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ABSTRACT

In this paper, we investigate the approach of comparing two
different parallel streams of phoneme posterior probability
estimates for OOV word detection. The first phoneme poste-
rior probability stream is estimated using only the knowledge
of short-term acoustic observation. In our work we refer this
stream as ”out-of-context posteriors”. The second posterior
probability stream, referred also as “in-context posteriors”
is estimated using the knowledge of the whole acoustic ob-
servation sequence: the acoustic model and the language
model of an ASR system. In particular, we focus our study on
different types of distance measures, namely KL-divergence
and Euclidean distance, to compare the two phoneme poste-
rior probability streams. Our experiments on large vocab-
ulary automatic speech recognition task shows that using
KL-divergence measure estimated with the in-context pos-
teriors as reference distribution consistently yields a better
OOV word detection system.

1. INTRODUCTION

State-of-the-art statistical speech recognition systems com-
bine the acoustic likelihood estimates for the input acous-
tic observation with prior knowledge (dependency between
words) from the language model to find the most likely
word sequence. One of the main limitations of Automatic
Speech Recognition (ASR) systems is that it can only rec-
ognize those words which are present in its lexicon (vo-
cabulary). Therefore, any occurrence of out-of-vocabulary
(OOV) words, i.c., the words that are not included in the lex-
icon, results in a recognition error. This error can spread to
neighboring words as a result of constraints introduced by
a language model. Since language is a continuously evolv-
ing system, new words tend to be created or borrowed from
other languages, while existing words tend to be associated
with different meanings. Therefore, the occurrence of OOV
words cannot be avoided.

In the literature, different approaches have been proposed
to detect OOV words. The most simple and common ap-
proach which bears resemblance to a keyword spotting is to
estimate a confidence value for each word in the ASR out-
put hypothesis and decide if they are OOV words or not
[1]. Another common approach is to use garbage mod-
els [2]. This method is also widely used for keyword spot-
ting [4]. The garbage model is a generic model (for instance,
phoneme models connected in ergodic fashion) or explicit
filler model trained off-line on a database of OOV word ut-
terances. The garbage model tries to model/match any word

that can not be modelled/matched by the words in the lex-
icon. The main drawback of this technique is the fact that
OOV word database has to be defined in advance. More re-
cently, a lattice comparison approach has been proposed [3].
Lattices are formed during the recognition process and they
depict possible recognition results. By observing the areas
of the word mismatch amongst different lattice paths, it is
possible to detect the regions of potential OOV word occur-
rences. Boundaries and words which differ in lattice are fur-
ther analyzed using word confidence measures. However, the
effectiveness of this method heavily relies on the recognizer
accuracy.

In a recent work, an approach for detecting OOV words
by comparing two parallel phoneme posterior probability
streams was proposed [5]. In this approach, OOV words are
detected by finding the discrepancies between two estimates
of phoneme posterior probabilities. First estimate is obtained
from the short-term acoustic feature knowledge and it is re-
ferred to as out-of-context posteriors, while the second esti-
mate is obtained using the knowledge of the whole acoustic
observation sequence, as well as the ASR models (i.e. acous-
tic model and language model) and it is referred to as in-
context posteriors. OOV words are detected as the regions
where in-context and out-of-context estimates of phoneme
posterior probabilities diverge significantly. It is interesting
to note that this approach is in spirit close to the lattice com-
parison approach which was described earlier. This approach
was studied on a small vocabulary digit recognition task us-
ing a Kullback-Leibler (KL) divergence [6] as the distance
measure for comparing two phoneme posterior probability
streams, and it was shown that this approach performs better
than the usual approach of detecting OOV words using word
level confidence measure.

More recently, this approach was investigated in com-
bination with different approaches/confidence measures for
large vocabulary ASR task at John Hopkins Workshop 2007,
where a neural network was trained to integrate the in-
put (different confidence measures, divergence from parallel
probability streams etc.) and classify a word as OOV, non-
OOV or silence [7]. The integrated system was shown to
perform best among all the systems that were studied.

In this paper, we expand the work done in [5] by extend-
ing the study to large vocabulary task with a particular focus
on a distance/divergence measures that can be used to com-
pare out-of-context posteriors with in-context posteriors. Our
experimental studies on Wall Street Journal (WSJ) 5k task
shows that KL-divergence measure with in-context posteri-
ors as reference distribution yields consistently better OOV



word detection system.

The rest of the paper is organized as follows: Section 2
motivates the approach of comparing parallel phoneme pos-
terior streams in the spirits of top-down and bottom-up pro-
cessing in human speech recognition and briefly describe the
OOV detection system investigated in this paper. Section 3
describes in detail different components of the OOV detec-
tion system. Section 4 presents the experimental setup and
results. Finally, Section 5 concludes the paper.

2. MOTIVATION AND DESCRIPTION

The approach of comparing parallel stream of phoneme pos-
terior estimates can be seen as comparison of top-down prior
context information (in our case in-context posteriors) and
bottom-up acoustic information (in our case out-of-context
posteriors). There is physiological evidence [9] and psy-
chophysical evidence [12, 10, 11, 8] that human speech
recognition integrates the top-down prior context informa-
tion and bottom-up acoustic information.

The work of van Petten et al [9] deals with the issue of
timing of the triggering of the negative peak N400 event in
human EEG signal by incongruous words that differ from
the expected congruous word (e.g. “dollars” in the sentence
”Pay with ..”) either at their beginning (e.g. “’scholars”) or
at their ends (e.g. “dolphins”). They demonstrate that the
rhyming words (’scholars”) trigger the N400 earlier than
the incongruous words with the correct first syllable (”dol-
phins”). This supports the notion of integration of top-down
context information and bottom-up acoustic information.

In psychophysical study by Boothroyd et al [10], it has
been shown that the error of human speech recognition in the
context of other meaningful and related words is product of
error of hypothetical ”context” channel that contributes to the
correct word recognition and error of the acoustic channel.
Furthermore, as discussed by Allen [8], the data of Miller et
al [12] and Boothroyd et al [10, 11] support the existence of
two statistically independent channels: bottom-up acoustic
channel and top-down context channel. When an expected
word is uttered and the acoustics is reliable, both channels
indicate the same word. In a case when the uttered word
is unexpected (e.g. OOV) or the acoustics is unreliable, the
channels may disagree and indicate different word. Still, the
words will be recognized as long as the evidence in either the
acoustic or the context channel is strong enough.

Finally, in statistical sense, comparison of two phoneme
posterior streams for OOV word detection can be interpreted
in terms of Bayesian surprise [15], where the prior and poste-
rior distribution of events differ in the presence of unexpected
events.

Figure 1 depicts the general scheme of OOV word detec-
tion approach using two parallel stream of phoneme posterior
estimates, where the out-of-context posteriors are estimated
by using a phoneme classifier and the in-context posteriors
are estimated by using an ASR system.

Procedure of OOV word detection, given the acoustic
feature observation sequence X = {x,Xx3, -+, X, -, X7 }, pa-
rameters of phoneme classifier ® . and parameters of ASR
system O, can be decomposed in three main steps:

¢ Estimation of out-of-context posteriors P(c; = k|x;,©p)
and in-context posteriors P(c; = k|X, 04 ), where ¢; €
{1,--+,k,---,K} and K is the number of phonemes.
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Stream A \
Distance o
measure | —— Decision

MLP phoneme
/ classifier
Test
utterance

ASR system [ —p Feature /
Stream B

Figure 1: Schematic of the stream comparison approach for
OOV word detection.

e Using a suitable measure to estimate the dis-
tance/divergence d; between two phoneme posterior
estimates P(c; = k|x;,0¢) and P(c; = k|X, Oq)

e Estimation of confidence score S,,; for each word w; in
the hypothesis using d;, followed by a classification of a
word to OOV or non-OOV group based on this score.

These three steps are described in the following sections.

3. COMPONENTS OF OOV WORD DETECTION
SYSTEM

3.1 Estimation of out-of-context
phoneme posteriors

and in-context

We estimate the two phoneme posterior probabilities in the
following manner:

¢ Estimation of out-of-context posteriors P(c; = k|x;, ®pc):
Similarly to earlier work, this values are estimated us-
ing a multilayer perceptron (MLP) trained to classify
phonemes given acoustic observation x, ! as input.

e Estimation of in-context posteriors P(c; = k|X, O ): Es-

timation of this probabilities is not straightforward. The
common approach is to use the word lattice generated us-
ing the ASR system. In [5], the words in the word lattice
were connected in ergodic fashion and P(c; = k|X,04)
was estimated by Baum-Welch forward-backward algo-
rithm [13] with P(c¢; = k|x;,©).) as emission probabil-
ity [17]. In [7], the word lattice was expanded into
phoneme lattices, and then P(c; = k|X,04) was esti-
mated by Baum-Welch forward-backward algorithm with
acoustic model scores and language model scores in the
lattice.
In this study we take a slightly different approach. Given
a set of N-best hypothesis {W;,---W;,---Wy} obtained
from the word lattice, P(c; = k|X, @) is approximated
as:

P(Ct :klxa®asr) = P(Ct :k;VVi|X7®asr) (1)

=z I=

= P(Ct :kl‘/I/ivXa@asr)'

Il
a

P(VVi|X> ®asr> (2)

The first term P(c; = k|W;, X, O ) for phoneme k is ei-
ther O or 1 given the alignment of hypothesis W; with re-
spect to acoustic observation sequence X. The second
term P(W;|X, 0, ) is approximated by normalizing the

"Note that in practice the MLP takes acoustic feature at current time ¢
with preceding and following time context. Typically, 4 time frames that
precede and follow the current frame are taken into account.



joint likelihoods P(W;,X|®,) of each hypothesis W; by
likelihood of acoustic observation sequence p(X|© 4) as
follows:

W, X|®usr

P(WIX,0u) = % 3)
asr

p(‘/Vi7X|®asr>

E[]Y:] p(Wj7X|®asr)

“

3.2 Distance/Divergence measures

We investigate two different distance measures to compare
out-of-context P(c; = k|x;,0).) and in-context posteriors
P(C[ = k|X7®asr):

e Euclidean distance: Previous work in the area of template
matching, where posterior probability estimates were
also used as a speech features, investigates this distance
measure for capturing the similarity amongst two tem-
plates [14]. Indeed, squared Euclidean distance is one of
the common distance measures used in speech recogni-
tion, since it is related to a Gaussian distribution, which
is widely used for signal modeling. It is easy to show that
it can be obtained from the logarithm of a Gaussian dis-
tribution with unity covariance matrix, where a constant
represents a residue of this operation. Furthermore, Eu-
clidean measure is a symmetric measure which in general
represents the shortest distance between the two points.
Here, it depicts the similarity of two posterior probability
streams. If bottom-up and top-down posterior estimation
vectors in a particular time frame are similar, Euclidean
distance measure will be small (indicates the correctly
recognized phoneme), and reverse. At each time frame,
the Euclidean distance value is given with:

K
dy = ; [P(c; = k|x1,0pc) — P(c: = k|X, 0a0r)]*  (5)
=1

e KL-divergence: This measure has its origins in the infor-
mation theory field. It represents the average number of
extra bits used to code an information source using the
output probability p with a code ¢g. In [15], it has been
also shown that this measure can be used to measure the
surprise quantitatively.

Given two discrete probability distributions, reference
distribution p and test distribution g, the KL-divergence
is defined as:

K
di =KL(pllg) = 3 prlog 2%, ©)
=1 qk

It is known that KL-divergence is not a symmetric mea-
sure. Thus, the choice of reference distribution will make
a difference. In our study we consider two conditions,
KL, where P(c; = k|x;,0,,) is the reference distribution
p,and KLg where P(c, = k|X, g4 ) is the reference dis-
tribution p. In the previous studies, the KL 4 measure was
used for comparing the two streams of phoneme posterior
probabilities. The distance/divergence d; at each time
frame ¢ is given with KL4 or KLp depending upon the
choice of reference distribution.

3.3 Confidence Measures

In [19], a double normalization approach for word confi-
dence measure was proposed. The double normalization au-
tomatically normalizes the effect of sub-word unit duration.
Given a word w;, its alignment with begin time frame ¢ and
end time frame #; for each phoneme s € {1,2,--- ph} in the
word, and the phoneme probability P(c; = s|x;, ), the confi-
dence Sy, is estimated as:

1 ph 1 13
Swizﬁzltutgﬂ ~log(P(e; = s}, 0)) - ()
- b

e t=t3

where ph is the number of phonemes in the word w;. In
[19], the parameter 6 was corresponding to the parameters
of phoneme MLP of the hybrid system. In this work, the
baseline system consists of estimating S,,, with the phoneme
MLP of out-of-context posteriors and deciding the word w;
in the ASR output hypothesis as OOV or non-OOV by com-
paring it to a threshold.

While using the OOV word detection approach described
in this paper, the word confidence S, is estimated using
(7) except that —log(P(c; = s|x;,0)) is replaced by dis-
tance/divergence score d;. Then each word is classified as
OOV or non-OOV by comparing the word confidence to a
threshold. Threshold values were evaluated based on the cur-
rent data word scores for all the test data: minimum and max-
imum threshold values represent minimum and maximum
word scores, while other thresholds take values amongst
them, with the equal pace.

It is important to note that the distance/divergence mea-
sures studied in this paper will yield high value for not only
the occurrence of OOV word but also for misrecognized and
mispronounced words. Similar to previous work [5, 7], we
make no distinction between OOV word and misrecognized
word in a process of classification each of the word in the
hypothesis as OOV or non-OOV.

4. EXPERIMENTAL SETUP AND RESULTS

We have evaluated the OOV detection on Wall Street Journal
(WSJ) 5k task. The size of the training data is 80 hours. The
test set consisted of 913 utterances, out of which 376 of them
contain at least one OOV word.

The acoustic observation x; is given with a speaker-level
mean and variance (normalized) and it is represented with
13 dimensional PLP cepstral coefficients [16], its first order
derivative and second order derivative, resulting in a 39 di-
mensional vector per time frame 7.

The MLP trained to estimate P(c; = k|x;,©,,) had
9 frames of acoustic observation vector as input and 45
phoneme classes as output. ® . here refers to the parame-
ters of the trained MLP and the number of parameters were
5% of the total number of training feature vectors. The MLP
was trained with one-hot-encoding and yielded 80.9% frame
accuracy on cross-validation data.

We used an on-the-shelf 32 Gaussian mixtures context-
dependent phoneme based acoustic models trained on the
WSJ data to estimate P(c; = k|X,O5). We used HTK sys-
tem to generate word lattices using bigram language model
with back-off, and for aligning the N-best hypotheses were
utilized.

In our experiments, we varied the number of hypothesis
obtained from word lattice to 1, 2, 5, 10 while estimating



P(c; = k|X, 0,44 ) to see the effect of it on the OOV word de-
tection performance with different distance/divergence mea-
sures.

The evaluation of the system performance is carried out
by calculation of the receiver operating characteristic (ROC)
curve, as well as the area under the curve - figure-of-merit
(FOM).

ROC curve corresponding to the different dis-
tance/divergence measures and the number of hypotheses 1
and 5 used to estimate P(c; = k|X, @) are shown in Fig. 2.
and Fig. 3, respectively.

KL divergence, 1 hypothesis

. ,KLA divergence, 1 hypothesis

- - Euclidean distance, 1 hypothesis|

False Alarm

Figure 2: ROC curve corresponding to a different dis-
tance/divergence measures when the number of hypotheses
used to estimate P(c; = k|X, 0O ) is 1.

KL divergence, 5 hypotheses

03r P . KL, divergence, 5 hypotheses

- - Eucidean distance, 5 hypotheses|

05
False Alarm

Figure 3: ROC curve corresponding to a different dis-
tance/divergence measures when 5 hypotheses were used to
estimate P(c; = k| X, Oayr).

Table 1 gives the FOM for ROC curve corresponding to
the different distance measures and the number of hypothesis
that are used to estimate P(c; = k|X, ). The performance
of system given in the row KLp divergence for number of
hypothesis equal to 1 is the baseline performance. The rea-
son for this case is the following: given a single hypothesis
P(c; = k|X,©g4) is either 1 or 0. Using this fact, it can be
seen that d; = KLp is nothing but —log(P(c; = k|x;,0)¢)).

Number of hypotheses 1 2 5 10

KL, divergence 0.70 | 0.65 | 0.60 | 0.59
KLp divergence 0.75 1075 [ 0.76 | 0.75
Euclidean distance 0.72 1 0.69 | 0.68 | 0.68

Table 1: Area under the ROC curve: results obtained by vary-
ing the number of hypotheses to estimate P(c, = k|X, 0 )
and using different distance/divergence measures.

The experimental results show that KLp divergence
yields consistently better system compared to systems using
KL4 divergence and Euclidean distance. It is interesting to
note that for the one best hypothesis all systems yield best
performance except KLp. In order to understand the reason
behind this, we computed the average value of the posterior
probabilities P(W;|X,0,sr) across the test utterances for 50
hypotheses. The values of average P(W;|X,©;) for the first
four hypotheses are given in Table 2.

Ordinal number Average
of hypotheses | hypotheses score
1 0.945
2 0.047
3 0.006
4 0.002

Table 2: Average value of P(W;|X, 0, ) computed over all
the test utterances for the first four hypotheses.

It can be seen that P(W;|X,@g;s) is highest when W; is
the first hypothesis i.e. i =1 and it is low for subsequent
hypotheses. This means that the phonemes present in the
first hypothesis get higher weight values while estimating
P(VVi|Xa®asr)-

5. DISCUSSION OF THE METHOD AND RESULTS

In this paper we focused our attention on finding the distance
measure amongst the out-of-context and in-context estimates
of posterior probabilities for localizing the area where OOV
word occurred. We want to point out different observations
confirmed by experiments, which directly influenced the re-
sults:

e Bottom-up system: For a small vocabulary task it is
shown in [5] that is more convenient to use out-of-context
posterior estimates as a reference posteriors for comput-
ing a KL divergence measure. It is a intuitive result, since
for this system (digit recognition) recognition accuracy
was very high, while the number of considered classes
was small (29 phoneme classes). In this case bottom-
up recognition was more accurate then a top-down ap-
proach. In contrary, for large vocabulary task recognition
accuracy is lower, while the number of phoneme classes
is higher (we used 45 phoneme classes), so it is easier to
confuse phonemes during a recognition process. There-
fore, in our case it was more convenient to trust” to the
recognizer which uses the acoustic and lexical knowledge
(in-context posteriors), which explains the results in the
Table 1. Better phoneme recognizer is needed in order
to intrinsically improve described model for OOV word
detection.

e Top-down system: From the Table 2 is obvious that the



posterior estimates from the top-down approach in our
experiments depend only on a few number of hypotheses.
When the OOV word occurs, recognizer should be able
to allow more variations in these utterance regions as the
number of considered hypotheses grows.

Also, we noticed that some phonemes do not occur in test
sentences, which causes their probability value to be set
to zero. These values in a realistic case would be close
to zero, but never equal to it. This case introduces dif-
ficulties, since KL divergence defined with equation (6)
is not defined for division with zero values. One possible
way to avoid explicit thresholding of a zero values, which
further on influences on the distance amongst posterior
estimates, is integration of a nonparametric interpolation
method (e.g. weighted interpolation of in-context poste-
riors with out-of-context posteriors, with higher weight
for the in-context posteriors). This method can over-
come the problem of zero values existence and it can
also decrease the mismatch effect between two recogniz-
ers which occurs on a word and phoneme boundaries.

6. CONCLUSIONS

In this paper, we investigated different distance/divergence
measures for the comparison of the out-of-context and in-
context phoneme posterior probabilities. Experimental stud-
ies conducted on WSJ 5k task show that KL-divergence esti-
mated between in-context and out-of-context phoneme pos-
terior probabilities with in-context phoneme posterior prob-
abilities as reference distribution yields consistently better
system.
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