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Connected digit recogﬁﬁ&’rﬁéﬁx’)&‘ays been an ideal task
for fundamental research in speech recognition due to its rel-
atively low complexity and potential applications. In Bell
Labs we have developed a number of techniques targeting
directly or indirectly at connected digit recognition. For
the Aurora task, we study a few such algorithms for the
entire spectrum of the issues, including feature extraction,
context-dependent digit modeling, minimum classification
error acoustic modeling, unsupervised noise compensation,
and utterance verification. We show how each component
contributes to the reduction of digit recognition and verifi-
cation errors in adverse conditions. Average over all three
test sets we obtained 84.6% and 91.3% digit accuracies for
clean- and multi-condition training, respectively. This rep-
resents an average of 48.6% error rate reduction when com-
pared to the official Aurora baseline results.

1. INTRODUCTION

Connected digit recognition is one of the most important
speech recognition tasks for any language due to its low
complexity and implied applications. In the past twenty
years, numerous advances have been developed that we have
witnessed many digit-related services being deployed over
traditional telephone networks. Due to the increasing de-
mand for mobile information access, speech recognition in
noisy environment is now attracting a new level of interest
both in research and for practical applications. The Au-
rora connected digit recognition database was created to
establish a framework for facilitating common evaluation of
speech recognition systems in noisy conditions [4].

In Bell Labs, we have developed a number of useful tech-
niques in the areas of feature extraction, model topology
and context dependency, acoustic model training, noise ro-
bustness and robust decision strategies. In this study, we
evaluate some of these algorithms on the Aurora task. De-
tail of the techniques can be found in the referred publi-
cations. Here we only briefly describe how each algorithm
contributes to reducing digit recognition and verification
errors in noisy conditions.

The rest of the paper is organized as follows. In Section
2, we discuss the important issue of modeling context de-
pendency in connected digit recognition. Both decision tree
tied state modeling and the classical head-body-tail model-
ing are used to replace the whole digit model in the based-
line system of the Aurora task. In Section 3, we evaluate
Mel frequency cepstral coefficient (MFCC) based systems.

It was found that noise compensation is a key factor to
improving performance in clean-condition training. In Sec-
tion 4, we evaluated a newly-developed auditory feature set
which is shown to be robust to noise distortion. Noise com-
pensation (NC) is needed again to improve clean-condition
training. We also found that minimum classification error
(MCE) training effectively reduces digit errors especially
in multi-condition training. Utterance verification to re-
ject unreliable recognized digits is evaluated in Section 5.
Finally we present a complete set of results in Section 6.

2. MODELING CONTEXT-DEPENDENCY

In the past few years, the use of decision tree state ty-
ing (e.g. [9]) has become a standard practice to build con-
text dependent acoustic models like triphone models using
conventional maximum likelihood (ML) training.

The decision tree state tying algorithm however has rarely
been used to build context dependent (CD) digits mod-
els, mainly since the total number of contexts is relatively
small. Instead context independent whole digit and cross-
digit coarticulation models, e.g. the head-body-tail (HBT)
model [3] structure, have been used. The HBT model as-
sumes that context dependent digit models can be built by
concatenating a left-context dependent unit (head) with a
context independent unit (body) followed by a right-context
dependent unit (tail). In other words, each digit consists
of 1 body, 12 heads and 12 tails (representing all left/right
contexts), for a total of 276 units (11(digits) x (1(body)
+ 12(head) + 12(tail)) + 1(silence))[3]. We typically use
a 3-state HMM to represent each head and tail unit, and
a 4-state HMM for each body. Overall it corresponds to a
10-state digits model for a total number of 837 states (in-
cluding a 1-state silence model).

Since the amount of training data is limited in Aurora,
controlling the size of the context dependent digit models is
required. The decision tree state tying algorithm becomes
a good candidate to build context dependent digit models.
When building triphone models, the set of questions used
by the decision tree includes questions about the identity
of the left and right phone as well as questions about their
broad phonetic classes membership. On the other hand the
set of questions used to build context dependent digit mod-
els is much simpler since it only includes questions about
the identity of the left and right context digit. As a direct
consequence, when building a 10-state CD digit models, we
only use questions related to the left (right) context when



growing the decision tree for the first (last) 3 states of the
model, while the question set includes questions about the
left and right context for the 4 central states. In addi-
tion, when growing and pruning the decision tree, different
thresholds are applied to the central states compared to the
initial and final states. Hence, we force the central states to
be almost context independent by using a high threshold,
while a much lower threshold is used at the model extrem-
ities to cover most context.

It then appears that the HBT model structure is a spe-
cial case of tying that can be obtained by setting the de-
cision tree threshold to 0 for the initial and final states of
the model (therefore allowing all left/right context) while
setting the threshold to infinity for the central states (lead-
ing to context independent states). One advantage of the
proposed technique is that by controlling one or two param-
eters (the thresholds) it is possible to generate models lying
anywhere between context independent models to fully con-
text dependent models. Such a training paradigm is there-
fore very flexible in allowing context dependency modeling
under tight memory requirements and the limited training
data constraint, while leading to improved accuracy over
context independent models.

3. MFCC FEATURE EVALUATION

In the first set of experiments, we used a 39-dimension
MFCC feature vector including 12 cepstral coefficients and
energy, plus their first and second order time derivatives.
Context-dependent digit models with ML training described
in Section 2 are used for all results reported here. It is noted
that the recognizer used here was developed for large vo-
cabulary continuous speech recognition.

3.1. Baseline Results - MFCC Features

When building the CD digit models, we have adjusted the
threshold so that almost all contexts are allowed for the ini-
tial and final states, while only a small number of contexts is
used for the central states. Overall, the total number of tied
states is about 900, comparable with the HBT model com-
plexity. We have built CD models for eleven 10-state digits
and a 3-state silence unit, plus one single-state context in-
dependent silence model. On average, the total number
of Gaussian mixtures is about 4600, or about 5 Gaussians
per state. We should point out that experimental evalua-
tions have shown that the total number of Gaussians can
be halved by increasing the thresholds used by the decision
tree state tying and reducing the number of Gaussians per
state, with little degradation in performance. The recogni-
tion results are reported in Table 1 in terms of word accu-
racy, as obtained from the NIST scoring tool. Compared
to the official baseline, our system reduces the error rate by
about 43% and 33% for clean- and multi-condition train-
ing, respectively. It is noted that we have not tuned our
recognizer for the Aurora task. We have observed a huge
amount of deletion errors in low SNR cases, such as at 0dB
SNR. Therefore the reported results throughout are heavily
biased towards better results for real-time performance at
relatively high SNR levels. By modifying the word inser-
tion penalty, it is possible to get a significant improvement
in word accuracy at low SNR levels and we believe it will
lead to further enhancement of the overall performance.

Training Mode | Set A | Set B | Set C | Overall
Multicondition | 90.84 | 91.12 | 91.06 90.99
Clean Only 75.80 | 79.64 | 77.00 77.57
Average 83.32 | 85.38 | 84.03 84.28

Table 1: Average word accuracy (%) - MFCC CD models
3.2. Noise Compensation — MFCC Features

A recent review on adaptation and compensation techniques
for speech recognition, can be found in [7]. In this study the
compensation algorithm is designed to compensate, in the
log spectral domain, for noise added in the linear spectral
domain. Working in the log spectral domain is attractive
for speech recognition systems using MFCC, where there is
a direct linear relationship between the two domains. How-
ever, operating on additive noise in the log spectral domain
leads to a non-linear mismatch function which is difficult to
deal with directly. The use of a vector Taylor series (VTS)
expansion facilitates converting this non-linear function into
a first or higher order polynomial. This results in mathe-
matically tractable solutions for:

e Estimating the noise mean of the current utterance;

e Estimating the clean speech features from the noisy
features in an minimum mean squared error sense.

Moreover, using a sequential estimation technique with an
optimal forgetting factor [2] facilitates tracking of time vary-
ing noise and is attractive for real time applications

Here we applied the noise compensation algorithm on the
test data, in batch mode. The clean training data is used to
estimate the Gaussian mixture model used for noise com-
pensation. We only report recognition results using clean-
condition training since applying noise compensation under
multi-condition training is not likely to give additional en-
hancement. Results are given in Table 2. It indicates that
the proposed technique reduces the error rate by about 31%
over that without imposing noise compensation.

Training Mode | Set A | Set B | Set C | Overall
Clean Only 84.50 | 86.36 | 81.30 84.60

Table 2: Word accuracy (%) after noise compensation

4. AUDITORY FEATURE EVALUATION

In the following, a recently developed auditory feature [8]
was applied to the Aurora task with a head-body-tail (HBT)
model structure [3]. Furthermore MCE training using a
generalized probabilistic descent (GPD) algorithm [3] is used.
Noise compensation technique is also incorporated to fur-
ther improve the performance.

4.1. Baseline Results - Auditory Features

The auditory feature extraction procedure is comprised of
the following steps: an outer-middle-ear transfer function,
FFT, frequency conversion from linear to the Bark scale, au-
ditory filtering, nonlinearity, and discrete cosine transform
(DCT). Here the auditory feature is a 39-dimension vector
including 12 cepstral coeflicients, energy (c(0) of DCT) [8],
plus their first and second order time derivatives.

In the baseline system, ML training was applied, The
performances under the two training conditions are listed
in Table 3. Compared to the official Aurora baseline, this
step reduces the average error rates by 47.76% and 25.84%
for clean- and multi-condition training, respectively.



Training Mode | Set A | Set B | Set C | Overall
Multicondition | 90.11 89.16 | 91.00 89.91
Clean Only 77.89 | 79.74 | 80.43 79.14
Average 84.00 | 84.45 | 85.72 84.53

Table 3: Average word accuracy (%) using auditory features

and HBT models with ML training

4.2. GPD and NC - Auditory Features

For multi-condition training, we then applied the MCE-
GPD algorithm to discriminatively train the model param-
eters [3]. This step reduced the average error rate by 35.76%
over the official Aurora results. For clean-condition train-
ing, noise compensation is needed. It is interesting to note
that by interpreting the auditory features as a modified
MFCC representation we were able to apply the same prin-
ciple discussed in Section 3.2 to these features. Compared
to the official Aurora baseline, this step reduced the average
error rates by 59.28% with the ML-trained HBT models.
The mixed set of results are shown in Table 4.

Training Mode Set A | Set B | Set C | Overall

Multicondition, GPD | 91.56 90.69 | 91.80 91.26
Clean, Noise Comp. 83.57 | 84.75 | 82.06 83.74

Average 87.57 | 87.72 | 86.93 87.50

Table 4: Average word accuracy (%) using auditory fea-
tures and HBT models: GPD for multi-condition and noise
compensation for clean-condition training

5. DIGIT VERIFICATION WITH BOOSTING

Utterance verification is a technique to assign a confidence
measure for acceptance or rejection to a detected word hy-
pothesis. In the past, log likelihood ratio between likeli-
hoods of the recognized digit and its corresponding anti-
model is used to perform digit verification (e.g. [10]). Here
we apply boosting to digit verification. Boosting is a learn-
ing algorithm which combines a set of “weak” classifiers into
a “strong” one with a weighted majority vote.

In the Aurora evaluation, we perform boosting based ver-
ification on each digit of the recognized string [6]. We have
no time to apply more sophisticated techniques (e.g. [10]).
Instead we used a simple baseline system to illustrate the
importance of digit verification and the utility of boost-
ing based techniques. Therefore the verification results re-
ported here are only for relative comparison. We give re-
sults on a subset of Test Set A in multi-condition training
using MFCC features and CD digit models. Three sets of
receiver operating characteristic (ROC) curves are plotted
at three different SNR’s, 20dB, 10 dB and 0dB, respectively,
in Figure 1. False rejection, E, = N¢r/N,, and false accep-
tance, Fo, = N;q/N;, errors are defined with N. and N;,
being the numbers of correctly and incorrectly recognized
digits, respectively; and N.r and N;q, being the numbers of
words falsely rejected and falsely accepted in verification,
respectively. Since Test Set A is highly skewed, i.e. much
more correctly than incorrectly recognized digits, it implies
a need to operate at different point on the ROC curves other
than that at equal error rate for the Aurora test. Plots of
digit errors against false rejection errors before and after
boosting at the 10dB SNR level are given in Figure 2. It is
clear that boosting improves verification accuracy and re-
duces recognition errors if rejection is allowed. From the

results in Figures 1 and 2 it is also clear that digit verifi-
cation in adverse conditions appears to be a very difficult
problem. More research is needed.

6. SUMMARY AND DETAILED RESULTS

A number of techniques have been applied to the Aurora
connected digit recognition task. Some of algorithms give
significant improvement for clean-condition training while
the others reduce digit errors in multi-condition training.
It is clear that understanding the problem and the avail-
able techniques is a key to a successful combination of al-
gorithms. Within limited time, we were able to apply some
methods developed at Bell Labs in the last few years to
evaluate the Aurora task. A detailed summary of the full
set of results is reported in the following.

For multi-condition training, we use auditory features,
head-body-tail context-dependent digit modeling, noise com-
pensation and minimum classification error discriminative
training. The average digit accuracies for Test Sets A, B
and C are given in Tables 5, 6 and 7, respectively. For
clean-condition training, we use MFCC features, decision
tree state tying context-dependent digit modeling, and noise
compensation. The average digit accuracies for Test Sets
A, B and C are given in Tables 8, 9 and 10, respectively.
Additional compensation (e.g. [1, 5]) improves recognition
only slightly. It seem the proposed noise compensation al-
gorithm capture most of the mismatches. On the average,
we obtained a digit accuracy of 87.93% for both clean- and
multi-condition training. It represents a 48.60% digit error
reduction compared to the official baseline of the Aurora
task. The overall results are summarized in Table 11.
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SNR/dB | Subway | Babble Car | Exhib. | Average
Clean 99.3 99.4 99.4 99.4 99.38
20 99.0 99.1 99.1 98.9 99.03
15 98.2 98.6 98.7 97.8 98.33
10 96.3 97.0 97.2 95.6 96.53
5 92.2 90.7 91.5 89.5 90.98
0 76.7 70.2 72.1 72.7 72.93
-5 44.6 36.9 31.7 39.2 38.10
Average 92.48 91.12 91.72 90.90 91.56
Table 5: Average word accuracy (%) for Test Set A with

auditory features in multi-condition MCE-GPD training

SNR/dB | Resta. | Street | Airport | Station | Average
Clean 99.3 99.4 99.4 99.4 99.38
20 99.3 98.8 99.2 99.1 99.10
15 98.5 98.2 98.6 98.3 98.40
10 95.9 96.2 96.7 95.9 96.18
5 88.0 90.4 90.7 88.8 89.48
0 65.7 73.2 74.4 67.8 70.28
-5 33.3 38.0 40.7 31.7 35.93
Average 89.48 91.36 91.92 89.98 90.69

Table 6: Average word accuracy (%) for Test Set B with
auditory features in multi-condition MCE-GPD training

SNR/dB | Subway | Street | Average
Clean 99.3 99.4 99.35
20 99.0 98.6 98.80
15 97.6 98.1 97.85
10 96.2 96.0 96.10
5 92.0 90.6 91.30
0 76.7 73.2 74.95
-5 44.5 38.2 41.35
Average 92.30 91.30 91.80

Table 7: Average word accuracy (%) for Test Set C with
auditory features in multi-condition MCE-GPD training

SNR/dB | Subway | Babble Car | Exhib. | Average
Clean 99.8 99.7 99.7 99.7 99.73
20 97.9 99.1 99.2 99.0 98.80
15 95.7 98.0 98.2 96.6 97.13
10 87.7 94.7 95.2 91.8 92.35
5 72.8 82.0 85.6 80.0 80.10
0 46.7 52.9 59.3 57.5 54.10
-5 23.6 22.6 23.7 28.2 24.53
Average 80.16 85.34 87.50 84.98 84.50
Table 8: Word accuracy (%) for Test Set A in clean-

condition training with MFCC and CD digit models

SNR/dB | Resta. | Street | Airport | Station | Average
Clean 99.8 99.7 99.7 99.7 99.73
20 99.3 98.2 99.3 99.1 98.98

15 97.6 97.2 98.4 98.3 97.88

10 93.8 92.2 96.1 94.8 94.23

5 79.7 78.8 86.4 84.7 82.40

0 55.9 53.2 64.3 59.9 58.33

-5 26.1 24.1 30.8 26.2 26.80
Average 85.26 83.92 88.90 87.36 86.36
Table 9: Word accuracy (%) for Test Set B in clean-

condition training with MFCC and CD digit models

SNR/dB | Subway | Street | Average
Clean 99.8 99.6 99.70
20 97.6 98.2 97.90
15 95.0 97.0 96.00
10 88.5 91.5 90.00
5 72.0 77.3 74.65
0 46.1 49.8 47.95
-5 21.9 22.6 22.25
Average 79.84 82.76 81.30
Table 10: Word accuracy (%) for Test Set C in clean-

condition

training with MFCC and CD digit models

Absolute Performance (%)
Training Mode | Set A | Set B | Set C | Overall
Multicondition | 91.56 | 90.69 | 91.80 91.26
Clean Only 84.50 | 86.36 | 81.30 84.60
Average 88.03 | 88.53 | 86.55 87.93
Performance Relative to Official Baseline (%)
Training Mode | Set A | Set B | Set C | Overall
Multicondition | 30.69 | 32.15 | 49.45 35.76
Clean Only 59.89 | 69.18 | 44.77 61.44
Average 45.29 | 50.67 | 47.11 48.60
Table 11: Summary — Average Word Accuracy (%)

False Acceptance(%)

Figure 1:

—— No Boosting, SNR=20dB

—6- 5th Iteration of Boosting, SNR=20dB.
—#— No Boosting, SNR=10dB

—+— 5th Iteration of Boosting, SNR=10dB.
—< No Boosting, SNR=0dB

—%— 5th Iteration of Boosting, SNR=0dB

NO' BOOSTING

BOOSTING (5 {TERATIONS )

. . . ;
0 10 20 30 40 50 60 70 80 90 100
False Rejection(3%)

Digit Verification Performance for Test Set A with

MFCC Features and Multi-condition Training.

Word Error Rate(%)

©
T

Figure 2:

NO BOOSTING.

IS
T

BOOSTING (5 ITERATIONS )

; ; ; ; ; h ; ;
0 10 20 30 40 50 60 70 80 90 100
False Rejection Rate(%)

Digit Error after Rejection for Test Set A with

MFCC Features and Multi-condition Training.



