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Abstract

We describe the application of decision trees to the automatic conversion of pronunciations between American, British and South
African English accents. The resulting phoneme-to-phoneme (P2P) conversion technique derives the pronunciation of a word in a
new target accent by taking advantage of its existing available pronunciation in a different source accent. We find that it is substantially
more accurate to derive pronunciations in this way than directly from the orthography and available target accent pronunciations using
more conventional grapheme-to-phoneme (G2P) conversion. Furthermore, by including both the graphemes and the phonemes of the
source accent, grapheme-and-phoneme-to-phoneme (GP2P) conversion delivers additional increases in accuracy in relation to P2P.
These findings are particularly important for less-resourced varieties of English, for which extensive manually-prepared pronunciation
dictionaries are not available. By means of the P2P and GP2P approaches, the pronunciations of new words can be obtained with better
accuracy than is possible using G2P methods.
� 2010 Elsevier B.V. All rights reserved.
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1. Introduction

The pronunciation dictionary is a key component of an
Automatic Speech Recognition (ASR) as well as a text to
speech (TTS) system. However, the development of this dic-
tionary involves a great deal of time and effort by linguistic
experts, a process that may be prohibitively expensive for
under-resourced languages and accents. Nevertheless pho-
netic transcriptions in the appropriate accent can improve
both ASR accuracy (Humphries et al., 2001) and TTS qual-
ity (Damper et al., 1999).

We consider the scenario where the pronunciations of
words not in the dictionary are sought, and where these
pronunciations are already available in a different accent
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of the language in question. It will be shown that, in this
situation, data-driven techniques similar to those used in
grapheme-to-phoneme (G2P) conversion can be used to
obtain the desired pronunciation from the existing pronun-
ciation, instead of from the graphemes. This amounts to a
conversion between the two accents.

In our experimental evaluation, we focus on General
American (GenAm), Received Pronunciation (RP) and
Standard South African English (SSAE). The first two are
commonly-used and widely-studied reference accents for
American and British English, respectively (Wells, 1982).
In South Africa, a number of different English accents are
prevalent. The accent generally used by first-language
speakers is commonly referred to as Standard South
African English and has been described as fairly similar to
RP (Bowerman, 2004; Bekker, 2009). An important distin-
guishing factor of SSAE is the characteristic split of Wells’
KIT vowel. This vowel appears in words like kit, thin and
sit, and in SSAE has two clear allophonic variations: one
close and one more central (Wells, 1982). While these words
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Table 2
Phoneme mappings used to achieve a common
phoneset.

Dictionary Mapping

BEEP /oh/) /aa/

/ia/) /ih ax/

/ea/) /eh ax/

/ua/) /uh ax/

PRONLEX /wh/) /w/

/en/) /ax n/
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contain a single vowel sound in most English accents, they
are pronounced using two different vowel sounds in SSAE.

From our perspective the objective of accent conversion
is to determine whether British or American pronuncia-
tions can be used to complement our still fairly small SSAE
pronunciation dictionary, and how this can be done best.
However, we believe that the techniques we consider are
generally applicable to any accent pair.

The following section will describe the data upon which
our experimental evaluation is based. Sections 3–5 then
describe three alternative techniques that can be used to
obtain pronunciations of new words. Finally, Section 7 dis-
cusses the results and Section 8 concludes.

2. Dictionaries

Four dictionaries were used to represent the three
accents which we consider, and are described shortly in
the following.

CMUDICT and PRONLEX were used to represent
GenAm pronunciations. CMUDICT was developed at
Carnegie Mellon University (CMU, 2009). This dictionary
contains words drawn from a variety of sources, including
an initial subset of over 20,000 words developed by hand
and extensively verified at CMU. Other sources of pronun-
ciations for CMUDICT include the Shoup and the Dragon
dictionaries. PRONLEX is the COMLEX English Pro-
nouncing Lexicon, and was hand-transcribed at the Lin-
guistic Data Consortium (LDC, 2009).

The BEEP dictionary was used to represent RP and is
drawn primarily from the Medical Research Council
(MRC) Psycholinguistic Database and the Computer
Usable Oxford Advanced Learners Dictionary (BEEP,
2009). In addition, it contains pronunciations provided
by sources at Durham and Oxford Universities.

SSAE pronunciations were obtained from SAEDICT, a
pronunciation dictionary under development at Stel-
lenbosch University. All pronunciations in SAEDICT were
transcribed by the same linguistic specialist to ensure con-
sistency. Transcriptions were chosen to reflect commonly
accepted SSAE pronunciations.

Table 1 describes each dictionary in terms of the number
of words it contains, the total number of pronunciations
and the average number of pronunciations per word (P/
W). The number of pronunciations and P/W is also given
for a set of 23,031 words common to all four dictionaries,
as will be described in Section 2.2.
Table 1
Number of entries in the four pronunciation dictionaries.

Dictionary Entire dictionary

Words Prons P/W

SAEDICT 30,390 36,954 1.
BEEP 237,592 256,998 1.
CMUDICT 123,292 133,694 1.
PRONLEX 90,919 99,978 1.
2.1. Phoneset

ARPABET (Rabiner and Juang, 1993) was chosen as
the common phoneset in which to analyse the four dictio-
naries. Both BEEP and CMUDICT already use ARP-
ABET, while PRONLEX uses an ARPABET short-hand
that can easily be converted to standard ARPABET. SAE-
DICT uses a phoneset, based on IPA, developed to
describe the languages of Southern Africa (Niesler et al.,
2005). This was converted to ARPABET by means of a
mapping based on the closest IPA symbol.

A small number of phonemes was found to be present in
only a single dictionary, and these were mapped to alterna-
tive phonemes as indicated in Table 2. This normalisation
ensures that the phonesets used by the four dictionaries
match exactly.

2.2. Wordlist

In order to compare pronunciations, the set of words
common to all four dictionaries was determined. Before
extracting this set, all words were automatically converted
to standard UK spelling using tools developed at the Uni-
versity of Sheffield (Wan et al., 2008). The set of common
words contained 23,031 entries.

There are a number of words in each dictionary with
multiple pronunciations, either homographs (words with
the same spelling but different pronunciations), or words
with alternate pronunciations. The number of pronuncia-
tions vary, but all four dictionaries contain an average of
between 1.11 and 1.22 pronunciations per word, as
reflected in Table 1. Of the 23,031 words common to all
four dictionaries, 9344 have multiple pronunciations in at
least one dictionary.
Common set

Words Prons P/W

22 23,031 28,087 1.22
08 23,031 25,576 1.11
08 23,031 26,771 1.16
11 23,031 25,471 1.11
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Table 4
Accuracies (%) of direct pronunciation alignments between dictionaries.

Dictionary pair Phoneme Vowel Cons Word

BEEP () SAEDICT 92.1 84.5 96.9 59.6
CMUDICT () SAEDICT 81.6 59.8 95.2 29.4
PRONLEX () SAEDICT 87.3 72.8 96.2 43.0
CMUDICT () BEEP 84.7 67.7 94.6 37.8
PRONLEX () BEEP 89.4 79.0 95.6 50.6
PRONLEX () CMUDICT 89.0 73.2 98.6 50.7
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2.3. Pronunciation alignments

The pronunciations of corresponding words in the three
accents were aligned using a dynamic programming algo-
rithm that will be described in Section 3.1. This was done
so that accents could be compared directly, as will be
described in the following section. However, the alignments
will also be used to obtain the one-to-one correspondences
between phonemes in different accents. These correspon-
dences are needed to train the decision trees that will be
responsible for inter-accent conversions (described in Sec-
tions 4 and 5).

As an example, the alignment between SSAE and RP
pronunciations of the word “reactions” is shown in Table
3. Nulls have been introduced where a phoneme has no
counterpart in the other string (i.e. insertions and dele-
tions). In this case the /ax/ in the SSAE pronunciation is
deleted in RP.

Words with multiple pronunciations pose a problem
both when comparing two dictionaries, and when subse-
quently using the aligned pronunciations to train decision
trees for accent conversion. Our solution has been to use
only the single pair of pronunciations per word (one from
each dictionary) that gives the best alignment. An alterna-
tive approach is to consider all the possible pairings of pro-
nunciations between the two dictionaries. However,
preliminary experiments indicated that this did not influ-
ence the relative accuracies obtained for the various
accents. Hence, the simpler approach of using the best-
aligned pair was chosen for all further experiments.

2.4. Direct pronunciation comparison

In order to obtain a baseline for inter-accent similarity
against which accent conversion can later be compared, a
direct phonetic comparison of the different accents was per-
formed. A summary of the results obtained for the 23,031
common words described in Section 2.2 is given in Table 4.
The phoneme accuracy was calculated according to Eq. (1),
where Nc, Ni and Nt are the numbers of correct, inserted
and total phonemes, respectively. This accuracy is given
for all phonemes, and separately for vowels and for conso-
nants. The last column indicates the percentage of words
that have identical pronunciations.

Acc ¼ N c � Ni

Nt
: ð1Þ

It is clear from Table 4 that SAEDICT and BEEP match
most closely, while the poorest correspondence is found
between CMUDICT and SAEDICT. On average, the
American pronunciations are closer to RP than to SSAE.
Table 3
Two aligned pronunciations of the word “reactions”.

SAEDICT r ih ae k sh ax n s

BEEP r ih ae k sh – n z

K

Furthermore, vowels differ more strongly than consonants
between accents. While at least 94.6% of consonants
matched between any pair of dictionaries, this figure varied
between 59.8% and 84.5% for vowels. A more detailed
analysis of the phonetic differences between the three
accents can be found in (Loots and Niesler, 2009).
3. Grapheme-to-phoneme conversion (G2P)

G2P conversion is the process of determining a word’s
pronunciation from its spelling. Several data-driven G2P
methods have been suggested in the literature, including
decision trees (Black et al., 1998; Suontausta and Häkki-
nen, 2000; Kienappel and Kneser, 2001; Webster and
Braunschweiler, 2008), HMMs (Taylor, 2005), pronuncia-
tion by analogy (Marchand and Damper, 2000) and mem-
ory-based learning (Daelemans et al., 1999). Decision trees
have been shown to yield competitive accuracy in G2P con-
version (Han and Chen, 2004) and to be a highly compet-
itive approach to the generation of accent-specific
pronunciation variants for ASR (Humphries et al., 2001).
We have chosen decision trees as the method with which
we will investigate the success of accent conversion.

Although this paper does not focus on G2P systems, the
methods used for accent conversion in Sections 4 and 5 are
based on analogous techniques. Hence, G2P conversion by
means of decision trees will be reviewed first, and used as a
further baseline against which the later systems can be
measured.

For G2P conversion, the graphemes and their context
form the input of the decision tree classifier, and the pho-
nemes the output class. Pronunciations are generated by
sequentially passing graphemes and their context through
the tree, assigning each to a phoneme class, and then con-
catenating these output phonemes. This process is illus-
trated in Fig. 1.
3.1. Aligning graphemes and phonemes

In order to sequentially generate an output phoneme for
each grapheme, the decision tree requires a one-to-one
correspondence between the graphemes and the phonemes.
An example of such an alignment is shown in Table 5.

Discrepancies in length and alignment between the
graphemes and phonemes are dealt with by inserting nulls
into the phoneme string (for letters not corresponding to a
phoneme), and by combining pairs of phonemes into
IPR2026-00272 
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Fig. 1. Diagrammatic representation of grapheme-to-phoneme (G2P)
conversion using decision trees.
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double phonemes for the relatively few cases where one
grapheme corresponds to two phonemes (Damper et al.,
2004; Suontausta and Häkkinen, 2000).

The primary method of aligning graphemic and pho-
netic strings uses the Viterbi algorithm (Daelemans and
van den Bosch, 1994; Andersen et al., 1996; Pagel et al.,
1998). The process begins by estimating P(G,P), the uni-
gram probability that a given grapheme is associated with
a given phoneme. This is estimated using those words that
have graphemic and phonetic strings of equal length
(Andersen et al., 1996). Optimal alignments based on these
estimated probabilities are then generated by means of
dynamic programming for all words in the corpus. The
newly-aligned words are then used to recalculate the
unigram probabilities, and the process is repeated until
the distributions converge (Pagel et al., 1998; Webster
and Braunschweiler, 2008).

Double phonemes can be determined automatically by
iteratively repeating this process. First, suitable double
phonemes are identified from unsuccessful alignments
between grapheme and phoneme strings. Alignment is sub-
sequently re-attempted, and the process repeated until all
words align with their pronunciations.
Table 5
An example of grapheme-to-phoneme (G2P) alignment for the word
“extreme”.

Grapheme e x t r e m e

Phoneme eh k s t r iy m –
3.2. Decision trees for G2P

We have employed deterministic binary decision trees
for G2P conversion, for which each node is associated with
a true/false question regarding the input grapheme and its
context. The tree is traversed from the root by recursively
using the answer of each node’s question to determine
which child node to choose. Each leaf node is associated
with an output phoneme, which constitutes the classifica-
tion result (Breiman et al., 1984). This process produces a
single pronunciation for the presented orthography.

Decision trees are grown recursively. For each new node
the available training data are split according to all possible
questions. The question which results in the greatest
entropy gain is then chosen for that node (Suontausta
and Häkkinen, 2000). For a node t with entropy i(t), chil-
dren tL and tR with respective entropies i(tL) and i(tR), and
the proportion of node t’s data associated with each child
given by pL and pR such that both are non-negative and
sum to unity, the entropy gain is (Breiman et al., 1984):

Di ¼ iðtÞ � pLiðtLÞ � pRiðtRÞ: ð2Þ

When choosing the question with the largest Di, i(t) can
be omitted from the calculation with no loss of generality
as it remains constant for all questions at a given node.
Furthermore pk can be approximated by the relative fre-
quency N tk=Nt for a child node tk, while 1/Nt is constant
for all questions.

Di ¼
X

8children k

X
8phonemes p

N tk ;p log
N tk ;p

N tk

� �
: ð3Þ

It is therefore sufficient to maximise Eq. (3) in order to
determine the optimal question for a new decision tree
node (Kienappel and Kneser, 2001).
3.3. Decision tree training and testing

A G2P decision tree includes many parameters, the most
important of which are the number of graphemes and pre-
viously generated phonemes included in the context, the
direction of the conversion, the use of clusters, and the
use of pruning (Webster and Braunschweiler, 2008).

To obtain values for these parameters in our G2P
experiments, the phoneme accuracy of the decision tree
was optimised on a held-out development set within a 10-
fold cross-validation framework. This was achieved by
dividing the 23,031 common words described in Section
2.2 into 10 non-overlapping and approximately equally-
sized partitions. Reserving each partition in turn for later
use as a test set, the remaining 9 partitions (corresponding
to 90% of the data) were again subdivided into 10 equal
partitions. The first of these sub-partitions served as a
development set, and the remaining 9 as a training set for
parameter optimisation. Decision trees were trained on this
training set for a range of parameter values, and those that
lead to the highest phoneme accuracy measured on the
IPR2026-00272 
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Table 6
Grapheme-to-phoneme (G2P) accuracies for the four dictionaries, with
95% confidence intervals and decision tree sizes.

Dictionary Phoneme (%) Word (%) Size (nodes)

SAEDICT 90.67 ± 0.54 59.64 18,064
BEEP 91.76 ± 0.53 65.24 14,164
CMUDICT 91.26 ± 0.54 63.29 15,328
PRONLEX 92.22 ± 0.51 65.82 14,044
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associated development set were identified as optimal. This
process was repeated for each of the 10 partitions of the
23,031-word data set. In general, different optimal param-
eter values were obtained in each case.

The data partitioning must be carefully considered, as
training, development and testing datasets should be prop-
erly representative of the dictionary (and thus the lan-
guage) as a whole. Furthermore, it is important that
there is not too much overlap between the data partitions,
as might occur between words with the same root but dif-
ferent affixes. This should be avoided because it can cause
the test or development data to be unrealistically similar to
the training data, leading to results that are not properly
indicative of the system’s performance on completely
unknown words. Error rates have been reported to drop
by a relative margin of up to 60% when training and test
data contain words with overlapping roots (Demberg
et al., 2007).

We have chosen to first sort the 23,031 words alphabet-
ically, and then assign groups of 10 consecutive words at a
time to the 10 cross-validation partitions. The same proce-
dure was followed for the nested subdivision into develop-
ment and training partitions for parameter optimisation.
Manual inspection showed this strategy, described in
(Kienappel and Kneser, 2001), to consign most related
words to the same dataset. In comparison, the use of ran-
dom selection gave more optimistic results, with an abso-
lute increase in word accuracy of approximately 10%
observed for G2P conversion.

The optimal number of graphemes and previously gen-
erated phonemes included in the G2P context, the best
direction of the conversion, whether and which clusters
should be included, and whether and how pruning should
be applied, was determined by 10-fold cross-validation
for each of the four dictionaries, leading to a total of 40
optimised parameter sets.

In agreement with the findings of others, the highest
accuracy was obtained when including on average three
graphemes to the left and four to the right of the focus
grapheme, as well as the four phonemes most recently pro-
duced as part of the G2P process, while converting from
right-to-left (Pagel et al., 1998; Torkkola, 1993). Note that,
during training, the phonemes in question are taken from
the dictionary pronunciation, while during G2P conversion
the phonemes hypothesised by the decision tree are used.
Since the G2P process is not perfect, this will lead to some
mismatch between training and testing conditions.

The inclusion of questions relating to clusters of pho-
nemes or graphemes, rather than merely individual pho-
nemes or graphemes, was found to improve G2P
performance in 27 of the 40 optimisations, measured in
each case on the respective development set. The clusters
were automatically determined using the greedy optimisa-
tion algorithm described in (Kienappel and Kneser,
2001). For each context position, this algorithm hierarchi-
cally groups graphemes or phonemes into clusters by
means of repeated entropy-based binary splits. Optimal
K

performance was achieved when using on average 26 gra-
phemic and 39 phonemic clusters, although the precise
number depends on the context position as well the devel-
opment set in question. Examples of frequent grapheme
clusters include (c, k, q), (a, o, u) and (s, z), while (/aa/,

/ae/, /eh/, /ao/, /y/) and (/th/, /dh/) were common phoneme
clusters.

Finally, decision tree pruning removes child nodes and
their associated subtrees when these do not contribute at
least a threshold improvement to the classification accu-
racy on a held-out set (Breiman et al., 1984). In 9 of the
40 optimisations, using 5% of the training data for pruning
led to improved performance measured on the respective
development set, but in most cases pruning was not used.

All experiments were performed using software devel-
oped at the University of Stellenbosch.

3.4. Experimental results for G2P

Using the optimal parameters determined in the previ-
ous section, G2P decision trees were trained for each dictio-
nary individually. This allowed us to determine how
accurately pronunciations could be produced based on
training data drawn from the same accent. Together with
the direct pronunciation comparison of Section 2.4, these
results serve as a baseline for the accent conversion tech-
niques that are presented in Sections 4 and 5.

The same 10 disjoint partitions of the 23,031-word data
set described in Section 3.3 were used for training and test-
ing the decision trees. Each of the 10 partitions was
employed as a test set, while decision trees were trained
using the remaining 9 partitions and the corresponding
optimal parameters.

The generated pronunciations for each of the 10 test
partitions were aligned with the pronunciations in the dic-
tionary by dynamic programming. From these alignments
the number of substitutions, insertions and deletions were
determined. The phoneme accuracy was subsequently cal-
culated using Eq. (1), and is presented in Table 6 for each
of the four dictionaries. Word accuracy indicates the per-
centage of words for which the generated and correct pro-
nunciations are identical. Where words have multiple
pronunciations in the target accent, any of these are consid-
ered as correct. In each case the reported percentages are
averages for the 10 cross-validation splits, while 95% con-
fidence intervals were calculated using the bootstrap
method described in (Bisani and Ney, 2004).
IPR2026-00272 
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Fig. 2. Diagrammatic representation of phoneme-to-phoneme (P2P)
conversion using decision trees.
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The results show little variation among the three
accents. It is clear, however, that SAEDICT has the lowest
G2P accuracy, while PRONLEX has the highest. This sug-
gests that SAEDICT has the least regular relationship
between its graphemes and phonemes. This is also reflected
by the substantially larger size of SAEDICT decision trees.
The results are comparable to those found by other
researchers, where accuracies of approximately 91% are
common (Black et al., 1998; Suontausta and Häkkinen,
2000).

4. Phoneme-to-phoneme conversion (P2P)

Grapheme-to-phoneme conversion can be used to esti-
mate the pronunciations of new words, given a set of train-
ing pronunciations in the same accent or language. It is
sometimes the case, however, that pronunciations for the
desired words are already available, but in a different
accent of the same language. For example, the pronuncia-
tions of many words currently not in SAEDICT are avail-
able in CMUDICT, PRONLEX or BEEP. We now
address the question of whether such existing pronuncia-
tions in a different (source) accent can be used to estimate
the pronunciation in the desired (target) accent. Since this
process involves the conversion of one phoneme string
(the source pronunciation) to another (the target pronunci-
ation), it will be referred to as phoneme-to-phoneme (P2P)
conversion.

P2P conversion has been used successfully to correct the
output of a G2P system when applied to the derivation of
pronunciations for proper names (van den Heuvel et al.,
2007). We will not perform an explicit G2P conversion,
but employ the same decision tree based algorithm used
by this approach. In the case of P2P conversion, the pho-
nemes of the source accent take the role of the “graph-
emes” and those of the target accent of the “phonemes”.
This process is shown diagrammatically in Fig. 2.

Parameter optimisation for the P2P decision trees was
carried out using a held-out development set within a 10-
fold cross-validation framework, in an analogous fashion
to the process described in Section 3.3. The optimal num-
ber of phonemes included in the P2P context, the best
direction of the conversion, whether and which clusters
should be included, and whether and how pruning should
be applied, was determined for each of the 12 possible dic-
tionary pairs, leading to a total of 120 optimised parameter
sets.

It was found that the inclusion of on average two pho-
nemes to the left and two to the right of the focus phoneme
was optimal. Including previously generated output pho-
nemes was beneficial in 65 of the 120 optimisations, while
right-to-left conversion was best in 63 cases. The use of
phoneme clusters improved performance in all 120 cases.
In contrast to the G2P findings, decision tree pruning also
led to improved performance, with the best results
obtained when between 40% and 50% of the dictionary
was used for training and the remainder for pruning. A
notable difference between the G2P and P2P approaches
is a higher incidence of insertions when aligning two pro-
nunciations. While there are relatively few cases of a single
grapheme corresponding to multiple phonemes, there are
many more cases of a single source phoneme correspond-
ing to multiple target phonemes. This led to the use by
the decision tree of a larger number of double phonemes
(treated as a single symbol). A total of 151 double phones
was needed across all dictionary pairs, compared with just
63 for G2P. Double phonemes were determined automati-
cally by iteratively aligning the training pronunciations of
all words in a dictionary pair, finding pronunciations that
could not be aligned, and adding the double phonemes
required for the alignment to succeed. This process was
also employed for G2P conversion, as set out in Section
3.1.

The P2P accent conversion accuracies are given in
Table 7. The phoneme and word accuracies are again cal-
culated as described in Section 3.4. The same 10-fold split
into training and testing data was used in order to make
Tables 6 and 7 directly comparable.

It is clear that the pronunciations that can most accu-
rately be derived from each other are CMUDICT and
PRONLEX. This suggests that the apparent differences
when directly comparing their pronunciations (Table 4)
are at least in part due to systematic differences in the tran-
scription conventions followed, rather than due to funda-
mental differences in the pronunciations.

Overall, the accuracy of the P2P process is considerably
higher than that of G2P conversion. It is also evident that
IPR2026-00272 
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Table 7
Phoneme-to-phoneme (P2P) conversion accuracies between dictionary
pairs, with 95% confidence intervals and decision tree sizes.

Dictionary pair Phoneme
(%)

Word (%) Size
(nodes)

BEEP) SAEDICT 96.19 ± 0.32 79.53 2708
CMUDICT) SAEDICT 94.76 ± 0.36 72.79 3471
PRONLEX) SAEDICT 95.62 ± 0.34 76.69 2951

SAEDICT) BEEP 96.30 ± 0.32 80.77 2794
CMUDICT) BEEP 95.43 ± 0.36 76.89 3143
PRONLEX) BEEP 96.25 ± 0.33 80.82 2776

SAEDICT) CMUDICT 94.54 ± 0.39 72.46 3511
BEEP) CMUDICT 95.28 ± 0.37 75.91 3308
PRONLEX) CMUDICT 97.64 ± 0.26 87.20 1995

SAEDICT) PRONLEX 95.16 ± 0.36 74.44 3221
BEEP) PRONLEX 95.66 ± 0.35 77.31 3005
CMUDICT) PRONLEX 96.81 ± 0.29 82.37 2219
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the decision trees used for P2P conversion are substantially
smaller than those used for G2P conversion. A detailed dis-
cussion of these results is deferred to Section 7.
CurrentPrevious

Fig. 3. Diagrammatic representation of grapheme-and-phoneme-to-pho-
neme (GP2P) conversion using decision trees.

Output phonemes 

••• ODO 
Direction of conversion 

► 
5. Grapheme-and-phoneme-to-phoneme conversion (GP2P)

For some words, there may be information present in
the orthography that is not represented phonetically. For
example, words with different spellings can have identical
pronunciations in one accent but not in another. In our
case this occurs for “spokesmen” and “spokesman”, which
are both pronounced /s p ow k s m ax n/ in BEEP, while
“spokesmen” is pronounced /s p ow k s m eh n/ in
SAEDICT.

The hypothesis that the orthography can provide infor-
mation not already captured by the pronunciation is tested
in the following by using both the graphemes and the pho-
nemes in the source accent to derive the pronunciation in
the target accent. This modification will be referred to as
grapheme-and-phoneme-to-phoneme conversion (GP2P).

In order to employ the source graphemes as additional
context for the decision tree, they are first aligned with
the source phonemes, as described in Section 3.1. In this
case the alignment was used to associate a sequence of zero
or more graphemes with every source phoneme (rather
than associating zero or more phonemes with each
grapheme).

The decision tree question set was extended to include
questions of the type “Does the grapheme sequence aligned
with the phoneme contain the letter X?”. These questions
could be asked of the focus phoneme or of any phoneme
in the input context of the source accent. Fig. 3 illustrates
the GP2P conversion process.

Optimal decision tree parameters were found using the
same process described in Section 4. It was found that
the parameters that produced the best performance for
P2P systems did so also for GP2P systems. The only depar-
ture from this finding was that between 55% and 65% of the
K

training data is best used for pruning, an absolute increase
of approximately 5% relative to the P2P systems. Further
refinements that were considered were allowing questions
to be based on grapheme clusters obtained in an analogous
fashion to the phoneme clusters, including the length of the
grapheme sequence aligned with a source phoneme, and
allowing questions to include fixed grapheme sequences
(n-tuples). However, none of these were found to yield
any further performance improvements during cross-vali-
dation. The results of the GP2P experiments are presented
in Table 8, and will be discussed in relation to the perfor-
mance of G2P and P2P conversion in Section 7.

6. Multiple source dictionaries

A final question addressed by our work is whether the
use of more than one source dictionary could further
improve the performance of the GP2P approaches
described in the previous section. As a specific example,
we considered the two GP2P systems most accurately able
to derive SSAE pronunciations. From Table 8, these are
the BEEP to SAEDICT and PRONLEX to SAEDICT
configurations. The GP2P algorithm was extended by
allowing the decision trees to query the graphemes and
phonemes in both BEEP and PRONLEX. To achieve this,
BEEP was considered the primary and PRONLEX the
IPR2026-00272 
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Table 8
Grapheme-and-phoneme-to-phoneme (GP2P) conversion accuracies
between dictionary pairs, with 95% confidence intervals and decision tree
sizes.

Dictionary pair Phoneme
(%)

Word (%) Size
(nodes)

BEEP) SAEDICT 96.55 ± 0.31 81.58 2362
CMUDICT) SAEDICT 95.60 ± 0.34 76.79 2831
PRONLEX) SAEDICT 96.05 ± 0.33 78.99 2591

SAEDICT) BEEP 97.46 ± 0.27 86.78 1880
CMUDICT) BEEP 96.58 ± 0.32 82.28 2596
PRONLEX) BEEP 96.97 ± 0.30 84.41 2078

SAEDICT) CMUDICT 96.61 ± 0.32 82.38 2313
BEEP) CMUDICT 96.85 ± 0.31 83.96 2362
PRONLEX) CMUDICT 97.87 ± 0.25 88.44 1613

SAEDICT) PRONLEX 97.26 ± 0.27 84.60 2075
BEEP) PRONLEX 97.30 ± 0.28 85.44 1943
CMUDICT) PRONLEX 97.75 ± 0.25 87.22 1551
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additional source, and PRONLEX pronunciations were
aligned with BEEP pronunciations as described in Section
4.

The decision tree question set was extended to include
dictionary-specific questions, such as “Is the preceding
phoneme in PRONLEX a plosive?”. This set of questions
is a superset of those used for GP2P conversion with a sin-
gle source dictionary, as was described in Section 5. Opti-
mal decision tree parameters, again obtained by 10-fold
cross-validation, were found to coincide with those that
were optimal for the single source dictionary GP2P sys-
tems. The results, presented in Table 9, indicate that a
small improvement in performance over the baseline BEEP
to SAEDICT GP2P system was achieved, but that this
improvement is not statistically significant.

It therefore appears that further significant gains using
multiple source dictionaries are not achievable for SSAE.
However, it is possible that the result would be different
for other English accents, or for other languages.
Table 9
Grapheme-and-phoneme-to-phoneme (GP2P) conversion accuracies for SSA
dictionaries, with 95% confidence intervals and decision tree sizes.

GP2P system Phoneme (%)

BEEP) SAEDICT 96.55 ± 0.31
BEEP + PRONLEX) SAEDICT 96.62 ± 0.31

Table 10
Average accuracies achieved by the G2P, P2P and GP2P conversion approach

Dictionary Phoneme (%)

G2P P2P GP2P

) SAEDICT 90.67 95.52 96
) BEEP 91.76 96.00 97
) CMUDICT 91.26 95.82 97
) PRONLEX 92.22 95.88 97

Average 91.48 95.80 96
7. Discussion

When comparing Tables 6 and 7, it is clear that the pro-
nunciation of a word in a new accent is in all cases substan-
tially more accurately determined from its pronunciation in
another accent by means of P2P conversion, than by means
of G2P conversion within the same accent. Furthermore,
Table 8 shows that the use of source graphemes in addition
to source phonemes in GP2P conversion is rewarded with a
further improvement in accuracy. This additional improve-
ment is beyond the 95% confidence interval for all dictio-
nary pairs except CMUDICT to PRONLEX, which is
also the pair for which the highest P2P conversion accuracy
was obtained.

Converting between different accents also gives consid-
erably more accurate results than merely using another
accent’s dictionary, as can be seen from Table 4. Substitut-
ing one English dictionary for another with no modifica-
tions gives at best a 60% and at worst a 30% word
accuracy. For GP2P, however, even the poorest matching
pair of dictionaries achieves a word accuracy above 76%.

Table 10 summarises the results presented in Tables 6–8,
and indicates the average performance across all four dic-
tionaries. The results in the table show that, on average,
P2P conversion leads to a 4.3% absolute improvement in
phoneme accuracy over G2P conversion, which corre-
sponds to a 51% relative decrease in error rate. Further-
more, the percentage of words with pronunciation errors
drops by 14.6%, which is a 40% relative reduction in error.
The move from P2P to GP2P conversion results in an addi-
tional average absolute phoneme accuracy improvement of
1.1%, which corresponds to a 26% relative reduction in the
error rate. The corresponding percentage of incorrectly
pronounced words drops by 5.5%, which is a relative
improvement of 25%. Overall, GP2P conversion achieves
relative reductions of 64% and 55% in the phoneme and
word error rates, respectively, when compared with G2P
conversion.
E when using one (BEEP) and two (BEEP and PRONLEX) source

Word (%) Size (nodes)

81.58 2362
81.84 2272

es.

Word (%)

G2P P2P GP2P

.07 59.64 76.34 79.12

.00 65.24 79.50 84.49

.11 63.29 78.52 84.93

.44 65.82 78.04 85.75

.90 63.50 78.10 83.57
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The introduction of source graphemes in GP2P conver-
sion also led to a considerable reduction in the size of the
decision trees. While P2P conversion employed 2925 nodes
on average, the corresponding figure for GP2P falls to
2183. However, both P2P and GP2P trees are much smaller
than G2P trees which contained 15,400 nodes on average.

Hence, when a word’s pronunciation is not available, as
is fairly common in less prominent accents, it is better to
first search for it in a different pronunciation dictionary.
If it is found, it should be converted to the target accent
by means of GP2P or P2P techniques. G2P methods should
be reserved as a last resort.
8. Summary and conclusions

This study has investigated methods that can be used to
derive the pronunciation of a word in a new accent from its
known pronunciation in another accent of the same
language.

The performance of these techniques has been evaluated
by applying them to three accents of English: RP, GenAm
and South African English. In order to achieve this, four
pronunciation dictionaries were employed: BEEP for RP,
CMUDICT and PRONLEX for GenAm, and SAEDICT
for South African English.

As a baseline for comparison, G2P techniques were first
applied to the dictionaries individually, with comparable
results in all four cases. The G2P algorithm was then mod-
ified to allow conversion of pronunciations from one
accent to another, first using only the phonemes of the
source accent (P2P) and then using both the phonemes
and the graphemes (GP2P).

If we consider the specific case of South African English,
for which pronunciation resources are limited, our experi-
ments show that the pronunciations of 82% of new words
obtained using the developed GP2P conversion technique
are correct. In comparison, this figure is 60% when using
conventional G2P conversion.

Our research can be extended by performing listening
tests, as well as by performing Automatic Speech Recogni-
tion, to determine on a perceptual and an acoustic level
how well the generated pronunciations match the desired
accent. This would provide a further indication of the
validity of our findings. Furthermore, it is possible that
the techniques which we have presented would bear fruit
if applied to other accents of the same language, or even
to related languages, such as Dutch and Afrikaans.
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