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Abstract

Speakers are known to accommodate to each othemavior
when interacting. Information circulates via mukigensory-
motor loops operating at various levels of therextgon and
this closed-loop process induces modificationslliesels of
representation from social and psychological evainato
low-level gestural behaviors such as gaze, respirgtatterns,
or speech. Various authors have proposed that these
representations tend to converge or diverge aaugrdo
cognitive demand. While quite plausible, claimedeations
of such behavior in speech are extremely contrialerShe
effects are rather small, and are difficult to captand
characterize objectively. This paper focuses orsthdy of the
convergence between phonetic representations —trapec
realizations of speech sounds — using automatgsifieation
techniques developed for speech and speaker reogni
Using data collected during a novel language gametesm
‘verbal dominoes’, we show that scores are comparab
between global techniques and a more fine-graimedysis
focused on vocalic segments.

Index Terms: speaker recognition, phonetic convergence,
speech adaptation

1.

Individuals accommodate their communication behajdip
either by becoming increasing similarity with their
interlocutors (i.e. convergence) or on the contrdry
increasing their differences (i.e. divergence). €8pe
accommodation has been observed at several levels.
Researchers have in fact conducted studies on agenes of
phonetic dimensions such as pitch, speech ratelnkss or
dispersions of vocalic targets. The supposed goalshenefits

of this adaptation include: easing comprehensiaailifating

the exchange of highly context-dependent messages,
disclosing ability and willingness to perceive, emstanding

or accepting new information, and maintaining sogjae.
Zoltan-Ford [2] has also shown that users of diadggtems
tend to converge lexically and syntactically to thgoken
responses of the system. Moreover, Ward et al[3]
demonstrated that adaptive systems mimicking tleisatior
facilitate learning. But the phenomenon depends erersl
factors and most objective studies show only lichite
convergence, if any.

This emerging field of research is nonethelessrakfar
two projects: the study of adaptive behavior during
unconstrained conversation, and the substitution aof
artificial conversational agent for a live partner.

This paper addresses two main topics: (a) we dogtime
new method of collecting phonetic material to stualyd
isolate the impact of the various factors influeggi
adaptation; and (b) we evaluate automatic techsigioe
quantifying any extant degree of convergence.

Introduction

2. Observing and characterizing phonetic
convergence

2.1.Scenarios

Researchers have used a variety of paradigms taathsare
adaptation at different levels.

Perturbation of auditory feedback: Evidence that speakers
tend to compensate for perturbation of their augifeedback
(see [4] for fO) lead some researchers to inferirgarnal
sensory-motor speech representation towards wipehkers
tend to return in response éxternal excitations (or in their
absence).

Imitation: Repetition and shadowing paradigms demonstrate
convergence effects on Voice Onset Time (VOT) [B}
distribution [6], and articulation [7]. Sato et 8] showed
that unintentional and voluntary imitation durinchet
production of vowels used almost the same cognitive
resources and resulted in similar behavior.

Ambient production: Delvaux and Soquet [9] tested the
influence of ambient speech on pronunciation oftader
keywords during a description task. They show snbait
significant effects on the spectra of target soumksn uttered

in alternation with recordings of same vs. difféar@elgian
dialects of French.

Interaction: Finally, researchers have studied phonetic
convergence during unconstrained interaction. P
examined the pronunciation of target words exchdrdyging

a map task between pairs of same-sex talkers. efeeptual
experiments show that interactive speech decreasges
subject distances. Aubanel and Nguyen [11] testedew
method of collecting dense interactive corpora with
uncommon proper nouns, and they found a number of
significant signatures of dialectal and phonetiovargence.

2.2.Computing degree of convergence

Quantification of convergence requires a baselime f
comparison, so the default phonetic characteristfcspeech
segments (words, syllables, allophones) that véllaialyzed
during interaction are thus often collected throughding
[10-11] or playing games alone [9] in a so-callee-fest
session. Phonetic characteristics of the two spkake
productions before interaction are then comparethése of
speech segments uttered during the interactiorfter goost-
test).

To characterize phonetic convergence, most authses
spectral cues (formants, Mel Frequency Cepstral @omits
ie. MFCC) in the central part of particular segmesftsarget
words (mostly vowels & fricatives). The calculatioh RMS
distances between speaker-specific allophonesanetsnes
preceded by linear discriminant analysis [11].



To our knowledge, no results have been published
addressing more global acoustic characterizations.

Figure 1.Convergence rates g, for the 8 vowels
exchanged by two dyads. Circles with dotted lines
(radius 1 and 4) feature default vocalic
representations of the two speakers. Left: no
convergence was found; Right: convergence of one
speaker (€,=0.38) towards the other, the orange
line is getting closer to the outer circle represeg

the default vocalic representation of the partner.

3. Speech recognition

The method for calculating convergence rates ugdodivaux
& Soquet [9] and numerous researchers consisteripating
an average distance between vocalic spaces usirggrli
discriminant analysis (LDA). MFCC are first extractéat
each vocalic target. Discriminant spaces are tloempated for
the central frames of each target sound for eadh gfa
speakers. These frames are finally projected on fitse
discriminant axis separating speaker-specific spdoe the
pronounced vowel and convergence rates for eagbttaound
are calculated by normalizing the distance betwsssakers
during interaction by the distance between vowelered
during the pre-test. The convergence rate - note@ @, - is
then taken as the mean of these sound-specifie (see
Figure 1).

This method requires prior segmentation, labelimgl a
clustering of specific target sounds (here voweld)e
pronunciation of which speakers are supposed touatiyt
accommodate.

4. Speaker recognition

This paper compares the previous approach with eakep
recognition technique that compares the more glsbape of
the acoustic spaces. The experiments were perfoasiagd the
MISTRAL platform [12]. We choose to perform speaker
recognition by the Gaussian mixtures models (GMdfje of
the most popular techniques for text-independerdalepr
recognition [13]. The speaker decision task maauysists in
a basic statistical test between two hypotheses:
¢ Hg the speech characteristigshas been produced
by the hypothesized speaker S
¢ H=g yis not from the hypothesized speaker S (often
called the model of the “world”)
The decision uses a likelihood ratldRg) test given by:

RM)=]

PiIHS) _

(1)
p(yIH.s)

where p(y|H) is the probability density function for the
hypothesisH evaluated for the speech segmgm@ndé is the
decision threshold for accepting or rejectitg

With MISTRAL, the log likelihood ratio (LR) is
computed over a test set of framésTwo GMM respectively
describep(y|Hs) andp(y|H-g) with the following law:

pyIH)= D> WN(y|x,2))

i=1.M

@

where wi, ui and Xi are the weights, mean vectors and
covariance matrix of the M components of the mitur

In our case,Hs and H-g are the models of the two
speakers of the dyad: the “worldsS corresponds to the
interlocutor’s model. We then note:

p(y[Hy)
LLR,,(Y)= ) log ®)
v ; plylH,,)
GMMs here have M=64 components and the

components are MFCC coefficients estimated every 10ms

These GMMs are trained in order to maximize
LLRs1s{Ps)+LLRgs{Ps)™ over the set of frameRs; and P,
uttered respectively by speakexkands2 during the pretest.
This sum corresponds to the global distance betweenstic
spaces of the two speakers.

Initialized using vector quantization, GMM paramstare
refined by the iterative Expectation-MaximizatiorEM)
algorithm in order to increase the likelihood oé testimated
model for the observed feature vectors. Five toiterations
are sufficient to get a correct estimation of eagleaker's
model.

The convergence rate o6l “towards” s2 noted
CLir(s1-s2)is then taken as the relative quotient between the
difference of a speaker’'s LLR (hesd) calculated with his
own model on frameP; and during interactionlds) and
the difference of LLR calculated with the two intenlitor’s
model on the pre-tesPf).

LLRS’JSZ(PSJ.) B LLRslsz(l s]sz)

C - (81,s2) =
R ( - ) LLRS’LSZ(Psl) - LLRslsz(Psz)

4

where |15 is the set of frames uttered by speakérwhen
interacting with speakes2 So, if we dont have any
convergences;s=Ps; andCy g(s1-s2)= 0.

5. Data

5.1. Speech dominos

A novel technique called “Speech Dominoes” [14] wasd to
collect rich phonetic data on interactive speedte fiule of the
game is quite simple: speakers had to choose beta@eral
alternatives the word that begins with the samkalsid as the
final one of the word previously uttered by theentcutor
(see Figure 2). The experiment was divided into phases.
Intrinsic references were gathered for each spedigng a
pre-testsession, where the speaker reads aloud a lisb@f 3
words before any interaction with others. The ms-tvords
are those used during the dominoes' game. Duriagydme,
each interlocutor pronounces respectively halfhefgre-test

(l) Since I—'—Rlsipsl) =- LLRSZSl(Psl)v LLRSlsipsl) + LLRSZSl(PSZ) = I—I—Rslsipsl) - LLRSlSiPSZ)



words, i.e. about 175 words. Figure 2 representgs fitst
speech dominoes used in the interactive scenatierldcutors
have to choose and utter alternatively the rhymiogds. At
each turn, speaker has to wait for his interloctiwoutter the
correct word in order to choose what to pronouree since
the alternatives given to him are equally probgkelg. both

5.2. Speakers’ models, reference and test data

Only half of the pre-test data are used to tram sheakers’
models. The other half is used as reference datau¥éd a
simple cross validation procedure: the convergentes are

words fordy] and forfi] exist in French and have roughly the
same lexical frequency). Our reference subjectt firs
pronouncesrptor] to begin the game, then our tested subject

the mean values of relative distances betweenemter and
test data over 10 random partitions between trgiramd

will have to choose betweertofdy] and perly] the one that
begins with for]: he will thus uttertprdy] and so on.

We chain here simple dissyllabic words in ordefirtat
the cognitive load and ease the running of suceessssions.
As our first analyses are focused on vowels [1%,s@lect bi-
syllabic words chosen to collect equal numbersllophonic
variations (about 20 tokens per speaker) of thietgigripheral
oral French vowels: [a]g], [e], [i], [y]. [u], [O], [2]-

Spk1
S|Jk2 y L S k‘)
Spki M/,nuly\ = j‘-f,,-,h
rotor o~ 057N dyre ( Spki ” S|Pt"1
05 pe: Ny B spke %7
05 pepi 05~ lefo (\
05 pile / 057 odi
08 e

Figure 2.First speech dominoes used in the interactive
scenario. Correct rhymes in each pair are enlightene
in bold.

Table 1 Convergence rates computed for each
member of our 27 pairs by LDA (first column and
second column of interact and pretest corresponds
respectively to the mean convergence rate and its
standard deviation) and LLR. Significant data (pkO.
for LDA distributions for Interact vs. Pretest) aie
bold.

Initiator Respondent
Game | Dyad Sex LDA LLR| Se: LDA LLR
Interact | Pretest [ p Interact | Pretest| p
P 1 M| .03 .1 .03 .0f .8p .11 F .03 .p9 .04 |02 |79 |.18
aé’ 2| M| .01 .04 .03 .0p 2p .44 F .04 IO .04 |02 (90 |.01
g 3 M| -01 .09 .04 .0p .1p .40 F .11 .4 .04 |02 |16 |.09
VL',: 4 M| .04 .1§ .09 .0p .3 .5 M| .13 .09 .07 .03 .of .0B
2 5 M| .07 .14 .08 .0p .89 .45 M| .28 .29 .07 .06 .OL -.05
_§ 6| M| .06 .19 .06 .08 95 .16 M| .31 .17 .05 .03 .0p .1
8 7| Fl .01 .13 .09 .0p .14 .47 F .15 p5 .08 |05 |.21 |.08
: 8| F[ .10 .19 .09 .0p .84 .45 .08 1 .07 |06 (87 |[.07
5 9 F| 41 34 .11 0p 04 .40 F| .18 .29 .08 .0f .33 .15
2 10] M| .17 .24 .09 .0B .37 .19 15 41 .09 o9 (23 [.06
(% 11 M| .08 .19 .07 .Oofp .78 .41 .04 J4 .07 |03 |46 |[10
12| M| .08 .09 .04 Op .28 .q9 F| -.04 .04 .03 .0p .0p .47
13] M| .41 .33 .07 .03 .Oofp .21 M| .14 .13 .07 .02 .1p .18
14 M| .15 .19 .05 0B .16 .45 .13 J6 .04 |03 |16 |[.07
) 15 M| .40 .29 .07 .0¢ .Ofp .44 M| .03 .24 .07 .0p .6p .16
_5 16| H .00 .11 .03 .0 .49 .13 -.03 2 .02 |01 (22 (.11
= 17| H .00 .0$ .03 .0 .50 .12 .04 p7 .03 |02 |46 |.07
g 18] H .06 .12 .02 .op .32 .13 M| .10 .1 .02 .01 .0p .16
.g 19 H .14 .24 .06 .04 .38 .38 F .13 31 .08 |06 |.66 |[.11
g 20 F| 39 .24 06 0B Op 46 F| .00 .14 .07 .0p .16 .48
g 21 H .16 .31 .04 .o .J0 .23 F[ .22 .24 .05 .0p .0f .13
%‘ 22| H .07 .33 .10 .o7 .90 -.J0 F| .28 .2d .09 .0p .Op .16
a2 23 F| .15 .14 .06 .0p .0p .40 F .18 .J1 .06 |02 (01 |18
$ 24 H .22 .43 .08 .04 .36 .23 F .34 |54 .09 |05 [.21 |.51
25 H .12 .1¢ .05 .0 .46 8 F| .15 .1 .06 .0 .0B .29
26 F| 12 .14 .01 Of .Op .39 M| -03 .11 .01 .0} .3p -03
27| F| 34 24 06 .0p O .48 F| .22 .34 .06 .0p .2B .37

reference data.

In a first series of experiments with 186 dominds][ we
noted that phonetic convergence was higher for slyado
already knew each other and particularly for worfie], as
shown in the first 12 pairs in Table 1 and Figur®Gring this
condition, speakers were in two different

setup was easy to realize thanks to the MICAL ptatfof our
laboratory (two rooms separated with a tinted mjrrén a
second series involving good friends exchangingam@elr
number of dominoes (350), 3 male dyads, 4 mixedislyad 8
female dyads have been tested. 5 men from 24 @& old
and 11 women from 18 to 26 years old participatadthis
case, people were engaged in a real face-to-faéemdation.

T T
LDA
e MISTRAL
[}
1+ id °° * [}
+ +
+ ¥ o
+ I8 + + 4 o] 9 5
o L]
T 4 o} °
° Q
° + + + * o 9
4 90 o+°++o + + 5 oo 9
0 F ¥
12 3 4 5 6 7 8 010 11 12|13 1415 [16 17 18 10 20 21 22 23 24 25 26 27
T S SN W (R S S s M i B s A e s M s B

SMALL _SPEECH_UNKNOWNS LARGE_SPEECH_FRIENDS LARGE_F2F_FRIENDS mmp-

Interactions

Figure 3.Comparison of convergence rates for the
two methods (1 is for the initiator and O for the
respondent).The dark gray color represents theltesu
obtained with MISTRAL. The results obtained with the
different methods are quite similar. During
interactions 1 to 15, people were communicated
thanks to microphones and headphones while they
were in a face-to-face condition for interactions tb6

27.

6. Results

Table 1 displays convergence ratgg Land G g computed
for all dyads. An ANOVA test was performed to test
significant deviations between reference and tegpn.C
Distributions with significant convergence rates@pl) are
noted in bold.

Convergence is not systematic. Moreover, we caritede
the phenomenon is amplified for same sex pairsifags 4-6,
9, 13-15, 20-23 and 25-27) and particularly for veomThis
observation led us to select mostly women for thealf
interactions, and the results largely confirm teisdency.

We found a significant correlation of .64 (p<0.@®&fween
these two coefficients for initiators and of .73<Qp005) for
the respondents in the case of the large corpust (&
interactions in Table 1 and Figure 3). The coriefat
calculated on the first 12 interactions are lowd&e do think
that this is the consequence of insufficient tragnidata
provided by the 186 dominos.

rooms and
communicated through microphones and headphones. Th



6.1. Convergence and performance

We define turn-taking time (TTT) as the time delsstween
the onset of the last vowel of the domino pronodnicg one
speaker and the onset of the first vowel of thet mkamino

uttered by his partner. Figure 4 shows the mainahmpf

convergence on the evolution of TTT during the riatéon:

for moderate convergence rates, the degree of ogenee of
the initiator towards his partner correlates withreased TTT
speed for the latter (r = -.77). We do not fincstaffect for the
initiator's turns. This tends to confirm that thele and
background of each participant has a strong impatt
behavior and performance [16].

tn3

u

_g' 02 ¢

= ot +

.8 o < +

T SR A N

2 0 = *

g ~ +

b +

=)

o 02

=)

=

g 03

&

- -

v 94

=

=

= 0§ P S S S S TGS C-.
5 0 005 01 015 02 025 03 035 04 045 2

R LDA

Figure 4.Relative variation of mean turn-taking time
of the respondent as a function gigof the initiator.
Test subjects increase the rhythm of the interactio
(decrease turn-taking time) in response of the pkion
convergence of their interlocutor.

7. Conclusions

We have shown here that speaker recognition teaksiq
provide a reliable estimate of the global degreeludnetic
convergence without the need of phonetic segmentadi a
procedure for part of speech pairing. For almostpalrs
analyzed so far, few cases of divergence have bbserved.
On the contrary, large convergence rates have lfmamd.
Such impoverished phonetic contrasts between ictintp
speakers should be considered in automatic sp&aliing.

Our interaction paradigm offers other
applications as well, regarding for instance thpant of word
frequencies on the convergence [17] or rhythmicalpting
across interlocutors. A perceptual validation o€ trtarge
convergence effects found here is also called for.

This method will be used to characterize adaptéatidess
controlled conditions, to investigate the impactcohditions
and linguistic content and study the dynamics obrptic
convergence. We plan to train statistical speeahthggis
engines to implement the dynamics of the obserdegtation
strategies. Such interlocutor-aware componentscarginly
crucial for creating social rapport between humamd virtual
conversational agents [18].
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