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ABSTRACT

The spectral parameters for spontaneous speech recognition
need to more clearly emphasize the relevant spectral dynamics
of speech sounds. This paper discusses the dynamic cepstra,
which is a spectral representation simulating the time-
frequency characteristics of auditory forward masking. In this
paper, we propose a new dynamic cepstrum that incorporates
both forward and backward masking to improve robustness
against noise and mismatch utterance style. The dynamic
characteristics of signals at a time point is efficiently extracted
using the information from both sides of a time axis. The new
dynamic cepstrum expresses the dynamic features of speech
more efficiently than the dynamic cepstrum incorporating only
one direction of masking with the same masking duration. The
new dynamic cepstrum improved the phoneme recognition
error using a phonetic typewriter over 10% for both of two
utterance styles; 1) the same as and 2) different from the
utterance style of the training data base.

1. INTRODUCTION

This paper proposes a novel approach for robust spontaneous
speech recognition that uses a masked spectral representation
combined with speaker adaptation techniques. Fast speaker
adaptation is required for implementing a spontaneous speech
recognizer because a huge amount of training speech data is
not available in real world applications. To meet this
requirement, a speech adaptation technique should be
combined with an excellent spectral representation that can
clearly extract phonetic cues and that is robust against speaker
variability and utterance style.

The dynamic cepstrum is a spectral representation that
incorporates the time-frequency characteristics of forward
masking and is designed to emulate human auditory
perception. Excellent speech recognition performance using
the dynamic cepstrum has been reported [1, 2].

The formant movements in spontaneous speech are not as
clear as those in isolated word utterances. Therefore, the
spectral parameters for spontaneous speech recognition need to
more clearly emphasize the relevant spectral dynamics of
speech sounds. The dynamic cepstrum, which can enhance
formant transitions while canceling microphone characteristics,
speaker variability and noise, meets this requirement.

The advantage of dynamic cepstrum arises from using the
masking pattern to extract the static and dynamic features of
speech. Previous results were obtained by using only forward
masking, i.e. a masking effect by the preceding sound. This
masking pattern can store only past information. Performance
could increase by using both forward and backward masking,
i.e., a masking effect by the succeeding sound.

We propose a new "Forward Backward dynamic cepstrum"
(FBDyn) incorporating both forward masking and backward
masking for spontaneous speech recognition. FBDyn will
efficiently extract the dynamic features of sound, using
information of both past and future.

We discuss the fomulization of dynamic cepstrum in section 2
and show experimental results in section 3. We carried out two
experiments; 1) speech recognition experiments using read
speech database to clarify the performance of FBDyn, 2)
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speech recognition experiment using spontaneous speech
database.

2 FORWARD BACKWARD DYNAMIC CEPSTRUM
2.1 Masking model

The time-frequency two-dimensional masking model is
constructed based on the experimental results on perception
reported in [3]. The forward masking pattern evoked by a pure
tone is relatively sharp at masker frequency immediately after
the end of the masker. The masking pattern lessens its
sharpness as a function of elapsed time after the masker is
turned off.

The mechanism producing the masking pattern is modeled by
spectral smoothing, which depends on the masker signal time
interval [3]. In this model, the dynamic cepstrum is defined by
the inverse Fourier transform of perceived spectrum and given
by

bi(i) = cx(i) - madi), &)

where ¢y(i) is kth cepstrum coefficient and myfi) is the inverse
Fourier transform of the masking pattern; my(i) is called the
masking coefficient.

The masking coefficient myf{i) for FBDyn using both forward
and backward masking (Eq. 2) is expressed by the following
equation.

M = fild + gid, 2)

where f(i) is the inverse Fourier transform of the forward
masking and gg(i) is that of the backward masking. gi(i) is
neglected for the dynamic cepstrum incorporating forward
masking only (FDyn) and fj(i) is neglected for the dynamic
cepstrum incorporating backward masking only (BDyn). These
masking coefficients are obtained by multiplying lifter gains to
cepstral coefficients in the quefrency domain. The kth masking
coefficient by forward masking fi(i) at time { is given by the
weighted sum of the preceding cepstral coefficients:

Nf

il = 3 ol - mln). (3)

n=1

The kth masking coefficient by backward masking gg(i) at
time i is given by the weighted sum of the succeeding cepstral
coefficients :

Ny

gid) = S culi+ mrn), @

n=1

where lifn) is the kth lifter gain for smoothing the spectrum n
frames before and rgfn) is the kth lifter gain for smoothing the
spectrum n frames after the current frame. cg, denotes the kth
order cepstral coefficient and n is the time interval between
signal and masker. Ny and Np denote the duration of the
forward and backward masking effect. This relationship
reveals that the dynamic cepstrum is obtained by subtracting
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forward and backward masking patterns from the current
cepstrum.

Given the single sided masking lifter xg(n), the lifters for both
sided masking (FBDyn),

L) = i) =xp(n)/ 2, 5)

provides the same transfer function gain as the FDyn. The
responses for a moving spectrum are different, because its
phase characteristics are different.

2.2 Masking lifter
The low-quefrency-pass lifters used to calculate the dynamic
cepstrum with Eq. (6) are Gaussian shaped and given by

- 2

Lim=aff 1exp(- —k——;) (6)
2qo - v(n-1))

where g is the initial standard deviation and v is the standard

deviation decreasing rate.  and f§ are the initial and medial
masking decay rates. The masking pattern becomes smoother
and its gain decays exponentially as time delay n increases.

The same expression is used for backward masking and given
by

Fim =78 ""exp (— -———’—‘2“), )
2po - v (-1))’

where py is the initial standard deviation and v is the standard

deviation decreasing rate. y and § are the initial and medial
masking decay rates.

3 EXPERIMENTS

First, speaker dependent speech recognition experiments
(experiment 1) with small HMM and small data were carried
out as a pilot experiment, using the new dynamic cepstrum
(FBDyn) and, for comparison, to the dynamic cepstrum
incorporating forward masking only (FDyn), the dynamic
cepstrum with backward masking only (BDyn), and a standard
cepstrum (Cep) under different noise conditions to clarify the
performance of these parameters.

Next, speech recognition experiments with a spontaneous
speech database (experiment 2) were carried out. In
experiment 2, initial context-dependent acoustic phone models
were trained using a large database of isolated word utterances
for one male speaker. These models were then adapted with
few utterances of spontaneous speech by using the vector field
smoothing (VFS) method [4].

We will first briefly explain the acoustic phone model, the
recognition paradigm and the databases used. Then we will
discuss a pilot experiment comparing FBDyn against other
three parameters. Finally, we will show comparative results for
spontaneous speech.

3.1 Experimental conditions
3.1.1 Acoustic Phone Model

We used a conventional context-independent HMM in
experiment 1 to eliminate the influence of the acoustic model
performance.

In experiment 2, we used a diagonal continuous mixture
Gaussian density hidden Markov model network (HMnet) as
the acoustic model [S]. HMnet is an integrated representation
of context-dependent HMMs by state sharing. A 200-state
HMnet, for example, can represent 570 allophones. This would
require about 2100 states without state sharing. The HMnet is
advantageous for speaker adaptation because we can supply
about ten times as many training vectors for each state from a
given adaptation data set. This HMnet is constructed
automatically by the Successive State Splitting (SSS) method
[51.
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Other sampling conditions and HMM conditions are shown in
tables 1 and 2.
Table 1 Sampling conditions

Sampling Frequency 12 KHz
Frame Shift 10 ms
Frame Length 30 ms
Analyzing Method LPC (16 order)

Cepstrum order T8 coellicients

Parameters in experiment dynamic cepstrum (16) or cepstrum (16)
1

Parameters m experiment dynamic cepstrum (16) or cepstrum (16) and

delta cepstrum (16) and

delta power (1)
Delta Cepstrum Window 90 ms
Table 2 HMM conditions
HAMM type diagonal mixture Gaussian
Mixture 3 pel' state
Total State 78 (3 states HMM);
experiment 1
200 (HMnet); experiment 2

3.1.2 Phonetic typewriter

Recognition was performed with a phonetic typewriter [6]
employing only a slight linguistic restriction, as linguistic
influence on recognition rate will be eliminated.

We used the phoneme connection rules of the Japanese
language that model the phonotactic constraints of Japanese.
Phoneme pairs that cannot appear in Japanese are eliminated
from the searching space with these rules. The target phonemes
were defined as 26 phonemes of the Japanese language: / b, d,
2. p, t, k, m, n, ng (syliabic nasal), s, sh, h, z, ch, ts, zh, r, W, y,
a, i, u, €, 0, q (geminante), - (silence)/.

The phonetic typewriter used the N-best and beam search
methods for fast searching. These conditions are shown in
table 3.

Table 3 Phonetic typewriter conditions

language model ]I phoneme connection rujes of Japanese language
Phoneme perplexity || 10.2
N-best | 1
Beam width [ 2000

3.1.3 Definition of Recognition Rate
In this paper, we defined the phoneme recognition rate as
Nphone - Nins - Ndel - Nsub
N, phone ’ ®
where Nphone is total number of phonemes in correct labels,
Nins is the number of insertion errors, Ngje; is the number of
deletion errors and Ny, is the number of substitution errors.

These numbers of errors are derived by DP matching between
the phoneme sequences of correct labels and answers of the
phonetic typewriter.

Phoneme Recognition Rate =

3.1.4 Data Set
Data Set 1: Training and Testing

"Data Set 1" included odd numbered words of 5240
frequently used Japanese words (ATR A set) uttered by one
male speaker (MAU). This data set is used to train the context-
independent HMM in experiment 1 and the initial context-
dependent HMM in experiment 2.

Data Set 2: Testing

"Data Set 2" consisted of 279 phrases from an international
conference registration conversation uttered phrase by phrase
(SB3) by the same speaker of Data Set 1.

This data set is used for testing in experiment 1.

Data Set 3: Adaptation and Testing
"Data Set 3" consisted of spontaneous uttered speech of a
hotel conversation between two speakers {7]. "A plot" is
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prepared for a conversation; this plot designates the detailed
items to be asked or requested during the conversation.

Spontaneous spoken data by one male speaker containing 22
sentences is used for adaptation in experiment 2 (Data set 3a).
Different spontaneous speech data including 19 sentences (763
phonemes) by the same speaker is used for testing (Data set
3b).

3.1.5 Noise generating

A recognition experiment with noise-added data was also
executed to evaluate the noise robustness of the parameters.
Noises generated by computer are added in a fixed S/N ratio to
the input data. The S/N ratio was calculated based on the mean
amplitude of the voiced section of each speech data.

3.1.6 Dynamic cepstrum coefficients
The coefficients of dynamic cepstrum, the standard deviation

q0. o, their decreasing rates v, g, initial masking decay o, y

masking decay f5, § and masking duration Ny, Np are given in
Table 4. The responses of the three dynamic cepstrums for a
cepstrum series are the same for these values. These values are
chosen only for the response similarity of dynamic cepstrums,
not for optimization.

Table 4 Dynamic cepstrum conditions

Parameter BDyn FBDyn FDyn
q0 0 18 18
v 0 1 1

0 0.15 0.3

B 0 0.5 0.5
Nf 0 3 6
p0 18 18 0
N 1 1 0
Y 0.3 0.15 0
3 0.5 0.5 0
Nb 6 3 0

3.2 Experiment 1: Effectiveness of Backward Masking

We compared the speaker dependent phoneme recognition
rates of Cep, FDyn, BDyn, and FBDyn . In this experiment we
used "Data Set 1" for training and "Data Set 2" for testing, and
only 16 coefficients, i.e. no delta parameter.

Figure 1 shows the recognition results under clean conditions
and Fig. 2 shows the results under noise-added conditions.
Compared to the other three parameters under both conditions,
the FBDyn masking obtains the highest recognition rate.
FBDyn reduced recognition error under clean conditions 23%
from Cep and 4.7% from FDyn. The recognition error under
noise-added conditions was decreased by FBDyn masking
49% from Cep and 5.9% from FDyn.

ST
sttt

| 1

5 77 79
Phoneme Recognition Rate (%)
Fig. 1 Phoneme recognition rates under clean conditions

81

TS
boeSesTieiees]

Cep
FDyn
FBDyn

BDyn

1 | I |
44 4
Ph%neme Re?:zognition Rsa(ie (%) €0
Fig. 2 Phoneme recognition rates for noise-added speech (S/N

20dB)
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3.2.1 Detailed analysis of recognition result

We compared the recognition improvement rate of certain
phoneme categories between these three dynamic cepstrums to
clarify the reason for improvement.

We defined the improved rate as improved error rate ratio
from cepstrum in Eq. (9).

errcep - eXr

)]

Improved Rate =
erreep

where errcep is the error rate by Cep and err is the error rate
by the dynamic cepstrum.

The 26 phonemes were categorized into three groups by
acoustic similarities. The first group consisted of vowels /a, i,
u, €, 0, ng /, the second group consisted of voiced consonants
/m, g, r,b, w, 1, j, zh, z, d /, and the third group consisted of a
pause and unvoiced consonants /ch, sh, ts, s, q, t, p, h, k, - /.
Figure 3 shows the improved rate of each phoneme groups.
The dynamic cepstrum FBDyn obtained the highest improved
rate for all phoneme categories.

Figure 3 shows that the dynamic cepstrum is especially
effective for improving vowel recognition.

26 phonemes

/a,i,u,e,0,ng/

1
/ch,sh,ts,s,q,t,p,h,k/ B Foyn
FBDyn
/m,g,r,b,w,n,j,zh,z,d/ B BOyn
1 1 |
0 10 20 30 40

improved rate(%)
Fig. 3 Improvement rate for phoneme groups

The recognition rate of unvoiced consonants decreased or was
almost the same when using dynamic cepstrum.

Figure 4 shows detailed recognition results of unvoiced
consonants from Fig. 3. The deletion and substitution errors
decreased from cepstrum, but the insertion errors increase.
Table 5 shows typical examples of insertion errors of unvoiced
consonants. The pause phoneme and some unvoiced phonemes
were often inserted in longer phonemes. The phoneme duration
of these consonants was short; therefore when the masking
duration was long, the difference from background sound
could be enhanced to cause insertion error.

Cep

Substitution
FDyn

FBDyn

Deletion BOys

Insertion

| ! I 1 i 1 1
0 50 100 150 200 250 300 350

Number of Errors
Fig. 4 Numbers of substitution errors, deletion errors and
insertion errors.
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Table 5 Examples of insertion error

correct label
‘ answer _
ex. 1 ||

-kibishi i-

| -kibishiki-
ex.2 |l -kaigizhjo- -
i -kaimizhjo-o-

3.2.2 Comparison between recognition rates for different
masking durations

We compared the recognition rates of dynamic cepstrum
while varying masking duration to show the effect of masking
duration on recognition of vowels and consonants. Figure 5
shows the results. The highest consonant recognition rates
were obtained with masking durations of 60 ms. The highest
recognition rate for vowels was obtained with a masking
duration of 80 ~ 160 ms. This shows that a long masking
duration provides better recognition rates for vowels by using
the dynamic character of a long interval. Consonant
recognition could also be influenced by long masking duration.

£ 66 86 £
R Q Consonants

2 6 - g5 | = G |
5 62 PN 2
[ [Neet

2 60 7 e 8

8 58 PN o

to0 4 MiR)

g 56 +— i 80§

g K¥B8888¢% 8

[&] ™ v

Masking Duration (ms)
Fig. 5 Vowel and consonant recognition rates for varying
masking durations (MAU)

3.3 Experiment 2: Spontaneous Speech Recognition

In this experiment, we used a 33-element parameter vector,
which includes delta power: DPow (1), delta cepstrum: Dcep
(16) and dynamic cepstrum: Dyn (16) or conventional
cepstrum: Cep (16). We used the FBDyn for the dynamic
cepstrum based on the results of experiment 1.

First, we made an initial context-dependent model using
"Data Set 1" by the SSS method. Then the initial model is
adapted to a different speaker and different utterance style by
the VES method using "Data Set 3a". Finally, the adapted
model is tested by phonetic typewriter using "Data Set 3b"
under both clean and noise-added conditions. Fig. 6 is an
outline of experiment 2.

Isolated Word Utterrances
{Initial Training) initial Model

Spontaneous Speech Spontaneous Speech
(Adaptation) VFS (Testing)

0-0 Test
Adapted Model {3\{:\‘?

3

c3

Fig. 6 Outline of experiment 2

The results of experiment 2 (Fig. 7) show the superiority of
the FBDyn for both clean and noisy spontaneous speech. The

phoneme recognition error rate improved more than 10 % by
using FBDyn.
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Dyn+ 6).23 l
BPOW+ 7080
cep 1
- S/IN
Cep+ 64.&8 30 db
DPow+
Dcep 67.23 Jj Clean
l rri l LR L) l T I LI I 1 1 l i 11 I r1i

60 62 64 66 68 70 72 74
Phoneme Recognition Rate(%)

Fig 7: Performance comparison between cepstrum and
dynamic cepstrum for spontaneous speech.

4 CONCLUSION

A new Forward Backward dynamic cepstrum has been
proposed for improving spontaneous speech recognition
performance. The new Forward Backward dynamic cepstrum
outperformed the dynamic cepstrums with either forward
masking only or backward masking only.

Spontaneous speech recognition experiments demonstrated
that the new Forward Backward dynamic cepstrum is superior
to conventional cepstrums for both clean and noise-
mismatched conditions.
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