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Abstract

Local frequency and time averaging and differentiating op-
erators, using three neighboring points of critical-band time-
frequency plane, are used to process the plane prior to its use
in TRAP-based ASR. In that way, five alternative TRAP-based
ASR systems (the original one and the time/frequency inte-
grated/differentiated ones)are created. We show that the fre-
quency differentiating operator improves performance of the
TRAP-based ASR.

1. Introduction
Unlike features which are based on full short-term spectrum
with its short time context, temporal pattern (TRAP) features
are based on narrow band spectrum with long time context. By
breaking the spectrum into individual critical band and using
each critical band independently in the initial stage of the fea-
ture extraction, the TRAP-based features can be inherently less
sensitive to changes in relative levels of the individual critical
bands. Further, by using longer temporal context, all informa-
tion about underlying linguistic events, which is spread in time
due to coarticulation, may be utilized.

Initially, a single time trajectories of critical band spectral
densities in each critical band were used as input vectors in
the frequency-localized TRAP probabilty estimators [3]. Thus,
the burden of exploiting the useful information in the tempo-
ral pattern and alleviating the irrelevant one was fully left on
the estimator. Later, attempts for parametrizing the trajectory
vectors were made and the critical band spectral density vec-
tors were projected on bases obtained by Principal Comonent
Analysis (PCA) [6] or Linear Discriminant Analysis (LDA) [5],
with the resulting reduction of the size of the input vector to the
frequency-localized probability estimator.

Recent studies indicate that information extracted from sev-
eral (up to three) neighboring bands improves performance of
the TRAP system [7]. Since these studies use PCA of the input
vector space, it is possible to investigate the resulting projec-
tion basis. Such an inspection reveals that the PCA rotation
resembles frequency averaging and frequency differentiating of
the neighboring bands with the subsequent projection on co-
sine transform bases. This observation suggests that a simple
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rocessing of a critical-band spectrogram (CRBS) prior to
sine transformation and the TRAP classification may be
cial. The current work investigates such modifications of
in TRAP system and evaluates their individual efficiency

ll as their effect in conjunction with the original (i.e. un-
ssed) CRBS.
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Figure 1: Modification of critical band spectrum

2. TRAP system
ollowing section reviews basic principles of the TRAP-
EM feature extraction, studied and applied in this work.

hort-term critical band spectrum is computed in 10 ms
Hz) analysis steps using the same module as used for the
al band spectral estimation in PLP analysis [8] and the log-

of the estimated critical band spectral densities is taken.
or each critical band the following process is done:

frame with +/- 50 frames context is taken, resulting in
101 points long temporal vector,

the temporal vectors is mean and variance normalized,

Hamming window is applied on the normalized vector,
emphasizing the center of the vector,

the vector is transformed by a discrete cosine transform
(DCT).

he output of the DCT is used as an input to the band prob-
y estimator - three layer neural net with input layer with



the size of the input vector, one hidden layer and the third output
layer which size is equal number of target sub-word classes N.
Thus, each frequency band is characterized by an N point long
vector of estimated class posterior probabilities.

All output vectors are concatenated into an M×N point long
vector. Each element of this vector is transformed through in-
verse logarithmic nonlinearity and the transformed vector forms
the input for the TANDEM probability estimatior [9]. The
TANDEM estimator is also a three layer MLP neural net. The
first layer has M×N points and the third layer has again N points
- the same target classes as the band probability estimators. The
inverse logarithm and PCA-based decorrelation is done on out-
put of the MLP. Such processed output vector represents trans-
formed (gaussanized and decorrelated) posterior probabilities
of the N sub-word classes (phonemes) and is used as an input
vector for the standard GMM-HMM recognizer. The scheme of
the whole system is shown in Fig. 2.
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Figure 2: TRAP-TANDEM system

.

3. Systems based on Modified CRBS
The topic of this work is to study alternative inputs to the TRAP-
TANDEM system that is described above. The alternative in-
puts are formed by transforming the critical band spectrogram
by modifying operators that average and differentiate several
neighboring points of the spectrogram in time and/or in fre-
quency.

3.1. Single modifying operators

Modifying operators were short context average and differen-
tiation in time or frequency domain. The context is only one
point on both sides of the central point. The operators are sim-
plified (one-dimensional) versions of the operators applied in
ASR by Nitta [4] [5]. Used operators can be seen in Tab 1. We
compute the modified critical band spectrum as projection of
the operator on the original spectrum. One point of modified
CRBS (MCRBS) in given time t and in given frequency band
f , MCRBS(t, f) is computed as

MCRBS(t, f) =

f+fc∑

i=f−fc

t+tc∑

j=t−tc

MO(i, j) × CRBS(i, j)

(1)
where fc is frequency context of the operator and tc is its time
context. Since we are using only one dimensional operators,
context in other direction will be zero. The operators effect on
CRBS can be seen in Fig. 1.
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1: Time and frequency averaging and differentiating op-
s

Modification of TRAP system for a single operator

e experiments, we evaluate the effectiveness of a single
tion on the critical band spectrogram. In that case, the

modified system remains identical to the original one,
ly difference being the input spectrum, which is modified

e application of the studied operator. The application of
me operator shortens the sentence length by one point on
end of MCRBS. These points are recreated by repeating
evious (following) one, so the length of sentence remains
me.
he frequency operator decreased the number of critical
by two. This doesn’t create any problem on the input

nd probability estimator. It just means a somehow smaller
vector to the TANDEM estimator.
ll other blocks used in the original TRAP system remain

.

Combining more than one operator

st experiments, we are interested in the effect of combin-
veral input representations, e.g. in combining the infor-
n from the original (unmodified) critical band spectrum
he information from the spectrum modified by a given op-
, or in the effect of combination of operators. In that case,
rs from different modifications of CRBS are concatenated
e input of band probability estimator. All processing (i.e.
alization, windowing, DCT) is done on each vector inde-
ntly as when the single operator was used. This applies
mbination of TRAP vector with MTRAP vector as well
combination of two different kind of MTRAP vectors.
he problem with different number of bands in frequency
AP system arises now. The lowest and the highest bands
frequency MTRAP are absent since they were combined
er with theirs neighbors to create first and last band in

BS. To keep the number of bands the same in all exper-
s, we replicate the upper and the lower band of the fre-
y MTRAP.
he block diagram in Fig 3 shows the processing for system
ector concatenation in one band.

4. Experimental setup
ffect of various operators as well as the effect of combin-
e operators is studied on recognition experiments. The
s recognition of eleven words (American English digits).
est set was derived from the subset of CSLU Speech Cor-
1], containing utterances of connected digits. There are
utterances with total length about 1.7 hours. There are
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Figure 3: Block diagram of system with vector combination

12437 words in this set.
Recognizer is HTK based GMM-HMM system. Each word

is modeled by sequence of context independent five states, three
mixture per state, phoneme models. The initial feature extrac-
tion for deriving the critical band spectrum is based on a short-
term FFT spectrum, computed from 25.6 ms analysis frames
with 10 ms analysis steps, integrated into M = 15 Bark-scaled
trapezoidal filters [8]. There are 13 bands when frequency op-
erator is used.

4.0.1. Training of the feature extraction

The subset of OGI Stories database [2] was used for training the
band probability estimators. This set contains 208 utterances
with total length about 2.7 hours. So the frequency-localized
probability estimators are trained on quite different speech ma-
terial, containing free fluent speech from similar environment
and possibly uttered by some of the same speakers as the speak-
ers in the test set (the OGI Numbers were selected from the
same recordings as OGI Stories).

A separate subset of CSLU Speech Corpus was used also
for training the TANDEM probability estimator. This set con-
tain 3590 utterances with total length about 1.8 hours. No re-
strictions apply to this set. So the TANDEM probability estima-
tor sees also digits uttered in isolation and other natural num-
bers (the OGI Numbers contain besides digits also other natural
numbers).

4.0.2. Training of the recognizer

Training set contains 2547 utterances with total length about 1.2
hours. This set is also derived from the CSLU Speech Corpus
and utterances containing only connected digits are used. So the
training of the recognizer is done in a usual manner, where the
training set is as similar as possible to the anticipated test set.

4.0.3. Target classes

The number of target phonemes for training probability estima-
tors is N = 29. Target phonemes are these which occur in digits
utterances. Others phonemes are not used for training but they
create context in TRAP vectors.

4.0.4. Cosine transform

When the cosine transform is used prior to the band probability
estimation, some dimensionality reduction can be achieved [6].
In this work, 50 cosine basis were used to reduce the dimen-
sionality of the original 101 point temporal trajectory vector.
Thus, the size of the band probability estimator input layer is 50
points when single operator is used and 100 points when there
is a vector concatenation.
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The effect of changing size of probability estimators

ad some concern about different number of parameters in
ent systems. When two input vectors are concatenated, the
er of weights that need to be trained in the band probabil-
timators increases significantly (23700 vs. 38700 weights
nd estimator). Therefore, in a side experiment, we tried to
nd to double the number of weights in the whole MLP
anging the size of the hidden layer and observed only
0.15% WER change with the changing size of the hid-

ayer. Thus, it appears that the system is not very sensi-
o the number of weights in band probability estimators.
ar experiment was also ran for the TANDEM estimator.
our concern was the difference in the number of weights
rger probability estimator when frequency operators are
(139200 vs. 121800 weights). The change in WER for
me system with different number of weights in the TAN-
estimator was 0.1%. Thus we decided to keep the size of

n unit layer in all estimators the same at 300 units in all
iments.

5. Results
erformance measurement for tested systems was word er-
te (WER) computed as

WER = 1 − hits − insertions

number of words
× 100% (2)

ay that system is significantly better than another if the
ence in theirs WER is at least 0.5% for our test set. This
ed on 95% confidence level for this size of the experiment
uld be 0.7% for the 99% confidence level).
he results are shown in Tab. 5. System with DCT was
as a baseline.
he performances of systems with modified CRBS itself (as
ibed in sections 3.1 and 3.2) are shown in Tab 3.
he performances of systems where Trap vectors are con-
ated with MTRAP vectors are shown in Tab 4.
he performances of systems where two different MTRAP
rs were concatenated on the input of the band probability
ators are shown in Tab 5.

e 2: WER for base TRAP system without and with DCT

system without DCT with DCT

basic TRAP 7.1 6.1

6. Conclusion and discussion
ssumption that DCT is going to help in our task was fully
ed. The difference in performance of system without DCT
ith DCT is highly above the 99% confidence level.
he performance of systems with single operator hurts us
y. Only the performance of the system with frequency
ge is below the 95% confidence so we can say that the

performance is same as baseline.
e see one fairly big improvement in Tab. 4, where results
stems with concatenated TRAP and MTRAP vectors are

n. This improvement comes from system where frequency
entiating MTRAP and TRAP vectors are concatenated on



Table 3: WER of single operation in time or frequency domain

operation WER [%]

frequency average 6.6
frequency difference 7.0
time difference 6.9
time average 7.2

Table 4: WER of basic TRAP combined with modified TRAP

basic TRAP + WER [%]

frequency average 6.1
frequency difference 4.4
time difference 6.4
time average 6.0

Table 5: Systems with concatenation of two different MTRAP
vectors (FA - Frequency average; FD - frequency difference; TA
- time average; TD - time difference)

concatenation of WER [%]

FA + FD 4.5
FA + TA 6.2
FA + TD 6.3
FD + TA 4.4
FD + TD 4.4
TA + TD 6.3

the input of band probability estimator. The rest of the systems
perform on this task comparably to the baseline.

The same improvement can be seen also for systems where
two different kinds of MTRAP vectors were concatenated. But
also here the improvement is observed only for systems which
uses frequency differentiation. The other combinations (see
Tab. 5) perform similarly as the baseline.

The results shows importance of frequency difference oper-
ation for TRAP-based speech recognition. The difference pro-
vides an information about local spectral slope in the vicinity
of the given frequency band. Although the performance of the
system with frequency difference alone is not as good as the
performance of the original TRAP system, the frequency differ-
entiated spectrum provides additional information not available
in single critical band trajectories of the original TRAP system.
In that we confirm findings of Jain [7].
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