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ABSTRACT

Pronunciation variability is present in both native and
foreign words. Since pronunciation variability constitutes a
problem for automatic speech recognition (ASR) systems,
modeling pronunciation variation for ASR has been the
topic of various studies. In most studies, modeling
pronunciation variation was attempted within the standard
framework used in mainstream ASR systems. Given that
some assumptions made within this framework are not in
line with the properties of speech signals and the findings in
human speech recognition, and that the improvements
obtained by modeling pronunciation variation within this
framework have generally been small, it might be better to
look for a new paradigm in which pronunciation variation
can be modeled more accurately. In this paper a novel
paradigm for ASR is presented, which has many potential
advantages for modeling pronunciation variation.

1. INTRODUCTION

With speech, “ya never know what your gonna get”. After
all, no two speech signals are identical, even if they
correspond to the same utterance. This large amount of
pronunciation variability is problematic for ASR
[30,27,29,16,28,2]. This problem, and how it is addressed, is
the topic of the current paper. Section 2 addresses
pronunciation variation in native and foreign words. Special
attention is paid, in section 2 and 3, to computer assisted
language learning (CALL). In section 3, speech recognition
by human listeners and machines is compared, and a novel
approach to ASR is proposed that seems to be better suited
to cope with pronunciation variation than the current
approach used in ASR.

Although listeners generally have less difficulty in coping
with pronunciation variation than machines do, there are
cases in which pronunciation variation is problematic for
human speech recognition too. Many of us will have
experienced this when listening to people who speak a
foreign language, like at this conference, where many
participants speak English although this is not their mother
tongue. If we are not familiar with the specific accent of the
speaker, e.g. a Dutch, German or French accent, we may
find it hard to understand what is being said. However, after
listening to the same speaker for a while, we are likely to
familiarize with the accent to a certain extent and we will
probably be able to understand more. We may wonder why,
at first, it is difficult to understand ‘foreign English’, and
why the perception of ‘foreign English’ gradually improves.
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re these questions and the example related to the topic
paper? This will become clear in the remainder of this

2. PRONUNCIATION VARIATION

s section, I first discuss pronunciation variation in
language (section 2.1), and then I deal with

ciation variation in foreign words (section 2.2).

ative language

the field of ASR, pronunciation variation modeling
ready received considerable attention because of its
ial for improving recognition performance (for an
ew see [29]). Specific workshops on this topic have
rganized in Rolduc in 1998 [30], Sophia-Antipolis in
16] and Estes Park in 2002 [2]; and many papers have
ublished (see e.g. the papers in [30,27,16,2]).

to space limitations and to the fact that a lot of
ation on this topic can be found in the literature, here
confine myself to mentioning that when people

s an ASR-based system, their pronunciation can vary
ntially, from hypo- to hyper-articulation. Many people
in a casual way, and, especially when they pronounce
nt words, a lot of reduction can be observed. Some
, however, tend to hyperarticulate because they think
be easier for the machine to recognize their speech.
, who start with a ‘sloppy’ articulation, may switch to
l articulation within a dialog if the ASR system makes
r (see e.g. [22]).

er to obtain satisfactory performance, the ASR system
 be able to cope with this large range of pronunciation
on. To this end, techniques have been developed to
the acoustic models (for an overview see [32]) and the
n (for an overview see [28]).

oreign words

dition to variation in the native language, much
on can also be observed in foreign words. When

speak their mother tongue they often use foreign
or words with a foreign origin. These words can be

unced in many different ways, which constitutes an
igger problem for standard ‘native’ ASR systems.
in many current applications foreign words (e.g.
) have to be recognized, this issue has recently
ed much attention (see e.g. the papers in [18]).

roblems connected to recognizing foreign words
e even more acute when it comes to recognizing



non-native speech, as is the case in Computer Assisted
Language Learning (CALL) applications. Since it has now
become common practice to integrate ASR components into
CALL systems (see e.g. [8,3]), there is a growing interest in
non-native speech recognition and related problems [3]. In
many CALL systems the speech not only has to be
recognized (in order to determine what has been said), it also
has to be evaluated (in order to determine how it has been
said). For good performance separate components have to
be developed and optimized for these two phases: (1)
recognition and (2) evaluation.

The goal of the first phase in CALL systems is to determine
the content of what has been said. Recognizing non-native
speech is quite difficult. The performance of standard
‘native’ ASR systems is too low for most CALL
applications. Recognition performance can be enhanced by
using ASR systems that are specially developed and
optimized for non-native speech, e.g. by means of
adaptation of the acoustic models and the lexicon [31,9]. In
the second phase the pronunciation has to be evaluated, and
pronunciation errors have to be detected. For these purposes,
standard adaptation is not a good strategy. An obvious
method of evaluation seems to be to compare the
pronunciation of a language learner to that of a native.
However, this is less straightforward than it might seem at
first, amongst others for the following reasons. How to
define good ‘native’ references, the so -called ‘golden
voices’? Furthermore, just storing a few references is not
enough, since one cannot expect the language learners to
mimic (one of) these few references. It would be better to
store a very large number of ‘native’ reference speakers,
since in this way the chances are increased that there is a
reference speaker whose characteristics are close to those of
the language learner. However, as far as I know, this has not
yet been attempted in CALL systems. In current systems,
either the students’ speech is compared to a few references
or a generic approach is employed in which several acoustic
and temporal measures are computed [9,6]. These measures
are then combined to obtain a pronunciation score or to
detect pronunciation errors [9].

3. AN EPISODIC MODEL

3.1. Automatic speech recognition (ASR)

In almost all ASR systems a similar paradigm is used, which
will be referred to as the mainstream ASR approach here.
However, one should be aware that various assumptions
made in current mainstream ASR systems are not in line
with the properties of speech signals or with the findings in
human speech recognition (HSR) research. A few violations
are discussed below.

In ASR features are calculated locally, for fixed-width
frames of 10-25 ms. The consecutive frames are assumed to
be independent, which, obviously, is not the case.
Furthermore, it is known that dynamics and context are
important for HSR. Although information from larger time
windows can be obtained from regression coefficients, the
length of the time windows used in ASR is generally still
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R it is also assumed that speech can be described as a
ce of discrete units, usually phone(me)s. This is what
call the symbolic approach, which has also been
d to as the ‘beads-on-a-string’ approach. Although
has long been one of the assumptions in
o)linguistics too, the idea that speech can be
ented as a sequence of discrete entities proved to be
ble [12,13]. Speech is a continuous signal, continuous
time domain and in the articulatory-acoustic domain.
 are no clear boundaries in these domains.
latory-acoustic changes are gradual, not only between
nt realizations of a word, but also within a single
tion. As articulators do not suddenly jump from one
n to another, articulated speech sounds change
lly. Furthermore, it is not the case that at a certain
in time (the border between two speech units), all
ators suddenly change in synchrony [12,13].

erformance of state-of-the-art ASR systems is not yet
nough for many applications. The fact that almost all
systems are based on the same paradigm, the

onable assumptions made within this paradigm (some
ich were shortly mentioned above), the insufficient
mance of state-of-the-art ASR systems, and the slow
ss, has led many to believe that a new paradigm for
s needed (see e.g. [1,28], and many papers in [25]).

uman speech recognition (HSR)

spiration for such a new paradigm for ASR might
from HSR. After all, many aspects that are

matic for current ASR systems are less problematic
mans, for instance pronunciation variation, noise,
ncies, ungrammatical sentences, etc. Human beings
ll much better at recognizing speech than machines
]. Thus, by studying HSR one might develop ideas on
improve ASR.

mbolic approach used in ASR has also been used in
ional’(psycho -)linguistic HSR models, both in earlier
ore recent publications [e.g. 26]. Furthermore, the
me also plays a central role in many psycholinguistic
s in which a phoneme string is used as input, as e.g. in
ortList model [20]. In the symbolic approach (both in
nd ASR) the incoming speech signal is normalized
pre-processing, in order to strip off variation, and

lic representations are stored in the lexicon.

ver, alternative HSR models have emerged recently.
 alternative models take into account that speech
ns two types of information: (1) indexical information,
g. average F0, speech rate, intensity, and timbre, and
n-indexical, linguistic information. The non-indexical,
tic information is more related to the content of the

ge, while the indexical information is about properties
speaker. In the ‘foreign English’ example in the

uction, the indexical properties contain information
the language background of the person speaking
h.



In traditional symbolic models, most of the indexical
information is stripped off during pre-processing, the
normalization stage. However, it is not the case that no
indexical information at all is transported from the periphery
to more central parts of the brain. After all, we are able to
recognize familiar accents and voices (of e.g. relatives,
friends, and famous people), and many can even mimic
familiar accents and voices. For instance, with ‘foreign
English’ one often recognizes the language background of
the speaker, and some can mimic the pronunciation. So,
indexical information is not discarded completely, but is
perceived and encoded in memory [5].

One could then wonder whether indexical information and
non-indexical information are processed independently.
This turns out not to be the case. It has been observed that
utterances spoken by familiar speakers are recognized better
than those spoken by unfamiliar speakers [21,10]. Both
indexical and non-indexical properties of speakers are
stored, and familiarity with a person’s voice facilitates
recognition of that person’s speech [21,10]. Many of you
will have experienced this at international meetings: After
you have become more familiar with someone’s ‘foreign
English’, it becomes easier to understand that person.

Facilitation of recognition not only occurs with speakers that
have been heard before, but also with speakers whose
speech is similar. Goldinger [10] found better listening
performance for speakers that had been heard before, and
also for speakers that are close in a multi-dimensional space.
Referring again to the ‘foreign English’ example: After
having learned the ‘foreign English’ accent of one speake r,
it is generally less problematic to understand the ‘foreign
English’ of another person with the same language
background.

3.3. An episodic model

On the basis of the findings that indexical information
facilitates perception of speech by the same or similar
talkers, Goldinger proposed an episodic model [10,11]. In an
episodic lexicon exemplars (episodes) are stored. Whenever
a new utterance has to be recognized, it is compared to all
the stored tokens. If the new utterance closely resembles the
stored tokens, it can be recognized relatively easily.
However, if the new utterance is very different from all
stored tokens (in a multi-dimensional space), the processing
load will be larger, and a new token might be added to the
lexicon.

Using such an episodic model for ASR has many potential
advantages, some of which are mentioned here. A standard
way of modeling pronunciation variation in current ASR
systems is to add pronunciation variants to the lexicon.
However, these variants first have to be generated, and then
it has to be decided which variants should be added to the
lexicon. Adding the right variants can boost performance.
However, it is far from trivial to find the right variants.
Furthermore, adding too many variants increases
confusability, thus worsening performance. Finally, by
adding variants, pronunciation variation can only be
modeled at the symbolic level, while the variation is often
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of the classes of speakers stored in memory is closest
speaker that has to be recognized. Class-specific

s can then be used for recognition. This will enhance
mance, since it has been shown that lower word error
an be obtained for class-specific recognition [4,24].

ing this kind of speaker (class) tracking, the need for
nal adaptation of the acoustic models also diminishes.
rmore, in an episodic memory trajectories can be
, making it easier to use context and dynamic
ation during decoding.

R architecture with an episodic memory might also
eficial for CALL systems. The advantages for the
ition phase of a CALL system are similar to those

bed in the previous paragraph. However, there are also
ial advantages for the pronunciation evaluation phase.
rrent CALL systems, pronunciation evaluation is
 out either by comparing the pronunciation of the
t with a few stored ‘native’ references or by
ning measures obtained with ‘broad’acoustic models
 on large corpora of native speakers. The former has

sadvantage that students whose voices differ much
the stored voices will often receive low ratings.
rmore, it will be difficult for those students to
ve their pronunciation since it is difficult for them to
ke the stored references. Regarding the evaluation
broad’ acoustic models, the performance is not good
h yet, while an inherent disadvantage of this
tion procedure probably is that students speaking a
f native voices and accents are likely to receive high
. This can be circumvented by using the indexical
ties of the language learner.

y, there is one extra potential advantage. There are
tions that episodic models are also applicable to visual
tion. For instance, written words in an unfamiliar font

tter recognized when they are presented in the context
er words written in the same new font [23]. If similar
ic models could be used for audio and visual
tion, this would open up possibilities for a better
tion of audio and visual perception, and, ultimately,
omprehensive model of audiovisual perception.
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