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ABSTRACT

In distributed speech recognition, vector quantization is used
to reduce the number of bits for coding speech features at
the user end in order to save energy for transmitting speech
feature streams to remote recognizers and reduce data traffic
congestion. We notice that the overall bit rate of the
transmitted feature streams could be further reduced by not
sending redundant frames that can be interpolated at the
remote server from received frames. Interpolation introduces
errors and may degrade speech recognition. This paper
investigates the methods of selecting frames for transmission
and the effect of interpolation on recognition. Experiments
on a large vocabulary recognizer show that with spline
interpolation, the overall frame rate for transmission can be
reduced by about 50% with a relative increase in word error
rate less than 5.2% for clean and noisy speech.

Index Terms: Data compression, speech coding,
speech recognition, interpolation.

1. INTRODUCTION

Modern communication technologies provide resource-
limited mobile users with the ability to access remote speech
recognizers and/or multilingual translation engines. In
distributed speech recognition, speech features are extracted
at user ends (e.g., cell phones, PDAs, etc.), and the feature
information is transmitted over error-protected data channels
to remote speech recognizers. A typical speech recognizer is
designed to decode speech-feature vector streams at a fixed
frame rate of 100 frames/second. A speech-feature vector
consists of 12 MFCCs (mel-frequency cepstral coefficients)
extracted from a 20-ms windowed speech signal, and each
MFCC is coded in 1 byte. If a speech-feature stream is not
compressed, then a data flow at a bit rate of 9.6 kb/second
needs to be sent to a remote recognizer. Reducing the speech
feature transmission rate is especially important for
resource-limited devices to save transmission energy, and is
also helpful to reduce data traffic congestion in
communication networks. The challenge is to reduce the bit
rate of transmission without significant loss in the speech
recognition accuracy. Standard feature compression
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algorithms [1] for distributed speech recognition reduce the
number of bits used for coding each frame’s features by
employing vector quantization, while keeping the frame rate
of the feature stream fixed. Such compression can be viewed
as lossy within-frame compression, or lossy static
compression. Extracting speech features at a rate of 100
frames/second is to capture rapidly changing speech
features. However, it is known that the maximal rate of
phonemes produced by a human is about 12
phonemes/second. If each phoneme is represented by a 3-
state HMM with each state corresponding to one frame, then
a speech feature stream at an average rate of about 36
frames/second contains enough information for a speech
recognizer to decode speech signals. The expected saving in
frame rate is from stationary speech sounds (such as vowels
and fricatives), which exhibit repetitive spectra over several
consecutive frames and result in redundancy in the speech
feature stream. It is also reported that if speech features are
extracted at a frame rate of 100 frames/second, the average
number of frames over a phoneme segment is approximately
eight [2]. This means that for an HMM-based speech
recognizer to decode a speech feature sequence, an average
frame rate of about 37.5 frames/second (i.e., 3/8 =37.5% of
100 frames/second) is sufficient. Therefore, it is possible to
transmit speech features at a variable frame rate with an
average rate as low as about 37.5 frames/second to remote
recognizers, without causing the recognizer to lose
recognition accuracy.

Eliminating feature stream redundancy exhibited in the
time domain is a dynamic compression approach. Its
essential idea is to transmit more frames in fast changing
regions than in relatively stationary regions, and the frame
transmission rate is variable. This strategy has been used in
video compressions and narrow-band LPC speech coding,
where dropped frames are reconstructed by interpolation in
order not to cause perceptual notice of human receivers. It is
reported that if the frame rate is below 37 frames/second,
distortions in the speech quality to human ears can be
noticed [3]. In [4], an optimal interpolation based on frame
transitional probability achieved an average frame rate of
31.1 frames/second (with end-point detection to eliminate
silence segments) and obtained very high intelligibility to
human listeners. It can be seen that for both human
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perception and machine recognition of speech signals, the
minimum average frame transmission rate without
significant degradation in quality of service is about 31 to
37.5 frames/second.

In automatic speech recognition, variable frame rate
(VFR) has been previously introduced for two motivations:
to save computation cost [5] and to capture rapidly changing
speech features [6] [7]. In [5], speech features are extracted
at 100 frames/second, while in [6][7], features are extracted
at 400 frames/second to capture rapidly changing speech
features. A feature difference between the current frame and
the previous selected frame is calculated according to certain
criteria such as Euclidian distance, feature derivatives,
entropy, etc. If the difference is within a given threshold, the
current frame is dropped for the recognition, otherwise it is
selected. It is reported that if frames are selected based on
feature derivatives and the recognizer is also trained using
such selected frames and their derivatives (i.e., their
derivatives are obtained in the compressed time domain),
then the half frames can be left out without causing
significant loss in recognition of isolated digits [5]. In the
VFR approach to capture rapidly changing speech features,
it is reported that no significant improvement is obtained for
the recognition of clean speech but such occurs for noisy
speech recognition [8]. Now, we introduce VFR to reduce
the average frame rate in the transmission of speech features
to remote speech recognizers. This paper focuses on our
strategy for selecting frames for the transmission and the
interpolation of frame features for recognition. Section 2
presents our frame selection method with the constraint of
interpolation errors at the remote recognizer. Section 3
reports the results of applying our method on a large
vocabulary speech recognizer, and compares linear
interpolation with spline interpolation. Section 4 concludes
the present work.

2. SELECTION OF FRAMES FOR TRANSMISSION

Observing the sequences of MFCCs, we found that their
evolution with time exhibits relatively stationary segments
interleaved with rapidly changing transients. Stationarity
implies predictability and redundancy in the signal. This
observation motivates us to approximate MFCC sequences
using piece-wise linear or spline functions, and view frames
over a time interval as redundant frames if their MFCCs can
be interpolated using linear or spline functions within a
threshold error. Thus, to the remote recognizer, we only
need to transmit boundary frames (anchor frames), the time
interval between the boundaries, and the parameters of the
interpolation functions. The frames not transmitted can be
interpolated from the transmitted anchor frames at the
remote speech recognizer if it is trained to process MFCC
streams at a fixed frame rate. This paper assumes that the
recognizer is trained from feature streams of 12-dimensional
MFCCs and their 1* and 2™ derivatives at a fixed frame rate
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0f 100 frames/second. Selection of frames for the
transmission should ensure that interpolation errors do not
cause significant degradation in speech recognition rate. To
that end, we select/drop frames according to interpolation
errors.

Let feature vectors (MFCCs) of frames at #; and #,+M be
selected for the transmission. For the receiver to linearly
interpolate the 12 MFCC sequences at #;+1, ...... , htM-1,
the following formula can be used:

y*i(tl +1) = () + (& +A14\/[)_yi(tl) ‘.

where y(t,) and y; (t,+M) are the original MFCC coefficients
in dimension i at frames 7, and #,+M, respectively; y'; (¢, +f)
is the interpolated MFCC in dimension i at frame ¢, +¢.
For the spline interpolation, the MFCCs of a dropped
frame at #;+¢ can be interpolated by the receiver using:
y*i(ll+t)=ait2+ﬁ,t+}/i, 1<t<M-1 2)
where ¢ is the time difference from the interpolated frame
t;+t to t,. The receiver needs to know the parameters o, £,
and y; for 12 splines. To that end, we let the i spline pass
the two points (0, yi(#)) and (M, y(t,+M)). Then, the
following equations hold:
7, =y:(t) 3)
aiM2+ﬂiM+yi:yi(tl+M). (@)
Clearly, the value of @; or (not and) f; must be provided by
the sender for the receiver to construct the i” spline. The

value of ¢; should be determined by the sender such that the
mean squared error of the interpolation is minimized, i.e.,

M-1
Q; :minz[aitz+ﬂit+}/i_yi(t+t1)]2 (5)
% ; ’
Substituting f;and y; in Eq. (5) with expressions in terms of
a; given in Egs. (3) and (4), then Eq. (5) becomes:

yi(tl +M)_yi(t1)
M
+yi(t1)_yf(t+t1)}2

Then, the optimizing a; can be determined by setting the

derivative of the mean squared error with respect to a; to
ZerTo:

M-1
a =min Y {ot” +(
t=1

a,

—a,M)t

(6)

M- _
Z{ait2+(yi(tl+]‘jl) yi(tl)_aiM)t
2 o
+yi(t1)_yi(t+tl)}([ -Mt)=0
Thus,
) SRR et AU PSR P
* =1 M
ai - M-1 . (8)
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The interpolation error for both the linear interpolation and
the spline interpolation can be measured as:

ei(t1+t):yi*(tl+t)_yi (t1+t)_ 9



Ideally, the frames transmitted should ensure that the
interpolated features are within the same class as their
original features. We need to find the threshold error for
selecting the frames for the transmission to ensure each
feature pattern after interpolation is in the same class as the
original one. It is known that each speech feature pattern in
the recognizer is represented using 12 MFCCs with each
being normalized (scaled and offset) and coded in 256
quantization levels (8 bits). We consider that a number of
interpolation errors greater than a few quantization levels
can degrade the classification significantly. We set the
threshold value of interpolation errors as ery (in quantization
level) and the number of interpolation errors greater than
this threshold as N over the interpolation interval. To catch
transient speech features, the number of the interpolated
MFCCs that have errors greater than the threshold ery
should be limited by:

M-I

N=Y Yy, +0) -y, +0)-ep) <Ny, (10)

=1 i=l

where u(x) =1 when x is greater than zero, and u(x) =0,
otherwise;  Nypy is the threshold of the number of
interpolated MFCCs with large errors; the value of / is set to
4 in this paper, because we notice that MFCCs in higher
dimensions are sensitive to noise disturbance. If the value of
N exceeds Nz M should be reduced to satisfy Eq. (10).
There is trade-off between frame rate reduction and
recognition accuracy. Smaller values of ez and Ny lead to
less reduction in frame rate and less degradation in
classification. The values of ery and Ny are determined
from experiments that yield satisfactory trade-offs between
frame rate and recognition accuracy. Given ey and Ny, the
procedure for selecting frames for transmission according to
the errors of linear or spline interpolation is described in
pseudo code below. Lines D and E are excluded for linear
interpolation.

Line A: send the frame #,=1
Line B: set M=2 for linear interpolation, set M=3 for spline
Line C: N=0
if t;+M> number of total frames
if M>=4, send o for interval t+1 to t;+M-2
if M<=3, send frame #;+1
send the last frame
send interval value M-1 (not for spline M=3)
stop processing
end
if t;+M <= number of total frames
for =1 to M-1
for i=1to 1
calculate y"(t,+1)
if [yt +0)- y" (n+ 1) >em
N=N+1
end
end

Line D:
Line E:
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end

if N>Nry
do Line D and Line E for spline interpolation
send the frame #,+M-1
send interval value M-1 (not for spline M=3)
update #,=t,+M-1
go to Line B

end

if N <= Ny
M=M+1
go to Line C

end

end

The process of frame rate reduction and frame recovery for
distributed speech recognition is illustrated in Fig.1, where
Y(.) represents 12-dimensional MFCCs, AY(.) and A AY(.)
represent 1 and 2™ derivatives of the MFCCs, and Y (.)
represents an interpolated MFCC vector.

Y(1), Y(22),Y(3), ......, Y(T)

!

Frame selection algorithm

|

Y(1), Y(I+M)), Y(I+ M+ M), ..., Y(T)

!

Error protected channel

.

MECC stream recovery via interpolation

!

Y(1), Y'2), Y3, ...... ,Y(T)

i¢

AY(t) and AAY(t) extraction

i

1

|

A 4 A 4
Automatic speech recognizer

Fig. 1. The frame rate reduction and frame feature recovery
for distributed speech recognition.

3. EXPERIMENTAL RESULTS AND DISCUSSION

The effect of the above frame rate reduction and recovery
via linear and spline interpolations on the final speech



recognition rate is tested on a speech recognizer for clean
and noisy speech signals. The clean speech signals were
recordings of 10 female and 10 male talkers, and the noisy
ones were telephone recordings of 7 talkers in noisy
shopping malls. For each speech signal, the speech features
(MFCCs) were extracted at a fixed rate of 100
frames/second. The above frame selection algorithm is then
applied to the MFCC sequences to select frames for
transmission. The MFCCs of the selected frames and the
intervals between the selected frames are used to interpolate
the MFCCs of unselected frames according to Eq. (1) or (2).
Given the recovered MFCC sequences, which have 100
frames/second, the 1% and 2™ derivatives of the MFCCs are
calculated from a few adjacent frames using the method as
the recognizer does for regular MFCC sequences. Finally,
the recovered 36-dimensional MFCC sequence is decoded
by the recognizer. For different ery and Npy, the
transmission frame rates determined by linear interpolation
and the relative increase in word error rates produced by a
large vocabulary speech recognizer are summarized in
Tables I and II, for clean speech and noisy cell phone
speech, respectively. For both clean and noisy speech, the
relative increase in word error rate increases as frame rate
decreases, and it is less than 10% when the average frame
rate is about 43.9 frames/second.

An example result of frame selection and linear
interpolation using the algorithm in section 2 is illustrated in
Fig. 2. The frames selected for transmission are indicated
using vertical lines; the original 12 MFCC sequences are
plotted using (red) dots; the MFCC sequences linearly
interpolated from the selected frames are plotted in solid
(blue) lines. As can be seen, intervals between selected
frames (i.e., the interpolation intervals) are longer for
segments where the spectrum is relatively stationary than for
segments where the spectrum changes quickly. It is noted
that MFCC sequences in silence (noise) regions are
unpredictable and the linear interpolation errors are
generally large, resulting in frequent transmission of frames
for unwanted silence segments. Therefore, if end point
detection is combined with the frame selection, more savings
in frame rate for transmission can be obtained.

A problem of the linear interpolation of MFCC
sequences is that there are many zeros in the 2™ derivatives
of the interpolated MFCC sequences; however, the current
speech recognizer was trained from all frame features
extracted at a rate of 100 frames/second without dropping
and interpolation, and the 2" derivatives used for the
training are generally non-zero. Therefore, there is some
mismatch between the linearly interpolated data and training
data, and the recognition could be degraded due to this
mismatch. To reduce the mismatch, retraining the recognizer
using interpolated data is needed. In contrast, spline
interpolation can provide non-zero 2™ derivatives and the
mismatch can be alleviated. We test the recognition rate and
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Table 1. Relative increase in word error rate and transmission
frame rates of linearly interpolated clean speech features
(averaged over 3048 utterances of 20 talkers)

ery, Nry Frame rate Relative increase
(frames/sec.) in WER (%)
2,3 55.98 4.93
3,3 51.09 8.68
53 43.92 7.89
8,3 37.87 19.72

Table II. Relative increase in word error rate and transmission
frame rates of linearly interpolated noisy speech features
(averaged over 256 noisy utterances of 7 talkers)

eru, Ny Frame rate Relative increase
(frames/sec.) in WER (%)
2,3 53.98 7.17
3,3 49.9 10.04
5,3 42.16 7.53
8,3 32.73 19.71

Table III. Relative increase in word error rate and transmission
frame rates of spline interpolated clean speech features
(averaged over 3048 utterances of 20 talkers)

er, Nry Frame rate Relative increase
(frames/sec.) in WER (%)
3,3 70.64 3.35
4,3 63.25 4.14
53 57.32 3.55
5.4 52.62 3.94
5,5 50.18 5.13
5,7 45.64 11.05
6,5 45.86 9.66

Table IV. Relative increase in word error rate and transmission
frame rates of spline interpolated noisy speech features
(averaged over 256 utterances of 7 talkers)

ery, Noy Frame rate Relative increase
(frames/sec.) in WER (%)
3,3 70.59 0.36
4,3 63.00 0.36
5,3 56.50 0.72
5.4 51.84 3.23
5,5 49.20 1.08
5,7 44.63 3.94
6,5 44.47 3.94

overall transmission frame rate for spline-interpolated
speech-feature sequences. The overall transmission frame
rate has taken into account speech features (12 MFCCs
coded in 12 bytes per selected frame) as well as the 12
spline parameters a's for 12 dimensions in each interpolation
interval. Each optimizing o is coded in 1 byte, and
transmitting 12 spline parameters takes 12 bytes, which we
count as one transmission frame. Tables III and IV show the
overall transmission frame rates and relative increase in
word error rates for spline-interpolated clean and noisy
speech. Results show that spline interpolation offers better



The speech spectrogram, 12 MFCCs, and the speech signal
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Fig. 2. The clean speech signal (bottom) of “The year
eighteen forty seven marked ...... ” produced by a female

talker, the original 12 MFCC sequences (red dots), the
selected frames (vertical lines) and the interpolated MFCC
sequences (solid blue curves) determined by the linear
interpolation with ez =3, Ny =3.
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Fig. 3. The same as Fig. 2, except that the interpolated
MFCC sequences (blue solid curves) and selected fames
(blue wvertical lines) are determined by the spline
interpolation with ery=3, N7y=3.

trade-offs between recognition rate and transmission frame
rate than linear interpolation does. An example of spline
interpolated MFCC sequences are displayed together with
their original ones in Fig. 3. It is interesting to note that the
spline interpolation led to much denser frame selection for
transient segments than for silence and other speech
segments. Such a distinction is not so obvious for linear
interpolation. The overall bit rate for transmitting speech
feature streams is determined by the bit rate for transmitting
MFCCs, interpolation parameters, and interpolation
intervals. It is found that each interpolation interval can be
coded in 4 bits. Then, the overall bit rate for transmitting
speech feature streams at an overall frame rate of 50
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frames/second is equal to (for linear interpolation) or less
than (for spline interpolation) 50x(12x8+4)= 5 kb/second.

4. CONCLUSION

For distributed speech recognition, the transmission frame
rate reduction and recognition rate determined by linear
interpolation and spline interpolation are investigated.
Spline interpolation leads to better trade-offs between
recognition rate and frame transmission rate than the linear
interpolation does. At about half the standard frame
transmission rate, the relative increase in error rate is less
than 3.23% for noisy speech, and is 5.13% for clean speech.
Future work will be to combine dynamic compression with
static compression to achieve an even lower bit rate without
significant loss in recognition rate.
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