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Abstract

This paper proposes an alternative approach to distributed
speech recognition in scenarios where both reliable feature vec-
tors and reconstruction of the speech signal are required. By
transmitting the difference between speech coded information
and the desired feature vectors, this system achieves both ex-
cellent quality speech reconstruction and ASR recognition per-
formance. Experiments show that a transparent recognition rate
is achieved with as little as 0.6 kbps of additional information
supplementing the AMR speech coder operating at 4.75 kbps.
The total rate is comparable to the the ETSI 202 211 extended
front-end standard.

1. Introduction

The transmission of speech data over noisy communication
channels can lead to a degradation in the performance of au-
tomatic speech recognition (ASR) systems. This is due to two
separate effects: 1) Information reducing operations done in the
source coder and 2) Transmission errors.

Linear predictive coding (LPC) and related analysis-
synthesis algorithms are the prevailing methods for low to
medium rate compression of speech. These coders seek
to model the speech signal as a time-varying all-pole filter,
obtained through linear predictive analysis, and an excita-
tion/residual signal. The specifics of the excitation signal rep-
resentation differ from codec to codec, but it is invariably a
coarse approximation to the unquantized residual. This, com-
bined with quantization of the filter parameters leads to spectral
distortion detrimental to recognition performance [1],[2].

The distributed speech recognition approach sidesteps the
speech coder by extracting the features used for recognition
in the terminal and transmitting them to a back-end recognizer
over an error protected data channel. The ETSI Aurora group
has developed several standards in this field, including a mel-
cepstrum front-end [3] and a front-end with improved robust-
ness to background noise. The latest developments are exten-
sions to these standards, allowing speech reconstruction at the
back-end. [4] lists potential applications such as speech recog-
nition of "sensitive information”, e.g. banking and brokerage
transactions where human verification may be necessary, and
mixed human/machine recognition (human assisted dictation).

An alternative approach would be to base the coding of the
front end feature vectors on the speech coded data, coding and
transmitting only the difference between the speech coder infor-
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in scenarios where the ASR system is processing speech data
that have undergone different kinds of speech coding, as the fea-
ture vectors can be made compliant with any chosen front-end
extraction standard.

This work explores two different ways of predicting the fea-
ture vector from the speech coded data and shows that the pre-
diction error can be coded at a low rate. One approach investi-
gated is to use the autoregressive spectral estimate given by the
LP analysis as an approximation to the FFT spectral estimate
used in MFCC calculations, the other to use MFCCs calculated
from the reconstructed speech signal to predict the MFCCs of
the original signal. In our work we use the ETSI ES 201 208
front-end and the 3GPP adaptive multi-rate speech codec at two
different modes, but the principles are applicable to most front-
end configurations and speech codecs.

2. ETSI mel-cepstrum front-end

ETSI ES 201 208 specifies a front-end feature extraction algo-
rithm and compression algorithms for distributed speech recog-
nition. The features used are traditional mel-frequency cepstral
coefficients and the log-energy of the signal, generated in the
following way [4]: After analog-to-digital conversion, a notch
filter is used to remove the DC offset. Every 10 ms the signal
is framed and the log-energy is calculated. A pre-emphasis fil-
ter is applied to each analysis frame before it is multiplied with
a Hamming window. For each frame, a FFT-based magnitude
spectrum is computed and passed through a 23 channel filter-
bank. The filters are triangular-shaped and half-overlapping,
with center frequencies equidistant in the mel frequency do-
main. The cepstral coefficients are then found as the DCT-II
of the natural logarithm of the filter outputs. The final feature
vector consist of the 13 first cepstral coefficier®s (C1, , C12)

and the log-energy.

Split vector quantization is employed for signal compres-
sion. The feature vector components are grouped in pairs and
guantized at the rates stated in table 1, yielding a source rate of
4.4 kbps. With header fields and some channel coding in the
form of CRC bits the total data rate is 4.8 kbps.

ETSI ES 202 211 extends this with pitch- and voicing class
information, enabling enhanced tonal language recognition and

mation and the desired front end feature vectors. This way the making speech waveform reconstruction a possibility. Operat-
reconstructed speech will have the excellent quality attained by ing at a rate of 5.6 kbps, the reconstructed speech is reported to
state-of-the-art speech coders while the ASR system sustain no be of the same or better quality as the US DoD MELP coder at
loss in recognition rate. One set of trained models suffice, even 2.4 kbps [5].



Table 1:The sub-vectors used by ETSI 201 208 .

| Feature pair| Bits/frame |
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3. 3GPP Adaptive Multi-Rate speech coder

The adaptive multi-rate speech coder [6] is in the class of Al-
gebraic Code Excited Linear Prediction (ACELP) coders. The
excitation signal is represented as a gain-weighted sum of two
components - an entry from the adaptive codebook, represent-
ing information relating to pitch and an entry from the algebraic
codebook representing the frame innovation. The coder has 8
different modes, operating at bit-rates of 4.75-12.2 kbps.

The coder operates on speech frames of 20 ms, each di-
vided into 4 subframes of 5 ms. In the 12.2 kbps mode, 10th
order Linear prediction (LP) analysis is performed twice per
frame, using asymmetric windows with weights concentrated
at the second and fourth subframe. For all other modes, one
10th order LP analysis is carried out using a window with its
weight concentrated at the fourth subframe. All windows are
30 ms long, with a tail into the previous frame. A 60 hz band-
width expansion is employed in the LP analysis, broadening the
bandwidths of the spectral peaks. Before quantization, the LP
filter coefficients are converted to the line spectral pair (LSP)
representation. Interpolation is performed in the LSP domain,
yielding one set of coefficients per subframe.

4. Feature Prediction

We want to express the cepstral coefficients of the uncoded
speech signaly’;, as the sum
Ci=Ci+ei (1)
whereC; are cepstral coefficients based on the speech coded
data andt; the prediction error. If quantized information from
the speech coder is used, and supposirig not quantized(';
can be reconstructed without information loss. Two different
methods of finding the cepstral estimatésare presented, one
(section 4.1) using parameters from the speech coder, the other
(section 4.2) using reconstructed speech. As the residual signal
is only used to find filter gains, the method in 4.1 relies heavily
on the ability of the spectral envelope found by LP analysis to
model the more volatile FFT magnitude spectrum. Reconstruct-
ing the speech signal comes at a higher computational cost, but
this method may utilize spectral information from both the LP
filters and the residual.

4.1. Feature prediction based on LP spectral estimates

Under the assumption of a white residual spectrum, the autore-
gressive magnitude spectrum given by the LP filters from the
speech coder, subject to the pre-emphasis filfée’) from

the ETSI 201 108 standard,
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can be used as an estimate of the magnitude spectrum of the
speech signal used in MFCC calculations,

N-1
X() =1 suln)e™| @)

n=0
wheres,, (n) is the preprocessed speech signal. As a first step
in finding £;, X (w) and X (w) are passed through mel filter
banks. The filters compute the average spectrum around a cen-
ter frequency and thereby to some extent counteract the fact that
X (w) is more rapidly varying tharX (w). Due to the mel fre-
quency scale, more samples are averaged at high frequencies,
leading to better prediction. Witf andﬁ- denoting the output
of the i-th filter bank channel,

di =In(fi) —In(f;),i=1,...,23 %)

are calculated. The prediction errors are then found as the DCT-
I of the differences:

23
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€ j:1d_7 c05(23(j 0.5)),0 <1 (5)

As the DCT is a linear transform, this is, of course, equivalent to
calculatingC; based on eq. (3)’:2- based on eq. (2) and finding
the differences; = C; — C;. The gain G is chosen as the square
root of the energy in the quantized residual. Since LP analysis
tends to overestimate the spectrum in valleys [7]s typically

an overestimate of;, leading to a bias im;. Alternatively, G
could have been chosen such that

[x@ao= [ 2o,

but that would mean transmitting additional information. How-
ever, as we are interested in the logarithm of the filter bank out-
puts (implying that the multiplicative gain can be separated into
an additive logarithmic term), the filters are of equal area and
the cosine basis vectors used in the DCT-II have zero mean for
i # 0, the gain only affectsq. If the effects of the overesti-
mation is somewhat systematic between frames, a suboptimal
choice of the gain parameter would mainly lead to a shift in the
mean value of”j rather than increase the variance, which has
little effect on coding.

The log energy parameter aidg convey more or less the
same information. An alternative to reconstructing the speech
signal at the encoder is thus to estimate the log energy from
Co. Least squares linear regression on a large set of speech data

yields the line
In E = 0.098C, — 2.25 (7)

to be the best fit. No substantial gain is achieved by using a
higher order polynomial.

Some of the differences in the signal flow of the AMR
speech coder and ETSI 201 208 are not counteracted. We use
the LP filter parameters from the best sub frame in the AMR
coder to estimate the spectrum, but do not attempt to interpolate
between sub frames to compensate for the difference in analysis
window length and shape between the two standards. Since low
order LP analysis is not able to model spectral zeros, the dif-
ference between the sharp high pass filters used to remove DC-
components are ignored. The bandwidth expansion in the AMR
coder is also disregarded. To find the effect of this mismatch,
the results using the LP analysis in the AMR speech coder are
compared with an idealized LP analysis using the same prepro-
cessing as the ETSI 201 208 standard.

(6)



4.2. Feature prediction based on reconstructed speech

In this approach the estimat€s are calculated by applying
the ETSI 201 208 standard directly on the reconstructed (en-
coded/decoded) speech. If the low order LP analysis used in
AMR speech coding is not entirely capable of capturing the
spectral shape of the speech signal, the residual signal contains
significant spectral information and this approach should pro-
duce better results than the other method. In the experiment

Table 2: Estimates of bit rate reductions for different features
and coding modes. AMR-LP, I-LP10 and I-LP16 denotes the
predictions based on spectral estimates of the AMR speech
coder and an idealized 10th and 16th order LP analysis respec-
tively. MR475 and MR122 denotes prediction based on recon-
structed speech from the AMR coder operating at 4.75 kpbs and
12.2 kpbs.

Feature| AMR-LP | I-LP10 [ I-LP16 | MR475 | MR122 |

presented later, the coder is operated at both the maximum bit

rate of 12.2 kbps and the minimum rate of 4.75 kbps, to deter-| n(E) 1.59 1.59 1.59 2.10 2.66
mine the effects of the internal quantization in the AMR coder. Co 2.38 3.32 3.37 4.15 4.27
C1 2.18 2.47 2.57 3.12 3.33

4.3. Prediction gain Cs 1.92 2.15 2.42 2.85 3.02
. . L . ) Cs 1.41 1.49 1.91 2.71 2.80
FoIIO\_N!ng [8], we def_lne the prediction gain for the i-th cepstral Cy 1.53 1.61 2.06 263 261
coefficient as the ratio Cs 0.89 0.95 1.40 2 40 250
U%_ Cs 0.83 0.89 1.34 2.08 2.12

Gpi = 5 (8) Cr 0.70 077 | 115 | 212 | 214

& Cs 0.49 0.56 0.91 1.92 1.99

wherec?, is the variance of”; andoZ, the variance of the Cy 0.35 0.49 0.85 1.93 1.95
prediction errore;. The prediction gain of the log-energy is Cro 0.32 0.47 0.81 2.08 2.06
defined similarly. IfC; ande; are described by PDFs of simi- Cu 0.24 0.36 0.59 1.75 1.69
lar shape, the prediction gain can be seen to represent the SNR _ Ci2 0.20 0.30 0.45 1.71 1.70
improvement in going from direct quantization of the cepstral | > AR; 154 17.4 21.4 33.5 34.8

coefficients to quantization of the prediction errors. Further,
under the same assumption, this SNR improvement translates
to a possible bit rate reduction of

101og;, (Gpi)

AR; =
R 6

©)
bits/sample.

4.4, Speech data

The speech data used for gain calculations and VQ design was
109 seconds of speech from the set of phonetically rich sen-
tences in the Norwegian SpeechDat [9]. Sentences from 6 dif-
ferent speakers of diverse age were used, 3 male and 3 female.
The sound clips were manually edited to remove silent parts
leading and trailing the sentence. While the data set used is
not big, the results presented should generalize well. The gains
calculated are probably conservative estimates, as increased

instead of 10th order LP analysis, 4 bits in total rate reduction
is possible. This significant improvement is a clear indication
that low order LP analysis as used in the AMR coder is not able
to represent the spectral subtilties needed in the MFCC calcula-
tions.

The last two columns show the total possible rate reduc-
tions for the two modes of the AMR coder tested, 4.75 kbps and
12.2 kbps respectively. The difference is only 1.3 bits, which is
quite remarkable considering that the bit rate used by the speech
coder is more than halved. Multiplying the theoretical rate re-
ductions by a frame rate of 100 frames/sec. and comparing to
the source rate of 4.4 kbps of the ETSI 201 108 front end, we
see that very little additional information is needed.

The prediction gaings,; corresponding to the rate reduc-
tions stated in the two last columns can also be interpreted as

speaker and language variation should cause a larger increasethe SNR in each feature, where the noise is introduced by the

in o, than ino?Z,, due to the differential nature of the latter.

Table 2 states the estimated bit rate reductiGmi;
[bits/sample] for the different features and prediction schemes
as calculated from eq. (9) on the speech data. The last row of
the table express the total reduction as the sum of each column.
This is only achievable if the feature prediction gains are inde-
pendent. This is probably not strictly true, but since the cepstral
coefficients are decorrelated by means of the DCT, it should be
a good approximation.

Contrasting the second column of table 2, stating/lie;s
for the method described in section 4.1, with thé;s in the
two last columns, representing the method in section 4.2, we see
that the second method it estimated to yield a total rate reduction
more than twice as high. While the prediction gains for the log
energy and the first cepstral coefficients are acceptable, there is
almost no gain for the high order cepstral coefficients.

The rate reductions for idealized (in the sense that the ETSI
201 208 rather than the AMR preprocessing is used) 10th and
16th order LP analysis are stated in the third and fourth column
respectively. Comparing column 2 and 3 we see that the mis-
match in preprocessing incurs a loss of 2 bits. By using 16th

speech coding.

5. Recognition experiments

The difference in prediction gain between the two methods
tested was substantial. Only the most promising prediction
method, based on reconstructed speech, was used for recogni-
tion experiments. The prediction errarswere encoded with
vector quantizers designed using the Linde-Buzo-Gray algo-
rithm [10] on the training set described in sec. 4.4. Ideally
the distortion measure used in the training process should re-
flect that different elements of the feature vector are of different
importance to recognition performance as well as unequally im-
paired by the speech coding. Since finding such a measure is far
from trivial, conventional MSE is used herein. In some experi-
ments we use a separate VQ farE' andeo, as these features
have higher variance than the other features and might unjustly
dominate the distortion calculations in the VQ design process
[12]. The code books used are of the same size or smaller than
the code books used in ETSI 201 208.

The experiments were carried out on the Norwegian



SpeechDat [9]corpus using a HTK 3.2 speech recognizer based a decent solution.

on a ETSI 201 208 compliant front-end. All 13 cepstral coef-

The computational demands of the proposed system are

ficients as well as first and second order deltas were used. The quite high. An interesting avenue for future research would be

In(E) parameter was included in feature vector quantization,
but not used in recognition. One set of monophonic acoustic

to incorporate the spectral information from the residual signal
into eq. (2), eliminating the need for coder side reconstruct-

models with 32 Gaussian mixtures were trained using clean (not ing of the speech signal. The design of vector quantizers using
speech coded) features, and used in all recognition experiments. distortion measures related to feature importance is another in-

The training script was mainly based on [11]. Testing were per-
formed with a vocabulary of 2986 words, taken from the set of
Norwegian city names and the set of phonetically rich words.

(1]
Table 3: Recognition results. Uncoded is the baseline with no
speech coding. When the additional information is expressed [2]
as a sum, the first addend is the bits used lfoZ and Cy,
the second the bits used for the remaining cepstral coefficients.
Otherwise, only one code book is used.

[ Coding Schemeg WER |

(3]

Uncoded 30.7
MRA475, 2+4 30.7
MRA475, 8 31.0
MR475, 2+3 31.0 [4]
MR122 31.3
MRA475, 6 32.0
MR475 32.6

As speech coding at 12.2 kbps gave an increase in word
error rate of only0.6% compared to the uncoded case, all other
test were performed at 4.75 kbps. When 4.75 kbps are used [5]
without additional information, the increase in word error rate is
1.9% We see that transparent (no loss) performance is achieved
when six (2+4) bits of additional information are transmitted.
Multiplied by the frame rate and added to the 4.75 kbps used
by the speech coder this is 5.35 kbps, comparable to the source
rate of ETSI 202 211 (the extended front-end) of 5.2 kbps.

The systems operating with two code books perform better
than systems using only one. This underlines the need for a
distortion measure related to feature importance.

(6]

6. Conclusions and future work [7]
Two different methods for feature vector prediction were exam-
ined. Prediction from LP filter parameters gave disappointing
results, as the filter parameters alone did not contain enough in-
formation about the signal spectrum for efficient coding. The
results were more encouraging for the other approach, predic-
tion from reconstructed speech. High prediction gains were
achieved and the recognition experiments showed that it is pos-
sible to obtain transparent performance at a low rate. At simi-
lar bit rates, this technique yields the same recognition perfor-
mance and superior quality in the reconstructed speech com-
pared to the ETSI 202 211 standard. One reason this is possible
is that the latter does not compress the feature vectors as much
as feasible. This implicit redundancy can of course be used in [11]
error resilience schemes to reduce the impact of transmission
errors, but it is not necessary the best way of doing channel
coding.

The techniques proposed in this work are probably more
suited in tandem with speech coders operating at even lower bit [12]
rates, as recognition experiments on AMR speech coded data
without additional information gave surprisingly good results.

For applications where recognition performance is not of ut-
most concern, direct recognition on AMR speech coded data is

(8]

[9]

[10]

teresting topic.
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