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ABSTRACT

This paper addresses the problem of how to identify
and reject Out-Of-Vocabulary (OOV) words and
background noises using an isolated word speaker
independent Hidden Markov Model (HMM) recog-
nizer.

The proposed method builds a garbage model as a
combination of context independent subword HMM
units to represent all possible OOV words and back-
ground noises. The rejection rate is adjusted by an
appropriate penalty that depends on the utterance
duration and then is applied to the garbage model
acoustic likelihood. This approach makes the
behavior of the system independent of the utterance
duration. Additionally, we provide linguistic infor-
mation to the garbage model so that illegal phone
sequences are not allowed. This approach reduces
the average branching factor of the garbage model
and increases the rejection of the OOV words.

1. INTRODUCTION

When isolated word speech recognizers are used in
real applications, they must do more than simply
recognize isolated words. When users interact with
isolated word speech recognition systems they
often utter out of vocabulary words or embed the
keywords in colloquial expressions. Moreover,
some background noises, like lip smacks, guttural
sounds, clicks, hits, etc..., can be recognized as key-
words. Consequently, some mechanism has to be
provided to reject non-keyword utterances and
background noises.

Several methods have been proposed to reject out
of vocabulary words and background noises. Some
of them use simple garbage models and apply dif-
ferent approaches to improve their performance:
Two pass classification methods [2], discriminative
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training techniques [3], affine transformations to
the log-probability of the garbage model [4], etc.

The experiments we have done show that these
techniques perform well for small vocabulary tasks
(like isolated digits recognition), but their perfor-
mance degrades when the vocabulary size
increases. Therefore, more accurate garbage model-
ing is required. A good approach is to use subword
units that can be easily trained with the keyword
training set [1,6].

The method we propose incorporates transition
penalties in the garbage model, so that the final pen-
alty applied is proportional to the duration of the
utterance. This approach makes the behavior of the
system independent of the utterance duration.
Moreover, it performs better than when affine trans-
formations are used to adjust the log-probability of
the garbage model [3]. Figure 1 illustrates both the
garbage model and the transition penalty.

Additionally, the inclusion of linguistic information
in the garbage model reduces its average branching
factor and also increases the rejection of OOV
words (false acceptance rate). The linguistic infor-
mation is incorporated with a simple phone-bigram
language model that avoids the recognition of non
grammatical phone-pair sequences.

Finally, we propose a new cost function to adjust
the transition penalties of the garbage model for a
specific application and training database.

2. THE GARBAGE MODEL

Unlike other methods that require a training set
containing samples of the OOV words and back-
ground noises to train the garbage models, we build
our garbage model as a combination of context
independent subword HMMs trained using only the
keyword training set. No garbage samples are
required in the training set. This simplifies the pro-
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cess of building the garbage model since garbage
databases are not always available.

The garbage model topology is simple (figure 1). It
is formed by combining all the context independent
subword units in parallel. This model permits reen-
try as many times as necessary, applying a transition
penality every time this back transition occurs.
There are separate male and a female garbage mod-
els in order to represent more accurately the acous-
tics of speech.

Experiments show that when a vocabulary word is
mispronounced or has any kind of impulsive noise,
the log-probability of the garbage model is usually
lower than that of the vocabulary word. In this con-
ditions, as the word is not rejected, a recognition
error can occur. The garbage model we present is
able to model both vocabulary and non vocabulary
words, so by adjusting it properly the influence of
this problem can be reduced.

We propose the introduction of a transition penalty
in which the total penalty applied is proportional to
the number of transitions performed inside the gar-
bage model. Previous experiments showed that this
method reduces the false acceptance rate with
respect to linear transformations of the log-likeli-
hood of the garbage model.

Transition
Penalty

Male
Model Transition

Fema

Model

Figure 1: Garbage Model

3. ADDITION OF LINGUISTIC
INFORMATION

Since the garbage model topology allows self-tran-
sitions, any non grammatical sequence of context
independent subword units can occur. This tends to
damage the rejection of OOV words.

The addition of linguistic information to the garbage
model can fix this problem. We propose the use of a
simple phone-bigram language model trained on a
sufficiently large text database. This model reflects
better the linguistic structure of the vocabulary and
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non vocabulary words. As a consequence, the false
acceptance rate is greatly reduced. Another benefit
of this technique is the decrement of the average
branching factor of the garbage model reducing the
CPU requirements.

4. PARAMETER OPTIMIZATION

The simultaneous optimization of false acceptance
rate, rejection rate and error rate is a non trivial
problem. How to weight each of these parameters
with respect to the others is a difficult task. One pos-
sible approach is to pre-define each of these weights
depending on their expected importance [4].

We propose a new cost function that simultaneously
and automatically finds the best combination of
parameters (false acceptance rate, rejection rate and
error rate) for a particular speech recognizer and
database.

The cost function, C, (p), depends on the transi-
tion penalty in the garbage model and is a linear
combination of the keyword error rate (E, (p)), key-
word rejection rate (R, (p)), and the false accep-
tance rate (F, (p)), weighted by w, wp, and w, and
the normalization constant (K ) :

CL([)) = KN‘ (WEEL(]?) +WRRL(P) +WFFL(P))

with
Wep = 1 W, = 1 W = 1
EMAX R RMAX, FMAX
and
Ky (wgtwp+wp) =1
where E,,y, Ryuyx-and F,, . are the maximum

desired values allowed for the keyword error rate,
rejection rate and false acceptance rate for a particu-
lar recognizer and database respectively, (p) is the
transition penalty of the garbage model and (L)
represents the phone-bigram language model.

For each transition penalty (p) and phone-bigram
language model (L), a cost value is computed. The
combination of (p) and (L) that minimizes C, (p)
is chosen as the optimal configuration for that par-
ticular recognizer and database.

Figure 2 shows the experimental results using the
training database. The error, rejection and false
acceptance rates depend strongly on the value of the
transition penalty. As expected, the error rate is cor-
related with the rejection rate, so the greater is the
rejection of vocabulary words the smaller is the
error. The cost function reaches its minimum in a
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value of the transition penalty (p=-8) that provides
the best trade-off among the three rates for
Eyax =35 Ryuy =7 and F,,,, = 30, which were
the chosen values for this particular task.

(%)

30 4 FALSE

ACCEPTANCE
254

REJECTION
204

10 COST

FUNCTION

Figure 2: Cost Function and Error, Rejection
and False Acceptance Rates versus
the Transition Penalty.

5. EXPERIMENTAL CONDITIONS

These techniques are evaluated in the context of a
city name recognition application over the tele-
phone network with a vocabulary size of 89 words.

The recognizer is a speaker independent continuous
density hidden Markov model based on separate
context independent subword units for male and
female speakers. The baseline system uses a single
garbage model (SGM) and applies an affine trans-
formation to the log-likelihood of the garbage
model.

The training and recognition files were automati-
cally endpointed with a HMM based endpoint
detector. It uses static (C;) and dynamic (AC,) fea-
tures of the signal and it is able to track changes in
background noise conditions [7].

Both male and female context independent subword
units were trained with a subset of the VESTEL
database [5] composed of 4350 utterances of city
names, control words, digits and names. The transi-
tion penalty of the garbage model is adjusted with
another database composed of an additional set of
1500 utterances of the vocabulary and 500 utter-
ances of out of vocabulary words. The speech test
set has 2000 utterances randomly selected from the
VESTEL database not contained in the training set,
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1500 utterances containing vocabulary words and
500 out of vocabulary words. The noise test set is
composed of 150 files containing typical telephone
and background noises.

Two different garbage models are tested:

(a) The first is composed of 40 context independent
subword units, and,

(b) The second in which the number of context inde-
pendent subword units is reduced by clustering
techniques to 26.

Three phone-bigram language models were evalu-
ated: (1) No language model, (2) heuristic hand-
built phone-bigram language model and (3) auto-
matically built phone-bigram language model.

The expressions used to obtain the error and rejec-
tion rate of vocabulary words are the following:

where NKMR is the number of keywords missrec-
ognized and TNK is the total number of keywords.

_ NKR
RL(®) = 7y

where NKR is the number of keywords rejected.

Finally the expression used to compute the false
acceptance rate of out of vocabulary words or back-
ground noises is:

NNKR

FL ) = Thng

where NNKR is the number of nonkeywords that
are recognized as keywords and TNNK is the total
number of nonkeywords.

6. RESULTS

Experimental results are shown in figures 3 and 4.
All of them show the performance of six systems:
(A1) 40 units set with no language model, (A2) 40
units set with heuristic built language model, (A3)
40 units set with automatically built language
model, (B1) 26 units set with no language model,
(B2) 26 units set with heuristic built language model
and (B3) 26 units set with automatically built lan-
guage model.

Figure 3 shows the behavior of the system with
respect to background noises: It can be observed
that systems with no language model have a better
performance than the others. This is reasonable
because no restrictions in the sequence of recog-
nized units is applied, so background noises can be
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modeled easily as a combination of all the models in
any order. The best performance is obtained with
the 40 units set with no language model (test Al).
This may be explained because the acoustic models
are more accurate than in case B1.
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Figure 3: False Acceptance Rate
of Background Noises
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Figure 4: Error Rates

Figure 4 shows the performance of the system as
measured by false acceptance rate, rejection rate and
error rate with respect to keywords and OOV words:
While the rejection and error rates have slight varia-
tions the false acceptance rate depends strongly on
the phone-bigram language model used. The best
performance corresponds to the automatically built
phone-bigram model that was trained using a large
text database.

TABLE 1. Summary of Performances
L E Ry F ¢
Al 35 8.8 19.0 5.8
A2 3.6 7.2 21.6 5.6
A3 33 8.5 16.6 5.5
B1 3.6 7.6 28.8 6.2
B2 3.8 7.2 284 6.2
B3 38 7.0 26.8 6.1
SGM 3.5 8.7 354 6.8

Finally, table 1 shows the improvement in perfor-
mance of the method proposed with respect to the
baseline system, which is based on a single continu-
ous hidden Markov model of eight states. Although
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the performance of the SGM is comparable with
respect to the error and rejection rates, the false
acceptance rate is higher than in the other cases. In
particular, if we compare case A3 and SGM, the
false acceptance rate is reduced a 53% with the pro-
posed approach, the rejection rate decreases a 2%
and the error rate decreases a 5%.

7. CONCLUSIONS

In this paper a new method for rejecting OOV
words has been explained. This technique represent
OOV words as concatenation of context indepen-
dent phone units. These units are trained using the
keyword database. In this way, a specific garbage
training database is not requested.

For making the system independent of the utterance
duration, transition penalties between phone models
have been introduced. In order to reduce the branch-
ing factor and the CPU requirements, phone-bigram
language information has been introduced in the
garbage model.

Finally we use a new cost function that automati-
cally finds the best configuration of false acceptance
rate, rejection rate and error rate for a particular rec-

-ognizer and database.
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