Sad Joyful Angry

Neutral 99.6 0.3 0.1 0.0

Sad 6.2 93.8 0.0 0.0

Joyful 37.3 0.0 61.2 1.5

Angry 4.9 0.0 2.5 92.6

(b) 3-D style space

Input Classified Style

Style Neutral Sad Joyful Angry

Neutral 99.4 0.5 0.1 0.0

Sad 1.1 99.9 0.0 0.0

Joyful 22.7 0.0 76.3 1.1

Angry 7.6 0.0 2.0 90.4

vocabulary set of the lexicon contains 60k words, and consists of the most

frequent words in Mainichi newspaper articles from the year 1991 to 1994

(45 months). The language models were 2-gram and backward 3-gram for

the first and second pass, respectively, and obtained from above newspaper

corpus. Although there are some out-of-vocabulary words in the lexicon for

test speech sentences, we did not add any words to the lexicon.

Table 3.6 shows the word error rates for the respective models. We can see

that the MRHMM gave the highest performance in all styles. The difference

between the speaker-adapted style-independent HMM and the MRHMM is

statistically significant at the 1% level. These results show that the proposed

technique would also be effective in LVCSR.
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Table 3.6: Comparison of word error rates (%) between ordinary HMMs and

MRHMM.

Model HMM 2-D MRHMM

Speaker Independent Adapted Adapted

Style Neutral Independent Adapted

Neutral 29.0 23.4 23.2

Sad 36.4 30.4 29.0

Joyful 37.2 31.3 30.1

Angry 44.2 38.2 35.9

Overall 36.7 30.8 29.5

3.4 Conclusion

This chapter proposed a technique for emotional speech recognition using

rapid model adaptation, in which paralinguistic as well as linguistic infor-

mation can be obtained. The technique utilizes a multiple-regression HMM

(MRHMM) framework, and is based on style estimation and adaptation. Us-

ing a speaker-independent neutral style model, the MRHMM is trained with

a small amount of target speaker’s data. Furthermore, the acoustic mod-

els for speech recognition are adapted to the style of input speech from the

trained MRHMM using the estimated style vector. From the experimental

results of phoneme and continuous speech recognition, we found that the

performance of the proposed technique in both speech recognition and style

estimation is promising for simulated emotional speech.



Chapter 4

Average Voice Model Training

Based on Speaker Class

This chapter describes an average voice model training technique using a

speaker class label that represents the voice characteristics of speakers to

generate synthetic speech with enhanced similarity to the target speakers’

speech. In the proposed technique, first, all training speakers are clustered

to determine the speaker classes of all training speakers. The average voice

model is trained using the labels of conventional context and the obtained

speaker class. In the speaker adaptation process, the target speaker’s class

is estimated and is used to transform the average voice model into the tar-

get speaker’s model. As a consequence, the synthesized speech of the target

speaker is generated from the target speaker’s model and the estimated target

speaker’s speaker class. We conducted objective and subjective evaluations

to compare the performance of the proposed technique with that of the con-

ventional one. In the objective evaluations, we evaluated initial models and

adapted models by changing the number of adaptation sentences. Subjective

evaluation results showed the proposed technique can synthesize speech with

improved similarity and naturalness.

A part of this chapter was presented at SSW8 [30].

39
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4.1 Introduction

Recent research on text-to-speech synthesis has focused on supporting arbi-

trary speakers given only a small amount of the target speaker’s speech data.

In HMM-based speech synthesis systems [10], the average-voice-based speech

synthesis technique with model adaptation [11] has been proposed. Given

only a few minutes of the target speaker’s speech data, this technique can

synthesize arbitrary texts by transforming the average voice model to the

target speaker’s model.However, it has been reported that the similarity of

the synthesized speech to the target speaker’s speech is degraded by model

conversion if the acoustic features of the average voice model are distant from

those of the target speaker [12]. One useful solution is creating an average

voice model whose characteristics are close to those of the target speaker.

To realize this approach, a similar speaker selection based model training

technique has been proposed [31]. In this technique, synthetic speech is made

closer to that of the target speaker by training an average voice model from

perceptually similar speakers (manually selected); note that speaker selection

decreases the amount of training data. However, in the case of automatic

similar speaker selection using acoustic features, it was reported that the

similarity of synthesized speech is degraded due to this reduction. Although,

these results indicate that the selection must identify perceptually similar

speakers to improve the similarity of the synthesized speech, it is well known

that this selection is very difficult. To avoid these problems, i.e., selecting

perceptually-similar speakers and offsetting the decrease in amount of train-

ing data, it is desirable to create one average voice model that can take into

account of multiple speaker characteristics with no decrease in the amount

of training data.

So that model training can take into account of the various characteristics

of the training data, some studies have proposed a model training technique

that adds characteristics of training data to the usual context set of phonetic,

prosodic, and linguistic features. [19] proposed a style-mixed modeling tech-

nique that utilizes speaking styles and emotional expressions as context. In

addition, the gender-mixed modeling technique, which uses speaker gender as

an additional context, was proposed to enhance average-voice-based speech
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synthesis, and its effectiveness was shown [32]. In this study, we propose to

add speaker class, which better represents detailed speaker characteristics

than gender, to the average-voice-based speech synthesis technique.

In the proposed technique, a speaker clustering technique is applied to

the training data so as to group the acoustic features of all speakers used

for average voice model training. The average voice model is trained us-

ing the label of speaker class. In the speaker adaptation process, the target

speaker’s speaker class is estimated, and the average voice model is trans-

formed to the target speaker’s model using the labels of conventional context

and the estimated speaker class. The key to realizing our proposal is the

robust estimation of the target speaker’s class. If complex features that have

high correlation with perceptual similarity are used for speaker clustering,

we would face the same problem of perceptually-similar speaker selection as

in [31]. To avoid this problem, we use very simple acoustic features of spec-

trum, F0, and phoneme duration for speaker clustering and speaker class

estimation. Objective and subjective evaluations show the effectiveness of

the proposed technique.

4.2 Speech synthesis system with speaker

class label

4.2.1 Overview of proposed speech synthesis system

A block diagram of the proposed speech synthesis method is shown in Fig. 4.1.

The proposed technique first trains an average voice model using training

data labeled with speaker class and other conventional contexts. The speaker

class of the target speaker is estimated from the speaker’s training data and

input to the average voice model to transform it to better suit the target

speaker. Given the estimated target speaker’s class and other conventional

contexts, the target speaker’s model synthesizes the target speaker’s speech.

The overall process of training, adaptation, and speech synthesis is summa-

rized below.

Training part:
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Figure 4.1: Block diagram of the speech synthesis system.

Step 1 Apply the speaker clustering technique to all training data and define

a finite number of speaker classes.

Step 2 Train an average voice model using the training data with labels of

speaker class and conventional contexts.

Adaptation part:
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Step 3 Estimate the speaker class of the target speaker using adaptation

data.

Step 4 Transform the trained average voice model into the target speaker’s

model using the adaptation data and the estimated speaker class.

Synthesis part:

Step 5 Generate the context label from the result of text analysis.

Step 6 Generate the speech parameter sequence of the target speaker using

the target speaker’s model, the estimated speakers class and the

generated context label.

Step 7 Synthesize the speech waveform of the target speaker.

In the proposed technique, if speaker class is estimated correctly, the leaf

nodes that have similar speech characteristics to those of the target speaker

are used for speaker adaptation and speech synthesis. Therefore, the output

of the proposed technique is closer to the target speaker than is possible with

the conventional technique. Details of this technique are described below.

4.2.2 Speaker class

We apply a speaker clustering technique to cluster the acoustic features of the

speakers in the training data. For this, it might be thought necessary to use

acoustic features that are highly correlated with perceptual similarity. Many

previous studies showed that perceptual similarity is influenced by prosodic

features, consisting of F0 and phoneme duration, and acoustic features, con-

sisting of cepstral coefficients and the aperiodic component [31], [33]–[35].

However, since the key to realizing this approach is estimating the speaker

class of the target speaker robustly, such complex features are not desirable.

In this study, in order to robustly estimate the speaker class of the target

speaker, we utilize three simple features, average mel-cepstral coefficients, av-

erage logarithmic F0 (log F0), and speaking rate; they represent the features

of spectrum, F0, and phoneme duration respectively. Speaker clustering,

based on the k-means algorithm, is performed for each of the three features

in isolation. The three acoustic features are described as follows.
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4.2.2.1 Average mel-cepstral coefficients

Average mel-cepstral coefficients of all training data are used for spectrum-

based speaker clustering. Because spectrum-oriented speaker characteristics

are chiefly presented by voiced phonemes rather than unvoiced phonemes,

the average mel-cepstral coefficients are obtained from only voiced frames as

detected by TEMPO [36].

4.2.2.2 Average log F0

Average log F0 of all training data are used for F0-based speaker clustering.

As per Sect. 4.2.2.1, the average log F0 was obtained from only voiced frames

as detected by TEMPO [36].

4.2.2.3 Speaking rate

Average speaking rates of all training data are used for phoneme-duration-

based speaker clustering. The speaking rate is obtained from manually

segmented phoneme boundaries of all training data. The speaking rate of

speaker i (SRi) is given by

SRi =
Morai
UttLeni

(4.1)

where, Morai and UttLeni represent, respectively, the number of mora of

speaker i and the utterance length of speaker i.

4.2.3 Context clustering using speaker class label

Generally, in the average voice model training, decision tree-based context

clustering for each model, i.e., mel-cepstrum, log F0, and phoneme duration,

is performed using common questions. However, since our proposal adds

speaker class to the other conventional contexts, using common questions

may lead to negative effects on the tree structure. To avoid this problem,

we also use model-specific questions. For instance, questions intended to

identify the speaker class (speech rate) are used for context clustering for

the phoneme duration model only. In this paper, the context clustering was

performed before SAT.
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4.2.4 Estimating speaker class of target speaker

To estimate the speaker class of target speaker, we use the very simple ap-

proach of Euclidean distance between the target speaker’s features and the

centroids of all clusters. Given the adaptation data of the target speaker, we

first obtain the three features for the speaker, i.e., the average mel-cepstral

coefficients, average log F0, and average speaking rate. Finally, the three

subclasses (one per feature) of the target speaker are estimated to be those

that have the smallest Euclidean distance between the input feature and

cluster centroids.

4.3 Experiments

4.3.1 Experimental conditions

In the following experiments, we used the speech data gathered from 88 non-

professional Japanese female speakers’. This database contains about 120

phonetically balanced sentences for each speaker. The speakers’ ages ranged

from 18 to 39.

The sampling frequency of the speech was 16 kHz and the quantization

bit rate was 16 bits. We used STRAIGHT analysis [36] for speech feature

extraction, and extracted spectral envelope, F0, and aperiodic components.

The analysis frame shift was 5 ms. The spectral envelope was then converted

to mel-cepstral coefficients using a recursion formula. The aperiodicity fea-

ture was also converted to average values for five frequency sub-bands, i.e.,

0–1, 1–2, 2–4, 4–6, and 6–8 kHz. As a result, the feature vector consisted

of 40 mel-cepstral coefficients including the zeroth coefficient, log F0, and

five-band aperiodicity values with delta and delta-delta coefficients. The

total dimensionality was 138. We used a five-state left-to-right hidden semi-

Markov model with no skip topology. The output distribution in each state

was modeled as a single Gaussian density function, and the covariance ma-

trices were assumed to be diagonal.

For training the average voice model, one hundred sentences uttered by

85 of the 88 speakers were used. For its adaptation to the target speaker,

twenty sentences uttered by the target speaker were used as adaptation data.
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Table 4.1: The number of leaf nodes of decision trees for each feature.
# of model

speaker class mel-cepstrum log F0 duration

1 (conventional) 4954 20941 2971

2 5260 29454 3054

4 5766 35120 2939

8 6607 37952 2952

We used the combined technique of CSMAPLR and MAP adaptation as the

speaker adaptation algorithm [37].

In order to evaluate the effectiveness of the proposed speaker class ap-

proach, we created 4 trained average voice models with different numbers of

speaker class, 1, 2, 4, and 8. The average voice model with 1 class represents

the conventional average voice model.

4.3.2 The number of leaf nodes in the decision trees

In order to confirm the impact of the speaker class proposal has on the model

structure, we investigated the number of leaf nodes in the decision trees for

each of the four models. Table 4.1 lists the number of leaf nodes for each

average voice model and each acoustic feature. The number of leaf nodes for

the aperiodic feature is not shown because speaker class context determined

from the aperiodic feature is not used in speaker clustering. We can see that

the number of leaf nodes increases as the number of speaker class increases

except for phoneme duration. This is because the amount of training data

for phoneme duration is smaller than that for the other two features.

Furthermore, from the decision trees of each model, speaker classes asso-

ciated with average log F0 tended to be split at the node close to the root

node of the tree. On the other hand, speaker classes associated with the two

other features tend to be split at nodes close to leaf nodes.
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Table 4.2: Mel-cepstral distortion [dB] between original and synthetic speech

for each target speaker (closed target speaker).

# of target speaker

speaker class #1 #2 #3 #4 #5

1 5.78 5.90 5.85 5.28 5.83

2 5.76 5.93 5.87 5.27 5.92

4 5.73 5.93 5.91 5.27 5.85

8 5.75 5.96 5.90 5.25 5.87

Table 4.3: RMS errors of log F0 [cent] between original and synthetic speech

for each target speaker (closed target speaker).

# of target speaker

speaker class #1 #2 #3 #4 #5

1 203.3 216.3 218.8 135.8 182.1

2 202.9 209.4 211.2 133.6 174.1

4 187.1 199.5 204.3 131.9 172.8

8 183.1 203.7 212.2 127.2 169.1

4.3.3 Objective evaluation

To objectively evaluate the proposed technique, we measured the mel-cepstral

distortion, the RMS errors of log F0, and the RMS errors of phoneme du-

ration between original and synthetic speech. To evaluate the influence of

speaker class estimation, we used two types of target speakers (closed and

open target speakers). The five closed target speakers were among those

used for average voice model training, and their speaker classes for speaker

adaptation were given correctly. The three open target speakers were not

included in the average voice model training, and their speaker classes were

estimated automatically. These eight speakers have different speaker classes

about at least one feature. Twenty sentences uttered by each target speaker

and used as the reference data were not included in the average voice model

training data or speaker adaptation.
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Table 4.4: RMS errors of phoneme duration [ms] between original and syn-

thetic speech for each target speaker (closed target speaker).

# of target speaker

speaker class #1 #2 #3 #4 #5

1 25.18 24.28 25.16 30.15 24.66

2 24.43 24.37 25.47 29.46 25.42

4 23.55 23.08 25.24 28.70 24.19

8 23.56 22.73 24.66 29.54 26.07

Tables 4.2–4.4 show, respectively, the mel-cepstral distortion, the RMS

errors of log F0, and the RMS errors of phoneme duration for each closed

target speaker and each average voice model. From these results, we can

see that the RMS errors of log F0 and phoneme duration are decreased by

increasing the number of speaker classes. This indicates that the proposed

technique enhances the effectiveness of the model’s tree structure for log

F0 and phoneme duration. On the other hand, the mel-cepstral distortions

were not directly impacted by speaker class. This is because the speaker

class yielded by average mel-cepstral coefficients does not adequately repre-

sent spectrum-oriented speaker characteristics. Therefore, to suppress mel-

cepstral distortion, we have to determine which feature can best represent

the spectrum-based characteristics of the speaker.

Tables 4.5–4.7 also show, respectively, the mel-cepstral distortion, the

RMS errors of log F0, and the RMS errors of phoneme duration for each

open target speaker and each average voice model. These results demon-

strate tendencies similar to those from the closed speakers test. However,

when the number of speaker class is 8, RMS errors of most target speak-

ers were higher to those with 4 classes. This is considered to be due to

over-training. Therefore, we used the model with 4 classes in the following

subjective experiment.
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Table 4.5: Mel-cepstral distortion [dB] between original and synthetic speech

for each target speaker (open target speaker).

# of target speaker

speaker class #1 #2 #3

1 5.39 5.87 6.03

2 5.41 5.82 6.02

4 5.44 5.86 5.99

8 5.45 5.87 6.03

Table 4.6: RMS errors of log F0 [cent] between original and synthetic speech

for each target speaker (open target speaker).

# of target speaker

speaker class #1 #2 #3

1 184.9 217.3 205.6

2 174.9 211.4 190.2

4 169.2 202.7 193.3

8 173.8 208.9 193.2

Table 4.7: RMS errors of phoneme duration [ms] between original and syn-

thetic speech for each target speaker (open target speaker).

# of target speaker

speaker class #1 #2 #3

1 22.11 19.78 21.60

2 23.78 19.71 22.95

4 21.87 18.72 19.59

8 21.92 19.06 20.14

4.3.4 Subjective evaluation

We conducted a XAB test to evaluate voice characteristics and prosodic

features of the synthesized speech using the model adapted from the con-
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Figure 4.2: Preference score from the subjective evaluation. (Error bars show

the 95% confidence intervals.)

ventional average voice model and the proposed average voice model. All

permutations of synthetic sentence pairs matching each target speaker were

created and presented in both orders (XAB and XBA), to eliminate bias in

the order of stimuli. The subjects were ten persons, and each was presented

synthesized speech samples and then asked which sample was similar to the

reference speech. The reference speech was synthesized by a STRAIGHT

vocoder. As in the objective evaluation of the open speakers, we used three

open speakers as the target speaker, and twenty sentences as the evaluation

sentences.

Figure 4.2 shows the preference scores for each target speaker. We can see

that the proposed technique has better performance than the conventional

technique. This indicates that the proposed technique based on speaker

class can synthesize speech that is closer to the target speaker than the

conventional alternative even though only three simple acoustic features are

used for speaker clustering. However, since no performance comparison that

changed the acoustic feature used for the speaker clustering was performed,

it is necessary to evaluate the performance of speech synthesis by using other

acoustic features that have high correlation with perceptual similarity as

shown in [31].
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4.4 Conclusion

In this paper, we proposed a model training technique that utilizes speaker

class. This technique realizes robust speaker class estimation by using three

simple features, the average mel-cepstral coefficients, average log F0, and

speaking rate. Objective and subjective experiments showed that the pro-

posed technique can synthesize speech that is closer to that of the target

speaker than the conventional method. In particular, this technique can

significantly reduce the RMS errors of log F0.





Chapter 5

Similar Speaker Selection

Technique Based on Distance

Metric Learning

This chapter analyzes the correlation between various acoustic features

and perceptual voice quality similarity, and proposes a perceptually simi-

lar speaker selection technique based on distance metric learning. To ana-

lyze the relationship between acoustic features and voice quality similarity,

we first conduct a large-scale subjective experiment using the voices of 62

female speakers and perceptual voice quality similarity scores between all

pairs of speakers are acquired. Next, multiple linear regression analysis is

carried out; it shows that four acoustic features are highly correlated to

voice quality similarity. The proposed speaker selection technique first trains

a transform matrix based on distance metric learning using the perceptual

voice quality similarity acquired in the subjective experiment. Given an in-

put speech, acoustic features of the input speech are transformed using the

trained transform matrix, after which speaker selection is performed based

on the Euclidean distance on the transformed acoustic feature space. We per-

form speaker selection experiments and evaluate the performance of the pro-

posed technique by comparing it to speaker selection without feature space

A part of this chapter was presented in Proc. INTERSPEECH 2011 [38], Proc. IN-

TERSPEECH 2012 [39] and IEICE Trans. Inf. and Syst. [40].
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transformation. The results indicate that transformation based on distance

metric learning reduces the error rate by 53.9%.

5.1 Introduction

In the previous chapter, we have presented the average voice model train-

ing technique based on speaker class. From results of evaluations, we have

confirmed the quality of the synthesized speech is improved by the proposed

technique, although the proposed technique utilized only simple acoustic fea-

tures for speaker clustering. However, to achieve the further improvement of

this technique, it would be required to select perceptual similar speakers to

the target speaker. Although, a variety of approaches have been proposed

to select similar speaker selection, these techniques employ acoustic feature

similarities such as likelihood of Gaussian mixture models (GMMs) [41].

However, even if two speakers have similar acoustic features’ distributions,

their voice quality is not necessarily perceptually similar. In order to en-

hance the effectiveness of speaker selection, we need to identify perceptual

similar speakers. To do this we rely on two key components: (1) identifi-

cation of acoustic features that have high correlation with perceptual voice

quality similarity, (2) a speaker selection technique that takes into account

the similarity of the perceived voice quality, not merely acoustic similarity.

To achieve the first goal, a variety of approaches have been proposed

to analyze the relationship between speaker characteristics and acoustic

features [33]–[35]. Studies have shown that perceptual similarity is associ-

ated with prosodic features, consisting of fundamental frequency (F0) and

phoneme duration, and acoustic features, consisting of cepstral coefficients

and the aperiodic component. Because voice quality and prosody are evalu-

ated simultaneously in subjective experiments, it was not clear which acous-

tic feature significantly influenced the human perception of voice quality [35].

Furthermore, because published similarity analyses considered only a dozen

speakers at most, the range in voice qualities covered remains inadequate.

For identifying the various relationships between acoustic features and per-

ception in depth, it is essential to analyze the voices of many speakers.

Regarding the second goal, even if highly correlated acoustic features
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with perceptual voice quality similarity are found, it is not appropriate to

simply use the Euclidean distance of each acoustic feature. Multiple regres-

sion analysis is widely used since it can weight each feature, but “distance

metric learning [15]” (DML) is more effective since it can take side informa-

tion into account. Many studies on DML have demonstrated its usefulness

in applications such as image retrieval [42], music retrieval [43], and sentence

retrieval [44]. This technique can realize speaker selection if the side informa-

tion is set properly. We used the perceptual voice quality similarity obtained

from a subjective experiment as the side information. In addition, DML has

also been used for feature space transformation in a number of studies. For

instance, [42] used transformation of the original image space for image re-

trieval. In this chapter, since the perceptual voice quality similarity is used

as the side information, DML can be considered to be transformation from

acoustic feature space to perceptual voice quality similarity space.

In this study, our aims are to identify the acoustic features useful for the

selection of perceptually similar speakers and to propose a speaker selection

technique based on DML. We first conduct a large-scale subjective experi-

ment using 62 female speakers to identify perceptual voice quality similarity.

In the experiment, to exclude the influence of prosody, we use speech modified

so as to exhibit exactly the same prosody (F0 and phoneme duration). Sev-

eral acoustic features highly correlated to perceptual voice quality similarity

are found by regression analysis of the results of the subjective experiment.

In the proposed similar speaker selection technique, the transform matrix is

first trained on the basis of DML to convert the acoustic feature space. Given

a speech sample, the acoustic features of the sample are transformed using

a trained transform matrix. Then, a similar speaker is chosen on the basis

of Euclidean distances on the transformed acoustic feature space. To evalu-

ate the proposed technique’s performance, we compare it, in experiments, to

speaker selection on an acoustic feature space without transformation. The

results thus obtained demonstrated the technique’s effectiveness.
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5.2 Speech database and subjective experi-

ment

We first conducted a subjective experiment to evaluate voice quality simi-

larity between many speakers. Speech stimuli and details of the subjective

evaluation are described below.

5.2.1 Speech database

We used the speech data of 62 female speakers included in the NTT-AT

Japanese multi-speaker’s speech database [45]. The sampling frequency of the

speech was 16 kHz and the quantization bit rate was 16 bits. This database

contains about 200 phonetically balanced sentences for each speaker. The

speakers’ ages ranged from 18 to 49.

5.2.2 Speech samples generated for the evaluation

For the subjective experiment, we used a single sentence, “Shoo enerugii ga

sakebarete imasu”, (in English “Energy savings are desired”) spoken by 62

non-professional female speakers included in the NTT-AT database.

To analyze the relationship between perceptual voice quality similarity

and acoustic features, this evaluation removed the parameter of the prosody

of speech. In this experiment, prosody modified speech with the prosody (F0

and phoneme duration) extracted from a speech uttered by a speaker other

than the chosen 62 speakers in the NTT-AT database, was employed as the

speech stimuli. To generate the speech stimuli with target prosody, original

acoustic features (spectrum and aperiodic component) of each speech were

linearly interpolated according to target duration and the F0 was modified to

match the target F0. The interpolation was executed within each manually

segmented phoneme boundary. We used the STRAIGHT [36] vocoder for

speech analysis and synthesis. The analysis frame shift was 1 ms.



5.2. REGRESSION ANALYSIS 57

Table 5.1: Evaluation criteria.

Score Description

3 very similar

2 slightly similar

1 dissimilar

5.2.3 Subjective experiment for evaluation of percep-

tual voice quality similarity

A subjective experiment using the 62 speech stimuli was carried out. Subjects

heard 3844 pairs (62 × 62) of speech stimuli, and rated the similarity of the

presented speech pair. In order to counter the bias created by the order of

stimuli presentation, the stimuli were also presented in inverse order. The

rating scale is shown in Table 5.1. The subjects were 32 people (14 males

and 18 females) who were listening to the speech stimuli for the first time.

Each pair was evaluated by eight persons. Let s(i, j) be the perceptual voice

quality similarity between speaker i and j averaged over the evaluation scores

of eight people. The voice quality similarity matrix component Sim(i, j) is

represented as follows.

Sim(i, j) =


s(i, j) + s(j, i)

2
(i ̸= j)

s(i, j) (i = j)
(5.1)

This yielded the voice quality similarity matrix, Sim(i, j), for the 62 speakers.

Since each speech stimulus was evaluated by several different people in

the subjective evaluation, the obtained similarity matrix might have been

affected by differences in the listeners’ evaluation criteria. However, it would

be difficult to avoid this problem by performing a larger scale experiment

because of its cost. Furthermore, the huge amount of evaluations by the

same people that would be obtained in such an experiment might result in a

lack of consistency in the evaluations. Therefore, each speech stimulus was

evaluated by eight people we consider a minimum of subjects for subjective

evaluation.
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5.3 Regression analysis between voice quality

similarity and acoustic features

5.3.1 Acoustic features

In analyzing the relationship between the perceptual voice quality similarity

and acoustic features, we focused on ten acoustic features as described below.

• Low dimensional (1 to 12 dimensions) cepstral coefficients (CepL).

• High dimensional (13 to 24 dimensions) cepstral coefficients (CepH).

• Low dimensional (1 to 12 dimensions) cepstral coefficients using log

spectrum from 0 kHz to 4 kHz (Cep4k).

• 1 to 12 dimensional coefficients of DCT value of aperiodic component

(AP).

• Average value of aperiodic component in full band (APm).

• Ratio of the power in each sub-band to the power in full band (PR1–

PR5).

PR of i-th sub-band PRi is represented as follows.

PRi =
mean(speci)

mean(specfull)
. (5.2)

where, speci and specfull represent respectively the spectrum in i-th band

and the spectrum in full band (0− 8 kHz). In this study, the spectrum was

divided into 5 sub-bands (0 − 1, 1 − 2, 2 − 4, 4 − 6, and 6 − 8 kHz), using

a spectral division method similar to that used for the aperiodic component

in HMM-based speech synthesis.

Although many auditory features that take human perception into con-

sideration, such as the perceptual linear predictive (PLP) feature [46], have

been proposed, the goal of this study is not only achieving similar speaker

selection but also applying it to speech synthesis. For this reason, we chose

to use the acoustic features generally used in speech synthesis, i.e., cepstrum
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Table 5.2: Correlation coefficients between all acoustic features.

Cep4k CepH APm AP PR1 PR2 PR3 PR4 PR5

CepL 0.448 -0.145 0.143 0.232 0.221 0.177 0.235 0.205 0.169

Cep4k -0.140 0.107 0.376 0.363 0.331 0.304 0.238 0.176

CepH -0.241 -0.286 -0.293 -0.118 -0.338 -0.286 -0.254

APm 0.415 0.381 0.106 0.492 0.118 -0.003

AP 0.413 0.372 0.346 0.242 0.177

PR1 0.402 0.799 0.638 0.489

PR2 0.153 0.022 0.063

PR3 0.356 0.257

PR4 0.501

coefficients and an aperiodic component. We also used simple acoustic fea-

tures such as power ratios (PR1–PR5) since simple features can be converted

easily when synthesizing speech. In addition, previous studies, such as [47],

showed the cepstrum features of speech, especially for high order cepstra, are

affected by prosodic features. However, since the purpose of this chapter is

to identify acoustic features that have high correlation with perceptual voice

quality similarity, we did not consider pitch information so as to exclude

the effect of prosodic features. Furthermore, it should be noted that we

used the cepstrum obtained from a lower-band rather than a higher-band log

spectrum. This is because we believe that voice quality similarity would be

more affected by the rough characteristics of the higher-band spectrum than

affected by the detailed spectral shape of it. Since we used spectrum power

ratio (PR1–PR5), we were able to take into account the rough characteristics

of the higher-band spectrum in the following analysis.

As the acoustic distance measure of each speaker, we used the Euclidean

distance of these acoustic features for each speaker’s speech. First, an acous-

tic feature of the prosody modified speech used in the subjective experiment

was extracted by STRAIGHT in every frame. Second, the Euclidean distance

between the acoustic feature of one speaker and that of another speaker’s

speech was calculated in the frame; the average Euclidean distance is de-
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Figure 5.1: Single correlation coefficients between perceptual voice quality

similarity and each acoustic feature.

fined as the distance between the two speakers. The analysis frame shift was

1 ms. Because voice quality characteristics are chiefly presented by voiced

phonemes rather than unvoiced phonemes, the distance was calculated using

only voiced frames as detected by TEMPO [36].

As a result, the distance matrix of each acoustic feature was obtained as

well as the voice quality similarity matrix.

In order to analyze the relationship between the perceptual voice quality

similarity and acoustic features, we performed single and multiple regression

analysis. In all analyses, the voice quality similarity and the distance matrix

were provided except for the combination of same speaker’s speech.

5.3.2 Regression analysis

5.3.2.1 Single regression analysis

We first calculate single correlation coefficients between the perceptual voice

quality similarity and each acoustic feature. Figure 5.1 shows single correla-

tion coefficients for each acoustic feature. In this figure, because we calculated
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Figure 5.2: Partial correlation coefficients for each acoustic feature.

correlation coefficients between the distance of acoustic features and the per-

ceptual voice quality similarity, acoustic features with negative correlation

coefficient have high correlation with the perceptual voice quality similarity.

The value of correlation coefficients shows that most acoustic features are

correlated with perceptual voice quality similarity to some extent except for

CepH and PR5. In particular, the four acoustic features CepL, Cep4k, PR1,

and PR3 are correlated with perceptual voice quality similarity because the

values of the correlation coefficients are around −0.5.

Table 5.2 lists the correlation coefficients between each acoustic feature.

We can see that PR1 has high correlation with PR3(0.799) and PR4(0.638).

It is not desirable to utilize these acoustic features simultaneously for multi-

ple regression analysis because doing so may cause multicollinearity. Other

combinations have lower correlation.

5.3.2.2 Multiple regression analysis

Next, we perform multiple regression analysis to investigate the effect of

linearly combining multiple acoustic features. Eight acoustic features, i.e.,

CepL, Cep4k, CepH, APm, AP, PR1, PR2, and PR5, were utilized as the
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Table 5.3: Bayesian information criterion values for each combination of

acoustic features.

# of acoustic combination of BIC

feature acoustic features value

1 (1) Cep4k 3418.2

2 (2) (1)+CepL 2776.1

3 (3) (2)+PR1 2323.4

4 (4) (3)+APm 2157.4

5 (5) (4)+CepH 2051.1

6 (6) (5)+PR5 1962.9

7 (7) (6)+AP 1900.6

8 (8) (7)+PR2 1895.4

explanatory variables of the regression. To avoid multicollinearity, PR3 and

PR4 were not used since we confirmed from Table 5.2 they have high corre-

lation with PR1. To obtain precise results from multiple regression analysis,

it is necessary to avoid the use of these acoustic features simultaneously. We

therefore used PR1, which has the highest single correlation coefficient. First,

a multiple correlation coefficient was calculated using the above eight acous-

tic features. We confirmed that the perceptual voice quality similarity and

the estimated one were highly correlated; the multiple correlation coefficient

was “0.741”. This result indicates that we can use these acoustic features to

estimate voice quality similarity to some extent.

We also calculate the partial correlation coefficient for each acoustic fea-

ture. The results are shown in Fig. 5.2. The partial correlation coefficient

values indicate that four acoustic features (CepL, Cep4k, APm, and PR1)

have high correlation coefficients, which matches the results of Sect. 5.3.2.1.

On the other hand, the other four acoustic features, i.e., CepH, AP, PR2,

and PR5, have low correlation coefficients.

Furthermore, in order to confirm the impact on similar speaker selection

for each acoustic feature, we investigated the Bayesian information criterion

(BIC) values for each combination of acoustic features. Table 5.3 shows the
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BIC values. In this table, each column shows the combinations of acous-

tic features which have the minimum BIC value when changing the number

of acoustic features. From this table, we can see that the BIC values de-

crease as the number of acoustic features increase. This implies that these

eight acoustic features are effective for similar speaker selection to some ex-

tent. However, since the BIC value reductions are different according to each

acoustic feature, the impact on similar speaker selection is considered to be

large in the order corresponding to Cep4k, CepL, PR1, and APm. This result

is consistent with the result of multiple regression analysis.

From these results, these four acoustic features, i.e., CepL, Cep4k, APm,

and PR1, are considered to be acoustic features highly correlated with per-

ceptual voice quality similarity. Thus, in the following speaker selection ex-

periments, we used these four acoustic features. Although the other acoustic

features, i.e., CepH, AP, PR2, and PR5, seem to be effective for speaker

selection from the BIC values, we did not use these features since they corre-

lated poorly with the perceptual voice quality similarity. We also calculated

multiple correlation coefficients by using three (CepL+Cep4k+PR1) and four

(CepL+Cep4k+PR1+APm) selected features. The multiple correlation co-

efficients obtained were 0.704 and 0.720, respectively.

5.4 Speaker selection technique based on dis-

tance metric learning

Next, we use distance metric learning (DML) to propose a similar speaker

selection technique using the obtained acoustic features. An overview of our

proposed selection system and its details are given below.

5.4.1 Overview of proposed similar speaker selection

A block diagram of the proposed method is shown in Fig. 5.3. In the pro-

posed technique, we first employ distance metric learning to train a transform

matrix using training data with speaker class. When an input utterance is

given, the input utterance vector, described in Sect. 5.4.4, extracted from

the input utterance is transformed using the trained transform matrix. After
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Figure 5.3: A block diagram of the speaker selection system based on distance

metric learning.

that, k-nearest neighbor (kNN) [48] classifier-based speaker selection is per-

formed by calculating the Euclidean distance between the transformed input

utterance vector and the transformed utterance vectors extracted from all

training data. The overall speaker selection process is summarized below.

Training part:

Step 1 Extract training utterance vectors for each utterance from all train-

ing data.

Step 2 Perform PCA using the extracted training utterance vectors for di-

mension reduction.

Step 3 Perform DML (RCA) to obtain the transform matrix A and trans-
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formed utterance vectors (training vectors) using the speaker classes

of training data and dimension-reduced training utterance vectors.

Selection part:

Step 4 Extract an input utterance vector from the input speech.

Step 5 Perform PCA using the extracted input utterance vector for dimen-

sion reduction.

Step 6 Transform the input utterance vector using the transform matrix A

obtained from Step 3.

Step 7 Calculate the Euclidean distances between the transformed input

utterance vector and the transformed training utterance vectors ob-

tained from Step 3.

Step 8 Select one speaker as the most similar speaker, i.e., the speaker hav-

ing the most frequent vectors among the k nearest neighbor vectors.

Because utterance vectors (described in Sect. 5.4.4) are generally highly

dimensional vectors, it is necessary to reduce the number of dimensions of

the training vector to avoid the curse of dimensionality. For this reason, we

perform PCA to achieve simple dimension reduction in Step 2 and Step

5. After the dimension reduction, DML is performed using the dimension-

reduced training vectors.

Details of each component, i.e., distance metric learning, the utterance

vector, the speaker class, and kNN classifier-based speaker selection, are

described as follows.

5.4.2 Distance metric learning

Let us denote a set of N vectors in d-dimensional space as X = {xi ∈ Rd}Ni=1,

where the Mahalanobis distance between two vectors xi and xj is defined as

d(xi,xj) =(xi − xj)
TM (xi − xj) (5.3)

where M is a positive semi-definite matrix that satisfies valid metric prop-

erties. The goal of DML is to find an optimal Mahalanobis matrix M from
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the side information. We can uniquely decompose any positive semi-definite

matrix to M = ATA. This reduces Eq. (5.3) to

d(xi,xj) = ∥ A(xi − xj) ∥2 (5.4)

the Euclidean distance after transformation is xi → Axi. Thus DML is

equivalent to transformation of the vector space using matrix A.

In this study, in order to the avoid sparse data problem, we used Relevant

Component Analysis (RCA) [49], a well known supervised distance metric

learning method. Although a number of DML techniques, such as Neighbor-

hood Component Analysis (NCA) [50] and Large Margin Nearest Neighbour

(LMNN) [51], have been proposed to train a more precise transform matrix

A, these techniques generally require much training data. However, since our

proposed technique requires the perceptual voice quality similarity obtained

from the subjective evaluation, we cannot collect sufficient training data for

such DML techniques. Therefore, we used RCA to train the transform matrix

because this technique is simple and effective.

5.4.2.1 Relevant component analysis

Given a set of vectors, X = {xi}Ni=1, and setting the K class for each vector,

RCA trains global linear matrix M to minimize the distance between the

vectors in each class. The optimal transformation by RCA is computed as

A = Ĉ
−1/2

and the Mahalanobis matrix is equal to the inverse of the average

covariance matrix of classes, i.e., M = Ĉ
−1
, where Ĉ is defined as follows:

Ĉ =
1

N

K∑
j=1

Nj∑
i=1

(xji − µj)(xji − µj)
T (5.5)

here, µj denotes the mean of the j-th class, and xji denotes the i-th vector

in the j-th class; N and Nj are the total number of vectors and the total

number of vectors in the j-th class, respectively.

To apply RCA to speaker selection, we need to define the class and the

vector. In this chapter, the class and the vector are called the speaker class

and the utterance vector, respectively.
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5.4.3 Speaker class using perceptual voice quality sim-

ilarity

To set the speaker class for each speaker, we adopt a speaker clustering

technique based on perceptual voice quality similarity. We utilize the per-

ceptual voice quality similarity matrix as the speaker vector obtained from

Sect. 5.2.3. Let vi be the speaker vector of speaker i. It is represented as

vi =[Sim(i, 1), · · · , Sim(i, j), · · · , Sim(i, Ns)] (5.6)

where Sim(i, j) represents the perceptual voice quality similarity between

speakers i and j, and Ns represents the number of speakers participating

in the subjective experiment. In this chapter, we set Ns to 62. Speaker

clustering is done by applying the k-means algorithm to the speaker vectors.

5.4.4 Utterance vector

We utilized the GMM supervector [52] as the utterance vector to realize a

text-independent similar speaker selection technique because its effectiveness

in text-independent speaker recognition has been confirmed. The GMM su-

pervector was created by concatenating the mean parameter of an individual

GMM mixture. Given a speaker utterance, MAP adaptation is performed

using a speaker-independent GMM that is trained in advance. Let µij be

the mean parameter of the adapted GMM’s output distribution for mixture

i and dimension j. The GMM supervector m is represented as

m =[µ11, · · · , µij, · · · , µML] (5.7)

where M and L represent, respectively, the number of GMM mixtures and

the number of acoustic features’ dimensions.

To advance the field of speaker recognition, i-vector [53] was proposed to

improve the performance of text-independent speaker recognition. Because

the purpose of this chapter is to confirm the effectiveness of applying distance

metric learning to similar speaker selection, we used the GMM supervector

only in the following experiments.
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5.4.5 kNN classifier-based speaker selection

The k-nearest neighbor (kNN) classifier is the simplest classifier of all machine

learning algorithms in pattern recognition. Because it is an effective and

simple technique, it is used in various research fields. This chapter also uses

this technique for speaker selection.

Given an input utterance vector and all training utterance vectors de-

scribed in Sect. 5.4.4, the Euclidean distances between an input vector and

all training vectors are calculated. Next, the k training vectors that have the

smallest distance from the input vector are chosen. Finally, the speaker that

yields the greatest number of selected k training vectors is selected as the

similar speaker.

5.5 Experiments

5.5.1 Experimental conditions

In the following experiments, we used the speech data of 62 female speakers

as described in Sect. 5.2.1. We used the perceptual voice quality similarity

between all speaker pairs (62 × 62) as determined by the subjective exper-

iment as described in Sect. 5.2.3. Thirty sentences uttered by 61 of the 62

speakers were used for the training data and 30 sentences uttered by the

other speaker not included in the training data were used as the evaluation

data. In the selection experiment, we first select one speaker as the evaluated

speaker, and one speaker was chosen from the remaining 61 training speak-

ers. We performed a leave-one-out cross-validation test in order to ensure

the validity of the results obtained.

We utilized the four acoustic features with the highest correlation with

the perceptual voice quality similarity as identified in Sect. 5.3.2.2, i.e.,

CepL, Cep4k, APm, and PR1. These acoustic features were extracted using

STRAIGHT [36]. The analysis frame shift was 5 ms. Although the frame

shift was 1 ms in Sect. 5.2 and 5.3, we changed it to 5 ms because a 1

ms frame shift is generally too short for GMM supervectors. The following

experiments were performed using only voiced frames as in Sect. 5.3.2.

A speaker-independent GMM was trained from all speech data uttered
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by the 62 female speakers (12400 utterances = 62 speakers × 200 utterances)

to extract the GMM supervector. We set the number of nearest neighbors

in the kNN classifier at 5.

To evaluate the speaker selection performance, we used “average simi-

larity”. The average similarity is calculated by the perceptual voice quality

similarity between the input speaker and the selected speaker obtained from

the above mentioned subjective experiment in Sect. 5.2.3. Let sel(uttij) be

the speaker identified by the speaker selection technique using uttij, which

represents the j-th utterance uttered by speaker i. The average similarity is

expressed as

1

Neval

S∑
i=1

U∑
j=1

Sim(i, sel(uttij)) (5.8)

where Neval, S, and U represent, respectively, the number of evaluation ut-

terances (S by U), the number of evaluated speakers, and the number of ut-

terances per evaluated speaker; Sim(i, sel(uttij)) represents the perceptual

voice quality similarity between input speaker i and the selected speaker from

uttij.

5.5.2 Acoustic feature performance

To compare acoustic feature performances, we first performed speaker selec-

tion by changing the acoustic features. In this experiment, we did not use

RCA to perform distance metric learning. In the proposed speaker selec-

tion methods, the optimal selection parameters (i.e., the number of GMM

mixtures and the number of PCA dimensions) differ for each combination of

acoustic features. Therefore, to set optimal parameters for each combination,

we performed a preliminary experiment by changing these parameters. In the

experiment, we set the number of GMM mixtures at 32, 64, and 128 and the

number of dimensions of PCA from 10 to 40. From the obtained results, we

respectively set the number of GMM mixtures for four combinations (i.e.,

CepL, CepL+Cep4k, CepL+Cep4k+PR1, and CepL+Cep4k+PR1+APm)

at 32, 64, 64, and 128, and the number of PCA dimensions at 31, 30, 28 and

27.
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Table 5.4: Average similarity for each acoustic feature.

Acoustic feature Average similarity

CepL 2.35

CepL+Cep4k 2.43

CepL+Cep4k+PR1 2.44

CepL+Cep4k+PR1+APm 2.41

Table 5.4 shows the average similarity obtained for each acoustic feature.

We can see that the average similarity increased by adding Cep4k and PR1.

On the other hand, the selection performance hardly changed at all when

APm was added. This is because the utterance vectors we used fail to make

allowance for the temporal characteristics of acoustic features. In Sect. 5.3,

we used speech with exactly the same prosody (F0 and phoneme duration)

to exclude the effect of the prosody. In this section, however, we used GMM

supervector, which cannot represent temporal characteristics because it rep-

resents only the average characteristics of the whole utterance.

5.5.3 Performance comparison with distance metric

learning

Next, we performed a speaker selection experiment by changing the number

of speaker classes to investigate the effectiveness of distance metric learning

in similar speaker selection. As suggested by the previous experiment, we

used three acoustic features, i.e., CepL, Cep4k, and PR1. Figure 5.4 shows

the average similarity for each speaker class. We can see that the average

similarity for each acoustic feature was improved by distance metric learning

using RCA.

However, it can be seen that for the case of two speaker classes, the

average similarity decreased, but the change was slight, if at all, for four or

more classes. This is because RCA fails to take into account the complexity

according to the number of speaker classes. In general, when the number of

speaker classes is increased, a transform matrix that can process the details of
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Figure 5.4: Average similarity versus the number of speaker classes.

the acoustic feature space is required. However, RCA can train only a global

transform matrix, and so cannot take account of the complexity created by

the increase in the number of speaker classes.

5.5.4 Overall performance

We investigated the overall speaker selection performance by combining

acoustic features and distance metric learning. Figure 5.5 shows the his-

togram of the similarity between the selected speaker and the input speaker.

The number of speaker classes was set to 8 from the results of Sect. 5.5.3.

It can be seen that the number of speakers having low similarity decreased

with distance metric learning when acoustic features were added. To confirm

the effectiveness of the proposed technique, we calculated the selection error

rate by counting the number of speakers having low similarity. We set the

threshold for calculating the error rate to 2.0 because this means that the

number of listeners selecting ”very similar” is larger than the number of lis-

teners selecting ”very dissimilar” in the subjective experiment. As a result,

we found it was reduced by 53.9%, i.e., from 20.22% to 9.31%. A paired

t-test we performed confirmed that the difference between the two methods
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Table 5.5: Performance comparison with GMM-based speaker recognition.

Method Average similarity

GMM 2.43

Proposed (w/o RCA) 2.44

Proposed (w/ RCA) 2.47

is statistically significant at the 1% level. This indicates that the proposed

method can significantly reduce the speaker selection error rates.

5.5.5 Comparison with speaker recognition technique

Finally, we compared our proposed technique’s speaker selection performance

with that of a conventional speaker recognition technique based on GMM

[41]. To obtain each speaker’s GMM, we performed MAP adaptation from a

speaker-independent GMM. As the speaker-independent GMM, we used the

same model used in the proposed technique (described in Sect. 5.5.1). We

used CepL+Cep4k+PR1 as the acoustic feature, and 30 sentences uttered
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by each speaker were used for MAP adaptation.

Table 5.5 shows the average similarity results obtained from the experi-

ment. These results confirmed that the two methods (the proposed technique

without RCA and the GMM-based one) have comparable performance. In

addition, applying feature space transformation using RCA confirmed that

the average similarity obtained in doing so is higher than that of the GMM-

based method. From these results, we confirmed the effectiveness of the

proposed technique compared with the conventional speaker recognition tech-

nique.

5.6 Conclusion

In this chapter, we analyzed the relationship between the perceptual voice

quality similarity and various acoustic features for perceptually similar

speaker selection. First, perceptual experiments using 62 female speakers’

voices were designed and the perceptual voice quality similarity matrix be-

tween each speaker was determined. The results of multiple regression anal-

ysis showed that low dimensional cepstrum coefficient, low dimensional cep-

strum coefficient under 4 kHz and the aperiodic component had high correla-

tion to perceptual voice quality similarity; the multiple correlation coefficient

was “0.741”. Furthermore, we have presented a new speaker selection tech-

nique that takes perceptual voice quality similarity into account in the selec-

tion process. This technique utilizes distance metric learning to transform

the acoustic feature space into the perceptual voice quality similarity space.

Experiments showed that the proposed technique improves speaker selection

performance. In particular, the proposed technique can significantly reduce

the speaker selection error rates.





Chapter 6

Conclusions and Future Work

This thesis has presented new approaches to the acoustic modeling techniques

automatic speech recognition (ASR) and text-to-speech synthesis (TTS) for

achieving personalized speech interfaces. The proposed technique for TTS

makes it possible to generate arbitrary speakers’ voices. The proposed tech-

nique for ASR makes it possible to obtain not only linguistic information but

paralinguistic information such as the speaker’s emotional expressions.

To achieve personalized ASR, we have proposed a rapid model adaptation

technique for emotional speech recognition that enables us to extract par-

alinguistic information as well as linguistic information contained in speech

signals. This technique is based on style estimation and style adaptation

using a multiple-regression hidden Markov model (MRHMM). The recogni-

tion process consists of two stages. In the first stage, the style vector that

represents the emotional expression category and the intensity of its expres-

siveness for the input speech is estimated on a sentence-by-sentence basis.

Next, the acoustic models are adapted using the estimated style vector, and

then standard HMM-based speech recognition is performed in the second

stage.

For achieving personalized TTS, we have also proposed an average voice

model training technique using speaker class labels that represent the voice

characteristics of speakers to generate synthetic speech with enhanced simi-

larity to the target speakers’ speech. With this technique, all training speak-

ers are first clustered to determine the speaker classes for all of them. The

75
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average voice model is trained using the labels of conventional context and

the obtained speaker classes. In the speaker adaptation process, the target

speaker’s class is estimated and used to transform the average voice model

into the target speaker’s model. As a consequence, the synthesized speech

of the target speaker is generated from the target speaker’s model and the

estimated target speaker’s speaker class. We have also proposed a perceptual

similar speaker selection technique based on distance metric learning as the

first step for further improving the similarity of the synthesized speech. The

technique first trains a transform matrix based on distance metric learning

using the perceptual voice quality similarity acquired in a subjective eval-

uation. Given an input speech, acoustic features of the input speech are

transformed using the trained transform matrix, after which speaker selec-

tion is performed using the Euclidean distance on the transformed acoustic

feature space.

Through the experimental evaluations for the proposed ASR and TTS

techniques, we have concluded that the techniques are flexible and statisti-

cally convincing approaches to achieving personalized speech interfaces.

6.1 Summary of thesis

Chapter 1 described the general background to the thesis. We overviewed

applications using speech interfaces, i.e., ASR and TTS, and pointed out

that in new personal device applications speech interfaces play a different

role than in conventional applications. The conventional techniques based

on model adaptation for achieving a personalized speech interface were in-

troduced, as well as recent research on synthesizing the speech of arbitrary

speakers. This was followed by an outline of the thesis scope. We described

the basic idea of emotional speech recognition based on multiple-regression

MRHMM, then introduced the concept of MRHMM-based emotional speech

recognition based on model adaptation. We then described the idea of a

model adaptation technique based on speaker class for achieving synthesized

speech with enhanced similarity to the target speaker. We also described the

idea of a perceptual similar speaker selection technique using distance metric

learning.
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Chapter 2 presented a technique we proposed for emotional speech recog-

nition using rapid model adaptation, in which paralinguistic as well as lin-

guistic information can be obtained. This technique utilizes the MRHMM

framework for the model adaptation and a style vector that corresponds to

the degree or intensity of expressivity of styles as the explanatory variable of

the regression. In the recognition stage, we adapt an HMM to the input style

using the estimated style vector. We showed that the technique reduced the

error rates of a style-independent HMM by 11%. We also showed we can

obtain not only linguistic information but also the degree of expressivity of

emotional and styled speech from the recognition process.

Chapter 3 presented an MRHMM-based emotional speech recognition

technique we proposed that uses only a small amount of speech data uttered

by the target speaker. A speaker-independent neutral style model is used

to train the MRHMM with a small amount of the target speaker’s data.

The acoustic models for speech recognition are adapted to the style of input

speech from the trained MRHMM using the estimated style vector. From the

experimental results of phoneme and continuous speech recognition, we found

that the technique shows promising performance in both speech recognition

and style estimation for simulated emotional speech.

Chapter 4 described an average voice model training technique we pro-

posed that utilizes speaker classes representing the voice characteristics of

speakers. In the speaker adaptation process, the speaker class of the target

speaker is estimated and used for speaker adaptation and speech parameter

generation. Objective and subjective experiments showed that the technique

can synthesize speech that is closer to that of the target speaker than the

conventional method. In particular, this technique can significantly reduce

the RMS errors of log F0.

In chapter 5, we analyzed the relationship between perceptual voice qual-

ity similarity and various acoustic features for perceptually similar speaker

selection. The results of multiple regression analysis showed that a low di-

mensional cepstrum coefficient (under 4 kHz) and the aperiodic component

had high correlation to perceptual voice quality similarity; the multiple cor-

relation coefficient was 0.741. We also presented a novel speaker selection

technique that takes perceptual voice quality similarity into account in the
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selection process. This technique utilizes distance metric learning to trans-

form the acoustic feature space into a perceptual voice quality similarity

space. Experiments showed that the technique improves speaker selection

performance; in particular, it can significantly reduce the speaker selection

error rates.

6.2 Future work

In the MRHMM-based ASR experiment we conducted, we used acted or sim-

ulated style speech due to the limitations of a speech corpus, but this is not

a realistic situation. Therefore, we will explore the effectiveness of the tech-

nique we proposed by using more realistic speech data, such as spontaneous

speech, and also develop a technique that would be effective for unknown

emotions.

For the technique we proposed for model training using the speaker class

context, we will investigate other acoustic features and other speaker clus-

tering techniques to improve the technique’s speech synthesis performance.

Although we used only adult females for average voice model training and

speaker adaptation, we will apply the technique to other types of speakers

such as adult males, children, and elders. We will also investigate applying

the technique to style adaptation [54].

For the similar speaker selection technique we proposed, we will inves-

tigate other distance metric learning techniques, other speaker classes, and

other utterance vectors to improve the technique’s speaker selection perfor-

mance. Although we have selected acoustic features using speaker selection

by regression analysis, a unified approach to feature selection (i.e., [55]) will

also be performed to select acoustic features matching our selection method

based on distance metric learning. In addition, since we took into account

voice quality for selecting similar speakers, we will investigate a similar

speaker selection technique that can take into account voice quality as well

as prosodic features. Finally, we will investigate applying the technique to

speech synthesis.
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