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Abstract
This paper describes a novel approach for grapheme to
phoneme conversion using decision tree learning
technique. The proposed approach, unlike the rule
based approach, can generate rules spanning wider
context and thus give better accuracy for the
conversion.

1. Introduction
Grapheme to phoneme conversion (g2p) is
important in both text-to-speech and speech recognition
systems. Although lexicons prepared by linguists are the
most reliable resource, they are never exhaustive as they
cannot cover the complete list of words in any language.
A detailed lexicon also consumes a lot of storage space.
This restricts the application of the speech technologies
to dynamic vocabulary environments. Hence an
alternative procedure to predict pronunciation from
orthographic form is necessary.
Several approaches have been used for automatic
grapheme to phoneme conversion. Inspired by the
phonetic languages, grapheme-to-phoneme conversion is
usually carried out by a set of rules [1,2]. They require
lot of expertise to develop and sometimes hard to check
for rule interference and redundancy. Statistical
modeling has been successfully applied to the problem
of g2p rules in many languages such as English, French
and German in [3]. Use of neural networks in grapheme
to phoneme conversion is explored in [4]. These
approaches can eliminate the time consuming step of
rule writing, so the training process can be done fully
automatically. A decision tree based automatic g2p
mapping is studied in this paper. The main objective of
our work is to build an automatic grapheme to phoneme
conversion using decision tree clustering for Tamil textto-speech and speech recognition applications.
Tamil, like many other Indian languages, is a
phonetic language with nearly a one to one mapping
between the grapheme and the phoneme. However direct
g2p mapping is not possible because when these
characters appear in certain contexts produce different

phones. For eg. ¸ in Tamil is pronounced as k in

or hh in  . Morphological and
or g in  
phonetic analysis of Tamil have proved that these
variations follow certain complex language regularities,

which motivates the use of data-driven techniques like
decision trees for the task [6]. The trees need to be
trained on a large manually transcribed lexicon. For
Tamil there is no such pronunciation dictionary
available in the public domain. Hence we use a rulebased system to generate a lexicon and is then refined by
hand checking.
The rest of the paper is organized as follows.
Section 2 describes the details of Tamil orthography and
phone set. Rule-based and decision tree approaches are
explained in Section 3 and 4 respectively. Section 5
presents the results of automatic g2p conversion using
decision trees and finally, section 6 concludes.

2. Tamil orthography and phone set
Tamil orthography consists of 12 vowels termed as
Uyir (Soul) and 18 consonants as Mey (Body). The
consonants combine with vowels individually to form a
new set of 216 additional graphemes named Uyirmey.
has a unique name Ayutham
The grapheme 
(Weapon). Tamil sounds are classified into 43 phones.
Table.1 gives the details of Tamil phone set.
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Table.1: Tamil graphemes and the phone set

3. Rule-based g2p conversion
It is evident from the examples in Table.1 that there
is no trivial one-to-one mapping between the Tamil
graphemes and its phonemes. However, in most cases,
these variations can be decoded based on the contextual
information. Hence powerful context sensitive rules are
designed to accurately predict the pronunciation. The
rules have specific conventions about lookup, context
and the target phone. For e.g. the rule

nasal k (*)

=> g

means that k when preceded by a nasal (e.g. ng ( X ))
and followed by anything becomes the sound g as in
o As with any expert system it is difficult to
anticipate all possible relevant cases. For example the
MP (kiramam) has a g
grapheme k in the word
sound though this usually happens only if k is preceded
by a nasal. Similarly the grapheme p has a b sound in
the word ``¡  (pandtham), which is also not captured
by rule-based system. The exceptions need to be stored
in a separate exception dictionary. There is generally a
trade-off between size of the exception dictionary and
the complexity of the rules. This proves that grapheme
to phoneme mapping is highly complicated which makes
this field attractive for machine learning algorithms like
decision trees.

4. Decision tree based g2p conversion
Decision trees can be used to capture the phonetic
variations of a phoneme based on the nature of the
neighboring phones. This can be interpreted accordingly
as neighboring characters in the orthography, and the
system in turn can use the graphemes to capture these
phonetic variations to generate the transcription.
Decision trees consist of nodes that contain the rules
and leaves, which are labeled with target classes. At
each node a decision criteria assigns the object to the left
or right sub-tree. When the object reaches a leaf, the
class label of this leaf is used as the answer for the
specific transcription.

4.1. Alignment procedure
Before training, we must align each grapheme to its
corresponding phones. Due to strong relation between
graphemes and phones in Tamil, complex alignment
procedures [7] are not required. Grapheme strings are
always equal in length or longer than phone sequences in
Tamil. To have one-to-one correspondence with phone
sequences, phonemic epsilons (Nulls) are inserted at
appropriate places. Certain words have alternate
pronunciations where a single grapheme maps to more
than one phone. For e.g the grapheme ¢ in £ [:< d
can be pronounced as either /ch/ or /s/. We deal with this
case by adding a new entry /ch*s/ in the phone set. The
set of allowed phones is also specified for each
grapheme to align them with the corresponding phone.

4.2. Training of decision trees
The basic decision tree consists of a set of yes-no
questions and a procedure to select the best question in a
way to maximize the information gain at every node split
to grow the tree from the root [8]. This information can
be quantified as entropy, eqn. (1). The split continues
until the increase in information – decrease in entropy,
as in eqn. (2), falls below a threshold. The entropy E is
defined as

E=−

¤

n
i =1

f i log 2 f i

5. Experiments

(1)

where fi is the relative frequency of occurrence for the ith
phoneme, and N is the number of phonemes.
s

For an attribute, the entropy after the split, E is
computed as the average of the entropies of the subsets.
The information gain G for an attribute is given by

G = E - Es

(2)

We have used EMILLE corpus [10] for our
experiments. This corpus is represented in Unicode and
for ease of being handled by the software, we converted
them to an ASCII like representation. We selected
85,000 words from the corpus and generated the lexicon
to train the decision tree. The decision trees are
implemented using Weka [11], a tool for experimenting
with machine learning algorithms developed at the
University of Waikato, New Zealand.

4.3.Questions for decision trees

5.1. Rule based g2p system

The basic yes-no question for G2P conversion looks
like “Is the first left grapheme ‘m’?”.Questions for
phones are not included as they are much similar to
questions for graphemes in Tamil. The range of question
positions must be enough to cover the long-distance
phonological variations. It was found that a 5-grapheme
window (2 for left context and 2 for right context) is
generally sufficient. A primitive set would be the set of
all the singleton questions (question about a single
alphabet). One problem with allowing only simple
questions is that the data may be over-fragmented,
resulting in similar leaves in different locations of the
tree. Splitting data across different nodes leads to
redundant clusters, reduced trainability and less accurate
entropy reduction [9].

The rule-based system is prepared to capture the
grapheme-phoneme dependencies in terms of simple
linguistic rules using just one right and one left context.
Capturing rules beyond one grapheme span is very
difficult in a rule-based system. The system is tested for
its accuracy and is listed in Table.2

We observed that if we allow the node to have a
complex question with phonetically relevant questions
like “Is the left grapheme a nasal?”, the depth of the tree
will be greatly reduced and the performance improved.
Complex questions can also alleviate the data
fragmentation problem caused by the greedy nature of
the decision tree algorithm. vowels, consonants, nasals,
stops, glides and retroflex are some of the phone clusters
used for generating the composite questions.

4.4. Generation of phone sequences
After the decision trees are trained, they can be used
for generating phone sequences for the words in the
vocabulary. For each word, a phoneme sequence is
generated by going through the word from left to right
one grapheme at a time. Based on the contextual
information the tree is traversed starting at the root node.
The program traverses through the tree until a leaf is
reached and the identity of the leaf is the transcription
for the current grapheme. Then the process moves on to
the next grapheme in a similar way. In case of
pseudophonemes
alternative
pronunciations
are
produced
to
get
the
final
transcriptions.
For
eg.
¥o¦§<¨©ª
/ch*s ae n h ax y/ is expanded as /ch ae n
h ax y/ and /s ae n h ax y/.

5.2.Decision tree based g2p
Decision trees to produce transcriptions are trained
using a manually generated lexicon. The lexicon was
initially bootstrapped using the rule-based system and
refined manually by an expert linguist. First, we used
singleton questions about the grapheme identity to build
the decision trees. The system is tested and the accuracy
is compared with the rule-based approach.
Further, to enhance the accuracy, we formed
phonetically motivated cluster of phones like nasals,
front vowels, back vowels, consonants, stops, etc. and
used these as questions (complex questions) to train the
trees. (Table.2) lists the performance results for this
experiment.
g2p System
Rule-Based
Decision TreeSingleton Questions
Decision TreeComplex Questions

Word Level
94%

Phone Level
95.5%

96.5%

98%

98%

98.5%

Table.2. Simple Vs Composite questions for g2p

6. Conclusion and future work
We have presented a system using decision tree
clustering for grapheme to phoneme conversion. The
present approach out-performs our previous rule based
system.
This approach is suitable for applications like
mobile communication environment, where the
vocabulary is dynamic and has limited memory to store
huge pronunciation lexicons.
To improve the accuracy further, it may be worth
including other knowledge sources like phone n-grams

as a post-processor. Also, inclusion of lexical tags in the
attribute list may also enhance the accuracy [12]. Work
in this direction is being pursued.

[11]
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