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ABSTRACT 

In this paper we present a novel method to reject OOV words 
for speaker dependent dynamic command set recognition. The 
OOV rejection problem is regarded as the designing of 
recognizer with two classes: In-Vocabulary command and 
OOV command. Multiple soundly confidence measures derived 
from likelihood score of acoustic match and prosody match are 
defined and compete with each other at the same level 
automatically within neural network framework, thus elude 
choosing balanced sensitive threshold like traditional strategy. 
The network weights are trained according to Minimum 
Misclassification Error criterion. 

The confidence measures take whole command set into account, 
and objectively describe the difference between the top one and 
alternative hypotheses. Experimental results show that neural 
network based combination is rational, reliable and stable with 
average total error rates 9.3%, outperforming any single 
confidence measure threshold approach. Also the across 
verification results show that trained network is independent of 
speaker, gender and command set. Although there is 
performance degradation when exported to another conditions, 
it is acceptable in many applications. 

1.  INTRODUCTION 

We address the problem of detecting out-of-vocabulary words 
in speaker-dependent dynamic command recognition based on 
Hidden Markov Models. The target platform is Palm-Sized PC, 
which is a kind of Personal Digital Aids with limited 
computability and system resources. The recognizer is expected 
to be universal: the command set is dynamic, i.e., any 
command can be expanded to or deleted from the set or trained 
online according to application. In respect that most of the time 
the Palm PC is used by the owner, we build speaker-dependent 
Hidden Markov Model for each added command according to a 
small quantity of online collected training samples. 

One of the important problems is how to reject OOV words. 
Without OOV detection ability, the false recognition results 
might lead to wrong operations, or even fatal error. We don't 
apply elaborate garbage model or anti-model due to variable 
command set. It’s unlikely that we could train universal filler or 
anti-keyword model for open command sets. 

There exist a number of confidence measure realizations in the 
literature. The confidence cue may root in acoustic match [7,8], 
decoding process, language models and word graphs [9], but 

they addressed the issue in the larger context of continuous 
speech recognition, these methods are too complicated for our 
purposes. Ramalingam[1] uses just the likelihood score 
difference between the top two hypotheses for OOV rejection, 
which is too simple to apply to our system because it is 
unlikely to find balanced boundary for variable command set 
and different users. 

In this paper the OOV rejection problem is regarded as the 
designing of recognizer with two classes: In-Vocabulary 
command and OOV command. We investigate novel neural-
network-based integration of several confidence measures 
leading to a very effective and efficient Recognition/Rejection 
classifier. 

In section 2, we describe the confidence measures used as 
inputs of neural network. The network training algorithm 
according to Minimum Misclassification Error criterion is 
described in section 3. Experimental results are presented in 
section 4 and conclusion in section 5. 

2. CONFIDENCE MEASURES 

We empirically determined to evaluate only the model with 
highest acoustic likelihood score. The following question is 
addressed: after computing the likelihood score of each 
command for unknown test sample, should we classify the 
sample as model with highest score or reject it as OOV word? 
This is a true/false dichotomy, as many factors as possible 
should be took into account. Acoustic match and prosody cue 
are employed to make decision. 

2.1 Acoustic Match 

Each model is trained online with the conventional Maximum 
Likelihood method separately [5]. 

For an unknown command X, suppose Si , i = 1⋯N, is the 
descending sequences of normalized (by frame length) 
likelihood score of each model derived from Viterbi Decoding, 
where N is the size of command set. 

In speaker-dependent command recognition, if X is an In-
Vocabulary item, not only S1 is good but also the difference 
between S1 and other likelihood scores, e.g. S2,… ,SN, are large. 
For an OOV item, not only S1 is poor but also the difference 
between S1 and other likelihood scores tends to be much 
smaller. 
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We define the following three factors relative to OOV detection 
as confidence measures: 

         x1 = S1/mean1                                                     (1) 

         x2 = S2/ S1                                                           (2) 

         x3 = 1
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where mean1 is the saved normalized average likelihood score 
of model 1 when training , and αis a constant between 0.5 and 
0.9, it determines competing models for model 1 

The first index evaluates how good of the top one, and the 
second one describe the difference between the top two 
hypotheses. The last confidence measure took all competing 
models into consideration [4], it quantitatively describes how 
good the top one is compared with other competing models. 

2.2 Prosody Cue 

Prosody is another information source for rejection. Like 
acoustic model, Hidden Markov Model was used to explain the 
contour of F0 and normalized energy. 

Fundamental frequency extraction algorithm is based on short-
time autocorrelation function computed after center clipping 
[10]. The prosody feature is log-smoothed F0, normalized 
energy and their one order and two order difference. 

How well prosody feature matches trained model is the 4th 
confidence measure for OOV rejection: 

         x4 = SP1/spmean1                                               (4) 

where SP1 is normalized prosody likelihood score of model 1, 
and spmean1 is the saved normalized average prosody 
likelihood score of model 1 when training 

Instead of choosing suitable and sensitive threshold for each 
index, we let them compete with each other within neural 
network framework. All of these confidence measures are 
derived from likelihood scores and are normalized to percents, 
so the game is fair. 

3. OOV REJECTION 

In section 2, four kinds of confidence measures are defined. 
Compared to deciding which is more important than others, we 
let them get individual contribution automatically within a 
neural network. The neural network has two output nodes 
corresponding to In-Vocabulary command and OOV command 
respectively.  

In training procedure, the weights are adjusted by Gradient 
Descent algorithm: 
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where Minimum Misclassification Error criterion [6] was used: 

∑∑ −
= =

=
N

i

c

j

MMC XiWstepd T
j

i
jE

1 1

2

)]([ )(  

where N is number of training samples, c is output nodes 

number, and d i
j
)( is jth output for sample i, function step is 

an unit function defined as: 
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it's undifferentiable, we replace it with an approximate 

differentiable function: ( ) ( )rx
x

r /exp1
1
−+

=δ , 

when constant r→0, ( )x
rδ → ( )xstep . 

The networks weights were initialized randomly, and 
recursively re-estimated according to formula(5) until pre-
defined error is satisfied. 

4. EXPERIMENT RESULTS 

4.1 Corpus 

To verify the feasibility of presented method, two command 
sets were prepared, each has 70 items, 40 of them as In-
Vocabulary words and the other 30 as OOV words. They are 
names of city, people or common menu command with 2-4 
words. Each command set have 2 (1 male and 1 female) 
persons record 3 training samples and 3 test samples for each 
item from Palm-PC at 8KHz. Recording environment is office 
room with air condition on. 

Each command is modeled by a 8-state continuous density 
HMM with 1 mixtrue. The confidence measures were extracted 
from training and testing corpus as samples of network. 

We are concerned with In-Vocabulary recognition rate with 
OOV rejection enabled, first type error rate (rejecting In-
Vocabulary) and second type error rate (accepting OOV), and 
will evaluate the performance based on these rates. 

4.2 Linear Perceptron 

The performance of traditional threshold approach using only 
one confidence measure and Linear Perceptron based 
integration of 4 confidence measures are compared. 

   Test Samples IV Corr. 1st Err. 2nd Err. 

   Female1(V1) 86.4% 12.5% 13.3% 

   Female2(V2) 84.8% 13.3% 12.2% 

   Male1(V1) 81.9% 14.2% 14.4% 

   Male2(V2) 82.2% 16.7% 17.8% 

Table.1  Results using Only confidence measure s3 



For one confidence measure threshold method, we show in 
table 1 only results using index s3 because it resulted in 
minimal average total error rate 28.6% ( for index s1 29.7%, s4 
and s2 worse) with 1st error rate 14.2% and 2nd error rate 
14.4%. The boundary was carefully adjusted so that the error 
rate distributes almost evenly between two types for each 
person. 

As table 2 shows, the performance of network based 
combination of the first 3 confidence measures is quite well, 
The average total error rate is 11.9% with 1st error rate 6.65% 
and 2nd error rate 5.25%. The difference between two types 
error rate is little, even though no mechanism was taken to 
control their relation. 

   Test Samples IV Corr. 1st Err. 2nd Err. 

   Female1(V1) 91.4% 7.5% 5.5% 

   Female2(V2) 90.6% 7.5% 4.4% 

   Male1(V1) 90.3% 5.8% 6.7% 

   Male2(V2) 93.1% 5.8% 4.4% 

Table.2  Results using Linear Perceptron without 
prosody cue 

When acoustic and prosody cue were combined, the 
performance is even better as table 3 shows. The average total 
error rate is 10.7% with 1st error rate 5.9% and 2nd error rate 
4.8%. It testifies that the prosody information makes positive 
contribution to verification. 

   Test Samples IV Corr. 1st Err. 2nd Err. 

   Female1(V1) 92.4% 6.5% 5.2% 

   Female2(V2) 91.2% 6.9% 4.0% 

   Male1(V1) 90.9% 5.2% 5.9% 

   Male2(V2) 93.9% 5.0% 4.1% 

Table.3  Results using Linear Perceptron with prosody 
cue 

4.3 Forward Neural Network 

We analyze the distribution of first two confidence measures. 
They are presented in figure 1. In-Vocabulary samples and 
OOV samples have self-grouped area. But they have 
intersection, so exact lineal border is impossible. 

Without hidden layer, the Linear Perceptron just found the 
lineal interface of two classes in 3-D space. So Forward Neural 
Network with a 8-node hidden layer was tried. The nonlinear 
units in hidden layer is likely to have more power to simulate 
nonlinear area. This is quite consistent with our experimental 
results. 

 

Figure 1 Two-Dimensional plot of S1/mean1 and S2/ S1, 
where '+' indicate In-Vocabulary sample and '.' OOV 
sample. 

   Test Samples IV Corr. 1st Err. 2nd Err. 

   Female1(V1) 92.5% 6.4% 5.2% 

   Female2(V2) 92.3% 5.8% 3.4% 

   Male1(V1) 92.1% 4.0% 5.1% 

   Male2(V2) 94.6% 4.3% 3.0% 

Table.4  Results using Forward Neural Network with 
prosody cue 

Compared to Linear Perceptron, the performance of Forward 
Neural Network is better as table 4 shows. The average total 
error rate is 9.3% with 1st error rate 5.1% and 2nd error rate 
4.2% 

4.4 Across Verification 

We also investigate whether a trained network is applicable for 
other speaker or command set. This is done by applying one 
trained network to other testers. We only tried Forward Neural 
Network because of its better performance. 

Each person's data is tested by others. The 1st and 2nd error 
rate have been shown in table 5. The average total error rate is 
16.2% with 1st error rate 7.78% and 2nd error rate is 8.43%. 

 M2(V2) F1(V1) M1(V1) F2(V2) 

 M2(V2) 4.3/3.0 5.8/14.4 15/6.6 5.8/14.4 

 F1(V1) 4.2/14.2 6.4/5.2 16.7/1.1 6.7/8.9 

 M1(V1) 3.4/16.7 12.5/3.3 4.0/5.1 1.6/23.3 

 F2(V2) 8.9/7.7 6.7/4.4 16.7/1.1 5.8/3.4 

Table 5 Across Verification Result: 1st error rate vs. 
2nd error rate. 

There is performance degradation when network is exported to 
another speaker or command set without retrain. But it is 
acceptable in many applications. 



Considering that the across verifications are implemented 
between different speaker, gender, and command set, and two 
types error rates are acceptable, it clearly demonstrate the 
rationality of the four confidence measures and network-based 
combination. 

5. CONCLUSION 

The problem of detecting OOV commands for speaker 
dependent dynamic command set recognition is addressed. The 
garbage model or anti-model strategy was not applied because 
the command set is variable. The OOV rejection problem is 
regarded as the designing of recognizer with two classes: In-
Vocabulary command and OOV command.  

Several multiple confidence measures derived from acoustic 
likelihood scores and prosody cue are defined. They objectively 
evaluate how good the top one is and how different it is from 
others. 

The confidence measures are normalized to percents and 
compete with each other automatically and equally within 
network framework. The network weights are trained according 
to Minimum Misclassification Error criterion. Compared to 
traditional threshold strategy, the novel combination eludes 
susceptive boundary choosing. 

Experimental results are compared between Linear Perceptron 
and traditional single confidence measure threshold method. 
The performance of former obviously surmounts that of the 
latter with average total error rates decreased from 28.6% to 
11.9%. When prosody cue is included, the error rates are even 
lower. We also tested Forward Neural Network with one 
hidden layer and achieved better performance than that of 
Linear Perceptron . 

The possibility of applying one speaker's network to another 
one or command set is also investigated. The experimental 
results show that confidence measures are rational and 
independent to speaker, gender and command sets. Although 
there is performance degradation when neural network is 
exported to another speaker or command set without retraining, 
it is acceptable in many applications. 

The dynamic command set recognition has been implemented 
on Palm-sized PC. 
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