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ABSTRACT

We augment the Mel cepstral (MFCC) feature repitasiem
with voicing features from an independent front .efithe
voicing feature front end parameters are optimizixt
recognition accuracy. The voicing features computeel the
normalized autocorrelation peak and a newly propasgropy
of the high-order cepstrum. We explored severa@radttives to
integrate the voicing features into SRI's DECIPHERtem.
Promising early results were obtained in a simpystesn
concatenating the voicing features with MFCC fesguand
optimizing the voicing feature window duration. Bessults
overall came from a more complex system combininguti-
frame voicing feature window with the MFCC plus rthi
differential features using linear discriminant lgss and
optimizing the number of voicing feature frames.eThest
integration approach from the single-pass systeperm@xents
was implemented in a multi-pass system for largeakalary
testing on the Switchboard database. An average YéB&ction
of 2% relative was obtained on the NIST Hub-5 dé&i2@nd
eval2002 databases.

1. INTRODUCTION

Most state-of-the-art speech recognition systems el
cepstral (MFCC) features as input features. Theic&yp
parameters of a MFCC feature front end (e.g., 25vmndow, 10
ms frame rate) are a compromise solution choseepi@sent all
phones. Because of the constraint of a fixed sirgge of
parameters, the MFCC features may fail to capturnym
discriminative cues that have longer or shorteetspans.

We propose to augment the Mel cepstral feature
representation with phonetic features computed with
independent front ends. The parameters from eamfit fend
specific to a phonetic feature can be optimizediniprove
accuracy of a recognition system using the augrdefeature.
The front end parameters that can be optimizedudteclthe
window duration and type, the fast Fourier transf¢FFT) size,
and others. A single frame rate must be set fothallfront ends
to be able to concatenate the features. The idé¢laatsrobust
broad-class phonetic features could provide “angi@nts” in
acoustic phonetic modeling. While this is a genémainework
for multiple phonetic features, our initial apprbaexplores the
use of voicing features.

Previous work in incorporating voicing featuresispeech
recognition systems includes the following. In Eperiments
with an autocorrelation-based voicing measure &gonted.

Standard MFCC plus delta and delta-delta featuresew
augmented by the voicing measure as well as itnskand third
derivatives. In [2] the fundamental frequency and/aicing
measure were combined with MFCC features usingatine
discriminant analysis (LDA). In [3] three alternati voicing
features were tested in combination with MFCC fesfwsing
LDA.

Our approach differs from previous work in a numbér
ways. First, we use a novel voicing feature, thizogry of the
high-order cepstrum, in combination with a morendtad
autocorrelation-based voicing estimator. Second, pggorm
extensive optimization of the voicing front end fdhe
recognition task. Third, the improvement we obtexteed the
one found in a recent comparable study, which hbigioed
about 1% relative reduction in word error rate (WBR English
conversational speech [2]. Finally we show thatitmerovement
is preserved across the different stages of a ipats
evaluation-type system.

We explored several alternatives for integrating tbicing
features into SRI's DECIPHER large vocabulary redtgn
system [4]. In an initial system, we first concatd the voicing
features to the standard Mel cepstral featuresogtichized the
window duration for the voicing feature front eie extended
the window duration to explore whether the voicaaivity was
captured more reliably with a longer time span. iThee
explored integrating the voicing feature in a maamplex
recognition system with Mel cepstral features augee with

third differential features, using heteroscedastimear
discriminant analysis (HLDA) [7]. Different integran
approaches were evaluated in this system, reveatirg

usefulness of a multi-frame window. Finally, a nypliss system
which includes adaptation, N-best generation, nésgowith
more complex language models and confusion-network
decoding, was built to evaluate the voicing feaurall the
training, testing, and optimization were done using
conversational telephone speech (CTS) databases.

The paper is organized as follows. Section 2 ptestre
voicing feature extraction algorithms. Section 8gents voicing
feature integration into SRI's DECIPHER recognitieystem.
Section 4 presents a multi-pass evaluation-typesysSection 5
presents our conclusions.

2. VOICING FEATURE EXTRACTION
ALGORITHMS

The first voicing feature used in this paper is tr@malized
peak autocorrelation, similar to the one descrieB]. The



second voicing feature used is a newly definedoggytrof the
high-order cepstrum. For the time windowed signdt) of

duration T the high order cepstrum
C = IDFT(log(DFT (w(t) X(®)")), w(t) is the Hamming

window of duration T, zero padding is used prior to the
computation of the DFT. The entropy of the highesrdepstrum
is computed as follows.

H(C) == P(C(r))log(P(C(r)))
C(r)

>,

The entropy is computed over the indexes and r’
corresponding to a pitch region from 80 Hz to 458. Hihe
entropy of the high-order cepstrum is a measuredépends on
the complete cepstral vector, rather than on alesinvglue.
Therefore it should be a more robust measure.

P(C(r)) =

/ WE ARE KIND OF SOUTH OF THERE /

| |

2000 4000 6000 8000 10000 12000 14000

|V VYT

20 40 60 80 100 120 140 160 180

20 40 60 80 100 120 140 160 180

FRAMES
FIGURE 1: Voicing Features Graph

—_

SIGNAL
o)

|
—_

-

©
o

— O

©
o

ENTROPY CEPS PEAK AUTO

o

We chose to use the two voicing features togetkealse
of the complementary behavior of the time-domaisdoa
features and the frequency-domain-based featurebidgh and
low pitch values. For low pitch values, the pitaripds are well
separated, enabling well-defined correlation peaid therefore
providing reliable voicing estimation. For highgsitvalues, the
harmonics in the spectrum are well separated amdhitfh-order
cepstrum peak is well defined, therefore providimore reliable
voicing estimation.

Figure 1 shows the two voicing features for a wawef
extracted from the Switchboard database. On topwveneeform
is presented. The “PEAK AUTO” graph correspondsthe
normalized peak autocorrelation and the “ENTROPYPGE
corresponds to the entropy of the high-order capstr

3. VOICING FEATURE INTEGRATION

Here we describe the integration of the voicingtuess into
SRI's DECIPHER
recognition (LVCSR) system.

is defined as

large vocabulary continuous speech

3.1. Concatenating Voicing Features

The initial approach was to concatenate the twaingifeatures
described in the previous section with the tradaio 13-
dimensional Mel cepstral feature vector (includexgergy) plus
delta and delta-delta features (MFCC+D+DD), andhttzetrain
acoustic models with the resulting extended featugetor of
dimension 41.

TABLE 1: Temporal Window Duration Optimization
of the Voicing Feature Front End.

Recognition System % WER
Baseline (No Voicing Features) 41.4 %
Baseline + 2 Voicing (25.6 ms) 41.2 %
Baseline + 2 Voicing (75.0 ms) 40.7 %
Baseline + 2 Voicing (87.5 ms) 40.5 %
Baseline + 2 Voicing (100.0 ms) 40.4 %
Baseline + 2 Voicing (112.5 ms) 41.2 %
Baseline + 2 Voicing (125.0 ms) 41.1 %

The voicing feature front end used the same fraae as
the standard feature front end. We optimized thedwoiv
duration of the voicing feature front end to explerhether more
reliable voicing activity estimation was achieveyl increasing
the temporal scope. Table 1 presents word err@ (AER)
results, for both sexes, for different window dimas of the
voicing feature front end.

The details of the experiment are as follows: Aticus
models were trained with a 64-hour subset of thi#écBoard 1,
CallHome English, and Switchboard Cellular databa3dese
models were of the Genone (bottom-up clusteredg tif,
gender-dependent, and were trained with maximuelitikod
estimation (MLE). The standard features
MFCC+D+DD of dimensionality 39, with a 25.6 ms wowd
every 10 ms. The two voicing features were conedézhto the
standard features. Vocal tract length (VTL) andagpe mean
and variance normalizations were performed on tiaadsrd
features only, as the voicing features are selfratived. The
test was done on the NIST Hub-5 dev2001 databassgiam
language model was used in decoding.

From Table 1 we see that using the voicing featwigls
the same window duration as the standard frontpgnduces a
small WER reduction. As the window duration is #&sed the
WER is further reduced. The optimum window durationthis
task is found at 100 ms. These experimental resulpport the
use of an independent front end, as clearly themaptvoicing
feature window duration is different from the stardl Mel
cepstral feature window duration. The WER incredsegond
the optimal point. For subsequent experiments adewin
duration of 75 ms was used in order to avoid bédugclose to
the region where performance degrades sharply.

The behavior of the WER as a function of voicingtfge
window duration may be explained as follows: a lEmgoicing
window than the initial value results in a bettgrectral
resolution and therefore in a better representatidnthe
harmonic structure. This helps capture the voicotyity more
reliably. For a very long window the pitch may vangide the
window and therefore the harmonic structure may ldss
defined, producing a less reliable voicing actiéstimation.

used were



3.2. Voiced/Unvoiced Posterior Probability Features

In this experiment, the same concatenation scheeserithed
above was used. This time, however, a log postéaiure was
derived from a two state hidden Markov model (HMivBined
for voiced/unvoiced detection. This procedure milsir to the
one presented in [6]. The normalized log frame gneand the
two voicing features were used as input featurethis HMM.

TABLE 2: Voice/Unvoiced Posterior
Feature from Two-State HMM.

Recognition System % WER
Baseline 39.2%
Baseline + Posterior Feature 39.7%

The HMM had one Gaussian per state and was tranad
unsupervised way for each sentence. The parameters
initialized so that one state represented a voiegtbn, and the
other an unvoiced region.

Once the HMM was trained, the log posterior proligbi
corresponding to the voiced state was computed.is Tdy
posterior probability was used as an additionalufeaand was
appended to the MFCC features. The total featuresion was
thus 40. The experimental conditions were the sasrdescribed
in Section 3.1. Results are presented in Tableo2 ffiale
speakers only).

Use of this feature actually degraded performar@@ee
possible explanation for this result may be tha posterior
probability feature may not represent the softditeans between
voiced and unvoiced segments. Analyzing the logtgums
probability feature, we observed that it has shagmsitions
between voiced and unvoiced states. A hard decisaynot be
well suited for multi-state models commonly usedatoustic
modeling, and a smoothing scheme may be needed.

3.3. Voicing Multi-Frame Window plus HLDA

The next step was to integrate the voicing featimas a more
state-of-the-art front end, incorporating thirdfeiiéntial features
and the HLDA algorithm to reduce the feature din@mality. In

this system we extended the concatenation fromlesingme

voicing features to a multi-frame window of voicirfigatures.
The idea was to explore whether a linear combinatid

multiple frames of voicing features produced a mwoekable

voicing estimator than the voicing features fromiregle frame.
The HLDA algorithm was applied to the combined deat
vector, and the final feature dimension was 39.

We optimized the number of voicing feature framedé
appended to the standard Mel cepstral feature.eTahleports
the WER for a single-frame window, five-frame wind@and
nine-frame window, for both sexes. In all cases HieDA
algorithm reduced the feature dimensionality to 39.

In Table 3 we find that using single-frame voiciiegtures
results in a small WER reduction. Extending the hemof
frames to five leads to a further WER reductionis®hows that
voicing activity is estimated more reliably by comhg the
voicing features from multiple frames. For a ningafie window
the gain was smaller.

TABLE 3: Multi-Frame Window Optimization
of Voicing Features plus HLDA.

Recognition System % WER
Baseline + HLDA 39.9 %

Baseline + 1 frame, 2 voicing + HLDA 39.6 %
Baseline + 5 frame, 2 voicing + HLDA 38.8 %
Baseline + 9 frame, 2 voicing + HLDA 39.3%

The weighting of the window of voicing features guaed
by the HLDA algorithm in the five-frame window ignslar to
an average. This indicates that for improved rettmgnit is
better to apply some temporal smoothing to theingiéeatures.

3.4. Delta of Voicing Features plus HLDA

As an alternative to the previous approach, we azepl
computing first and second differences of the vgjcfeatures
instead of a multi-frame window of voicing featur@he total
number of voicing features per frame was six. Trecatenation
of the MFCC+D+DD features and the voicing featysks their
deltas generated an extended feature, which wasceddwith
the HLDA algorithm to 39 dimensions. The recogmitisetup
was the same as before. The WER results of thisrempnt are
presented in Table 4 and include only male speakers

TABLE 4: Deltas of Voicing Features plus HLDA.

Recognition System % WER
Baseline + HLDA 37.5%
Baseline + Delta Voicing + HLDA 37.6 %

We did not find any improvement using this feature
representation, probably because the variabilitghie voicing
features across frames produces deltas with higange.

4. TWO EVALUATION-TYPE EXPERIMENTS

In Section 3 it was found that the best combination
integrating the voicing features was a five-frammdew of
voicing features together with the HLDA algorithmsing a
window duration of 75 ms. This combination was gnéed into
SRI's conversational telephone speech recognitigatem.
Described below are two experiments evaluating WMER
reduction obtained using the voicing features ial@ation-type
multi-pass systems similar to those used for th8TNspeech
recognition evaluations [9].

4.1. A Multi-Pass Recognition System

We trained within-word gender-dependent genoniphtine
acoustic models with and without voicing featuresm o
approximately 418 hours of the Switchboard, Callledamglish
and Switchboard Cellular databases.

We then tested a multi-pass recognition systenhermiST
Hub-5 eval2002 database, which contains approxign&@00
utterances from 120 speakers. This multi-pass isystas tested
with models with and without voicing features.

In Pass 1, the acoustic models were adapted ugrimpre
loop, and N-best lists were generated. In Paise2N-best lists
were rescored with a 4-gram SuperARYV almost-parginguage
model [8]. In Pass 3, the N-best lists were restovi¢h duration
models and decoded with a confusion network algoritThe
goal of Passes 2 and 3 was to improve the N-tsstifi order to
provide better hypotheses for unsupervised adaptdt Pass 4,



a Maximum Likelihood Linear Regression (MLLR) adatpin
of the non-cross-word models was performed usirgy ltfbest
hypotheses obtained from the rescored N-best listtices were
generated from the MLLR adapted model and fromelhatices
new N-best lists were generated. Pass 5 was the aarRass 2,
but with the new N-best lists. Pass 6 was the s#srieass 3, but
with the new N-best lists. The WER results aftezhepass, with
and without the voicing features, are presenteddhle 5 for
both sexes.

TABLE 5: Multi-Pass Recognition System
Test on EVAL2002 Database. Results in WER,
Relative Percentage Reduction in Parentheses

Without With
System Voicing Voicing
Features Features
Phone Loop Adapt.
L N-best Ger?eratic?n 38.6% 37.8% (-2.1%)
Rescored N-best with
2 4-gram SuperARV 34.7% 33.6% (-3.2%)
Language Models
Rescored N-best with
3| Duration and Confusion 33.6% 32.5% (-3.3%)
Network
MLLR Adaptation on
4 1-best Hypotheses 36.5% 35.7% (-2.2%)
New N-best Generation
Rescored new N-best with
5 4-gram SuperARV 31.5% 31.0% (-1.6%)
Language Models
Rescored N-best with
6| Duration and Confusion 30.6% 30.0% (-2.0%)
Network

In Table 5 we see that the gain from Pass 1 idaive
WER reduction of 2.1% compared to the system witloicing
features. The gain increased after Passes 2 anes@fing in
better adaptation hypotheses for the voicing featnodels.
After Pass 4, the gain from the voicing featuressnsaller,
showing that the adaptation did not take full adsga of the
better N-best lists from the voicing features. Friva adapted
model, lattices were generated in Pass 4. Thedadiror rate
was computed (which is the WER of the best possitxed
combination in the lattice) with and without theicing features.
The lattice error rate for the voicing features elsdvas 4.41%
and the lattice error rate for the models withooiting features
was 4.46%. After rescoring the new N-best lists fthal gain
from the voicing features is 2.0% relative. It isrihh noting that
the relative gain from this new knowledge sourte voicing
features, is preserved in this multi-pass system.

4.2. Adaptation Experiment in Advanced Pass

In this experiment, we used SRI's complete evatuaBystem
[9] and tested the effect of voicing features jusbr to the final
N-best rescoring stage. The acoustic models in ¢hise are
cross-word triphone models trained with maximum ualt
information estimation (MMIE). The models both wi#nd
without voicing features have been adapted by a-tremsform
full-matrix MLLR, based on prior recognition outpfitom a
separate PLP-based system that also incorporatécingo
features. (We therefore expect less difference éatwthe two
contrasting systems.) The results are present€dbte 6.

TABLE 6: Voicing Features In Advanced Pass

Recognition System % WER
Baseline EVAL 25.6 %
Baseline EVAL + Voicing Features 25.1 %

The relative WER reduction from the voicing feagliis
again 2.0%, but now relative to a significantly tbetbaseline
than that used in the previous experiment.

5. CONCLUSIONS

We explored the integration of voicing features anlarge
vocabulary speech recognition system. We valid#teduse of
an independent front end to compute the voicingufes. After
exploring several integration approaches, we foilvad the best
was to combine a multi-frame window of voicing fer@ts with
the MFCC plus third differential features, usingnelar
discriminant analysis. We achieved a consistent gaross the
different stages of a multi-pass system in evabmatype
experiments.
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