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ABSTRACT
In this paper a method for the automatic construction of a lexicon
with multiple entries per word is described. The basic idea is to
transform a reference word transcription by means of stochastic
pronunciation rules that can be learned automatically. This ap-
proach already proved its potential (Cremelie & Martens, 1999),
and is now brought to a much higher level of performance. Rel-
ative reductions of the word error rate (WER) of 20 % (open
vocabulary) to 45 % (closed vocabulary) are now within reach.

1. INTRODUCTION
It is generally acknowledged that ASR can still benefit from im-
provements at all processing levels: feature extraction, acoustic,
lexical and language modeling. Most of the benefits so far came
from the acoustic level, e.g. by introducing dynamic features,
context-dependent phone models and state tying on the basis of
decision trees. The advances in language modeling and lexical
modeling were much less rewarding. Nevertheless, most modern
recognizers use a partly handcrafted lexicon comprising multi-
ple pronunciations of frequent words (Lamel & Adda, 1996), and
there is a growing interest in automatic pronunciation modeling
for ASR (see Strik & Cucchiarini (1999) for an overview).

In this paper we propose a methodology for the automatic de-
velopment of a lexicon comprising multiple pronunciations per
word. Section 2 describes the general outline of this approach,
sections 3 to 5 the details, and section 6 the evaluation experiments
that were carried out.

2. GENERAL OUTLINE OF THE APPROACH
The basic ideas underlying our approach are (1) that word pro-
nunciation variants can be obtained by transforming the reference
word transcriptions of a lexicon emerging from available phono-
logical knowledge sources, (2) that these transformations can be
performed by means of stochastic pronunciation rules, and (3) that
these rules can be learned automatically from an orthographically
transcribed speech corpus.

2.1. Stochastic pronunciation rules
The stochastic pronunciation rule format is borrowed from
Cremelie & Martens (1997). If at some place in the reference
transcription a focus pattern F is found, surrounded by left and
right context patterns L and R, then the rule

r : LFR! F
0 with Pfir

is said to match the reference at that place. It can produce two
pronunciations there: one with F transformed to F 0 (probability

Pfir) and one with F left unaltered (probability 1 � Pfir). The
variable length patterns L;R and F together constitute the rule
condition, and (F;F 0) the transformation associatedwith the rule.

Rules with a low firing probability describe situations in which
a transformation is mostly forbidden. They can be interpreted as

r : LFR! not F 0 with 1� Pfir

and are therefore called negative rules. They often describe ex-
ceptions to more general positive rules with a high firing proba-
bility. It is an important property of our rule learning methodology
that it can learn both positive and negative rules at the same time.

2.2. Rule hierarchy
The pronunciation rules cannot be considered independently of
each other. Together they constitute a complex operator which is
governed by a rule hierarchy for resolving the following issues:
(1) what rule to select when different rules can be used to perform
the same transformation, and (2) what transformation to select
when different transformations can be performed?

In order to address the first question, the rules associated with
a particular transformation are ranked according to the length of
their condition, with the longest one on top of the list. Our strategy
is to select at each examined position only the first matching rule
for performing this transformation. This ensures that a negative
rule can prevent a more general rule from performing the same
transformation with a higher probability.

In order to address the second question, we select one rule for
each transformation that is possible at a certain position, and we
rank these rules according to the following criteria (in order of
preference): the condition length, the focus length, the difference
in length betweenF and F 0. Then we determine for each rule the
chance that none of its predecessors has fired, and we let the rule
fire with its firing probability multiplied by that chance.

3. LEARNING THE RULES
Learning rules from a corpus of orthographically transcribed ut-
terances is accomplished in four phases.

3.1. Phase 1: Generating training examples
By concatenating the right reference word transcriptions, one ob-
tains a reference transcription of the utterance. By aligning
the speech with a stochastic automaton modeling the reference
transcription and the phoneme acoustics, one creates an expert
transcription which is supposed to represent the correct pronun-
ciation of that utterance (Cremelie & Martens, 1997).

Both transcriptions are ligned-up with one-another and word
boundaries (symbol ’%’) are inserted in order to allow for a dis-
tinction between word internal, word boundary and cross-word
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orthography: # he is alone now #
phoneme position: 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21
reference transcription: % # % h i % I s % @ l O w n % n A w % # %
expert transcription: % # % h i j % I z % l o n % A w % # %
expert pointers: 1 2 3 4 5 7 8 9 10 10 11 12 12 13 14 14 15 16 17 18 19
discrepancies: - - - - - i - s - d - s d - - d - - - - -

Figure 1. Alignment data: expert pointers marking the expert phonemes that were ligned-up with the reference phonemes, and
discrepancies (deletions, insertions, substitutions) between the two transcriptions. The orthography is always terminated by utterance
boundaries (’#’).

phenomena. An example of the alignment data which is supplied
to the rule learning process is depicted in Figure 1.

3.2. Basic principles
To facilitate the rule learning and the variant generation, we have
adopted the following basic principles:

1. If consecutive phonemes in the reference transcription must
be transformed, this must be accomplished by a single rule.

2. Any focus consisting of more thanNF phonemesis supposed
to emerge from an erroneous expert transcription or an error
in the alignment data. Any transformation of such a focus is
considered invalid.

3. Any transformation that would induce the deletion of an en-
tire word is considered invalid as well.

4. The condition of a rule is not allowed to extend over more
than two consecutive words.

5. The left/right context of a rule is not allowed to comprise
more than NLR phonemes (word boundaries excluded).

Since reference word boundaries are always ligned-up with expert
word boundaries, the first principle implies that a focus never
contains a word boundary. This is a drastic change with respect
to our earlier work (Cremelie & Martens 1997, 1999).

3.3. Phase 2: Identifying candidate rules
In this phase, the system locates the discrepancyareas, and collects
the corresponding transformations (F;F 0). The valid transforma-
tions are included in the so called transformation list. For the
example of Figure 1, the transformations are: (�,j) at position 6,
(s,z) at position 8, (@,�) at position 10, (O w,o) at position 12
and (n,�) at position 16.

As it will not be possible to explain all observed pronunciation
variations by means of a concise rule set, transformations occur-
ring less than a specified number of times (N trans) are removed.

In order to identify under which circumstances (conditions) the
retained transformations occur, the alignment data are reexamined.
Every time an (F;F 0) belonging to the retained transformation
list is found, the patterns F;xF;Fx;xxF;xFx;Fxx; ::: (with
’x’ representing surrounding phonemes) are accepted as potential
rule conditions, for as far as they do not violate the principles
outlined in section 3.2.. For each (F;F 0) one thus constructs a
rule list which is ranked according to the condition length.

3.4. Phase 3: Learning the firing probabilities
In this phase, the aligment data are examined for the third time.
This time however, the analysis is not restricted to the discrepancy
areas.

Per position (p), there are maximum NF + 1 admissible fo-
cusses: the empty focus and the focusses consisting of the first
k (� NF ) phonemes starting from p. That not necessarily all
NF + 1 focusses are admissible is due to two reasons: (1) the fo-
cus is not allowed to include a word boundary, and (2) there may

be no transformations of that focus in the created transformation
list.

For each transformation with an admissible focus, the first
matching rule is selected. Then, all these selected rules are ranked
according to the rule hierarchy.

In order to determine the firing probabilities, two countersn1(r)
and n2(r) are associated with each rule. For updating these coun-
ters, the reference transcription is scanned from left to right and
per position p, the following operations are performed:

1. Identify the transformation (F;F 0) (if any) to perform
2. If an invalid transformation is discovered, ignore it (incre-

ment p by the focus length), in any other case:
(a) Construct the list of selected rules, set executable=true.
(b) As long as executable=true, do the following for each

selected rule: increment its n1 and if its transformation
is the one to perform, then increment its n2, set exe-
cutable=false and add length(F ) to p.

(c) Increment p.
The firing probability is then given by Pfir(r) = n2(r)=n1(r).

3.5. Phase 4: Pruning the rule set
In this phase, the system will reduce the rule set without too
much affecting the knowledge it contains. The rule pruning is
an iterative process that is stopped when no rules were pruned
anymore during an iteration.

Per iteration all transformations are investigated one by one,
and once this is accomplished, the training data are reexamined
against the new rule set. Per transformation, the system searches
for the first rule that can be pruned, and continues by trying to
remove other associated rules of the same condition length.

The rule pruning strategy relies on the notions of child (C) and
parent (P ) rules. Both perform the same transformation, but the
parent condition is obtained by stripping off the initial or final
phoneme of the child condition.

For each selected rule C there remains an average uncertainty
about whether it will fire or not. The posterior entropy associated
with the positions selectingC is given by

H(n1(C); n2(C))
:
= �n2(C) log

n2(C)

n1(C)

�

�
n1(C)� n2(C)

�
log
�

1 �
n2(C)

n1(C)

�

If one now assumes that by omitting rule C the rule selection will
change from C to P , the uncertainty before and after the removal
of C can be computed as

Hbefore = H(n1(C); n2(C)) + H(n1(P ); n2(P ))

Hafter = H(n1(C) + n1(P ); n2(C) + n2(P ))

A good strategy would be to accept an omission if

∆Hcp =
jHbefore � Hafterj

n1(C) + n1(P )
< Dcp

In practice, the investigation of rule C goes like this:



1. Identify the parent P with the smallest ∆Hcp.
2. If ruleC is selected less thanNrs times, or if ∆Hcp is smaller

thanDcp, then removeC and add its counters to those of P .
3. If C was removed and the identified parent P was just the

second parent of C in the rule list, then interchange it with
the first parent of C .

The process is controlled by two variables: N rs andDcp.

4. THE VARIANT GENERATION PROCESS
The variant generation process applies the rules to create pronun-
ciation variants of a single word. These variants will all together
constitute the pronunciation model of that word. It is important
to make the variant generation compatible with the rule learning
process. This is not trivial given that the latter one operates on
whole utterances rather than on single words.

4.1. Context-specific variant lists
When there are cross-word rules (defined as having a condition
extending over a word boundary), the variant generation process
will first produce a variant list for every relevant word context,
and then compile all lists in one pronunciation model. Suppose
that the word is has (reference transcription /h a z/) and that the
cross-word rules are

r1: n % h a z �!�

r2: @ r % r �! �

r3: z % s �! s

Together with the empty context, the left context of r1 and the
right context of r3 must be considered as potential left/right word
contexts. This leads to 4 so called context-dependent extended
references for the given word:

� � � % h a z % � � �, � � � % h a z % s � �
� � n % h a z % � � �, � � n % h a z % s � �

with the stars being added to obtain word contexts of the maximum
length of a cross-word rule context (which is NLR + 1). During
the variant list generation, the stars are assumed to match with
nothing else. This way, all variants will be created assuming that
just the specified non-star context part is present.

Note that for building pronunciation models for a recognizer
with a given lexicon and language model, one only needs to gen-
erate variant lists for word contexts that can occur given these
extra restrictions.

4.2. Variant list generation
Per extended reference, a list of variants will be created. It is
initialized with one variant, the extended reference. Gradually,
more and more variants are added by letting selected rules act
on existing variants at different positions. During this process,
each variant has a head resulting from former operations, and a
tail that is susceptible to further transformations. The tail is a
copy of the reference tail, and its initial phoneme is marked by a
variant pointer pv , its corresponding position in the reference by
a reference pointer p r .

Once the pointers and the probability of the initial variant are
filled in, the extended reference is scanned from left to right, and
for every position p the following operations are performed:

1. Check whether there are variants whose p r = p. If there are,
construct the list of selected rules f(rpi : Fpi; F 0

pi)g.
2. For each existing variant whose pointer p r is equal to p:

� Set Pnovar = Po, the probability of this variant.
� For every selected rule (rpi):

– Compute Pvar as Pnovar � Pfir(rpi)
– If Pvar � Pmin , let the rule fire to create a

new variant (perform associated transformation, at-
tach a probability Pvar=Po to phoneme pv, add
length(Fpi)+1 to pr , add length(F 0

pi)+1 to pv , set
new variant probability to Pvar), and multiply
Pnovar by 1� Pfir(rpi).

� If Pnovar � Pmin, then modify the existing variant as
follows: attach a probabilityPnovar=Po to phoneme pv ,
replace the variant probability by Pnovar and increment
the pointers pv and pr .

� If Pnovar < Pmin, then remove the existing variant
from the variant list.

If there are I selected rules, I new variants with probabilities

Pvi = Po Pfir(rpi)

i�1Y
k=1

(1 � Pfir(rpk)); i = 1; :::; I

can be produced at the examined position, and the existing variant
can remain in the list with a probability

P 0

o = Po

IY
i=1

(1 � Pfir(rpi))

Clearly, Pmin controls the number of variants being produced.

4.3. Compiling the word pronunciation model
A variant list can be represented by a tree shaped network like
the one shown on Figure 2. The left and right word contexts are
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Figure 2. Tree structured network representing 4 pronunciation
variants of the word either (reference transcription /E j th @ r/)

indicated by the labels assigned to the initial and final states.
Although there may be a large number of variant lists per word,

most of the variants will share identical parts. This explains why
the procedure outlined in Cremelie & Martens (1997) can yield a
compact model.

5. INTEGRATING THE MODELS IN A
RECOGNIZER

A word pronunciation model can formally be described as a black
box characterized by a reference transcription and a number of
inputs/outputs that are labeled with the condition to be met by
the connecting word. If the recognizer wants to move from word
Wi to word Wj , it can only do so via the output of Wi whose
condition best matches the reference transcription of W j (count
number of matching phonemes), and via the input of W j whose
condition best matches the reference transcription of W i.

6. EXPERIMENTS ON TIMIT
All experiments described in this section were carried out on the
TIMIT database (Lamel et al, 1986). It contains spoken utterances
of 462 training and 168 test speakers: 3150 SX-sentences (5 per
speaker) taken from a limited set of 450 different phonetically rich
sentenceswith a vocabularyof 1793 words, and 1890 SI-sentences



(3 per speaker) being all different and with a vocabulary of 5143
words. The total vocabulary (SX+SI) is 6224 words. A bigram
language model was derived to model all the TIMIT sentences
(Cremelie & Martens, 1999).

6.1. System configuration
The experiments were carried out with a segment-based recog-
nizer incorporating context-independent acoustic models that were
trained discriminatively (Verhasselt & Martens, 1998). The lex-
icon was either composed of the reference word pronunciations
provided with the database, or the pronunciation models created
by our method. In both cases, the pronunciation models were sup-
plemented with error arcs (allowing for deletion, insertion and sub-
stitution of phonemes) (Cremelie & Martens, 1997) characterized
by error probabilities that can be trained automatically. In fact, in
combination with the reference transcription, these arcs represent
context-independent pronunciation rules of the form F �! F 0

with F and F 0 being either single phonemes or empty.
The pronunciation rules were trained on the SX training sen-

tences and tested on all sentences of the core test set. The control
variablesNF andNLR were fixed to 5 and 2 respectively.

6.2. Baseline system
The baseline system (BS) is the same one that was mentioned in
Cremelie & Martens (1999). It incorporates the lexicon supplied
with the database. Its performances on the different parts of the
core test set are listed in Table 1. That the WERs are not exactly

SX+SI SX SI
8.41 4.03 14.31

Table 1. Baseline performances (WER in %) on core test set

the same as those mentioned in Cremelie & Martens (1999) is due
to the fact that the procedure for training the error probabilities
was slightly modified. Although this did not cause any drop in the
SX+SI error rate, it did cause an improvement of the SX results
(which is the closed vocabulary case).

6.3. Rule learning experiments
It was found that 99.4 % of the pronunciation variations observed
in the training data can be explained by 659 different valid trans-
formations. By setting Ntrans = 5, still 90 % of these variations
can be explained by just 156 transformations.

By changingNrs andDcp, one can control the size of the rule
set that is retained. For Ntrans = 5, it was found that increasing
Dcp resulted in a smooth reduction of the rule set size, provided
Nrs is sufficiently large (� 8).

6.4. Variant generation experiments
The average number of variants per word is almost completely
determined by Pmin. It does not seem to depend much on the
number of retained pronunciation rules.

6.5. Recognition experiments
The performance of the recognizer before and after the automatic
retraining of the error probabilities was measured for different
combinations of Dcp and Pmin (with Ntrans = 5;Nrs = 10).

For Pmin = 0:05, the recognition performance was measured
as a function of the rule set size (see Table 2). The average number
of variants per word ranged from 2.6 to 2.9. The improvements
over the baseline system are substantial and pretty stable as a
function of Dcp.

Dcp nr of rules SX+SI SX SI
0 2289 6.46 3.08 11.02

6.28 2.83 10.89
0.005 1181 6.52 3.29 10.87

6.15 2.12 11.59
0.020 628 6.76 2.76 12.16

6.22 2.55 11.16

Table 2. Recognition performances (WER in %) as a function of
the rule set size. Per size both the results before (top) and after
(bottom) error probability retraining are provided.

For two cases (1181 and 2289 rules), the recognition perfor-
mance was also measured as a function of the average number
of variants per word (Figure 3). For the closed vocabulary case
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Figure 3. WER/WER(BS) (in %) after error probability retraining
as a function of the number of variants/word. To control this
number, Pmin was changed from 0.01 to 0.3

(train and test on SX), we find relative improvements of 30...45 %
with respect to the baseline. This is significantly more than the
15 % reported in Cremelie & Martens (1999). For the open vo-
cabulary situation (train on SX, test on SI) the improvement is
less (around 20 %), but still significant. I.e., the rules do general-
ize to another vocabulary. The optimal performance is found for
Pmin 2 (0:04;0:1).
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