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Abstract

Current research in the area of foreign-accented speech recog-
nition focusses either on acoustic model adaptation or speaker-
dependent pronunciation variation modeling.
In this paper both approaches are applied in parallel and in
a speaker-independent fashion: the acoustic modeling part is
based on a derived Hidden Markov Model (HMM) cluster-
ing algorithm and the lexicon adaptation is based on speaker-
independent multiple pronunciation rules. The pronunciation
rules are derived using phoneme-level pronunciation scores.
Foreign-accented speech was simulated with Columbian Span-
ish and Spanish of Spain and the experiments showed an im-
proved recognition performance for the acoustic modeling part
and identical recognition results when adding pronunciation
variants to the lexica. Both results are taken as indicators for an
improved recognition performance when applied on real foreign-
accented speech. The present limited availability of foreign-
accented speech databases, however, clearly merits further in-
vestigations.

1. Introduction
1.1. The Problem

Currently the industrial development of speech recognition en-
gines focuses on monolingual recognition engines for languages
spoken by either a large group of people or languages repre-
senting countries with high economical power. Such systems
are often confronted with foreign-accented speech from people
with a different mother tongue. Generally, the recognition per-
formance for foreign-accented speech is very poor [1], [2]. This
paper focuses on recognition errors caused by:

• Assimilations or replacements of target phonemes by
phonemes from the native language of the speaker.

• Differences of the acceptable pronunciation space of the
phonemes for the accented and non-accented speech.

Besides the different acoustic quality of the target phonemes, the
accented word pronunciations may also be based on different
sequences of phonemes. Therefore, different phonemic repre-
sentations of the words in the lexicon may be required as well.
To account for both types of errors, a combination of acoustic
modeling and lexicon adaptation is followed here.

1.2. Previous Work

The derived HMM clustering is similar to the approach of mul-
tilingual speech recognition, which uses similarities across lan-
guages to generate robust acoustic models, e.g. by developing a
multilingual phoneme set [3]. In contrast to the work performed
by [2] and [3], foreign phonemes introduced in the accented
speech are not represented by own phoneme HMMs, but are
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d with their best match of the target language phoneme
s. This is justified by the fact, that foreign phonemes

sed in either replacement or assimilation of existing tar-
onemes, and thus inhibit acoustic-phonetic similarities to
-phonemes that are to be identified, rather than treated as
lete new sounds.
eme-level pronunciation scoring is a common technique
eractive language learning [4], [5]. Here, forced align-
is used to evaluate the quality of pronunciation, based on
i-scores that are calculated on a frame- or phoneme-level.

s work, not only the scores are estimated but also the best
ative phonemes, which are then used to generate context-
dent phoneme-mappings between the accented and the tar-
nguage. In contrast to the speaker-dependent adaptation
iques for foreign-accented speech, as presented by [6], the
s to derive speaker-independent phoneme-mappings. Fur-
ore, no hand-written rules or decision trees, as used in
us work [6],[7] are needed here.
n 2 describes the approach to acoustic model and lexi-

daptation, and section 3 the acoustic adaptation method,
ing an analysis of several distance measures. Section 4
ates the proposed lexicon adaptation method, based on
me-level pronunciation scoring. The experimental results
esented and analysed in section 5.

2. Approach
r approaches in foreign accent recognition have always
sed on either the change of acoustic quality of the phonemes
hange in word pronunciation. In this approach both effects
ken into consideration in parallel.
two phoneme-based HMMs are trained: one for the tar-
nguage and the other for the "accented" speech. Several
ce measures are tested to identify acoustic-phonetic simi-
s between individual segments or probability density func-
(pdfs) of the phoneme HMMs. Segments are sub-units of
oneme HMMs and thus represent shorter speech fragments
ssumed stationary acoustic properties. The two HMM sets
put to pdf- and segment-based clustering.
d, the two HMMs are used to derive phoneme-level pro-
ation scores during a cross-data forced-alignment. To gen-
the phoneme lattice, foreign phonemes contained in labeled
h are mapped to their best alternatives. During recogni-
he phoneme-based pronunciation scores are calculated and
o identify possible context-dependent alternative pronunci-
. The extracted mapping rules are sorted according to their
e frequency of occurrence and used for lexicon adaptation.

o a lack of databases the effect of foreign-accented speech
nly be simulated here with Columbian Spanish represent-
e target language (mother tongue) and Spanish spoken in
representing the foreign-accented speech. This approach



was taken because recognition tests revealed room for improve-
ment for Spanish speech recognized by a Columbian Spanish
recognition engine (see table (2)).

3. Adaptation of Acoustic Models
3.1. Distance Measures for Data-Driven Clustering

In order to identify acoustic-phonetic similar segments or pdfs
of two sets of HMMs, a suitable distance measure is required.
[3] gives a survey and analysis of the commonly used distance
measures used for merging HMMs. Since the Bhattacharrya
distance, and Mahalanobis distance measure require full covari-
ance matrixes, they are not considered in the following analysis.
Instead, five different distance measures are tested in respect of
their quality for phoneme-based HMM clustering:
1. The Log-Likelihood distance compares the HMM fit to its
own and another HMMs’ observation data, i.e.:

DLL(λi, λj) = logp(Xi|λi) − logp(Xi|λj), (1)
with Xi standing for the observation data of HMMi (λi). The
cross-distance DLL(λj , λi) is defined accordingly with the ob-
servation data Xj . Since the distances are not symmetric, the
Log-Likelihood distance between two HMMs is expressed as:

DLL(λi; λj) =
1

2
(DLL(λi, λj) + DLL(λj , λi)) (2)

2. The Delta-Log-Likelihood distance measure is used to ex-
press the loss of information when two HMMs are merged. The
smaller the distance value the smaller the loss of information
(see [3]).

D∆LL(i, j) = logp(X|λi) + logp(X|λj) − logp(X|λi∪j),
(3)where the first two terms denote the Log-Likelihood of the

HMMs λi and λj , and LLi∪j represents the Log-Likelihood
of the merged HMM.
3. The Approximated Divergence is a common Gaussian dis-
tance measure for pdfs with diagonal covariances.

Ddiv(i, j) =
1

D

D∑

d=1

(µd,i − µd,j)
2

σd,iσd,j
, (4)

where D denotes the dimension of the feature vectors, and µ
represents the mean-vector of the pdfs.
4. Assuming identical variances for all pdfs, equation (4) is
reduced to the Euclidean distance.

Deuk(i, j) =
1

D

D∑

d=1

(µd,i − µd,j)
2 (5)

5. A common alternative to the Euclidean distance is the L1-
norm distance, which introduces a weighting factor N for each
pdf, i.e. the weight corresponds to the number of times a pdf
was seen during training.

DL1(i, j) =
NiNj

Ni + Nj

D∑

d=1

|µd,i − µd,j | (6)

3.2. Adaptation

Clustering can either be based on the distance between individ-
ual pdfs or entire segments. Pdfs can be merged across segments
and phonemes, in contrast to segments. At first, the algorithm
searches for foreign phonemes and merges the respective seg-
ments and pdfs with target segments or pdfs. Second, all other
segments or pdfs are merged, when their distance falls below a
pre-set threshold.
The following describes the procedure for pdf-based clustering,
which remains identical for all tested distance measures:
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Search for pdfs belonging to foreign phonemes and merge
them according to the nearest neighbor criterium
While ( Dmin < Dthres ) merge pdfs according to near-
est neighbor criterium

represents the minimum distance found for each of the 5
ce measures, and the upper limit Dthres is found experi-
lly. Using pdf-based clustering the number of initial and
dfs remains unchanged.

egment-based clustering the minimum distance between
ents is either found with the Log-Likelihood distance, or
um of the distances of the pdfs of the two segments, as
ibed by (7):

D = min(
N∑

i=1

M∑

j=1

distij), (7)

N is the number of pdfs belonging to segment i, and M is
mber of pdfs belonging to segment j. distij represents the

dean distance measure, since it has a lowest computational
lexity.
egment-based clustering is performed as follows:

Find nearest segments for all foreign segments:
• pool all pdfs of the two segments in one cluster
• while (Npdfs > Nthres)

{ reduce number of pdfs with pruning

While (Dmin < Dthres) find similar segments

• pool all pdfs of the two segments in one cluster
• while (Npdfs > Nthres)

{ reduce number of pdfs with pruning.

es is experimentally found and Nthres is set to 1
2
(N +M).

. Modeling of Pronunciation Variants
Phoneme-Based Pronunciation Scores

ling pronunciation variations means to investigate the
ness of pronunciation between two languages. This is done
orced-alignment to create a phoneme-lattice that serves as
for the phoneme-level pronunciation scoring. For each
me of the lattice the corresponding Viterbi-score is cal-
d and set into relation with the best Viterbi-score found

g an open loop recognition. In case the best matching
me for the given time-period is identical to the one given
lattice, the score will equal "1". The algorithm calculates

ean score for each phoneme after having processed several
ands of utterances.
honeme-based pronunciation scores are calculated as fol-

og =
−σ2logP (X|λp Lattice)/No.ofFrames

minp∈P − σ2logP (X|λp)/No.ofFrames
, (8)

here the numerator represents the Viterbi-score for the
feature vector sequence X and the phoneme (p Lattice)
from the lattice. The denominator represents the best
me p found during an open loop Viterbi-search, where
member of the phoneme set P . Since the Viterbi prob-

ies are applied to a negative logarithmic transform, high
bilities are represented by low scores, hence the search for
inimal score (minp∈P ). The applied transform is a com-
method to convert the small Viterbi probabilities to higher
ers, and to replace the computationally rich multiplications
s complex additions during the Viterbi-score calculation.



4.2. Context-Dependent Phoneme-Mappings

Besides the pronunciation score, possible phoneme mappings
are extracted, e.g. in case λp Lattice and λp of equation (8)
are not identical, phoneme p represents a possible mapping for
the phoneme p Lattice. For each possible mapping the left
and right neighbor of p Lattice are taken from the lattice and
categorized into one of the following groups:

1. Front Vowel (FV) = a, e, i
2. Back Vowel (BV) = o, u
3. Plosives (P) = p, t, k, b, d, g
4. Fricatives (F) = f, T, s, x
5. Nasal (N) = m, n, J
6. Liquids (L) = l, L, r, rr
7. Semivowels (S) = j,w

Since the aim was to derive general context-dependent phoneme-
mapping rules, the number of different categories was reduced
to a minimum. The resulting context-dependent mappings per
phoneme are sorted according to their relative frequency.

5. Experimental Results
5.1. Experimental Setup

The recognizer consists of speaker-independent continuous den-
sity phoneme HMMs in Bakis topology. Each phoneme HMM
is divided into three segments, where each segment has two
tied states that share the same Gaussian mixture density. The
segments serve as fundamental recognition unit and their pdf
mean vectors consist of 24-dimensional Mel-Filter Cepstrum
coefficients (MFCC) vectors, that were derived from a LDA of
39-dimensional super vectors. After the LDA transform the fea-
ture vectors are de-correlated and the covariance matrix of the
Gaussian densities is reduced to a diagonal format.

The Columbian phoneme HMMs were trained on 3846 utter-
ances of the SALA (SpeechDatAcross Latin-America) database.
The selected utterances contained a total of 35 isolated applica-
tion words. The Spanish phoneme HMMs were trained on a total
of 8423 utterances of the Spanish SpeechDat(II) database. The
Spanish training and test set contained a selection of 32 isolated
application words.

The SAMPA (Speech Assessment Methods Phonetic Alphabet)
notation was used to represent the phonemes in the lexicon.
There was a large overlap of phonemes for the Columbian and
Spanish phonemes, except for the two Spanish phonemes /T/
and /J/ that did not occur in the Columbian phoneme set. These
two phonemes serve as examples of foreign phonemes that may
be introduced by non-native speakers. Thus for the recognition
of Spanish speech by the Columbian or clustered HMM sets, the
phonemes /T/ and /J/ were mapped as follows:
a) /J/ → /j/ b) /T/ → /s/

5.2. Results on Acoustic Modeling

Table (1) shows the matches found for the foreign phonemes /J/
and /T/ for those distance measures that lead to the best recog-
nition results after merging.
After merging, the pdfs or segments of the new phoneme-HMMs
are evaluated in a "cross-database" recognition test. The follow-
ing table shows the recognition results of the base HMMs tested
on their respective language and in "cross- database" test, as well
as the recognition results for the best clustered HMMs tested on
the SALA and SpeechDat(II) database.
The pdf-based clustering leads to slight improvements of the
recognition results for both test sets. The small improvement
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/j/, /r/, /e/, /i/

Table 2: Recognition Results

HMMs tested on tested on
SpecchDat(II) SALA

anish 99.1 % 94.3 %
lumbian 78.2 % 96.2 %
f-based Clustered HMM 79.7 % 96.4 %
g.-based Clustered HMM 78.2 % 96.2 %

to the fact, that the phonemes do not contain any quality
dation caused by assimilation of a foreign phoneme to-
a target phoneme. In the experiments foreign phonemes

red as replacements only but never as assimilations. Nev-
ess a slight improvement was observed and serves as indi-
for a possible improvement for recognition of real foreign

ted speech.

Results of Lexicon Adaptation

e calculation of phoneme-based pronunciation scores, the
bian phoneme HMMs are aligned to a total of 8423 Span-

eech files. In the cross-database alignment the Spanish
s are aligned to a total of 3846 Columbian speech files.
first case, the phonemes /J/ and /T/ of the Spanish label

re foreign to the Columbian phoneme set and were mapped
ding to section 5.1.
g alignment phoneme-based pronunciation scores are cal-
d according to equation (8). The table (3) gives some
ple pronunciation scores and context-dependent phoneme-
ings with the highest frequency.

3: Pronunciation scores and phoneme mappings for the
bian phoneme HMMs aligned to Spanish labeled speech

Phonemes Scores and
of Lattice Mapping Rules

/j/ 1.01139
7 % /i/ context: F - FV

/x/ 1.03667
42 % /s/ context: FV - FV

/l/ 1.04748
22 % /n/ context: FV - WE

/s/ 1.00695
6 % /f/ context: WB - FV

ontexts WB and WE represent word beginning and word
g respectively.
cores indicate the closeness of pronunciation between
sh and Columbian Spanish. The percentage indicates the
e frequency of a phoneme mapping compared to all other

ings. In table (3) the score of the phoneme /s/, representing
panish pronunciation, indicates that only very few times a
ent Columbian phoneme would have been preferred during



recognition. Therefore the mapping of /T/ → /s/ during forced-
alignment did not introduce high confusion for /s/. Furthermore,
the low percentage of the mapping rule indicates a large variety
of possible mappings rather than a clear context dependent match
to any other phoneme, in contrast to the Spanish phoneme /x/.
Next, forced-alignment of the Spanish phoneme HMMs on the
Columbian data as a cross test is performed to evaluate the map-
ping rules. The cross-alignment also reveals possible context-
dependent mappings of the Spanish phonemes /T/ and /J/ to
alternative Columbian phonemes. Table (4) shows such alterna-
tive mappings for the phoneme /T/. The cross-test did not reveal
other alternatives for phoneme /J/.

Table 4: Pronunciation scores and phoneme mappings for the
Spanish phoneme HMMs aligned to Columbian labeled speech

Phonemes Scores and Mapping rules
of Lattice

/f/ 1.03018
26 % /T/ context: F - FV

/x/ 1.1425
25 % /T/ context: L - FV

/s/ 1.02162
23 % /T/ context: N - FV

Having identified context-dependent phoneme-mappings, the
lexicon is updated using several different thresholds for the pro-
nunciation scores and the percentages of the mapping rules.
Adapted words in the lexicon thus received another possible pro-
nunciation transcript, e.g.:

• anterior / a n t e r j o r /
• anterior / a n t e r i o r /
• agenda / a x e n d a /
• agenda / a s e n d a /
• español / e s p a J o l /
• español / e s p a n o l /
• mensajería / m e n s a x e r i a /
• mensajería / m e n s a s e r i a /

Table (5) below summarizes the recognition results for all tested
lexica.

Table 5: Recognition Results for Clustered HMMs and Adapted
Lexicon

HMMs tested on tested on
Spanish Columbian

Pdf-based Clustered HMMs 79.7 % 96.4 %
Seg.-based Clustered HMMs 78.2 % 96.2 %

As table (5) indicates, the recognition result remained unchanged
for all tested lexica. Although the word confusions changed,
the overall recognition performance remained constant for all
lexica variations. This proves that the obtained recognition re-
sults are due to other effects than pronunciation variants of the
words. Nevertheless, no decrease of recognition performance
was observed either. The observed recognition performance of
the clustered HMMs thus depends on the acoustic property only.

6. Conclusions and Discussion
A combined approach to foreign-accented speech recognition
was presented. Several distance measures were tested in regard
to their quality for HMM clustering. It was found that pdf-
based clustering based on the approximated divergence Gaussian
distance measure obtained the best results. Although pdf-based
clustering occurred across segments and phonemes, it appeared
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d to an improved robustness for both the target language
e simulated foreign-accented speech.
rther improvement of the recognition performance was

ved with pronunciation modeling. However, the speech
nition performance did not decrease either. This might be
o the fact, that the clustered HMMs as well as the intro-

mappings for /J/ and /T/ according to section 5.1 already
nted well for the few pronunciation variants.

er experiments will be run on real non-native accented
h, that is currently collected within the European funded
ct OrienTel, which aims to develop language resources for
h-based telephony applications across the area between
cco and the Gulf States. The HMMs will then be trained
onetically balanced sentences to avoid vocabulary depen-
phoneme-mapping rules. The overall aim is to test the
ithms on native speech databases only, where the accented
h database serves as a mean of evaluation. The acoustic
ling part will thus receive a special focus in future.
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