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ABSTRACT

In this paper, a novel Out-of-Vocabulary (OOV) word detection
method relying on phoneme-level acoustic measures and
Support Vector Machines (SVM) is proposed. Word level OOV
scores are computed from the phoneme level in-vocabulary (IV)
and OOV information provided by an HMM based speech
recognizer. The OOV word decision is based on the confidence
feature vector which is processed by a SVM classifier. The
decision thresholds are independent of the used test vocabulary.
The performance of the proposed SVM classification scheme
was experimentally compared with the word and sub-word level
confidence methods. The tests indicate that the SVM based
OOV rejection best generalizes the performance on the test set.
While all methods were found to provide a similar performance
after parameter optimization on the training set, the proposed
SVM classification scheme decreased the false acceptance rate
on test set by 30.4% compared with the word level confidence
method and experimental decision threshold values.

1. INTRODUCTION

In Automatic Speech Recognition (ASR) applications, reliable
out-of-vocabulary (OOV) word detection is crucial in order to
eliminate various application malfunctions due to the
recognition of erroneous out-of-vocabulary utterances. Over
the recent  years, acoustic  confidence = measures
[1I[21[31[4]1[5][6] have widely been applied to OOV word
detection to indicate the reliability of the recognition result. A
low confidence value indicates that the recognition result is
unreliable and should be rejected. A high confidence value
indicates that the recognition result is reliable and should be
accepted. There are two major reasons that lead to a low
confidence value of a recognition result: recognition of an
OOV word or erroneous recognition of an in-vocabulary (IV)
word. It is important to note that this type of utterance
verification introduces two new kinds of errors. In addition to
the “normal” recognition error rate (substitution error), it is
also necessary to consider false rejection and false acceptance
rates. False rejection refers to the rejection of a wvalid
recognition result and false acceptance to the acceptance of an
invalid recognition result, respectively.

The logarithms of the phoneme posterior probabilities have
been used in the confidence measure in [1]. On-line garbage
model [2] has been used to detect recognition errors in [3]. This
method was shown to perform well in an isolated word
recognition task. In [4], the logarithm of the state level
posterior probabilities of the phoneme models and prior
knowledge about the acoustic performance of the phoneme

models were utilized in the confidence measure. OOV word
detection based on the log-likelihood ratio of the sub-word
models and the corresponding anti-models has been introduced
in [5]. Support vector machines (SVMs) have been applied to
OOV word detection in a digit string recognition task in [6]. A
SVM classifier assigned the word to the IV or OOV classes
based on the word level feature. Support vector machines have
also attracted a great deal of interest for phonetic classification
tasks [7].

In this paper, the SVM based OOV detection method is
proposed. The feature vectors for SVM classifiers are
constructed from the acoustic confidence measurements of
individual sub-words (phonemes) obtained from the HMM
based speech recognizer. The advantage of the sub-word
approach is that the proposed SVM classification scheme is
vocabulary independent [5] which is an important factor in
many ASR applications. As SVM classifiers provide only
phoneme classification information, decision logic is needed to
combine this information to form the OOV word decision at
the utterance level.

The proposed rejection scheme was experimentally
evaluated and compared against the word level confidence
(WLC) and sub-word level confidence (SWLC) methods. The
viability of the sub-word acoustic information has been
outlined recently for example in [1] and [4]. The SWLC
method presented here is a slight modification from those. The
WLC method is based on [3].

The remainder of the paper is organized as follows. The
SVM classification scheme is outlined in Section 2. The WLC
and SWLC methods are presented in Section 3. The
experimental results for the isolated word recognition task are
shown in Section 4. Conclusions are drawn in Section 5.

2. SUB-WORD BASED SVM CLASSIFICATION

In the novel SVM classification scheme, OOV word detection
is performed in two steps. First, the phoneme level
classification into IV and OOV phonemes is done. Second, the
phoneme level classification information is utilized for OOV
word detection. It is evident that the performance of the
approach is highly dependent on the phoneme level
classification accuracy. For this reason SVMs having a high
classification and generalization performance were chosen for
this task.

2.1. Training data for SVMs

In order to carry out the IV/OOV classification at the phoneme
level, a feature vector containing the relevant parameters is
constructed. The feature vector was composed of the acoustic



confidence score, duration, log-likelihood, and the estimated
Signal-to-Noise-Ratio (SNR) of the phoneme.

The training data for IV-phonemes is a straightforward
task. Recognition with IV-samples and IV-vocabulary is
performed and all the feature vectors for the phonemes are
included in the training data. In order to generate training data
for OOV-phonemes, recognition with OOV-utterances and 1V-
vocabulary is performed. In addition, a recognition with OOV-
samples and OOV-vocabulary is carried out for finding the
segmentations of the correctly recognized phonemes. The
phoneme level segmentations for these two cases are compared
and feature vectors from the segments that overlap less than
50% with the segments of the correct phonemes are collected
into the OOV training data.

2.2. SVM classifiers for phonemes

After generating training data, the parameters of the SVM
classifiers are trained. Radial basis functions that have been
shown to perform well in classification tasks were selected as
kernel functions. It is also possible to use other kernel
functions, but the investigation was left beyond the scope of
this paper. Radial basis functions are of the form

2 2
K(x,x) = Pl 2o (1)

where in case of SVMs x; denotes the support vector (SV) and
x the feature vector to be classified. The phoneme level
decision functions are given by

sgn(f(x)) = Sgn(z yia;K(x,x;) +b), @

where i goes through all the SVs x; 0<a;<C, and y~=1 if x;
belongs to the IV class and y;=-1 if it belongs to the OOV class
[8]. Feature vector is classified to the IV class if the sign is
non-negative and to the OOV class otherwise. Parameters g; are
given by the Sequantial Minimal Optimisation (SMO) training
algorithm [8]. The SMO algorithm is also used to select SVs x;
for fixed parameter o.

It should be noted that the number of support vectors may
become too large. Thus, the number of SVs is limited to N. As
the radial basis function parameter o cannot be obtained from
the SVM training algorithm, SVM training is carried out with
different values of o and the best performing value is chosen.

2.3. OOV word detection

In order to carry out OOV word detection based on the
phoneme level classification results, the sum of all the
phoneme level decision function values is computed. Thus if

g(xpxza---,xﬂ):Zﬁ(Xi), (3)
where i goes through all the phonemes in the transcription, we

do OOV word detection according to the decision function
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The problem is that large values of | fi(x;) | may dominate
the decision function. To overcome this problem the value f;(x;)

is weighted by constant 0<g<1 if | fi(x;) | =y. However, this

kind of decision function as such does not necessarily work
well in noisy conditions. Hence, separate parameter
optimization for a and y with different SNR values has to be
carried out.

3. CONFIDENCE BASED REJECTION METHODS

The WLC method relying on the on-line garbage model has
been discussed in [3]. In this method, a confidence value
describing the match between the spoken and recognized word
was computed. The confidence value ¢ is the difference
between the score of the recognized word, s,, and the reference
score, §,, normalized by the duration of the recognized word, F:

c= (sW —s,)/F . (5)

The score of the recognized word is the cumulative log-
likelihood along the Viterbi decoded state sequence. The
reference score is computed on the frames between the start
and end frames of the recognized word. The reference score
computation is based on the so-called garbage model [2]. The
garbage model score is constructed as the cumulative score of
the best log-likelihoods of the hidden Markov models (HMMs).
The garbage model score is updated at each frame. The
confidence measure therefore gives the difference between the
score of the Viterbi path of the recognized word and the best
possible cumulative score. For IV words, ¢ is expected to have
a small negative value, whereas for OOV words it is expected
to have a large negative value.

The OOV word detection is carried out by comparing the
confidence value of the recognized word against the threshold
value. If the confidence value exceeds the threshold value, the
recognized word is accepted. If the confidence value falls
below the threshold value, the recognized word is rejected.

3.1. Sub-word confidence method

The SWLC method is an application of the phoneme level
normalization that has been presented in [4] and [1]. The
SWLC value is given by
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where M is the number of phonemes in the recognized word,
sy(i) is the cumulative log-likelihood of the i™ phoneme of the
recognized word, s,(i) is the garbage model score computed on
the frames corresponding to the i phoneme, and Jo(i) is the
number of frames of the i phoneme. OOV word detection is
made by comparing the confidence value against a threshold.

The mismatched phonemes will have poor acoustic scores
and the Viterbi decoder will keep the duration of such
phonemes short [4]. Without the phoneme level normalization,
the contribution of such phonemes to the word score remains
small. With the phoneme level normalization, each phoneme
will have an equal contribution to the word score.

4. SIMULATION EXPERIMENTS

In the experiments, the proposed SVM classification scheme
was compared against the SWLC and WLC methods in an
isolated word recognition task. The front-end of the recognition



system produced Mel-frequency cepstral coefficients and their
delta, and delta-delta values. In the front-end, the coefficient C,
was replaced by the frame power. Mean and variance
normalization was applied to C, and its delta and delta-delta
values as explained in [9]. Cepstral mean normalization was
applied to the other coefficients. Monophone units used in the
recognizer were modeled by continuous density HMMs.
Throughout the tests, an in-house British-English speech
database was used. The phonetical words (28,600 words) and
the command words (26,600 words) of the database were
utilized in the experiments. The performance of the methods
was evaluated in terms of false rejection and false acceptance
rates [1], [4].

4.1. Tuning the sub-word based SVM classification scheme

The phonetically rich words were used to generate the training
material for the SVM classifiers. The training of the SVM
classifiers was performed as described in Section 3. The
possible variance parameters of the SVM classifiers ranged
between 10° and 1, and the maximum number of SVs in the
classifier was set to 130. After training, the average phoneme
classification accuracy on the training data was 76.04%.

The elements of the SVM feature vector depend on the
underlying noise conditions. Thus, in the second step, the
parameter pairs (a;, y,), (a2, 72), (a3, y3) and (ay, y,) of the word
level decision function were optimized on the training data
corresponding to the real SNR values 5, 10, 15 and 20dB.
Possible values for y; were between 1 and 30, and «; was
always set so that 1% false rejection rate was achieved.
Coefficient f was determined based on prior information. The
actual a and y parameters of the decision function for a given
speech sample were obtained by interpolating between the
parameter pairs (o, y,), (a2, 72), (a3, y3) and (e, y4) according to
the SNR estimate. Rejection results corresponding to 1...10%
false rejection rates were obtained by fixing y and f parameters
and changing o parameters so that the desired false rejection
rate was obtained.

4.2. Tuning the confidence methods

In order to fix the thresholds of the WLC and SWLC methods,
a series of experiments on the phonetical words were run. Two
sets of experiments were carried out with both methods.

In the first set of experiments, the IV utterances were
recognized with the IV vocabulary for finding the false
rejection rates. The threshold for the OOV word detection was
set in such a way that the desired false rejection rate was
achieved. The false rejection rates determined by our target
application were in the range 1...10% and the decision
thresholds were adjusted accordingly.

In the second set of experiments, the OOV utterances were
recognized with the IV vocabulary and the false acceptance
rates were evaluated. The false acceptance rates were computed
based on the threshold values derived from the first set of
experiments.

4.3. Evaluation of the OOV word detection methods

In addition to the training data, the performance of the
proposed OOV word detection methods was evaluated on a test
set that was composed of command words. The command
words were divided into 30-word IV and 40-word OOV

vocabularies. The total number of testing utterances for both
vocabularies was 2140. The performance of the rejection
methods was also evaluated in noise in order to test the noise
robustness of the methods. The noisy waveforms were obtained
from the clean ones by mixing noise to them in order to obtain
the desired SNR range (+20...+5dB). The mixed noise file was
composed of different kind of car noises, cafeteria and airport
noises and music.

The performance of the rejection schemes on the training
and test data sets in clean and in noise is presented in Figure 1.
In the figure, the false acceptance rate [%] is plotted as the
function of the false rejection rate [%].

The two topmost subplots show the results on the training
set in clean (left) and in noise (right). The SWLC method
produced the best results both in clean and noise. The
difference between the SWLC method and the SVM
classification scheme was clear. It should be noted, however,
that the original 1%-10% target false rejection rates are best
preserved by the SVM method in noise which is an important
factor for many ASR applications. In noisy conditions, the
performance of the WLC and SWLC methods was similar.

The two subplots on the bottom of Figure 1 present the
results on the test data in clean (left) and in noise (right). In the
clean environment, the proposed SVM classification scheme
resulted in the lowest false acceptance rates (up to 30.4% lower
than the rates of the WLC methods), when the desired false
rejection rate was small. For the SWLC method the false
acceptance rates were 1.7-9.0% below the WLC rates. In noise
the SVM classification scheme gave 4.8-5.2% lower false
acceptance rates. On the testing data set, the SVM
classification scheme is the only method that preserves the
false rejection rates. It is also worth noticing that the false
acceptance rates for the SVM classification scheme are
consistent over all cases.

5. CONCLUSIONS

In the paper a novel rejection method relying on support vector
machines was proposed for OOV word detection. The results
were compared against the word level confidence method and
the sub-word level confidence method which utilizes phoneme
level confidence scores. On the training data, the experiments
indicated the following.

e The sub-word level confidence method gave the lowest
false acceptance rates both in clean and in noise.

e The SVM classification scheme preserves the 1%-10%
target false rejection limits the best.

On the test data, the following conclusions can be drawn:

e With small false rejection rate values the SVM classification
scheme provides clearly the best performance both in clean
and noise. Also the target false rejection rates are preserved
the best.

e The behavior of the proposed SVM classification scheme
was consistent between training and test sets.

Overall, the sub-word based rejection methods improved the

results, but the noise robustness of the methods could be better.

For the proposed SVM classification scheme, the results

obtained on the training data generalized best to the test set.
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Figure 1. Comparison between the proposed SVM classification scheme (sparse dashed line, - -) and WLC (solid line, —) and SWLC
(dense dashed line, --) methods. Performance on the training set in clean and in noise is shown in figures (a) and (b) respectively and on
the testing data set in figure (c¢) and (d).
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