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PACLIC 19

The 19" Pacific Asia Conference on Language, Information and Computation
December 1-3, 2005
Centre for Academic Activities, Academia Sinica, Taipei
Organized by
Institute of Linguistics, Academia Sinica
Association for Computational Linguistics and Chinese Language Processing

The 19" Pacific Asia Conference on Language, Information and Computation (PACLIC 19) will be held
in Academia Sinica on December 1-3, 2005. Following the long tradition of PACLIC conferences,
PACLIC 19 emphasizes the integration of language processing — from linguistic understanding through
information parsing to computational calculation and modelling. This year PACLIC will be hosted by the
Institute of Linguistics (Academia Sinica) and Taiwan’s academic association for computational
linguistics, the Association for Computational Linguistics and Chinese Language Processing (ACLCLP).
Research results of theoretical and empirical analysis of languages, automatic processing of linguistic
information and their computational modelling will be presented at PACLIC 19. The PACLIC 19 online
registration is now open. To be qualified for the discount of early registration, you are required to register
before November 1, 2005. Please visit our website at http://paclic19.sinica.edu.tw. The programme of
PACLICI19 is shown in following pages.

Tentative Programme

2005/12/1(Thursday)
Slot Paper Title ‘ Author and Affiliation
09:30-09:50 Opening Ceremony (Chair: Jhing-fa Wang)
09:50-10:40 | Keynote Speech: Steven Bird (University of Melbourne)
Querying Linguistic Databases
Chair: Chung- Hsien Wu
10:40-11:00 Coffee Break
Oral Presentation--Session chair:
11:00-11:25 | A Two-Level Morphology of Malagasy (21) | Mary Dalrymple, Oxford University
Maria Liakata, Oxford University
Lisa Mackie, Oxford University
11:25-11:50 | A Framework for Data Management for the | Youcef Bey, Université Joseph Fourier
Online Volunteer Translators' Aid System | Kyo Kageura, University of Tokyo
QRLex (40) Christian Boitet, Université Joseph Fourier
11:50-12:15 | People in the State of the Union: Viewing | Kathleen Ahrens, National Taiwan
Social Change through the Eyes of University
Presidents (45)
12:15-14:00 | Lunch
Oral Presentation--Session chair:
14:00-14:25 | MARKET Metaphors: Comparison of Siaw-Fong Chung , National Taiwan
Chinese, English and Malay (4) University
14:25-14:50 | Constructing Filler-Gap Dependencies in Chien-Jer Charles Lin, University of
Chinese Possessor Relative Clauses (29) Arizona
Sandiway Fong, University of Arizona
Thomas G. Bever, University of Arizona



http://paclic19.sinica.edu.tw/

14:50-15:15 |In and Out: Senses and Meaning Extension | Yiching Wu, National Tsing Hua
of Mandarin Spatial Terms nei and wai (49) | University
Cui-xia Weng, Institute of Linguistics,
Academia Sinica
Chu-Ren Huang, Institute of Linguistics,
Academia Sinica
15:15-15:35 Coffee Break
Poster Presentation (with 5 min oral presentation)-- Session chair:
15:35-15:40 Multlply Quantlﬁed Internally Headed Rui Otake, Tohoku University
Relative Clause in Japanese: A Skolem Kei Yoshimoto, Tohoku University
Term Based Approach (10) ’
15:40-15:45 | A Study on Multiple Meanings of Tomoaki Ozawa, Tohoku University
Frequency Adverbs in Japanese (41) Hiroyuki Nishina, Saitama University
Kei Yoshimoto, Tohoku University
Shigeru Sato, Tohoku University
15:45-15:50 | A Study on Implementation of Iu" Un-gian, National Taiwan University
Southern-Min Taiwanese Tone Sandhi Lau Kiat-gak, National Taiwan University
System (54) Li Sheng-an, National Taiwan University
Kao Cheng-yan, National Taiwan
University
15:50-15:55 | Analysis of Machine Translation Systems' | Masaki Murata, National Institute of
Errors in Tense, Aspect, and Modality (11) | Information and Communications
Technology
Kiyotaka Uchimoto, National Institute of
Information and Communications
Technology
Qing Ma, Ryukoku University
Toshiyuki Kanamaru, Kyoto University
Hitoshi Isahara, National Institute of
Information and Communications
Technology
15:55-16:00 Enhance?d R'occhl'o ] Method for .Be%tter' Text K Lakshmi, Anna University
Categorization with Fractional Similarity . . .
Saswati Mukherjee, Anna University
Measure (15)
16:00-16:05 g:iﬁﬁi;?ﬁﬁﬁg:g I‘She Kenji Yokota, Akita University
16:05-16:10 |Language Identification for Person Names | Shiho Nobesawa, Tokyo University of
Based on Statistical Information (36) Science
Ikuo Tahara, Tokyo University of Science
16:10-16:15 | A Constrained Finite-State Morphotactics | Eunsok Ju, Yonsei University
for Korean (38) Chongwon Park, University of Minnesota
Duluth
Minhaeng Lee, Yonsei University
Kiyong Lee, Korea University
16:15-16:20 g;;ﬁg;gi;;%ﬁ;ggﬁ?? 431 inese and Antoine Tremblay, University of Alberta
16:20-16:25 | Speech-Activated Text Retrieval System for | Takahiro Ikeda, NEC Corporation

Cellular Phones with Web Browsing
Capability (46)

Shin-ya Ishikawa, NEC Corporation
Kiyokazu Miki, NEC Corporation
Fumihiro Adachi, NEC Corporation
Ryosuke Isotani, NEC Corporation
Kenji Satoh, NEC Corporation
Akitoshi Okumura, NEC Corporation




16:25-16:30 | Mei ci (£1-%) and Mei yi ci (2 — “*): Huang Zanhui, Sun Yat-sen University
Differences between Two Forms of Event | Pan Haihua, City University of Hong
Quantifier in Mandarin Chinese (50) Kong

18:00-20:00 |Banquet

2005/12/2 (Friday)

Slot Paper Title Author and Affiliation
10:00-10:40 | Invited Speech: Suk-Jin Chang (Seoul National University)
Form-Meaning Interface in Constraint-based Unified Grammar: Linking Prosody
and Pragmatics
Chair: Chin-chuan Cheng
10:40-11:00 |Coffee Break
Oral Presentation-- Session chair:
11:00-11:25 | Empirical Verification of Shun Shiramtsu, Kyoto University
Meaning-Game-based Generalization of Kazunori Komatani, Kyoto University
Centering Theory with Large Japanese Takashi Miyata, Japan Science and
Corpus (42) Technology Agency
Koiti Hasida, National Institute of
Advanced Industrial Science and
Technology
Hiroshi G. Okuno, Kyoto University
11:25-11:50 | Discourse Segment and Japanese Referring | Etsuko Yoshida, Mie University
Expressions: Are These Bare NPs or Proper
Names? (61)
11:50-12:15 | Japanese Bare Nouns as Weak Indefinites Keiko Yoshida, Waseda University
(30)
12:15-14:00 Lunch
Poster Presentation (with 5 min oral presentation)-- Session chair:
14:00-14:05 | Using Speech Recognition for an Masanori Suzuki, Ordinate Corporation
Automated Test of Spoken Japanese (63) Yasunari Harada, Waseda University
14:05-14:10 Upderstandmg Poetic Effects in Advertlsmg Vincent Taohsun Chang , National
Discourse: A Relevance-Theoretic S
: Chengchi University
Perspective (7)
14:10-14:15 | Analysis of The Elements by HPSG (22) Satoshi Tojo, Japan Advanced Institute of
Science and Technology
Ken Saito, Osaka Prefecture University
14:15-14:20 | On the Web Communication Assist Aide Emiko Suzuki, Tsukuba Gakuin University
based on the Bilingual Sign Language Kyoko Kakihana, Tsukuba Gakuin
Dictionary (23) University
14:20-14:25 | Anaphoric Resolution of Zero Pronouns in | Pan Haihua, City University of Hong Kong
Mandarin Discourses (58) Cui Yuzhen, City University of Hong Kong
Hu Qinan, City University of Hong Kong
14:25-14:30 | XNLRDF, an Open Source Natural Oliver Streiter, National University of
Language Resource Description Framework | Kaohsiung
13) Mathias Stuflesser, Institute of Applied
Linguistics, European Academy of Bolzano
14:30-14:35 | Acquisition of Concentrated Modification . . . R .
S ‘mgc ture from Logical Formula (28) Hiroshi Sakaki, Meisei University
14:35-14:40 | Enhancing Usability of Information Jyi-Shane Liu, National Chengchi

Extraction Results with Textual Data
Profiling (37)

University
Yung-Wei Cheng, National Chengchi
University




14:40-14:45 | An Approach to Improve the Smoothing Feng-Long Huang, National United
Process University
Based on Non-uniform Redistribution (43) | Ming-Shing Yu, National Chung-Hsing
University
14:45-14:50 | Repair Structures in Web-based Ruowei Yang, Open University of Hong
Conversation: (8) Kong
15:15-15:35 | Coffee Break
Oral Presentation--Session chair:
15:35-16:00 | Vowel Sound Disambiguation for Ho-Joon Lee, Computer Science Division,
Intelligible Korean Speech Synthesis (51) KAIST
Jong C. Park, Computer Science Division,
KAIST
16:00-16:25 | A Structured SVM Semantic Parser Minh Le Nguyen, Japan Advanced Institute
Augmented by Semantic Tagging with of Science and Technology
Conditional Random Field (52) Akira Shimazu, Japan Advanced Institute
of Science and Technology
Xuan Hieu Phan, Japan Advanced Institute
of Science and Technology
16:25-16:50 | From Text to Sign Language: Exploiting the | Ji-Won Choi, Computer Science Division,
Spatial and Motioning Dimension (24) KAIST
Hee-Jin Lee, Computer Science Division,
KAIST
Jong C. Park, Computer Science Division,
KAIST
2005/12/3 (Saturday)
Slot Paper Title Author and Affiliation
10:00-10:40 | Invited Speech: Suzanne Stevenson (Toronto University)
Automatically Determining the Semantics of Multiword Predicates
Chair: Tingting He
10:40-11:00 | Coffee Break
Oral Presentation--Session chair:
11:00-11:25 | Learning Translation Rules from Bilingual | Michelle Wendy Tan, De La Salle
English — Filipino Corpus (18) University
Raymond Joseph Ang, De La Salle
University
Natasja Gail Bautista, De La Salle
University
Ya Rong Cai, De La Salle University
Bianca Grace Tanlo, De La Salle
University
11:25-11:50 | Integration of Dependency Analysis with Yuki Ikegaya, Shizuoka University
Semantic Analysis Referring to the Context | Yasuhiro Noguchi, Shizuoka University
(33) Satoru Kogure, Shizuoka University
Tatsuhiro Konishi, Shizuoka University
Makoto Kondo, Shizuoka University
11:50-12:15 | A Small Fan and a Small Handful of Fans: | Becky, Hsuan-hua Huang, University of
Exploring the Acquisition of Count-mass Los Angeles
Distinction in Mandarin (27) David Barner, Harvard University
Peggy Li, Harvard University
12:15-12:30 | Closing Ceremony
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Abstract

This paper presents a novel framework for
automatic pronunciation assessment based on
distinctive feature analysis. The major idea is to
analyze learner’s speech segment to verify
whether it conforms to the correct combination of
distinctive features. A Distinctive Feature (DF) is
a primitive phonetic feature that distinguishes
minimal difference of two phones [1]. The overall
framework is organized as three layers: DF
assessment (DFA), phone assessment, and
continuous speech pronunciation assessment.
Various methods can be designed to build DFA
modules by extracting suitable acoustic features
for each specific DF and classifying the features
into score of opposite values. In contrast with
conventional method that is based on speech
recognition or verification of phonetic units (e.g.
phonemes or syllables), the DFA is language
independent and therefore universal. The
performance of rudimentary experiments has
shown the framework a feasible and compelling
new approach.

1. Introduction

The ability to communicate in second language is
an important goal for language learners. Students
working on fluency need extensive speaking
opportunities to develop this skill. But students
have little motivation to speak out because of
their lacking of confidence due to the poor
pronunciation. The intent of pronunciation
assessment systems is to provide learners with
diagnosis of problems and improve conversation
skill.

The computer-assisted pronunciation
assessment (PA) can be divided into two
categories: text-dependent PA (TDPA) and
text-independent PA (TIPA). Most systems
exploit prior speech recognition technology to
evaluate the pronunciation quality [2][3][4].
TDPA constrains the text for reading to
pre-recorded sentences. The learner’s speech
input is compared to the pre-recorded speech for
scoring. The scoring method usually adopts
template-based speech recognition technique like
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Dynamic Time Warping (DTW). On the other
hand, the TIPA usually adopts speech recognition
method of statistical approach like Hidden
Markov Model (HMM). Witt [2] has further
grouped the existing algorithms into two main
classes: a-posteriori-based or classification-based
confidence scores. No matter what approach is,
the TIPA is language dependent because the
statistic speech recognizer requires acoustic
modeling of phonetic units.

Another crucial problem for the conventional
automatic PA systems is that they provide very
limited information except a pronunciation score
or grade. The score itself give neither any
diagnosis for the cause of pronunciation
problems nor instruction for correction. Also, the
scoring is general and fixed; teachers or students
cannot emphasize on specific phonetic focus by
adjusting  the scoring mechanism. For
pronunciation course designer, this is also a
serious limitation.

Therefore, we proposed a novel approach
based on the phonetic distinctive features (DF) of
speech for pronunciation assessment. Each
feature is an opposition between two relative
values; for example, vocalic (or syllabic) sounds
have a relatively clear formant structure in
comparison with nonvocalic sounds [1]. Each
speech phone may be described as a set of
features. To evaluate the quality of a learner’s
pronunciation in phone level, we can thus check
if one’s pronunciation presents the correct value
combination of distinctive features.

Using distinctive features for pronunciation
assessments  provides  several  important
advantages:

+ Text-independent PA

« DF assessment is language independent.

+ Assessment result can offer information for
problem diagnosis and correction instruction

« Users can control the scoring mechanism
according to the learning or teaching focus.

+ Phonological rules for continuous speech can
be easily incorporated into the PA system.



These advantages will be explained and clear in
the following sections.

2. Distinctive Feature

Linguists have long been using features or
components to describe speech either explicitly or
implicitly. Especially, it has been recognized that
any language has a limited number of
phonological contrasts or oppositions, called
distinctive features. In 1952, Jakobson, Fant and
Halle first expounded this approach [5]. Jakobson
and Halle (1956) have proposed a set of only 12
features [6]. Chomsky and Halle (1968) have
further emphasized on a wuniversal set of
distinctive features (27 features) [7]. They said of
their feature system: “The total set of features is
identical with the set of phonetic properties that
can in principle be controlled in speech; they
represent the phonetic capabilities of man and, we
would assume, are therefore the same for all
languages” (1968, pp.294-5) [7].

Table 1 shows part of the distinctive feature
table of English phonemes used in our
experiment. Although the concept of distinctive
feature is universal, not all of the distinctive
features are useful for a specific language.
English, for example, requires about 16 features
to distinguish all phonemes. Most of the features
are polar opposites (symbolized by ‘+’ and ‘)
for a specific phoneme. Some features,
however, are not useful for some phonemes (to
be distinguished from other phonemes), in which
case the symbol ‘0’ is used.

DF oneme ele [&|ofe |...]b|d|y |0
sonorant L B B B B PP e il il il O
sylllabic + |+ |+ |+ -1-|-1-
consonantal | — | — |- |- |- |... [+t [+ ]|+]|+]
coronal ojofojo]oO -+ [+ +]
anterior ofojojofof..|+]|+]—|+]..
high o e e e e P e e I e
low -|=-1+-|- -1 —--1-
back =+ -1-1-1-
round |-+~ --1-1-
nasal ofojojo]of -1 —--1-
lateral ofojojo]of -1 —--1-
continunant [ O O[O |O|O|...|—-|—-|—-|+
delayed ofofololof. . |-|-|+]+
release

tense +—-1—-1+[—-]..]1]0[0]0]O{...
voiced ojofojojof..|+]|+]—-
strident ojofojojof.|—-|—-|+

Table 1: Distinctive feature table of English phonemes (partial).
(“+’ means the phoneme bears such feature, ‘—" means not,
and ‘0’ means redundant or irrelevant.)
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3. Description of the Framework

The overall pronunciation assessment system is
bottom-up organized as three layers: distinctive
feature assessment, phone assessment, and
continuous speech pronunciation assessment.

3.1. Layer 1—Distinctive Feature Assessment

The architecture of a distinctive feature assessor
(DFA) is shown in Figure 1. Speech waveform is
input into the DFA and goes through feature
extraction module, binary classifier, and finally
score mapper for the result. The output of a DFA
(DF score) is a variable with value, without loss
of generality, ranging from —1 to 1. One extreme
value, 1, means the speech sound consists of the
specified distinct feature with full confidence, -1
means extremely not. The DF score could also be
defined as other value range such as [0, 1] or [0,
100].

Speech DF score

—»

Score

Mapper

Feature
Extractor

Binary
Classifier

> >

(-L1]

Figure 1: Distinctive Feature Assessor.

3.1.1 Feature Extraction

The DF could be described or interpreted either
in articulatory or in perception point of view.
However, for automatic detection and
verification of DFs, only acoustic sense of them
is useful. Therefore, we must define or find out
appropriate acoustic features for each DF.

Different DF can be detected and identified by
different acoustic features. Therefore, the most
relevant acoustic features could be extracted and
integrated to represent the characteristics of any a
specific DF. Some acoustic features are more
general that could be used for many DFs. The
popular acoustic features used for conventional
speech recognition, Mel-frequency cepstral
coefficients (MFCC), are one apparent example.
On the other hand, some features are more
specific and can be used particularly to determine
some DFs. For example, auto-correlation
coefficients and formant estimation may help to
detect such DFs like voiced, sonorant,
consonantal, and syllabic. Some other possible
examples of acoustic features include voice onset
time, energy (low-pass, high-pass, band-pass),
zero crossing rate, pitch, duration, etc.

Currently, we adopt the DFs defined by the

linguists. In the future, we could re-define the set
of DFs from the signal point of view so that the



feature extractor can be more straightforward and
effective.

3.1.2 DF Binary Classifier

DF classifier is the core of DFA. First of all,
speech corpora for training are collected and
classified according to the distinctive feature
table. Then we can use the classified speech data
to train a binary classifier for each distinctive
feature. Many methods can be used to build the
classifier, such as Gaussian Mixture Model
(GMM), Hidden Markov Model (HMM), Neural
Network (NN), Support-Vector Machine (SVM),
etc. We can design and deploy different
classifiers for different DFs so as to minimize the
classification error and maximize the scoring
effectiveness.

3.1.3  Score Mapper

Variant feature extractors and/or variant binary
classifiers could be used for differnet DFs. Thus,
a score mapper is designed to normalize the
classifier scores to a common interval of values
(for example, [-1, 1] in our experiments). This is
to linearize and standardize the output for each
DFA so that different designs of feature extractor
and classifier can produce output of the same
format with the same sense. This will assure the
smooth integration of all DFAs in the next layer.

3.2. Layer 2—Phone Assessment

Multiple DFAs are integrated to construct a
phone level assessment module as shown in
Figure 2. The assessment controller can
automatically determine a proper DF weighting
for each DFA upon the input phoneme for
assessment. It’s naturally to refer to the DF table
as in the Table 1. The users can also explicitly
specify the distinctive features they wish to
practice for pronunciation by setting the DF
weighting factor (note that value 0 representing
specific meaning of disabling the DFA). The
output of each DFA can also be chosen between
soft decision (that is a continuous value in the
interval [-1, 1]) or hard decision (that is binary
value —1 and 1). Finally, the integrated grader can
be controlled to output various types of ranking
result for the phoneme pronunciation assessment.
It could be a N-levels or N-points ranking result
(N>1). It could also be a vector of rankings for
several groupings of DFs to express some
learning goals.
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(17 DF Weighting [0,1], 0:disabled

() Soft decision [-1,1] or hand decision
1,1} choice for each DF A

(3) Ranking choice for Integrated Grader

User setting
{optional)

{
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Controller

Speech — m |:>
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Phonerme— s
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Integrated
{phone Pronunciation)
Grader

\

OF Binary
Classifier
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Result

Sere
hlapper
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Speech  —iw Estractor

—a{ — OF zeore F1,1]

Figure 2: Phone-level assessment system architecture

3.3. Layer 3—Continuous Speech Assessment

The process for the overall system of continuous
speech pronunciation assessment is shown in
Figure 3. Inputs are continuous speech and its
corresponding text. A text-to-phoneme (T2P)
converter converts the text to phoneme string.
Then the system uses the phoneme string to align
the speech waveform to the phoneme sequence by
the phone aligner. Then by using the phone
assessor, we can obtain the score of each
phoneme and integrate them to get the final
pronunciation score for a word or a sentence. It
should be noted that the T2P could be done by
manually prepared information or by computer
automatically on the fly. Phone alignment can be
done by HMM alignment or any other means of
alignment. The DF detection results can be
optionally fed back to the aligner to adjust the
alignment into a finer and more precise
segmentation of speech waveform.

Learning Goal
Controller

I

Integrated
(Utterance
P ranunciation)
Grader

Phone
Pranunciation
Assessor

Assessment
Result

=

T2P
h cmﬁ

Phone
Aligner

Cont.—,|
Speech

_________________

Figure.3: Continuous Speech Pronunciation Assessor.

4. Experiment

We conducted a rudimentary experiment to
validate the feasibility of this new framework.
English is adopted for experiment because it is
the most popular second language being learned



in the world. Thus, we constructed 16 DFAs for
40 English phonemes.

4.1.Database and Features

The speech corpora used for training and testing
in the experiment are shown in Table 2. All
speech data are of 8KHz sampling rate. In this
rudimentary experiment, we adopt only MFCC as
the acoustic features for all DFs. A feature vector
is generated for each frame per 10 ms. The
feature vector is of 27 dimensions, including 12
cepstra, 12 delta-cepstra, 1 energy, 1 delta-energy
and 1 delta-delta energy.

speakers | utterances | seconds
male 49 11,191
Training | female 23 11,621
total 72 22,812 146,869
male 686
Testing | female 699
total 10 1,385 10,215

Table 2: The speech corpora for experiment

4.2. Binary Classifiers Design

Two types of binary classifiers are designed for
experiment: GMM and SVM. We trained two
GMM models for each DF. One (positive model)
was trained by the phone segments with positive
value of DF; the other (negative model) was
trained by the phone segments with negative DF
value. Both GMM models are of 32 mixtures. All
phone segments were generated by forced
alignment of each speech utterance by HMM
models. Likelihood scores were computed for
each frame on the two GMM models. Finally, an
average likelihood over all frames was computed
for each GMM model. The likelihood ratio of
positive model to negative model would result in
the classification (or assessment) output.

For an alternative method of constructing the
classifier, we also implemented Support-Vector
Machine (SVM) [8]. We implemented four basic
kernels: linear, polynomial, radial basis function,
and sigmoid function for SVM. We found in a
preliminary experiment that the SVM with linear
and polynomial kernels out-perform the other
two in our case. Finally, for computation
simplicity we chose linear kernel to construct the
binary classifier for DFAs. As in the case of
GMM, all phone segments were generated by
HMM forced alignment. Each SVM was trained
by feature vectors on a frame-basis. However, the
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output for a phone segment is obtained by
averaging outputs of all frames of the segment.

4.3. Classification Error

Although the assessment result should be a
continuous value, we’d like to observe the
performance of the DFA by the classification
error. A threshold for each DFA was determined
by equal classification error rate after the training
phase. The total binary classification error rate
was then computed in the testing phase. The
result is shown in Table 3.

Destinctive Feature G(l\of)l)\/l S(Ez\)/[ Hz;:r)id
sonorant 34.83 17.38 17.38
sylllabic 62.04 29.37 29.37

consonantal 14.26 27.06 14.26
coronal 22.45 50.51 22.45
anterior 59.42 36.59 36.59

high 54.46 31.13 31.13
low 65.36 20.02 20.02
back 39.86 49.36 39.86
round 25.24 21.51 21.51
nasal 65.31 30.09 30.09
lateral 19.28 9.92 9.92
continunant 41.89 33.39 33.39
delayed release 45.83 36.59 36.59
tense 41.77 32.01 32.01
voiced 22.48 19.61 19.61
strident 69.56 17.32 17.32
AVG 42.75 28.87 25.72

Table 3: Classification error rates for all DFs

Clearly, SVM gets a better performance than
GMM in average, however, not in all DFs. As we
have mentioned, heterogeneous modules can be
designed for different DFs. Therefore, if we
chose the method (GMM or SVM ) that give
better performance (the shaded part in Table 3)
for each DFA, the overall error rate dropped to
25.72%

4.4, Discussion and Future Work

Frankly speaking, we are still in a very beginning
stage for the realization of this new framework.
The design of the system described above is quite
straightforward and thus requires further
elaboration in the future.

« First of all, the acoustic features must be
carefully designed according to each specific
DF. MFCC is definitely not the best choice
for most of the DFs. This is a big job



because there are so many DFs. Another
related issue is to define new and better DF
from the acoustic view instead of linguistic
view as mentioned before.

+ Secondly, the simple average of binary
classifier outputs over all frames is not a
proper design. Similarly, the phone
segmentation by HMM alignment is
particularly a problem. We need to conceive
an implicit alignment method, which imbeds
in and fully in synergy with the phone
assessment mechanism, just like that in the
speech recognition with HMM. That is, the
integrated output of all DFAs should be done
per frame. The segmentation and assessment
of each phone will then be done
simultaneously.

+ Finally, the phonological rule must be added
to convert from phonemes to phones. That is,
the Table 1 should be expanded into a
distinctive feature table for all possible
allophones in the target language. The values
of DFs should depend on the realized phone
in the context of continuous speech, not the
original canonical phoneme. This is actually
one of the advantages of this framework
because the phonological rule can be easily
expressed by the value change of distinctive
features. Even an optional phonological rule
can also be easily implemented by disabling
the DFs that distinguish the allophones.

5. Conclusions

This paper presents a novel framework for
pronunciation assessment based on distinctive
features. We accidentally heard a talk given by
Prof. C.-H. Lee (Georgia Institute of Technology)
[9], who was making propaganda for his new
speech research paradigm for next-generation
ASR. We were surprised at the similar
philosophy although his idea is even broader and
more complete. All the more we were
encouraged and convinced that this should be a
promising direction either for pronunciation
assessment or for ASR.
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