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Abstract

Out-of-vocabulary (OOV) words can appear more than once in
a conversation or over a period of time. Such multiple instan

of the same OQV word provide valuable information for esti-
mating the pronunciation or the part-of-speech (POS) tageof
word. But in a conventional OOV word detection system, each
OO0V word is recognized and treated individually. We therefo
investigated how to identify recurrent OOV words in speech
recognition. Specifically, we propose to cluster multipte i
stances of the same OOV word using a bottom-up approach.
Phonetic, acoustic and contextual features were colleied
measure the distance between OOV candidates. The experi-
mental results show that the bottom-up clustering apprasch
very effective at detecting the recurrence of OOV words. We
also found that the phonetic feature is better than the dicous
and contextual features, and the best performance is achiev
when combining all features.

Index Terms. OOV word detection, distributed evidence,
bottom-up clustering

1. Introduction

Most speech recognition systems are closed-vocabulary rec
ognizers and do not accommodate out-of-vocabulary (OOV)
words. But in many applications, e.ggice searctor spoken
dialog systemsOOV words are usually content words such as
names and locations which contain information crucial ® th
success of these tasks. Speech recognition systems in which
OO0V words can be detected are therefore of great interest.

Hybrid speech recognition systems use a hybrid lexicon and
language model (LM) during decoding to explicitly repretsen
OO0V words with smaller sub-lexical units [1-9]. In previous
work, we have built hybrid systems using different typesutf-s
lexical units [10]. We also improved the hybrid system perfo
mance by using system combination techniques [11, 12]. But
in current OOV word detection systems, each OOV word is rec-
ognized and treated individually. We do not know whether two
detected OOV words correspond to the same word or not.

In this paper, we describe how to find recurrent OOV words
in a speech recognition system through unsupervised cluste
ing. As we do not know the correct number of OOV words in
the testing speech, and many OOV words only have one or two
instances, we cannot apply the centroid-based or disiiput
based clustering algorithms, such as the k-means algarithm
Therefore we propose to cluster multiple instances of theesa
OO0V word using a bottom-up approach. We began with collect-
ing the phonetic, acoustic and contextual features for O&\ c
didates in the hybrid system output. Then each OOV candidate
was considered as one cluster and pairs of clusters weee iter
tively merged until the distance between two clusters edede
a threshold. The proposed approach was tested on tasks with
different speaking styles and recording conditions initigdhe
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Wall Street Journal (WSJ), Switchboard (SWB), and Broaidcas
News (BN) datasets.

The remainder of this paper is organized as follows. Section
2 describes the details of the bottom-up clustering appraad
the definition of the phonetic, acoustic and contextuahbaices.
Sections 3 and 4 discuss experiments and results. Congludin
remarks are provided in Section 5.

2. Method
2.1. OOV word detection using a hybrid system

In our hybrid system, we applied a hybrid lexicon and hybrid
LM during decoding to detect the presence of OOV words. The
hybrid lexicon was obtained by integrating sub-lexicatsiaind
their pronunciations into the word lexicon. And the hybrikii L
was trained in a flat manner. First, pronunciations of all OOV
words were estimated through the grapheme-to-phoneme) (G2P
conversion [13], and then used to train the sub-lexicaburif-

ter that, OOV words in the training text were replaced by cor-
responding sub-lexical units to get a new hybrid text corpus
Finally, a hybrid LM was trained from this hybrid text dataeD
tails of the hybrid system can be found in [12].

In the hybrid system output, sub-lexical sequences were
considered as detected OOV candidates, where word boundary
symbols were used to segment a sequence of sub-lexical units
into multiple OOV candidates. Then, we collected the phicnet
acoustic and contextual features for each OOV candidate. As
given in Table 1, the phonetic feature is simply the decoded
phone sequence of an OOV candidate, the acoustic feature is
posterior probability vectors extracted from the OOV regiio
the testing speech, while the contextual feature is ohdéfioen
the words surrounding the OOV candidate. Note that since we
worked on the hybrid system output, recognition errors inigh
be incorporated in these features. For example, in the xonte
tual feature of OOV candidate,, the word “major” is a mis-
recognition of “mayor”; and the correct pronunciation of @O
candidates; is actually “B AO R AO F”. Depending on the hy-
brid system performance, the collected features could be ve
noisy, which thus could cause a poor clustering performance

Table 1:Examples of the phonetic, acoustic and contextual fea-
tures of an OOV candidate.

[ OOV | Phonetic | Acoustic | Contextual |
$1 SEHLTS | [0.00...0.17]| major join crowd
wall street ...
S2 MAORAOF | [0.01...0.24]| pakistani minister|
campaign ...
83 WAOLIY [0.02 ... 0.01]| play ball courtrule
gym schedule ...




2.2. Bottom-up clustering

After collecting features from the hybrid system output,pee-
formed the bottom-up clustering to iteratively find muléph-
stances of the same OOV word. Initially, each OOV candidate
was considered as a single cluster. Then, in each iteratian,
clusters with the smallest distance were merged. Thiseriingt
procedure ended when the distance between clusters was larg
than a threshold. In this paper, the distance between tveterk

2.2.2. Acoustic distance

Besides measuring the phonetic distance between OOV can-
didates, we can also compare their acoustic features eedrac
from the OQV region in the testing speech. Acoustic features
such as the mel-scale frequency cepstral coefficients (MFCC
are highly sensitive to speaker and channel variations. h@n t
other hand, posterior-based features, such as the phqustic
teriorgram, are more robust and also widely used in speech

was defined as the average of pairwise distances between OOV recognition [18-20]. Therefore, we used the posterioruieat

candidates in two clusters. Formally, the distance betwaen
terC,, andC, is

1 ’
D(Cyn, Cp) = remiremi S dss), (@)

s€Cy s'€Cy,

where|C,,| and |Cy,| are the number of candidates in cluster
Cm andCh,, and

d(s,s') = wpdp(s,s’) +wada(s,s') +wcdc(s,s’), (2)

is the distance between two OOV candidates. Hées, s),
da(s,s’) anddc(s, s") are the phonetic, acoustic and contex-
tual distances between OOV candidat@nds’, while wp, w4,

wc are their weights respectively. In addition to averaging th
pairwise distances between OOV candidates, we also experi-
mented with calculatind(C.., C») as the maximum or mini-
mum distance between OOV candidates in two clusters. How-
ever, we found that the clustering performance with diffiere
definitions of D(C,,, C) was essentially the same, although
the average one occasionally performed better.

2.2.1. Phonetic distance

The most direct way to determine whether two OOV candidates
may correspond to the same OOV word is to examine whether
they have the same pronunciation. To do that, we measured the
phonetic similarity between OOV candidates by computirgy th
distance between their decoded phone sequences. Spégifical
the phonetic distancép (s, s') between OOV candidateand

s’ was formulated as the normalized edit distance between thei
phone sequenge; andp,::

_ edit(p5>ps’) (3)
ps| + Ipsr|

where|ps| and|p, | are the lengths of phone sequenceand

ps . As shown previously in Table 1, the decoded phone se-
guences of OOV candidates may incorporate recognitiomserro
Particularly, similar phones, such as “AA’ and “AQ”, are raor
often to mis-recognize than the other phones. Therefore, we
adopted a modified edit distance that compensates for thisaco
tic confusability between phones [14-17],

dp(s,s’)

edit(0,0) = 0
edit(i,0) = i
edit(0,j) = j
edit(i—1,7) +1
edit(i,j) = ming edit(i,j—1)+1 4
edit(i —1,i — 1) + c(i, j).
In Eq. 4,c(3, j) is the confusability between phonandj
... _J O ifi=j
i, 5) —{ 1= p(i,j) ifi# ], ®)

wherep(, j) is the probability of mis-recognizing phorieand
phonej, which was estimated from the recognition result of the
training speech.

to model OOV candidates in our system. Precisely, each frame
ft in the OOV region was represented by a probability vector

ve = [P(pilfe), P(p2|ft), - P(pxc|fo)], (6)

where P(pi|f:) is the posterior probability off; belonging

to phonep, and K is the number of phones. To estimate
P(pi|fe), we trained a Gaussian mixture model (GMM) with
256 Gaussian components for each phone. Then the posterior
probability P(px| f:) can be calculated as

_ _ P(felpe)
ZkeK P(ftlpx) '

where P(fi|px) is the likelihood of observingf; from the
GMM of pg. In our experiments, we found that the probabil-
ity mass was usually absorbed by only a few GMMs. Most
phones had a posterior probability close to zero. Because of
that, we performed a discounting-based smoothing on the pos
terior probability vectow, in a way similar to [20]. Specifically,
each zero element iy was assigned a small posterior probabil-
ity A, and each non-zero element was discounte¢ilby N )\),
whereN is the number of zero elementsin

After constructing the posterior features, we calculated t
acoustic distance between OOV candidates using the dynamic
time warping (DTW) algorithm [21, 22],

P(pr| ft) )

da(s,s") = DTW (s,s"). (8)
In DTW, the distance between two posterior vectorsind v;
was defined as the negative log cosine similarity betweeamd
Vj

Vi * U5

TorllTes T ®)

Moreover, similar to the phonetic distance, we also norzeali
the acoustic distance by the lengths of OQV regions.

d(vi,v5) = —log(

2.2.3. Contextual distance

OO0V words are usually content words such as names or loca-
tions and the same OOV word may appear in similar contexts
or environments. If two OOV candidates are surrounded by the
same words or used in the same topic, they may actually be
the same OOV word. As presented in Eq. 2, besides the pho-
netic and acoustic distances, we also measured the coaltextu
distance between OOV candidates during clustering. To take
the position of surrounding words into account, the corigixt
distance has two elements:

de(s,s') = w'd(s,s') +w?ds (s, s)). (10)
Here,d. (s, s') is the local contextual distance that measures
the similarity between the adjacent words of OOV candidates
which works like an N-gram LM. Andl% (s, s") is the global
contextual distance, which resembles a topic model.



Table 2: Examples of the local and global contextual features
of an OOV candidate.

[OOV [ = [ 52 |

Text i am going to watch| i love s2 ryan i alway
tonight because s; | like to watch him pitch
ryan is going to pitch

Local tonight because s | ilove sz ryani

context | ryanis

Global | watch:0.33 pitch:0.33 watch:0.25 pitch:0.25

context | ryan:0.33 ryan:0.25 love:0.25

To calculate the local contextual distance, just like the tr
gram LM, we compared the left two and right two words of
OOV candidates

dlC(Svsl) =1- %7 (11)
where M is the number of matched words. For instance, as
shown in Table 2, there is one match between the local context
of OOV candidates; andss, henced (s, s') equals to 0.75.

The global contextual distance was calculated in the same
manner as measuring the similarity between two documents in
information retrieval. However here, we focused on words in
the same sentence and we only used content words. Patijcular
for an OOV candiates, its global context was represented by
a term frequency vectaf, which was built from the content
words of the sentence containinag Then the global contextual
distance between OOV candidatands’ was calculated as

d%(375/) = —lOg(ﬂ),

; (12)
lleg gl

which is the negative log cosine similarity between the glob
context ofs ands’. Examples of the global context are also
provided in Table 2.

3. Experiment setup
3.1. Thehybrid system

We built hybrid systems from the the Wall Street Journal (YWSJ
Switchboard (SWB) and Broadcast News (BN) corpora, respec-
tively. The WSJ and BN system had a 20k-word vocabulary,
while the SWB system had a 10k-word vocabulary. For WSJ,
the evaluation data included the WSJ 92 20k-word and 93 64k-
word Eval sets. For SWB, a subset of the SWB2 data was se-
lected for evaluation. And for BN, the evaluation data was th
FO and F1 sets of the 1996 HUB4 Eval data.

Table 3:The OOV word detection performance.

[ Task | WSJ [ SWB | BN |
OOV Rate| 2.2% 1.7% 2.0%
Precision | 63.8% | 67.2% | 49.8%
Recall 74.0% | 74.6% | 62.4%

From the OOV word detection performance in Table 3, we
can find that the hybrid system performs very well in the WSJ
and SWB tasks — more than 60% OOV words are detected and
the precision is up to 75%. But in the BN task, utterances are
usually much longer than that in the WSJ and SWB tasks and

Table 4:00V instance count in the hybrid system output.

[ OOVwordhas| WSJ | SWB | BN |
1 instance 70.8% | 77.5% | 68.8%
2instances | 24.0% | 16.5% | 19.5%

> 3instances| 5.2% | 6.0% | 11.7%

multiple OOV words can appear in one utterance or even in a
sequence, which makes OOV word detection more difficult.
The number of instances each OOV word has is given in
Table 4. It can be seen that about 70% OOV words only have
one instance and less than 10% OOV words have more than two
instances. On average, one OOV word has 1.2 instances.

3.2. Evaluation metrics

The Rand index (RI) is a common evaluation metric for clus-
tering [23]. It involves counting pairs of items on which the
hypothesis and reference clusterings agree or disagreeadn

tice however, Rl does not take on a constant value for random
clustering. Especially, when the number of classes is lange

the number of candidates is small, a random clustering tresul
can have a very good RI score. Contrarily, the adjusted Rand
index (ARI) is another widely used clustering evaluatiortrice
[24], which adjusts for the chance of a clustering resulte Th
ARI score is bounded between -1 to 1. Independent clustering
has a negative ARI score, similar clusterings has a podiRe
score and an ARI score of 1 indicates a perfect match between
the hypothesis and reference clusterings. As shown in Table
4, in our experiment, the majority of clusters only contaieo
candidate and the candidate to cluster ratio is as low asliflL.2.
without clustering but simply consider each candidate as on
OOV word, the RI score will be almost 1, but the ARI score
will be a small value close to 0. For that reason, we chose to
use ARI for evaluation. We also tested the clustering rasslt

ing the adjusted mutual information (AMI) score [25], which
calculates the mutual information between the hypothesis a
reference clusterings and is also normalized against ehdnc
our experiment, we found ARI and AMI had very similar ob-
servations. Therefore, only the ARI score was reported.

4. Experiment results
4.1. Theintra-cluster and inter-cluster distances

Before discussing the clustering performance, we first take
closer look at the testing data. Fig. 1 shows the compari§on o
the average distance between instances of the same OOV word
(intra-cluster) with the average distance between inssof
different OOV words (inter-cluster). It can be seen thattfar
phonetic, acoustic and contextual features, the intratefdis-
tance is always smaller than the inter-cluster distancereMo
over, the difference between the phonetic intra-clustdriater-
cluster distances is greater than that of the other featlas
thermore, OOV candidates in the WSJ and SWB tasks seem to
be more separable than those in the BN task.

4.2. Thebottom-up clustering results

The performance of bottom-up clustering using one featsire i
given in Fig. 2. We can find that the phonetic feature is very
effective in all tasks. The acoustic feature works well ie th
WSJ task but shows the same ARI score as random clustering
in the SWB and BN tasks. This may be because that measur-



L ‘ phonet|c‘d|stance ’7- intra—cluster
I inter—cluster|

0.5F . . . 1
0
WsJ SWB BN
acoustic distance

SWB
contextual distance

BN

SWB BN
Figure 1: Comparison of the average distance between in-
stances of the same OOV word (intra-cluster) with the aver-

age distance between instances of different OOV wordsr{inte
cluster).
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Figure 2: The performance of bottom-up clustering using one
feature.

ing the distance between acoustic signals in the spontar@ou
noisy speech is less reliable than in clean speech. Alththagh
contextual feature is not as good as the phonetic one, itatoes
duce positive results across different tasks. By compdfigg

2 with Fig. 1, we can also learn that the clustering perforcean

is highly correlated with the difference between the irdhaster

and inter-cluster distances of one feature. For instahesdif-
ference between the phonetic intra-cluster and intert@tuss-
tances is great in all tasks, and the clustering performasicey

the phonetic feature is always good. On the other hand, the
difference between the acoustic intra-cluster and initester
distances is only noticeable in the WSJ task, and the bottpm-
clustering using the acoustic feature performs badly irst\8

and BN tasks. The best performance is obtained when using the
acoustic feature in the WSJ task and using the phoneticrizatu
in the SWB and BN tasks.

In addition to using only one feature to measure the distance
between OOV candidates during clustering, we also appied t
combined feature defined in Eq. 2. Fig. 3 shows the perfor-
mance of bottom-up clustering using the combined feature, i
which the red bar is the best clustering performance usimgg on
feature, the green bar is the performance when using both the

I best feature
phonetic + |7
acoustic

___EU

0.9r

0.8r

0.7r
0.6

0.5F

ARI

041
0.3r
0.2r

0.1p

wSJ SwB

BN

Figure 3: The performance of bottom-up clustering using the
combined feature.

phonetic and acoustic features, and the blue bar is therperfo
mance when combining all features. It can be seen that the ARI
score gradually increases when using more features dutieg ¢
tering. Even for the SWB and BN tasks, where the acoustic fea-
ture does not work at all, combining the phonetic and acousti
features can still yield some improvement. And the best per-
formance is achieved when combining all features. Ovettadl,
ARI score is up to 0.8 in the WSJ and SWB tasks and about 0.6
in the BN task, which indicates that we can successfully find
most of the recurrent OOV words using the proposed bottom-
up clustering approach. In fact, in the clustering resulbsm
clusters only contain instances of the same OOV word. When
calculating ARI only from those clusters, the ARI score igoip
0.9 in all tasks. Therefore, the clustering result is gooolugi

for further process, such as learning the pronunciation@® P
tag of recurrent OOV words.

5. Conclusions and future work

In this paper, we studied a bottom-up clustering approatindo
recurrent OOV words in speech recognition. We collected pho
netic, acoustic and contextual features to measure thendist
between OOV candidates. From our experimental results, we
found that the phonetic feature is more effective than tlheisc

tic and contextual features for detecting the recurrence@¥
words, but the best performance is achieved when combining
all features. In the future, we would like to investigate himw
build a better phonetic representation from multiple insts

of the same OQV word. We are also interested in learning the
POS tag and language model scores of recurrent OOV words.
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