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Abstract

In foreign-accented speech, pronunciation typicallgviates
from the canonical form to some degree. For ndisteners, it
has been shown that word recognition is more diffidor
strongly-accented words than for less strongly-aisze words.
Furthermore recognition of strongly-accented wobdzomes
easier with additional exposure to the foreign atcén this
paper, listeners’ behaviour was simulated with Fiaeker, a
computational model of word recognition that uses speech as
input. The simulations showed that, in line witmfan listeners,
1) Fine-Tracker's recognition outcome is modulateyg the
degree of accentedness and 2) it improves sligiftigr brief
exposure with the accent. On the level of individuerds,
however, Fine-tracker failed to correctly simuldisteners’
behaviour, possibly due to differences in overafhfliarity with
the chosen accent (German-accented Dutch) betwaemarh
listeners and Fine-Tracker.

Index Terms: foreign-accented speech, accent strength, word

recognition, computational modelling, German-aceéridutch

1. Introduction

Understanding spoken language seems to be onee @dabiest
things we do. Listeners usually handle the enormauibility

in the speech signal without ever so much as mgfitti Yet this
ease can diminish when listening to foreign-acaksggeech. In
this case, the complex processes of comprehenaiohe easily
obstructed. In foreign-accented speech, listenerscanfronted
with a speech signal that typically deviates natitg from the
canonical form in the target language and oftenleces
language-specific structures from the speaker'’w@danguage.
Understanding thus requires the speech systemapt &d non-
native pronunciation variations that often disagmeith the
structure of the target language.

Recent research with native listeners has showrn tha

comprehension of foreign-accented speech variedifterent

accents and speakers, and can improve with additistening

experience (e.g., [1],[2]). Typically, these stidare interested
in global foreign accents rather than specific atamarkers.
Specific segmental accent markers were investigabsd
Witteman and colleagues [3],[4] in a series of sro®dal

priming studies with Dutch participants listening German-
accented Dutch. The word stimuli in Witteman etsastudies
contained different segmental substitutions thaiedain the
strength of perceived accentedness. Their reshtiss ghat for
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listeners with limited prior experience with thecant, word
recognition is more difficult for strongly-accenterds than for
medium- or weakly-accented words. Furthermore, witty

little additional exposure to the German speakerpgnition of
strongly-accented words improves significantly.the present
paper, we will simulate the human ability to cothgcecognise
words with varying degrees of accentedness witle-Hiracker, a
computational model of spoken-word recognition.

The motivation for this study is two-fold. Firsth anportant
issue in explaining differences in recognising fogmeaccented
speech is teasing apart how much recognition eas#glienced
by perceptual similarity between the L2 target lzage and the
speaker’s native language, or by experience withersted
speech in general, or experience with a partidylae of accent.
Since it is basically impossible to find listen¢hat have never

been exposed to accented speech, a truly ‘monalhgu

computational model might be helpful in resolvirg tdebate.
Second, as far as we know, no computational modstisethat is
able to simulate how human listeners recognisedoraccented
speech. Computational models have mostly focussed
explaining the recognition of unaccented speech] ame
therefore typically tested on how well they handbnonical
speech. Furthermore, if they are tested on nonriealoforms,
the mispronunciations are set by the “experimentar’the
abstract input (e.g., [5],[6]). In this study, wdlwnvestigate the
ability of an existing computational model [7] tionsilate human
listeners’ recognition of German-accented Dutchngsreal
speech as input.

2. Primingin German-accented Dutch for
Dutch listeners

Witteman and colleagues [3],[4] investigated howhdong- and
short-term experience with German-accented Dutdlueince
word recognition by native Dutch listeners. Accenteords in
their study contained diphthong substitutions tgpfor German
speakers of Dutch that either deviated acoustichityn the
canonical form to a large extenthu{s [hoeys], ‘house’,
pronounced as fis]) or to a medium extenlijst [leist], ‘frame’,

pronounced as [iat]). As a control, words without obvious

segmental deviations were chosen (e.dekking [dekm)],
‘cover’). The mispronunciations were produced spoabusly.
Varying degrees of accent strength (strong accent[dey]

(o]

words, medium accent fogi] words, and weak accent for words

with no substitutions) were confirmed in a ratirtgdy. Dutch
participants with limited experience with the Germaccent



listened to the German-accented prime words, abdesently
made lexical decisions to printed Dutch target wofignificant
facilitatory priming effects (i.e., a difference imaction times to
target words preceded by identical primes versuselated
primes) were interpreted as successful word retiogni

Participants with limited experience with the Gemaacent
showed significant facilitatory priming for weakaecented and
for medium-accented words, but not for stronglyested words
(see Figure 1). Furthermore, the size of the pgneffect was
significantly smaller for the strongly-accented d&than for the
medium- and weakly-accented words, but medium-vaeakly-
accented words primed equally well. When Dutch ipigdnts
first listened to the German speaker reading atdbotch story
containing words with [cey] before the cross-modammg
experiment, all word types showed significant féafibry
priming (see Figure 2).

Thus, brief additional exposure to the German-atesten
speaker was sufficient to immediately interpredsifly-accented
words correctly in the priming study. With brief ditional
exposure, priming effects were furthermore comparétr the
three accent types. Thus, all accent types pringchlly well
after exposure, although they varied in perceivazat strength.
The fact that differences in perceived accentedmes® not
fully reflected in measurable differences in prigirwere
attributed to 1) Dutch listeners’ limited experiengith German-
accented Dutch (all Dutch listeners have some éxpeg with
the German accent) and 2) the close perceptualasityiof the
German-accented pronunciation with the Dutch cai@adni
pronunciation. This allowed them to recognise meditand
weakly-accented words equally well, while for sghpaccented
words additional exposure was necessary to actiremeediate
correct recognition.
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Figure 1. Priming effects for Dutch listeners with limited
prior experience.
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Figure 2. Priming effects for Dutch listeners with
additional brief exposure.

2.1. Fine-Tracker

Fine-Tracker [7] is a computational model of hunspoken-
word recognition specifically developed to accoudot the
accumulating evidence that phonetic detail is irtgoarin word
recognition (e.g., [5]). It is one of only a few mputational
models that take the actual acoustic signal astinfhe Fine-
Tracker software is implemented in JAVA and is rilistted via
http://www finetracker.org. In line with for exan®l5], Fine-
Tracker assumes that the speech recognition precesssts of a
prelexical level and a lexical level. First, listea map the
incoming acoustic signal onto so-called prelexical
representations. At the lexical level, all repreéatans are stored
in the form of sequences of prelexical units, amdical
representations that (partly) match the prelexiepresentations
are activated in parallel.

2.2. Theprelexical leve

At the prelexical level, which is implemented aset of artificial
neural networks (ANNSs), the acoustic signal is @tad into
‘articulatory feature’ (AF) vectors, created foreey 5 ms. AFs
describe acoustic correlates of articulatory prigerof speech
sounds and can be used to represent the acougtial sSh a
compact manner (e.g., manner and place of artionlatoicing,
and tongue position during the production of voyelfie use of
AFs as prelexical representations allows Fine-Teadk ‘track’
and model phonetic detail in the speech signal.rkare details
about the AFs used in Fine-tracker see [7]. No& time of the
AFs specifically models diphthongs.

For each of the AFs, one ANN was trained for al AF
types using NICO [9]. The ANNs were trained on 841
randomly selected utterances from the manuallystrdied read
speech part of the Spoken Dutch Corpus (CGN; [1Bie-
Tracker was only trained on speech from native Butc
professional speakers (without clear dialect makemnd can
thus be regarded as a ‘monolingual’, i.e., a hygtthl Dutch
listener who has never encountered German-accenteth.

For each 5 ms input frame, each ANN creates a mondis
value between 0 and 1, for each of its AF typess Thlue can
be regarded as a measure of activation of thisypE.tPer input
frame, all AF values are combined into a featuretare whose
length is equal to the total number of AF typeseSé feature
vectors serve as the input of the lexical levetioke-Tracker.

2.3. Thelexical level

In Fine-Tracker’s lexicon, words are also represenih terms of
AF vectors. These are obtained by automaticallysstuiting all
phonemes in the lexical representations with thaimonical (0
and 1) AF values. Fine-Tracker’s word recognitioadue uses
a probabilistic word search (based on Viterbi deaecstandard
technique in automatic speech recognition) to matbke
prelexical feature vectors onto the candidate wardke lexicon
in order to find the most likely sequence of worBler each of
the prelexical vectors the ‘degree of fit' with tleical vector is
calculated, a worse fit results in a lower ‘activat of that word
and vice versa. The output of Fine-Tracker is &edrN-best list
of the (in this study) 50 most likely lexical pathih likelihoods
for each word on each path (the N can be set avalong). This
N-best list can be created for every 5 ms timeslic

A strength of Fine-Tracker is that it can be testéh real
speech rather than an abstract form of input reptesion as is
used by other models of word recognition (e.g.,[P). This



allows us to use the actual German-accented Dtittiuls from
the cross-modal priming study in [3],[4] for ounsilations.

3. Set-up of the simulation

Fine-Tracker was tested in two conditions that epipnate the
two listener groups of the cross-modal priming gtud [3],[4]:
as a Dutch listener with no experience with Germecented
Dutch (referred to as thieexperienced condition) and as a Dutch
listener who had just listened to some German-dedeButch
(the exposure condition). Note that while Fine-Tracker truly had
no prior experience with German-accented Dutch, cbut
listeners in [3],[4] had limited prior experiencétlwthe German
accent. The task set to Fine-Tracker was to cdyreesbdel the
varying word recognition ease observed in [3],[Bbr Fine-
Tracker, we consider a target word appearing at (first best)
as a correctly recognised word, while for the hundata we
regard a significant positive priming effect as arrectly
recognised word.

For any automatic speech recognition system to work

parameters need to be set for the task and spebeimé For the
inexperienced condition, 94 weakly-accented filler words from
the German speaker of the priming study (disjoiatf the test

set), with no /cey/ andi/ were used as a development set to tune

the parameters. To simulate brief exposure to Geracaented
Dutch, the parameter settings for tbosure condition were
tuned on the development set with an additionalay/ and six
[e1/ filler words for theinexperienced condition. Note that the use
of accented items during parameter tuning as afeimgntation
of brief exposure is a modelling assumption, naheoretical
assumption [11].

After the optimal parameter settings were foundneFi
Tracker was evaluated using the full set of expental words
from the priming study (24 weakly-accented wordsnedium-
accentedst/ words, and 12 strongly-accented /cey/ words).a-or
simulation to be considered successful, Fine-Tnacksould
show more correctly recognised target words witbresing
accentedness, i.e., the fewest correctly recogniseds for the
strongly-accented words, and more for the mediumd-vaeakly-
accented words. Secondly, we would expect that initheasing
accentedness, the depth in the N-best list at witiehtarget
word was found should decrease (note: the higherNh the
worse). These are the criteria with which Fine-Kesicwill be
evaluated as a macroscopic computational model hef t
recognition of foreign-accented speech. Moreovere will
further investigate Fine-Tracker as a microscopimputational
model by correlating the average depth at whichrget word
was found with the size of the priming effect ferdividual
words in the priming study.

For a successful simulation of the behaviour of dbut
listeners with some exposure to German-accentedhDwe
expect Fine-Tracker's performance to increase foerecognise
more words correctly) in thexposure condition. Moreover, we
expect that with increasing accentedness, the depitte N-best
list at which the target word is found should dese

The Dutch lexicon used in the simulations consistéd
27,740 entries. To guide Fine-Tracker’'s word seanghapplied
priors (i.e., a higher probability) to the words time test and
development sets such that they had a higherhited than the
other words in the lexicon. (Note, that the usemdrs, usually
in the form of word frequency, is standard in awatimspeech
recognition systems.)

Table 1. The average depth at which the target word was found
in the N-best list, the average depth excluding the recognised
target words, and the percentage of target words that were
recognised, per accent type and per condition.

weakly- | medium- | strongly-
accented| accented| accented
targets | targets | targets
inexperienced condition
average depth 1.8 3.6 5.2
average depth, excl. first best 3.7 6.2 7.3
% target on N=1 71.4 50 33.3
exposur e condition
average dep 1.€ 3.4 5.8
average depth, excl. first begt 3.6 6.8 9.1
% target on N=1 76.2 58.3 41.7

Leading silences in the words of the test and adgreknt
sets were cut before the stimuli were parameterizét 12
MFCC coefficients and log energy and augmented firigh and
second derivatives resulting in a 39-dimensionatuie vector.
The features were computed using 25 ms windowseshby 5
ms per frame. The MFCC feature vectors were useadpag to
the ANN module at the prelexical level. The outmft the
prelexical level was then used as input to thectearodule at
the lexical level of Fine-Tracker.

4, Results

In the priming study [3],[4], three weakly-accentedrds had
been removed from the analyses due to high ertes;rthe same
words were now removed for the analyses of the-Fiaeker
outcome. We first identified the number of targeirds present
in the 50-best list output by Fine-Tracker. For hbahe
inexperienced condition and theexposure condition, all 45
remaining target words appeared in the 50-bestoligput by
Fine-Tracker. For thinexperienced condition a total of 25 target
words were ranked first best — the lowest rankirget word
was at N=15, for thexposure condition it was 28 words, with
the lowest ranking target word at N=23. The (wetdhtaverage
depth in the N-best list at which the target wosdse found was
3.5 for theinexperienced and 3.6 for thexposure conditions.

To further investigate whether Fine-Tracker cofgect
simulated the differences human listeners showeddognising
words with varying strengths of accent, weakly-dmen-, and
strongly-accented words were analysed separatelyleTL lists
the average depth at which a target word was fauice N-best
list, the average depth excluding the first besggwords, and
the percentage of target words that were recogniseghrately
for each accent type and for each condition.

In line with the human data, the average depth kitlwa
target word was found in thénexperienced condition was
significantly higher in paired two-tailetttests for strongly-
accented words than for weakly-accented wot(&l) = 7.63p
< .05), with no significant difference between madi and
weakly-accented word4(81) = 3.083p > .05). The number of
times that the target word appeared as first bast1® out of 21
(71.4%) for the weakly-accented words, 6 out of(3Q%) for
the medium-accented words, and only 4 out of 123%3 for
the strongly-accented words.

Also in line with the human data, in tlegposure condition
there was no difference in depth of N between sfigeaccented
words and medium-accented wortls (1) and between medium-



and weakly-accented wordg31) = 2.73p > .1), but contrary to

the human data strongly-accented words were ranked

significantly lower than weakly-accented wordé81) = 6.24p
< .05). In theexposure condition, 16 (76.2%) of the weakly-
accented words were ranked first best, 7 (58.3%h@®medium-
accented words, and 5 (41.7%) of the strongly-aecewords.
Note that the number of target words ranked a$ ffiest was
overall higher in the exposure condition than in the
inexperienced condition, but this difference was not statistical
significant. The fact that Fine-Tracker still judgestrongly-
accented words as less likely target words in éRgosure
condition, while human listeners recognised thesedw in the
exposure condition as easily as the other words, possipgaks
for the fact that the limited previous exposure hantad with
the German accent helped them to adapt to straggnted
words more quickly. Thus, we predict that with mesgposure
Fine-Tracker would judge strongly-accented words nesre
likely target words. The fact that in theexperienced condition
there was no significant difference between mediwend
weakly-accented word for the ‘monolingual’ Fineetkar, speaks
for an influence of perceptual similarity on reciiigm ease.

For both the priming data and Fine-Tracker, therasw
variation in the results on an item-by-item basis,, priming
effects varied in size per word and for Fine-Tradke depth at
which target words were found varied. To investgatether
Fine-Tracker and the human listeners showed sirhigdaviour
for individual words, the depth at which the targeird was
found in the N-best list for thmexperienced and theexposure
conditions was correlated with the priming effectghe human
data. A one-tailed (bivariate) Spearman’s rho te§tthe
inexperienced condition found no significant correlation witheth
inexperienced human listener group (Spearman’ssridb2,p =
.159). And also, for thesxposure condition, no significant
correlation was found with the human listenershia &xposure
group (Spearman’s rho = -.28,= .427). Thus, Fine-Tracker
could not successfully simulate listeners’ behavion the
priming study on an item-by-item basis.

5. Summary and conclusions

Fine-Tracker was able to correctly predict the idifty
inexperienced listeners have with German-accentattiD in
line with the human data, the average depth attwhidarget
word was found was significantly higher for stronglccented
words than for weakly-accented words, with no digant
difference between medium- and weakly-accented svord
Returning to the perceptual similarity vs. expecedebate, this
latter result speaks for an influence of percepgtimilarity on
recognition ease.

The overall results improve slightly (but not sigantly so)
when Fine-Tracker was exposed to a few accenteusitturing
parameter tuning. Again, with increased accent,rtheber of
recognised words decreased. Moreover, there watiffeoence
in N-depth between strongly-accented words and umedi
accented words or between medium- and weakly-aedent
words, but contrary to the human data strongly-aieze words
were ranked significantly lower than weakly-accenterds.

This discrepancy between the human listeners ame- Fi
Tracker in theexposure condition can either be explained by an
adaptation advantage human listeners had through Ipmited
exposure or it can be explained by the differencehie way
human listeners and Fine-Tracker were exposed tom&@e

accented Dutch. In Fine-Tracker, exposure was imefeged as a
change in parameter settings, these (and otherrapatrted)
results indicate that this may not the optimal iempéntation of
‘exposure’. Follow-up research will focus on incorating
exposure to accented speech at the prelexical,léwe| by
training Fine-Tracker on German-accented Dutchhghat the
AFs will be adapted to German-accented Dutch. Slisteners
in the priming study had limited exposure to Gerraaoented
Dutch, unlike Fine-Tracker, it is possible that thexperienced
condition does reflect the results as one woulcexfor a Dutch
speaker who has never been exposed to German-edd2utch.
This interpretation needs to be investigated furthe

The item-by-item analysis showed that Fine-Trackas not
able to correctly simulate listener results on temiby-item
basis. However, it should be noted that other aspatwords
(such as lexical frequency) also influence recagmiease, and it
is possible that differences in performance ontam-by-item
basis mainly reflect differences in how Fine-trackad human
listeners react to these additional aspects.

Concluding, Fine-Tracker was able to simulate human
listeners’ recognition of German-accented Dutcthalgh more
research is needed to determine the status of tukelnas a true
monolingual of Dutch. Nevertheless, this study shothat
computational modelling is a valuable asset in stigating the
mechanisms underlying the recognition of foreignesmted
speech.
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