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Abstract. Most automatic speech recognition systems are currently based on
tied state triphones. These tied states are usually determined by a decision tree.
Decision trees can automatically cluster triphone states into many classes ac-
cording to data available allowing each class to be trained efficiently. In order
to achieve higher accuracy, this clustering is constrained by manually generated
phonetic questions. Moreover, the tree generated from these phonetic questions
can be used to synthesize unseen triphones. The quality of decision trees there-
fore depends on the quality of the phonetic questions. Unfortunately, manual
creation of phonetic questions requires a lot of time and resources. To over-
come this problem, this paper is concerned with an alternative method for gen-
erating these phonetic questions automatically from misrecognition items.
These questions are tested using the standard TIMIT phone recognition task.

1 Introduction

One of the main advantages of statistical speech recognition systems is that they are
assumed to not to require a lot of language-specific linguistic knowledge; once an
annotated corpus is available as acoustic training data, the system can be trained to
build models from that data. However, since most current speech recognition systems
are based on context-dependent Hidden Markov models (HMM), this requires a large
number of context-dependent units to be trained. Unfortunately, no single corpus (or
even multiple corpora) can possibly contain such a large number of units.

In order to alleviate this problem and strike a balance between the number of context-
dependent units and the limited acoustic training data, tree-based state tying is com-
monly employed [1], which allows parameters that exhibit similarity to be shared
between context-dependent units. The level of similarity is determined automatically
from a phonetic decision tree.

For reasonable modeling, these shared parameters are constrained by a set of
phonetic questions. These questions aim to determine the similarity of the contexts
and often rely on the phonetic judgments of a human expert who can determine
whether the contexts refer to similar contexts based on phonetic categories such as
consonant, vowel or labial. In other words, this requires language-specific linguistic
knowledge. To reduce the manual effort in the question construction procedure, there
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Fig. 1. Decision tree with or without intersection class question.

have been attempts to automatically generate questions for tree-based state tying
systems [2], [3] and [4].

Even though these automatic systems differ, they have one thing in common; they
generate phonetic questions by defining phone classes which have some similar
properties. This is reasonable since experts also manually transcribe phonetic
questions by mean of phone similarities. As a result, phonetic questions from
automatic systems are usually as good as or only slightly worse than phonetic
questions defined by experts. However, the benefit from automatic systems is
significant. Phonetic questions can be generated quickly. This is useful for fast
development of new language speech recognition systems.

Phone recognizers normally use the Viterbi search to map a sequence of phones to
a speech utterance. Since the recognition result is not always perfect, misrecognized
phones are inevitable. The motivation of this paper comes from the assumption that if
a phone recognizer wrongly hypothesizes a phone as another phone, these confusable
phones should have some level of similarity. Hence, these confusable phone classes
can be used to generate phonetic questions.

According to [4], it is quite obvious that including combinations (intersections) of
two or more classes in the phonetic question set yields higher system accuracy. This
can be illustrated in Fig. 1. The node in the left tree is clustered with class BC while
the nodes in the right tree are clustered with class B and C. Both trees yield the same
results, which are the classes ABC. However, the difference is that the right tree must

generate the classes AB and ABC | which may not be suitable classes for tying. To
generate all possible class combinations, another tree cluster is introduced. This tree is
different from the conventional decision tree. Decision trees choose a class to cluster
optimally depending on the likelihood score. This tree requires no likelihood score. It
clusters all classes orderly. Decision trees stop clustering earlier when the criteria are
met. This tree clusters each class until there is only one member in that class or there
are no more classes left for clustering and therefore all possible class intersections can
be generated.

Systematically, the paper is organized as follows. Section 2 lists a number of
techniques for generating confusable phone classes. Section 3 shows how to generate
class intersections from confusable phone classes. Section 4 shows the experimental
result while section 5 draws the conclusion and future works.



Table 1. Example of misrecognition table

phones /al /b/ /c/ /d/
a 10 1 0 0
b 3 12 1 0
c 0 2 20 5
d 0 0 0 6

2 Misrecognition

In this paper, confusable phone classes are generated using phone substitution errors
hypothesized by context-independent acoustic models (phone deletion and insertion
are ignored). Although the idea of using confusable phone classes as phonetic ques-
tions appears reasonable, the weak point of this approach is the same as other auto-
matic phonetic question generation systems, namely that the quality of phonetic ques-
tions greatly depends on the quality of speech used to generate the questions. In order
to fully use confusable phone classes as phonetic questions, a number of techniques
are applied to reduce this error.

Firstly, all confusable classes are used directly. This is the simplest use of
misrecognition. However, this may be risky because of out-of-class misrecognition
errors. The second technique is called count-limited misrecognition. This technique
comes from the assumption that the number of phones that are misrecognized out of
class should be small and if the number of misrecognized phones is less than the
threshold, that phone should not be counted in the class. Finally, a “cross constraint”
technique is tested. For this technique, only two-way misrecognitions are accepted.
For example, if “p” is recognized as “b” and “b” is recognized as “p”, “p” and “b” are
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in the same class. However, if “a” is recognized as “1” while “1” is not recognized as
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a”, “a” and “1” are not in the same class.

3 Generation of Class Intersections

After the misrecognition classes are obtained, the class intersections can be generated
by combining all of these classes. The concept of generating class intersections is
simple. The algorithm starts from a class and cluster with other classes until there is
only one member in the class or no more classes left for intersection. To clearly ex-
plain this, let us assume that a phone recognizer misrecognized phones as shown in
Table 1. The number in each cell indicates how many times a row phone is recognized
as a column phone. For example, “a” can be recognized as /a/ ten times, /b/ one time,
/c/ and /d/ zero time. Classes from this table are (from each column) {“a”, “b”}, {*“a”,
“b”, “c”}, {*b”, “c”} and {“c”, “d”}. {*a”, “D”’} means both “a” and “b” can be rec-
ognized as /a/. {*a”, “b”, “c”} means “a”, “b” and “c” can be recognized as /b/ and so



lal&IA] = [a/ IA/&IA] = A/

IAI&IA] = A/
lal&fol = fa/ lal&IAl = [a/ /A/&/bl = [bl

Fig. 2. Illustration of algorithm for two columns

on. Then, {*b”} and {“c”} classes can be generated from the class intersections
/b/&/c/ and /c/&/d/, respectively.
The algorithm to generate these class intersections is as follows.
1. Read each column from the misrecognition table.
List all classes with the phones where the number of recognition is higher than a
threshold, e.g. from table 1 /a/ {*“a”, “b”} (threshold = 0), etc.
3. Add a special class called the /A/ class to the class list. This class contains all
phones in the table ({“a”, “b”, “c”, “d”} in this case).
Use /A/ class as the root node of the tree.
5. For each column
5.1. List all classes in the column. This includes /A/ class.
5.2. For each activated leaf node in the tree.
5.2.1. Split the node according to class list constructed in step 5.1.
5.2.2. For each split node
5.2.2.1. Find the intersection of classes between the node and its parent
node. For example, node /c/ can split to /c/&/d/ node.
5.2.2.2.If the node contains the empty set, deactivate the node.
5.2.2.3.If the node contains the same phones as any node in step 5.2.1,
deactivate the node.
6. All leaf nodes are confusable phone classes.
Fig. 2 shows the algorithm procedure. The black node indicates a deactivated node.
In the figure, the node is deactivated according to step 5.2.2.3.

b

4 System Overview

4.1 Phone Recognition System

The phone recognition system used in this paper has been constructed using HTK [5].
All speech files are parameterized into 12 dimensional PLP, 0" cepstrums and their
deltas and accelerations (39 length front-end parameters). Flat start training is then



used for model initialization according to the gender-dependent phones. The transi-
tions of male and female phones are tied together for robustness. Each model contains
5 states and the covariance matrices of all states are diagonal (left-right model with no
skip state).

After context-independent HMMs have been trained, they are expanded to context-
dependent HMMs using a cross-word network. Phonetic decision trees are then used
to cluster the context-dependent HMM states into classes according to phonetic
questions generated from the system in section 3. These classes are tied and trained
together. From the context-dependent HMMs, the number of model mixtures is
increased by 1 and the models are trained. This process continues until the number of
mixtures is 10.

All training processes are estimated using the maximum likelihood algorithm. The
number of training iterations after each change is determined automatically in line
with [6]. The language model is trained from the phone sequences of the training set
using back-off bigrams. For the recognition process, the Viterbi algorithm is used
without any pruning factor.

4.2 The Corpus

The experiments use the standard TIMIT corpus [7] consisting of 6300 sentences, 10
sentences spoken by each of 630 speakers from 8 major dialect regions of the U.S., of
which 462 are in training set and 168 are in the testing set. There is no overlap be-
tween the training and testing sentences, except 2 dialect (SA) sentences that were
read by all speakers. The training set contains 4620 utterances (326 males and 136
females) and the testing set contains 1680 (112 males and 56 females). The core test
set, which is the abridged version of the complete testing set, consists of 192 utter-
ances, 8 from each of 24 speakers (2 males and 1 female from each dialect region). In
this paper, SA sentences are eliminated from the training set because they occur in
both the training and testing sets. In this paper both core and complete test sets are
used for evaluation. Automatic phonetic questions are generated from the misrecogni-
tion of the training set. In this paper, TIMIT original phone set is converted into tradi-
tional 39 phone set [8] before training.

4.2 Cheat Phonetic Question Set

To ensure that the quality of manually generated phonetic questions is sufficiently
good (not an unfair experiment as a result of using poor quality handmade phonetic
questions), a set of questions is first transcribed by a phonetician. These phonetic
questions are constructed based on phone classes from a number of different sources
[1], [9] and [10]. A number of phonetic questions are removed from the question set
by trial-and-error until the highest system accuracy is obtained. This trial-and-error
process is tested with the TIMIT core test set. This cheat phonetic question set is used
as a baseline in this paper. This is called cheat phonetic question set because it is ad-
justed optimally for TIMIT core test set. Note that in reality, cheat phonetic questions



Table 2. Misrecognition types

Type Core Complete # questions
direct 73.5 n/a 80,476
1-limited 73.2 n/a 24,008
Cross constraint 73.8 73.8 23,852
baseline 74.4 74.0 868

are not possible to be generated because the test set is unknown. Therefore, the accu-
racy of general models should be lower than the models trained from cheat questions.

S Experiment

The experiment in this paper is separated into two phases. The first phase tests a num-
ber of techniques as described in Sect. 2. The best technique is then selected and
passed to the second phase. In the second phase, the models for generating misrecog-
nition are altered. In the first phase all misrecognitions are generated from simple
context-independent models while in the second phase, misrecognitions are generated
from more complex models.

5.1 Phase One

Firstly, we tried to find the best misrecognition technique for generating phonetic
questions. In this phase, misrecognitions are trained from context-independent models.
This test is performed on the TIMIT core and complete test sets. Table 2 shows ex-
perimental results according to three misrecognition types in Sect. 2. According to the
table, among the three types of misrecognition, “cross constraint” is the best (73.8%
on core test set and 74.0% on complete test set). On core test set, the accuracy from
“cross constraint” misrecognition is still lower than phone recognition which is trained
by cheat phonetic question set (74.4%). However, the accuracy of the models trained
by cheat question set drops when they are tested with complete test set. This is be-
cause cheat phonetic question set is adjusted only for core test set. In contrast, the
accuracies of the models trained by “cross constraint” misrecognition are the same on
both core and complete test set. This means that the quality of phonetic questions
generated from the system is good enough and it is less susceptible to the change of
test set or corpus than the manual phonetic questions.

For “count-limited”, since the accuracy when the threshold is one is worse than
zero (“direct” in Table 2), no more tests are performed for a higher threshold. Also,
because the results of “direct” and “1-limited” are worse than “cross constraint”, the
tests are performed only on core test set.

In this phase, the accuracy of the models trained from the cheat question set is still
better than the accuracy of the models trained from misrecognition. With the
analyzing the number of questions, the number of questions from misrecognitions are



Table 3. Strategies to improve model quality for misrecognition

Type Complete # questions
backing-off 74.0 1,264
second 74.0 1,640

higher than the number of cheat questions. This means that in questions generated
from misrecognitions, there are a lot of out-of-class errors. We hypothesize that if the
models for misrecognition are better, the number of out-of-class errors should be
reduced. In the next phase, we will improve the system accuracy by using better
models for misrecognition.

5.2 Phase Two

Two strategies for increasing model quality are proposed. The first strategy is to use
backing-off context-dependent models. Backing-off is very simple context-dependent
generalization technique. This technique requires no phonetic questions for context-
dependent generalization. When insufficient data for training a model exists, that
model backs-off and some less informative but trainable model is used instead. For
example, if a triphone has only a few examples in the training data, a biphone should
be used. If a biphone is still not trainable, a monophone should be used. With this
strategy, it is possible to insure that all models are well trained. The disadvantage of
this strategy, however, is that the difference between more and less informative mod-
els is too large when a backing-off occurs.

From the above reason, the models generated from backing-off technique are worse
than the ones generated from tree-based state tying. However, the misrecognitions
generated from backing-off context-dependent models are better than the ones
generated from context-independent models.

In this phase, only test on complete test set is shown. The accuracy of the models
trained from “backing-off” increases up to 74.0% which is equal to the accuracy of the
models trained from cheat questions. This indicates that better models can generate
better misrecognition. Moreover, the quality of the questions generated from
misrecognition are as good as cheat manual questions.

We also want to know that if we use the models trained above to generate
misrecognitions again, use these misrecognitions to generate questions and train the
models again from regenerated questions, is the result better? In Table 3, “second”
shows the accuracy from these models. The accuracy is the same as “back-oft”. This
means that the models are saturated and no more improvement can be obtained. So
there is no need to repeat these steps again. Moreover, “back-off” is slightly better
than “second” since the number of questions from “second” is higher than the number
of questions from “back-off”.



6 Conclusion

An alternative way to automatically generate phonetic questions has been presented.
This technique employs misrecognitions to generate classes where each class is as-
sumed to have similar properties. Then phonetic questions are generated from these
class combinations. The quality of these questions is proved by the recognition result.
The accuracy of the models trained from these questions is as good as the accuracy of
the model trained from cheat questions. These questions are, however, more consistent
than handmade questions which rely on judgment of human experts (for example, for
the same TIMIT corpus, there are disagreements in linguistic classes between [9] and
[10]). These questions are also more easily implemented in any new language without
language specific linguistic knowledge since misrecognition-based question genera-
tion is an automatic process.
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