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ABSTRACT

The sources of variability in modulation spectral do-

main are studied using ANOVA. It is shown that the

speaker+channel variability and phoneme variability

are separable in modulation spectral domain. Further,

the results of ANOVA are used to design the tempo-

ral �lters for the speech and speaker recognition task.

The observations about the nature of the variability

sources were conformed by the frequency response of

these temporal �lters.

1. INTRODUCTION

It is the variability in speech that carries the informa-

tion. This variability has several sources, the main ones

being the linguistic message, the speaker, and the com-

munication channel used for speech capture, and/or its

storage and/or transmission. The linguistic message

produces 1) variability due to di�erent phoneme values

and 2) the variability within a phoneme due to di�erent

phonemic context.

The variability due to the di�erent sources is cal-

culated as using analysis of variance (ANOVA) [1] as

follows. First, all the feature frames1 in the database,

labeled by the same phoneme, are collected and their

mean is calculated. This is termed as the mean of the

phoneme. A similar procedure is used to calculate the

mean of the di�erent phonemes, speakers and channels.

The variance of phoneme, speaker and channel means

is termed as phoneme, speaker and channel variability

respectively. Finally, for a given speaker, the variance

within a phoneme is the e�ect of phoneme context. The

average of this variance over all phonemes and speakers

is calculated and is termed as the context variability.

Using ANOVA we have studied the variability in

spectral and temporal domains [2, 3]. The main obser-

vations from the spectral studies were that the max-

imum of phoneme variability is at frequencies around

500 Hz while the speaker and channel variability is dis-

tributed quite evenly throughout all frequencies. The

1section 2 describes the features used for the analysis

temporal studies indicated a spread of the phoneme-

related variability within about 250 msec around the

target phoneme frame while the speaker and the chan-

nel variability is almost constant across time. The

phoneme-speci�c ANOVA indicated that the relative

contributions of di�erent variability sources within in-

dividual phonemes are di�erent and sonorants exhibit

higher speaker variability than obstruants.

Although the analysis in temporal domain was used

to design the �lters in modulation spectrum2, the

structure of the variability sources in the modulation

spectral domain could not be derived from temporal

ANOVA. Instead, it was hypothesized from the fre-

quency response of the temporal �lter.

In this paper, we have used a series of bandstop �l-

ters to analyze the variability sources in the modula-

tion spectrum domain. Better understanding of the

variability in this domain may allow for a design of

RASTA �lters which could alleviate and/or enhance

contributions of various variability sources.

The paper is organized as follows: section 2 describes

the experimental setup for the ANOVA in modulation

spectrum and the conclusions from the experiment.

We describe the temporal �lter design for speech and

speaker recognition and compare the �lter characteris-

tics with the results of ANOVA in section 3. Finally ,

we present conclusions in section 4.

2. ANOVA IN MODULATION SPECTRAL

DOMAIN

2.1. Experimental Setup

We have used OGI Stories database [4] for ANOVA.

The database contains about 3 hours of conversational

speech which is labeled by OGIbet. The database has

210 speakers, speaking for about 50 sec each, through

di�erent telephone channels. Since the conversations

were not labeled by the telephone channel, the e�ect of

speaker and channel is combined into a single source.

2The modulation spectrum is the spectrum of time trajectory

of spectral envelope.
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Figure 1: Decomposition of variability in modulation spectral domain.

Band-stop �lters of length 1001 points (10 sec)

were designed for the experiment. Each band-stop

�lter has a center frequency fi such that fi =

0; 0:25; 0:5; 1;2; :::;40 Hz and bandwidth of 1Hz if fi �

1Hz and 0.5Hz if fi < 1Hz. The 15 log critical band en-

ergy spectrum, calculated using 25 ms window at 100

Hz, was used as the base feature. The time trajec-

tories of all the bands were �ltered by one �lter with

center frequency fi. Finally, analysis of variance [2]

was performed on the �ltered features in spectral do-

main. The total (Stotal) variance was de�ned in terms

of phoneme (Sphoneme), speaker+channel (Ssp+ch), and

context variance (Scontext) as

Stotal = Sphoneme + Ssp+ch + Scontext

2.2. Discussion of results

The results of the bandstop �ltering in modulation

spectral domain are shown in the Fig.1. The x-axis

represents the modulation frequency component that

was suppressed using a band-stop �lter and y-axis rep-

resents the source variance. The source variance is nor-

malized using the total variance (Stotal) to make the

results invariant to the gain of the �lter. The index

"0" on x-axis represents the source variance after ut-

terance based mean subtraction(MS). The variability

at the frequency fi is the relative residual variability

after removing the modulation frequency component

fi. The dotted-line in the �gures represents the vari-

ability without any �ltering. If the variability drops

below the dotted line at fi then we conclude that fi
carries the variability due to the source.

The �gure shows that the modulation frequency

components around 2 Hz carry the most phoneme vari-

ability (Fig.1(a)). This result is validated by the char-

acteristic of temporal �lter designed in the next sec-

tion. The speaker+channel variability lies between 0-

0.5 Hz (Fig.1(b)) and is not a�ected by �ltering out

the modulation frequency components higher than 1

Hz. This observation is consistent with our earlier ob-

servation [3]. Context variability never goes below the

variability without �ltering. (Fig.1(c)). This means

that the modulation frequency domain is not the right

domain to characterize the context variability. The �g-

ures also indicate that the band-stop �ltering beyond

20 Hz does not a�ect the sources of variability. Thus,

there is almost no variability in modulation spectrum

beyond 20 Hz. This observation is consistent with the

recent down-sampling experiments where it was empir-

ically shown that the speech and speaker recognition

performance is not a�ected by down-sampling the fea-

ture stream by a factor of 3-4 [5, 6].

3. TEMPORAL FILTERS FOR SPEECH

AND SPEAKER RECOGNITION

3.1. Design of temporal �lters

The ANOVA has shown that the variability about

phoneme is present beyond the phoneme duration. It

is also shown that the mean of a long utterance con-

tains channel variability as well as speaker variability.

In this section, we show that the results of ANOVA

can be used to design data-driven temporal �lters for

speech and speaker recognition.
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Figure 2: Impulse response and frequency response of Temporal �lters designed for speech recognition(solid line)

and speaker recognition(dash line)

The design of temporal �lters is described in detail

in [7, 8]. The general design method can be described

as follows. First, the variability in speech is decom-

posed into the phoneme, context, and speaker+channel

variability using ANOVA. These variability sources are

grouped into the "useful" variability and "harmful"

variability for a given task. The "useful" and "harm-

ful" variability is used by Linear discriminant analysis

(LDA) [7, 8] to generate the temporal �lters (referred as

linear discriminants). The projections of the temporal

trajectories of the base features on these linear discrim-

inants are used as the features for the given task.

For speech recognition, the useful source of vari-

ability is phoneme variability and the context and

speaker+channel variability is the harmful variability.

For speaker recognition, the phoneme variability is the

useful variability as the useful speaker variability is de-

�ned with respect to phoneme variability. The chan-

nel variability becomes the harmful variability for the

speaker recognition task. The most important linear

discriminant for the task of speech and the speaker

recognition is shown in Fig.2

3.2. Filter characteristics and ANOVA

The characteristics of linear discriminants can be un-

derstood by studying the �lter that preserves phoneme

variability under no constraint and the �lter that pre-

serves the phoneme variability while suppressing con-

text variability (Fig.3). Consider the �lter which is

derived only from the phoneme variability (Fig.3 dot-

ted line). The concentration of the phoneme variabil-

ity in 2-3 Hz conforms our observation about nature

of phoneme variability. In conclusion, evolution of

phoneme in time is a slow process at the rate of about

2-3 Hz.

If the constraint of speaker+channel variability as

"harmful" variability is added (Fig.2 dotted line) then

the �lter suppresses the variability below 1 Hz. Similar

�lter has been shown to outperform the conventional

techniques like MS and RASTA �ltering in speaker

recognition task[8]. This conforms our earlier obser-

vation about the modulation frequencies which carry

the speaker+channel variability.

If the constraint of context variability as "harmful"

variability is added (Fig.3 solid line) then the �lter

reduces its temporal width which increases the band-

width of the �lter. Finally, Under the constraint of

speaker+channel and context variability as "harmful"

variability, the resulting �lter is a bandpass �lter (Fig.2

solid line). The high pass nature of the �lter suppresses

speaker+channel variability and the low pass nature

suppresses the context variability. This �lter have been

shown to outperform conventional �ltering techniques

like MS and RASTA �ltering in speech recognition [9].

4. CONCLUSION

It is shown that the speaker+channel and phoneme

variability are separable in modulation spectral do-

main. The speaker+channel is dominant below 1Hz

and phoneme variability is dominant in 2-3 Hz. These



4

−500ms    0   500ms
−0.2

0

0.2

0.4

0.6

0.8

1

1 5 10 20 40
−35

−30

−25

−20

−15

−10

−5

0

5

10

(a) (b)

Figure 3: Impulse response and frequency response of Temporal �lters preserving phoneme variability(solid line)

and phoneme variability under the constraint of suppressing context variability(dash line)

variability sources can be used to design the �lters for

the task of speech and speaker recognition. The char-

acteristics of these �lters conform our observations de-

rived from ANOVA.

Since OGI stories databases is not labeled by the

telephone channel, the speaker+channel variability

could not be segregated further. It is our hypothe-

sis that the variability at 0 Hz in modulation spectrum

is channel variability. The variability greater than 0

Hz and less than 1 Hz is the speaker variability. More

analysis needs to be done to verify this hypothesis. The

context variability in modulation spectral domain and

spectral domain does not have a structure. So, we can-

not describe the nature of context variability. Further

analysis needs to be done to understand the nature of

context variability.

The limitations of the ANOVA are 1) it is assumed

that speech variability can be decomposed into the vari-

ability due to sources and 2) the sources were modeled

using unimodal gaussian distribution. Both of these

limitations are addressed in [10]. It computes the mu-

tual information between phoneme labels and the fea-

tures without any assumption about feature distribu-

tion. It is encouraging to �nd very similar structure of

source variability from mutual information as obtained

from the ANOVA.

REFERENCES

[1] Robert V. Hogg and Elliot A. Tannis, Statistical

Analysis and Inference, PRANTICE HALL, �fth

edition, 1997.

[2] Sachin Kajarekar, Naren Malayath and Hynek

Hermansky, \Analysis of sources of variability in

speech," in Proc. of EUROSPEECH, Budapest,

Hungary, 1999, pp. 343{346.

[3] Sachin Kajarekar, Naren Malayath and Hynek

Hermansky, \Analysis of speaker and channel vari-

ability in speech," in Proc. of ASRU, Colorado,

1999.

[4] T. Lander R. A. Cole, M. Noel, \Telephone speech

corpus development at cslu," in Proc. of ICSLP,

1994.

[5] Sarel V. Vuuren, Speaker Veri�cation in Time-

Feature Space, PhD Thesis, Oregon Graduate In-

stitute of Science and Technology, 1999.

[6] Hynek Hermansky and Pratibha Jain, \On Down-

sampling speech representation in ASR," in Proc.

of EUROSPEECH, Budapest, Hungary, 1999, pp.

343{346.

[7] Sarel van Vuuren and Hynek Hermansky, \On the

importance of components of the modulation spec-

trum for speaker veri�cation," in ICSLP, Sydney,

Australia, 1998.



5

[8] N. Malayath, S. Kajarekar and H. Hermansky,

\Speaker veri�cation with channel normalizing �l-

ters," in Proc. of NIST Speaker Recognition Work-

shop, University of Maryland,Washington, 1999.

[9] S. van Vuuren and H. Hermansky, \Data-driven

design of rasta-like �lters," in Proc. of EU-

ROSPEECH, Greece, 1997, pp. 409{412.

[10] H. Yang, S. van Vuuren and H. Hermansky, \Rele-

vancy of timefrequency features for phonetic clas-

si�cation measured by mutual information," in

Proc. of ICASSP, Phoenix,Arizona, 1999.


