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This dissertation studiesthe mapping of a phonological representation to phonetic
implementation, and its consequences for theories of coarticulation asmkech production,

in physical space and real time through the lens of two production experiments on contextual
variation in the production of Thai tones.

Experiment 1 presents the results of an acoustic investigation where the Thai Falling and
Rising tone productiosare gudied as a function of following tonal context, speech rate, and
their interaction. This experiment demonstrates the existence of systematic anticipatory
dissimilatory contextual tonal variation effects.

Experiment 2 presents the result of an acoustic agléctromagnetic articulography
(EMA) investigation of consonants, vowels, and tones production in Thai. The effects of
following tonal contexts, speech rate, and their interaction are examined. Four main findings
emerge. First, we find that tones are matably anchored to articulatory events rather than
acoustic events. Second, all observed timing patterns displayed by Thai speakers are
compatible with a splitgesture competitive coupling model of tone. Third, tonal contexts

produce effects on interand intragestural tonal timing that offer a partial basis for the



dissimilatory effects, albeit not a complete one. Fourth, asymmetric effects of rate on
consonantal closures, releases, vowels, and tones duration are uncovered.

We argue that modeling dissinaifory effecs among tones reported in experiment 1 and
2 requires a conceptual dissociation between observed contextual changes in tonal targets
and their spatietemporal execution as gesturesn other words, moded of phonology and
speech production shold comprise both a coproduction and bbokahead coarticulation
component. This is computationally implemented by adding an intentional planning field to
the Task Dynamic model of Articulatory Phonology.

The articulatory timing patterns reported in experimé 2 are modeled using a
computational implementation of the coupled oscillator model of Articulatory Phonology. It
is shown that such a model can generate both thest commonlyobserved group patterns
and all the patterns of individual variation by minialy altering coupling strength between
pairs of gestural planning oscillatorsln this way the model can unify an invariant
phonological representation with surface phonetic variatiorModel limitations and
relationships to phonological theorgre also décussed.

In sum, this dissertation presents empirical and modeling evidence that advances the

understanding of coarticulatory patterns and articulatory timing of oral and tonal gestures.



BIOGRAPHICAL SKETCH
Francesco Burroni wasorn in ArezzoDi { Oy CExCneeldt C@+C{ii +tx- +-C
+0{ ééE2UC; &{ x2a £tMlFxpeimeniatiof prayranifrehitwhichh€graduated
in 2011. He then moved to Milan to complete an undergraduate degree in Classics, with a
Linguistics elective track, at the Catholic University of the Sacred Heart. There he was an alum
of the Ludovicianum Collegéie is the first person in fifamily to receive a university degree.
He then studied Linguistics in Leiden before moving to IthacAugust 2016. He is graduating
from Cornell University with a Ph.D. in Linguistics and a graduate minor in Cognitive Science.
Since March 2023, he hbsen aWissenschaftlicher Mitarbeitext the Institute of Phonetic
and Speech Processing at the Ludwig Maximilian University of Munich with the spoken

languageprocessing group.



D.O.M
and

to the memory of my beloved grandfather, Rolando



ACKNOWLEEMENTS

This dissertation is the result of my work as much as it is ofitispiration, training, and
supportthat Ireceived fromothersalong the wayThis is my occasioto express my gratitde

to you all If | forgot to add your naméelow please forgive me, | am grateful to you
nonetheless

| will start from my committee membear Chutamaneénsuwan DragaZac, AbbyCohn
and SanTilsen

Thank you, Chutamanee, for helping out a complete strang#io just knocked at the
door of your lah when you had no obligation to do s@hank you for always being a friend
and mentor when it came to all sorts of different problems of lfi®wm navigating Thai
bureaucracy tathe best strategiesone can use teollect2 A E O -datat I>aifn gorry that only
a small portion of the data could make into this dissertatiobut | look forward b more
collaborations in the futurél alsowish to thankyour RAs,Khim, Pang, Mint, Mint, Beapm,
Mean, and Jumgor the help in collectingthe Thai childrendata. | also wish textend my
gratitude to the teaching staffat the ThammasatUniversity Kindergarten, particularly
Danucha Panpalanon, fagiving me much of their time and assistance

Thank yoyDraga for making me realize thatdved doing phonologyand for making me
feel likel could doit, even though | hado previous experienceAdditionally, thankyou for
providing me with your suggestionsandinsightsin every meeting we hadkinally, thankyou
for serving on all of my committees and foeaching me a very important lesson: that a
weakness irJ x +abaéysis carbe made into its strengthl keepsedngit this time and again
in my own work.

Thank youAbby, for making me realize thane cannot do phaology without phonetics
and for steering my path towards a direction that ended up makingamappy personin all
sorts of different waysThank you fomaking sure that | never lost sight of the big picture
once my work became increasingBxperimentaland detailoriented. Thank youalso for
giving me the impetus to ask hard questisand theconfidenceto try answering thenwith

my own voice



Finally, more than anyone, thank yp&am for providing me withthe most satisfying
intellectual journey Although it was not easy at firdtcould not imagine of a better advisor
for myself Thank you dr all the time and effort you have invested in making me a better
phonetician, coder, data analysi&and scientist Thank you forteaching me how to ask
scientific questions, how to tryansweringthem, and how to deliver those answers to others
Thankyou for all the lastminute recommendation lettersthe errors you have cauglhi my
work, as well as for providing a healthy dose of skepticism when | wasngettarried away
by my own analyss and modeling but alsothanks for always making me feel like | could
make itand that |had something valuable to offerl can only hope that Iwill be able to
emulate your creativityand yourdedication to youmwork.

| also wish to thank the other faculty membeirsthe Linguistics department at Cornell
from whom Itook classes wittor who were my supervisors whémvas a TA.: AlanNussbaum
Dorit Abusch HelenaAparicia John Whitman, Marten van SchijndelMats Rooth, Michael
WeissMiloje Despig and Molly Diesing.Thank you alllAlan and Michael, in particular, thank
you for providing guidance earlgn in my graduate careefThank you, Michael, because if |
had not met you when | was amdergrad,l would not be writing those lineand | have no
idea what my life wouldhave beerlike. Thank you for believing in me and for making me feel
like I could do researchMy2014summerin Ithaca whenl waswriting my senior thesis
together withour meetings, are one of my most cherished memoriegou have set for me a
very high bar as a professor and apexson | can only hope thatne day will be ableto get
close to that bar.

| also wish to thank theDepartment of Linguisticsat Chulalongkorn Universityand,
especially Pittayawat Pittayaporn, for providing meith a physical and intellectuaspacein
Bangkokto write this dissertation, to do resear¢land to hone my teaching gls. Thank yoy
Joe, for all thedifferent forms ofsupport throughout the years.

| want to thank the Romance&tudies, Cognitive Scienceand Psychologydepartments
fortrusting my abilitiesand dlowing me toT.A. for them, thus, offering mueteeded support
during a (heavily) COVIEL9 influenced Ph.D.especially wish to thank my supervisor for the
Italian courses, Valentina Fulginitiand Michela Baraldiwho made me feel welcomand

invited me to amazing cookouts

vi



| also wish to thank thenore experience researchershat took time to discuss my work
theseare Adamantios GafoBob Ladd, Catherine YanGathi BestChristian Di Canid)oug
Whalen, Irene Vogel, James Kirby, Jason Shaiayin Gao,Kevin Roon,Mariapaola
. b D O &dMagahrg Sd@ipierMark TiedeMatt Goldrick,Michael ProctorPhil RoseRikker
Dockum,and Simon Roessigas well agnany anonymous reviewer$ am especially thankful
to Doug Whalen and the organizers of the Articulatory Phonolegskshopin Asilomar irthe
Summer 0f2019 for providing me with an ey@pening experienceregarding phonetic
research anddedication to researclagendas Thank you also for makinge appreciate the
roots of Articulatory Phonology andhe intellectual and personad legacy of Cathrine
Browman | also wish tadeeplythank James Kirby for providing me with an amazing work
opportunity when thepath ahead seemedatherrockyat alife crossroad This is something
I will never forgetThank you, Jamesfor making our lives mucinore stable.

| would also like to acknowledge thenmense privilege | had in working with the
Administrative Assistant and Managef the Linguistics departmentduring my time Jenny
and Gretchenthank you for all the continuous hdp in navigating all sots of different
bureaucraticproblems.You are amazing at your job and you are also amazing people!

| would also like to thank the phonetics lab system administrat®ruce Mckee for his
support and friendship throughout the yeaaq, as well afor the coninuous exchanges of ideas
and practical help in coding, debugging, and approaching any problem with an engineering
mindset. Thank you, Brug and to yet more chats!

| am also thankful to all my previous teachers in Leiden, Milan, and Arezsettorg me
on the path that made my journey to graduate school possikiiéy friends since my time in
Milan, Giacomo, Riccardo, and Matilde habeen companionsin the hard journey
represented by the choice of an academic path. | want to thank you guys. Seeing ychu tea
in Milan, where we once were students, Riccardo, has been a great source of inspiration and
joy.

| also have to thank all my friendsd colleagues at Cornefbr providing muchneeded
ears friendship, and supporthroughout the years Thank you all:Chelsea,Alex, Emily,

Andreg Ekarina,Robin,Mia,Hasan, NaomiSarah, ToddMia,YanyuDan,Ryan, Mary, Carol

Vii



Rose,Harkyul, Shohini, Jacob, Brynhildur, Eszter, HitomiJasmim, Jing, Forrest, Joseph,
Katie, RachelSeungEun,Nielson,Jing,Kevin,Zahra,Fran, YexinKaelynand Chloe

Special thanks to the yabberswho have been always there for me in the good and bad
times, being it by providinga critical pieceof feedback or a friendly eaBinna,Chloe,Katie,
SeungEun,thank you all for being the best friends and lab companions. Thank you, Simone
de Lemos, for being an amazing-aoithor on anything Romancand afantastic friend and
person all aroundl also wish to thank Raksit P. LaBreechatammarahfor being aramazing
collaborator, despite the difficultiedntrinsicin co-writing a paper during a pandemic.

| also wish to thank Kevin for beirmghousemate one could never argue with, a genuinely
caring friend and for sharing his extended networks of friends witle and SireeHope to
see you around soarKevir

I cannot omitthankingthe amazing friends | have made in the Sodthst Asia program:
ManasichaQOrnwara,Peace,Sirithorn, Sunsiree,Tinakrit. You are all amazing people ahd
feel very lucky to have met yolspecially b @d¥ong Gamethanks for all the cookouts,
discussion, the chillingthe roaming around in Thailandand in Ithaca and for your help! |
am always looking forward to méimg you agan. | also want to thank Miles for being an
amazing host in New York and a great friend to hang out it. To our next encounter!

| also wish to thank my friendGianluca and MaA E+ 6 CLUe CO62 ACx++- - CZI
Matthieu, in particular, thankou for being an amazingly selfless friend dod offering to be
the human beingthat | can complain vth about Juventus games. | hope to see you again
soon.

Thank you LingziZhuang, for being the best buddy one could wish to meet during the
Ph.D., thank for all the cookouts, the deep conversatiotise commiserationand generally
the time spent together during tis Ph.D We still have trips to make andore chattingto do.

Until next time, my friend.

From the bottom of myneart,| wish to thank ApikargMcCarthyid » b P Y Clhrmanf@fJ + L%
providing me and Siree with a home away from home af@mily away from our families.
ThanksS C~ b P Cforall i vaysithBh@h you have helped us out, from moving furniture
to lost planesand everything in between. Thank you for sharthg adorablefurry creatures,

Adele and Winstoywith us. You all helpedsseeing that there is life beyond a Ph.D. We hope

viii



to make you feel asrelcomed in ourhouse one day as we felt welcomed in youse you in
Thailand, Ithaca, or elsewhere.

Further away from Ithacasome other friendsleservespecial mentiorboth in Arezzo and
in Bangkok

Alessandro, Lothar, and Francesco, thank you for making me feel éiken though
everything changes in our livegothing changes in our friendshigAlessandro, in particular,
thank you for bearing witta friend like me for the longest of times, | can only hope, and, | am
pretty sureof that, that our friendship wilimproveas it ages, lika good Tuscamvine.

| alo wish to thank my friends Silvia and Caterina for dealing withectpplasmicnature,
for always being there when | needétdthe most, and for providingne with a safe space
whenever my bonds in ArezZelt forever broken. | am looking forward to seeiggu often
now that | ambackin Europe.

Nattanun Chanchaohai, although we have not known each other too long, thanks for
being one of the most amazinfsiends one could wish to meeand for providing much
needed support during various stages of the writing processn various waysfrom chats,
to nice tea, tomoments with your furry babiesThankyoufor being a friend withthe highest
morality standardsand for never comprisingThank you for always doing your best to help
everyone around you.am looking very forward to new adventurésgetherin Thailand and
elsewhere.

| have only had one RA througlit my Ph.D. and only for a few months in tqtalut
Teerawee Sukanchanon makeag for an armyWithout your help Knot,many of the analyss
presented in this dissertation would have been basedasmaller subsebf data, uncleaned
from mistakes Thank you fofreeing my handsrbm many tedious taskso that | could focus
on doing research, conducting analysasnd writing this pieceup. You also turned out to be
not only the best Rfut alsoan incredibly caring person, BFF a gifted researcherand an
amazingcat caretaker Thanks to you andspedal thanksto your mum for taking careof
b KA{ {0C%Ue Ci dwitlCus BrOthigCeArth.Fidally thanks for your friendship,
support, and for all the laughs and sorrowtbat were part ofthe writing-up process. | am
looking forward to doing more sence togetherto hangng out more, and welcoming you as

a colleague one day.



| also have to thank my family for putting up with wherever life took me anéllowing
me to make my choices without thinking too muelbouthow these wouldaffectthem. | wish
to thank you all because my path was possible only thanks to your hard work. thaabkard
work that granted me the freedorthat you all did not have. | hope that you can be as proud
of me as | am of you alMy grandparents2Carmela,Nic@ U,GaRd especially Flora and
ZRoland showed me the meaning of hard work and family lo#y grandad Rolando, to
whom this dissertation is dedicatechas been a great source of inspiration for me amab
made me believe that | can do anything | set mynthto. Grazie, Nonnol am sorry that you
cannot read this dissertation, but | hope that ya@an still be proudof mefrom high above.
My parents have given me more than anyone else, despite choices that may haven see
incomprehensible to them, they have kebestowing on me all sorts of opportunities, help,
and nothing but love Mammae Babbo, thank you for all yothave done and keep doing for
me, every day of my lifed C{ O UCOEE ACi UCi A{ x NCOgnCadint Mablar é C2 a U~
and my cousin David#or always believing in me and encouraging me.

Atlast,comes the most important persorbireanas Maspongf | had not meet yoiSiree,
this dissertation would most certainly not existly life would be so different ansb much
poorer. Thank you for sharing your language, your cultuyeur friendsyourfamily,and your
life with me.l have learned more from you than froamyoneelse.Thank you for putting up
with meevery dayandfor being the best partnercould wish for Thank yodor being the way
you are and fomaking melook forward to waking ugevery day Another dissertation, or two,

or a library of thenwould not render justice to what you mean to me. KTI{H]“N I

Finally, | gratefully acknowledge fundingsupport | received fromthe Linguistics
Department, the Graduate School, the Sodiast Asia Programthe Cognitive Science

Program and the Einaudi Centext CornellUniversity.



TABLE OF CONTENTS

Chapter lntroduction and General Background 1

1.1 Phonetics and PRONOIOGY.........coiiiiriiiieeiiieeme it eemme e 5

1.2 Challenges for Articulatory Phothagy from the speech production and phonological
1T = L0 PO 9
1.2.1 Issues of time and tIMING...........ureiieiiiiii e e 10

1.2.2 Challenges from phonology: nelocal coarticulation and dissimilatory effects12

1.2.3 Challenges from speech production: feedback and auditory targets............. 15

1.2.4 Tone as a testing ground for Articulatory Phonology as a theory of Phonology

and speeclhproduction: Prelude to the research questions..........cccccceeeeenne... 17

1.3 The language: Thai and its tonal SYSIEML.........uuveiiiiiiiiiiccceiir e 18

1.4 The physiological underpinnings of a gestural model for tane...............cccoeovveeeee. 26
1.5 Research Questions: tonal interactions in fO space and time/timing and their

consequences for phonology and speech production...............cccvveeieeeecicinvnnnnnne. 33

Chapter 2 The acoustics of Thai tonal coartidation revisited 35

2200 I 1 1o o 13 o o] o TSP 35

2.1.1 Research Questions, Hypotheses, Predictions...............ooooecveeeee e 46

2.1.1.1 Research QUESHIONS........cccccuuriiiiiiiieeees s eeeeseensssnrerennaeeeees 46

2. 1. 1.2 HYPOTNESES. ...ttt A7

2.1, 1.3 PrediCliONS. . ...cce e ettt rr e e e eeeena 52

2.1.1.4 Phonological relevance of anticipatory dissimilatory tonal interactiaig!

AV \V = 1 T o (o] (o |/ TSP PPP P TPPPPPI 56
2.2.1 Participants, experimental materials, and procedures............cccoccvvvvrieeeneenn. 56
2.2.1.1 PArtiCIPANTS. . ceieiiiiiiiiee et ieeee et e e e e ess e e e e e e e e nnees 56

2.2.1. 2 MAEETIAIS.....eeeiieiiiiieii ettt 57

2.2.1.3 Experimental task and recording procedures...........cccccvvveeeeeceecnennenn. 58

2.2.2 Data Processing and dependent and independent variable extraction......... 61
2.2.3 Statistical and machine learning analyses............cccoocviviemmn s 17
2.2.3.1 Robust BayesiaRegreSSION. ......c.ooviiiiiicciieeeee e e eeieeeeeeeeeeeea e 78

2.2.3.2 GAMM @NAIYSES.....cciiiii ittt e 82

2.2.3.3 Neural Network analySesS.......ccoovivieeiiiiiiiieeeee e s 85



DG T LT U | €T 86

2.3.1 O INFIECION VAIUE.........eieiieiei e e 86
2.3.1.1 Falling Tone inflection value...............ccouviiii e 87
2.3.1.2 Rising Tone inflection value..............ccoooiiiieeeeee e 91

2.3.2 SIOPE ANAIYSIS......eeeeeiieeiiiiiee et 95
2.3. 2.1 FalliNg TONE....ccoiiiiiiee e e 95
2.3.2.2 RISING TOME......uuuiiiiiiiiiiieiee e ceeeeie e e e e e e e e e seseerraaeaerreeeeeeaaaaaeeeeannns 99

2.3.3 Landmarking.......cccuuuuiiiieiiieiiieeeeiiri e e e e e eeren et e e e e e e e e e e e s aanraaaaaaaas 102
2.3.3. L FaAlliNG ..o 103
2.3.3.2 RISING . tttttiei ittt eeet et rmne e e e e e s e b e e s eenne e e e ne 106

2.3.4 GAMM ANAIYSIS. ..ottt ——————— 110
2.3 4.1 FaAlliNG ..o 111
2.3.4. 2 RISING . tttttieiiiiieiit et eret et et e e e s rmme e st e e e e e e nnb b e e e s eenne e e e e e 118

2.3.5 NN ClaSSIfICALION.......ccoiiiiiiiiiie e iieeee e eemne e 125
2.3.5.1 FNN ClasSifiCatiOn............ccutiiiiiiiiaemiiiiee e eesie e 125

2.3.5.1.1FalliNg TONE.......oiiiiiiiiiiiiiiie e 125

2.3.5.1.2RiSING TONE.......cciiiiiiieiiiiiie et e e e 128

2.3.5.2 RNN Classificatiowith signal ChoppINg........ccoocvvvviieiiiiereniiieeeeee 130

2.3.5. 2.1 FalliNg TONE.......oiiiiiiiiiiiiiiie et 130

2.3.5.2.2RiSING TONE.......ciiiiiiiieieiiiie ettt 132

2.4 DISCUSSION.......ttteieee e ettt eeeamt e e e ettt e e e e e st e ees et e e e e e e e bbb e e e e e e eas e neessbb e e e e e e annnnnneeeean 135

2.4.1 SUMMArY Of fINGINGS. ... .uveiiiieiiiii et 135
2.4.1.1 Datapoint @NalYSES........cuueiiiiiiiiieeesiceee st e e et e e 135
2.4.1.2 Global fO contours analySes............cccooiiiiiiimeeeieieee e e e 144

2.4.2 Interpretation of the results in light of the research questians..................... 150

2.5 CONCIUSION.....ceiiiiiiiitie ettt e e e e e e e eenen e e e e s e neeeeenaans 160

Chapter 3Effects of tonal contexts and speech rate

on the articulation of Thai tones, consonants, and vowels 162

G 70 A 1 (Yo [T T o 162
3.1.1 Previous Work on tonal timing and alignment..................cccoovee e 165
3.1.2 Research Questions, Hypotheses, Predictians..............ccoccoiveee e 176

Xii



3.1.2.1 Research QUESHIONS..........ccoiiiiiiieeeee e e e 176

3. 1. 2.2 HYPOINESES. ...ttt e 178
3.1, 2.3 PrediCliONS . . .ccie e e e ettt rmme e e 181
3.1.2.4 Phonological relevance of an articulatory timing study of Thai tones
and their interactions with tonal contexts and rate...............ccccccoeuee 184
KT 1Y/ 11 { aTo o [o] (oo VRSP ERPRRPT 186
3.2.1 Participants, experimental materials, and procedures..........cccccvvvveeeececnneen. 186
B T B I T 4 (101 0= 1 o £ U UPUURPPPRRR 186
3.2.1.2 Experimental Materials..............ooooiiiiiiiieeeee e eeees e 186
3.2.1.3 Experimental task and recording procedures...........ccccuvveeerreeeeeinnnnns 188
3.2.2 Data processing and independent variable extraction..............cccceevveeeeeennns 191
3.2.3 StatiStiCAl ANAIYSES......uuiiiiiiiiiiiii i ceccetr e e e e e e e e e e e e 201
LB RESUILS. ..ttt rme e e ean 206
3.3 L FO GAMMS... et s e e e e e et e e e e e e eneaeeeeeaenree 206
3.3.1.1FO FalliNg tONE...... ..ttt ceeeeitrerre e eerrre e e e e e e e e e e e e e e e 207
3.3.1.2 FO RISING tONE......uiiiiiiieeiiiiie ettt eeenr e e e e 213
3.3.1.3 Summary of fiNdiNGS.........uuriiieiiiiiiii e 219
3.3.2 Stability @NalYSES.......cciiiiiiiiiiiiee e 220
3.3.2.1 FaAlliNg TONE....eiiiiiiiieieee e e e 220
3.3.2.2 RiSING TONE. ...t 224
3.3.2.3 Summary of fiNdiNGS.........uuviiiiiiii e 226
3.3.3 Relative order of gestures and gestural 1ags............ccceeeiiimmeniiieee e, 227
3.3.3.L FaAlliNg TONE....eiiiiiiiiiiee e e 228
3.3.3.2 RiSING TONE.....iiiiiiie e 231
3.3.3.3 Summary of fiNdiNGS.........uuriiiiiiiie e 234
3.3.4 Effects of tonal contexts on l[andmark.............occvvviiiieeece i 236
3.3 4.1 FaAlliNg TONES. ... ittt e e e e e eeeeeeeee e e e eeeeaaaaaeeean 237
3.3 4.2 RISING TONBS...cce i et e e e e e e e eeean 241
3.3.4.3 Further analyses of the observed effects............ccooooiiiii s 247
3.3.4.4 Summary of fINAINGS.....ccccuuiiiiiiiiiee e 262
3.4 DISCUSSION.......ttteeee ettt e et e e e ek eeeenr et e e e e e e e e e e e e e e easnn e e e e e e e annnnneeeas 264
3.4.1 Summary Of fINAINGS......cccuuiiiiiiiiii e ccerrr e e e e e 264



3.4.2 Interpretation of the results in light of the research questians..................... 275

3.4.3 Limitations and fULUIe WOIK..............uiiiiiiiiiieeeeieeee e rmee e 281
3.5 CONCIUSION.....eeieiiiiiiei ettt e e e s e eneer e e e e e s e ne e e e e e ann 283
Chapter 4 General Discussion and Conclusion 285
4.1 Summary Of fINAINGS.........uuiiiiiiii e 285

T 0 1= . 1= o | PSS 286

O A 0 1= 0 1= | 2P 288
4.2 Integrating the findings in Articulatory Phonology...............coooeiiiiiee e 299

4.2.1 Anticipatory dissimilatory contextal tonal variation...............c.ccccccceevveeeeee.. 299

4.2.2 Changes in articulatory timing as changes in coupling strength................. 310
4.3 Wider implications of this diSSertation.........cccccceeeeeeiiiiccccie e, 325

4.3.1 Implications of anticipatory dissimilatory contextual tonal variation for

theories of phonology and speech production............ccccceeveiiiicccciienenneennnn. 325

4.3.2 Implications for gestural models of tones and tonal timing.......................... 329

4.3.3 Implications for phonological theory..........ccueeevieiiiiiicccciiereeeee e, 335
4.4 Limitations and avenues for future research............ccooccvviiieeee e 343

4.4.1 Extending the empirical coverage of this wark............cccccooiiimeeciiiii e, 343

4.4.2 Future developmental WOTK...........cccuuiiiioiiieeeeiece e 344

4.4.3 Future articulatory WOrk ON tONE..........cooiiiiiiiiees e 346

4.4.4 Future modeling WOTK ..........uiiiiiiiiie e e e 346
4.5 CONCIUSIONS. ...ttt e et eees e e e e e et e e e e e e e s e nnes b s e e e e e e e nnnneees 347
Appendix A 352

A.1 Gestures and gestural activatian............cccocveiiiieeenieeeereee e 352

A.2 Tract Variables and model articulators................oeoeiiiieeemniiiiiee e 360

A.3 Gestural activation, time, relative timing, and coupled oscillators models..363

Appendix B 374
Appendix C 376
References 377

XV



LIST OF FIGURES

Figure 1.TTop: mean fO values of the five tones of Thai produced in connected speech over
i AxCéyO0{ 0+éCUO{UUCExCi A+C+id+eEOQxxi Céetx
mean fO and shaded areas represent two standard errors. Data are averaged
across 20 speakerdid: mean fO values of the five tones of Thai produced in
connected speech over the syllables [{p,tKa{w}] from Burroni and
Sukanchanon (2022), data are averaged across 17 spedBetmm : Thai tones
produced in isolation from Burroni et al. (202tlgta are averaged across 5 adult
speakers. Note that, for the bottom panel, the segmental material is not constant,
but fO is tracked over rimes. Note also that tones are tinmemalized within each
(o= 1 (=0 o] V28RS 21

Figure 1.2 Phonological Representation of Thai tones in the autosegmemtaical
framework. Top row: syllable is the TBU, Bottom row: msrghe TBU (modified

{%i +eCPU&2 x CLCW.EEXL. CONDONL e, 23
Figure 1.3 Gestural representation of Thakte é t CgU& Ce Ul s C<{ Ubé CUeE%E x|
row: revisions proposed iN thiS PAPEI...........uviiiiiiiiiiiieeere e 24

Figure 1.4 Empirically observed fO contours (solid lines) averaged across all speakers in
Experiment 1 presented in this dissertation and fit of an optimized TD model
(o [o1uC=T o (1 03] OO PP PPPP SRR TP 25

Figure 1.5 Effect of thyroarytenoid contraction on vocal folds length and mass per unit length.
Note that when the thyroarytenoid musclie contracted the arytenoid cartilages
are pulled towards the thyroid cartilage reducing the length and increasing the
i AE2Nx+ééCU%CITAxCuU2{O0C%UO-eéCG{-{ai+x-CY
lllustrator: Paul Kim). The white arrow shows the direction of thamytenoid
contraction. Note that the view is posterior (from the back of a speaker) and
superior (from the head dOWN)...........uveeiiiiiiiiiii e 27

Figure 1.6 Effect of cricothyroid (CT) contraction on thyroid cartilage angle and vocal fold
thickness and length. Note that the rotation accomplished by cricothyroid
contraction increases the length of the vocal folds by strench them, thus
resulting in higher fO (from Gick et al., 2013, Figure 5.14b). The antagonistic
contraction of the thyroarytenoid which stretches also helps achieve higher f0 by
increasing vocal fold tension. Note that the view is midsagittal................... 28

Figure 1.7 fO, cricothyroid, and thyrohyoid activity during Thai tones production. Each panel
corresponds to a particular tone produced by a male speaker, MJ. fO ranges
between 10e200 Hz, and the cricothyroid and thyrohyoid (one of the deeper strap
muscles) activities range between-ZD0 microvolts and 000 microvolts,
respectively. Notice thatncreased Cricothyroid (CT) activity is related to pitch
rises, while Thyrohyoid (TH) to pitch falls (Figure 5.25 in Erickson 1976, p. 133
reproduced With PErMISSION)........uuuiiiiiiiiiiii et 30

Figure 2.1 Example of dissimilatory interactions based on the data presented in this chapter
with Thai Falling tones. The Falling tone reaches a higher f0 maximum, that is it

XV



goes «&tra high, in the context before tones that start with a low fO movement, i.e.,
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of the following words. Note that the fO contours plotted above are unsmoothed
raw contours. This is to demonstrate that spillover is not due to fO smoothit®.
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Figure 2.47 Accuracy of BILSTM recurrent neural networks at different normalized time steps
of the fO ROI for Falling tones. In this case, the classification problem is formulated
as a 3class one, where the following fO initial movement (Mid, Low, High) is the
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Figure 3.20 fO values (color coded) as a function of timax{g) and utterance duration {y
axis) for Rising tone. Notice how the changes in fO over time are different across
panels, representing different following tonal camtts. For instance, the Rising in
_Falling (midleft) reaches fO values that are lower than in the _Low, _Rising
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the standard deviation of the lag, i.e., the standard deviation of the difference
between theonset of the vowel and the onset of the consonant................. 221
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Chapter 1

Dxi eU-0271 EUxC{ x-C<+xtxz+e{

How can a discrete phonological category, like a lexical tone, be mapped to its continuous,
context-and time-varying acoustic implementation in the form of an fO contour? Specifically,
how can an invariant tonal phonological primitive be mapped to systditally different
surface fO contours based on factors such as rate, surrounding tonal congex® How do
speakers plan and organize the timing regimes of tones in relation to oral gestures differently
in different tonal contexts and at different speecates?

This dissertation addresses the fundamental linguistic questions of how the discrete,
invariant, and (physical) symbolic elements of a phonological grammar can be mapped to
their contextdependent, realtime and physical space, continuous implemetitons, as
observed in acoustic and articulatory signals. The framework adopted throughout the
dissertation is Articulatory Phonolog{Browman & Goldstein, 1988, 1989, 1990, 1992a, 1995,
2000; Byrd, 1996; Byrd & Saltzman, 1998, 2003; Gafos, 2006; Gafos & Benus, 2006; Gao, 2008;
Goldstein et al., 2009; Goldstein & Fowler, 2003; Nam, 2007a; Sal&iwrd, 2000; Saltzman
& Munhall, 1989; Shaw et al., 2011; Sorensen & Gafosa2@llé) extension to Articulatory
Phonology, SelectiorCoordination theory(e.g, Tilsen, 2016, 2018, 2019, 202® argue that
an empirically adequate mapping of phonological categories, like tones, requires the
introduction of a planning stage among (gestural) phonological targets, that can give rise to

long-distance dissimilatory (or assimilatory interactionsireng said targets. In this way, new
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brought within the scope of Articulatory Phonology (in line with recent werl., Shaw &
Tang, 2023; Tilsen, 2019a)

The mapping of a phonological representation to phonetic implementation in physical
space and reatime is stulied through the angle of two production experiments on
contextual variation in the production of Thai tones. In particular, the effects of following
tonal contexts and speech rate on tonal realizations are studied. The two experiments
presented in this disertation and their main findings are succinctly summarized below.

Experiment 1presents the results of an acoustic investigation where the production of
Thai Falling and Rising tone is studied as a function of following tonal context, speech rate,
and their interaction. This experiment demonstrates the existence of systematic anticipatory
dissimilatory contextual tonal variation effects. Followitgneswith a /owonsetraisefO on
a preceding tone while following tones with /aig/onset lowerfO on a preeding tone. The
experiment further demonstrates that these effects are distributed throughout the fO contour
and, thus, affect global fO planning. Finally, our results show that dissimilatory effects are
modulated by speech rate: they weaken as the sjfeste decreases.

Possible explanations for the phenomenon and rate modulations are discussed. It is
concluded that the reported effects can be adequately modeled as follows. Following the
SelectionCoordination theory, we can assume that inhibitory inéetions among tonal fO
targets take place in an fO planning field model, resulting in the observed dissimilatory
patterns. Tonal contexts may additionally modulate the timing of tonal gestures, both in

terms of their intrinsic duration and their relativéniing to other tonal (and oral) gestures.
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temporal modulation hypothesis of surrounding tonal contexts is evaluated in Experiment 2.

Experiment 2presents the reult of an acoustic and electromagnetic articulography
(EMA) investigation of consonants, vowels, and tones production in Thai. The effects of
following tonal contexts, speech rate, and their interaction are examined. Several
fundamental questions on the @velopment of a gestural model for tone in Thai (and in other
tonal languages) are tackled. It is shown that a gestural model of tone is justified on the
ground that tones are more stably anchored to articulatory events, vowel onsets, rather than
acousticx U+ x7 é SCOEN+C éyO0{ " O0+C " U6x-{@E+ét CDi CEéC
production is compatible with an asymmetric competitive coupling model of tone for most
speakers. All individual patterns of variation can be accounted for by this me@edhanges
in coupling strength among tonal and oral gestures.

It is also shown that tonal contexts produce effects on iatand intragestural tonal
timing that offer a partial basis for the dissimilatory effects, albeit an incomplete one. Finally,
asymmetric dfects of rate on consonantal closure, release, vowel, and tone durations are
uncovered. Concerning intergestural timing, the rate effects suggest no systematic changes
to the relative timing of gestures to vowels. A surprising decrease in CV timing atimiGg
at slower rates is observed. Other less surprising modulations of rate suggest longer
intergestural lags and duration at slower speech rates; yet, the effects are not identical for all
types of gestures: vowels and tones are more strongly affedigdrate variations, while
consonantal gestures, especially closures, are less affected.

Chapter 4 presents computationally implemented models of the observed empirical

patterns. In line with the empirical findings of experiments 1 and 2, we present a nofdel
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how anticipatory dissimilatory contextual tonal variation can be incorporated into the theory
of Articulatory Phonology. We show that these effects are difficult to capture with traditional
coarticulation strategies present in the Task Dynamic modeAdiculatory Phonology, like
gestural blending. We argue that modeling the effects requires a conceptual dissociation
between observed contextual changes to tones and their spatiotemporal execution as
gestures. This is implemented by adding an intentiopddnning field to the Task Dynamic
model of Articulatory Phonology. Thanks to this addition, the inhibition of competing tonal
targets allows us to formulate a unified account of the dissimilatory effects and increase the
empirical coverage of the theory.

The articulatory timing patterns reported in experiment 2 are modeled using a
computational implementation of the coupled oscillator model of Articulatory Phonology. It
is shown that such a model can generate both the observed group patterns and all the
patterns of individual variation by minimally altering coupling strength between pairs of
gestural planning oscillators. Model limitations are also discussed. In particular, the fact that
temporal effects among tones and rate effects require several assionpt such as the
introduction of multiple couplings, that are empirically difficult to test and that pose a
challenge for model stabilizations. Given these challenges, model predictions of the irsgult
timing patterns are difficult to obtain. The need fardorporating feedbackbased gestural
suppression in the coupled oscillator model is also discussed.

In sum, this dissertation presents important empirical and modeling evidence that bears
on our understanding of coarticulatory patterns and articulatory iimg of tonal and non

tonal languages.



In the remainder of this introductory chapter, we briefly recapitulate theoretical
approaches to the phonetiecphonology interface and situate the unique position of the
Articulatory Phonology framework within this tlegetical debate We then discuss challenges
to the framework and why tonal dissimilatory effects in Thai are an ideal testing ground. The
language studied in this dissttion, Thai, is then introduced with a special focus on its tonal
inventory. We then present possible articulatory underpinnings for a gestural model of Thai
tones that can help situate articulatorily the abstract fO tract variable used as a proxy éor th
articulation of tone. We conclude by sketching out the research questions addressed in this

dissertation in their broadest sense.

NtMAUx =i BASSTRHOUC

There are two fundamental issues in the relationship between phonetics and phondagy,
Cohn, 2006, 2007)The first issue is the mapping of discrete phonological categories to
continuous gradient phonetic implementation in redime and space. How is a mapping of
this type accomplished? The second issue, which representsflip side of the first, is how
high-dimensional, timevarying phonetic signals may bear traces of an underlying
phonological invariant. How can the discrete, invariant, symbolic units of phonological
structure, which are fairly limited in number (usuaky100Goldstein & Fowler, 2003yive
rise to the continuous and contexdependent act of speech production, as observed in a
variety of acoustic, articulatoryaerodynamic, and electromyographic signals and how can
the signals maintain a structure that bears some sort of isomorphic relationship with the

phonological primitives?



The problem of invariance remains an open issue. As discuss&wldsteinand Fowler
(2003) a variety of early investigations in search of these invariants has led to a failure in
identifying them; perhaps, with the only exception of regions of stability in the alétary to
acoustic mappingStevens, 1989Even these regions of stability, however, do not expthie
full spectrum of variation observed in speech productif@oldstein, 1989)

Early work by PierrehumbeftLl980)and Keating(1990)suggested a first solution to the
relationship between phonetics and phonology and the problem of invariance. Discrete,
(quast)invariant phonological representations, which are the output of a phonologica
grammar, can receive languaggpecific and contexspecific phonetic implementation by
Exi +@8UO{ i1 Ex%C " +i0x+txC {x2AUeéz-C aAUxUOU%E2 { OC
phonological tonal targets (H and L tones) of English are anchored to host sylladiesa
range of monotonic interpolating functions is used to generate fO valuebdtween the
phonologically specified targets, which are themselves evaluated in a cordependent
fashion. Keating1990)pplies a similar idea to consonantal segmts by positing windows
of maximum and minimum values for articulatory dimensions, like velum and jaw position.
Keating proposes that phonetic implementations result from creating a path through
windows of possible articulatory specification across diffatsegments. Crucially, the range
of values is specific for different segments in different languages. This approach was
developed in detail for case studies, such as the phonetics and phonological patterns of
nasalization(Cohn, 1990)An important feature of this model is that in targiiterpolations
models timing is externally assigned to phonological representations and it is not considered

internal to the grammar.



A second aspect ohe relationship between phonetics and phonology is the naturalness
UnC &AUxUQU%UYt C gA{ i CEéECTA+xC¢cO6+éi1 EUxC U%C Ay C
articulatory, acoustic, aerodynamic, and perceptual constraints. This question has received
renewed attenton in phonological work couched in the framework of Optimality Theory
early (Prince & Smolensky, 2004; note however that the debate of naturalness in phonology
goes back all the way to early work on natural phonology, e.g., Stampe, 1@h8)ye nuch
of the debate has shifted from the mapping of phonological representations to phonetic
realizations to how phonological processes may be motivated by phonetic effects. An
important proposal put forth in this framework is that a cornerstone of the phtowcal
component of a grammar, markedness constraints, have articulatory and acoustic
motivations and that the naturalness of phonology emerges from shared phonetic
knowledge among speakerge.g, Hayes et al.,, 2004Hence phonological naturalness
emerges from the phon& grounding of phonology.

A more radical step in constraifiased approaches to the phonetigshonology
relationship has been to posit that phonetics and phonology are both regulated by the same
types of constraints and hence they are the one and the sahing, e.gFlemming(2001)
Chiefly these contrasts enforce the maximization of contrasts, minimization of articulatory
effort, and the maximization of the number of contragEemming, 2004)A unified phonetic
and phonological representation is then selected by optimigi constraint violations,
interpreted as weights in a loss function over a range of possible phonetic implementations
(Flemming 2001and subsequent work An important feature of a unification model of
phonetics and phonology as constrai-based optimization is that phonological categorical

+ Y%+t 6C{ x- CAAUx+ti EaCzeéa{0{ezCxwn%h+rai éC{e+xCi A+
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this sense categorical, distinct phonological representation should emerge from the
continuity of phonetics However, this approach leaves the question of invariance
unresolved. How exactly invariant phonological structure is mapped to the full range of
context-dependent phonetic variation is not addressed in this framework, conversely, the
guestion of how phowlogical representations may have some invariant reflection in

phonetics is also a problem that remains unresolved.

At the opposite extreme of unification approaches, there have been proposals that
phonetic information plays (and should play) no (elgale & Reiss, 20D6r a very sma(eg.,
Heinz, 2018yole in explaining phonological patterning, processes, and representations.
From this point of view, phonology is consideresdibstancefree a purely (nhonphysical)
symbolic system that can be learned and can function independently sf phonetic
implementation, a formal language.

A different approach to the problem of the relationship between phonetics and
phonology is offered by the theory of Articulatory Phonolo@rowman & Goldstein, 1988,
1989, 19922000; Goldstein & Fowler, 2003)ticulatory Phonology proposes the existence
of invariant phonological representation in the form of articulatory gestures. Articulatory
gestures specify invariant target constriction degrees and constriction locatfonshe vocal
tract actions that produce speech. At the same time, since gestures are specified by
differential equations that govern them, their invariant phonological parameters can give rise
to contextdependent realizations based on a variety of factpsuch as temporal overlap
with other gestures, prosodic effectgfc. Against, target interpolation models, Articulatory
Phonology treats certain timing features as intrinsic, that is, internal timing of gestures, also

known as intragestural timing, is considered part of a phonological grammar. Similarly,
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relative timing anong gestures can also produce contrastive phonological differences. In
sum, as against target interpolation models, Articulatory Phonology treats some types of
phonological timing, albeit not all, as intrinsic to the grammar.

A core feature of ArticulatgrPhonology is that it aspires to be a model of both phonology
and the finer details of phonetics and speech production. In doing, so, however, Articulatory
Phonology maintains the appeal of discrete, invariant, combinatorial phonological units and
proposes systematic ways to map them to their contedépendent spatial and temporal
realizations viaa TaskDynamic model(Saltzman & Munhall, 1989 detailed overview of

Articulatory Phonology and the Task Dynamic model is prasd in Appendix A

nt+0A{ OO+ x 3%+t é C%UeC ei1 E2060{1
s ~ 7 [e] N [0} N S 7 .e Z
i AtCéaxt+2 ACaelU-06271 EUxC{:
OET xte{1T 6et

As discussedn Appendix A Articulatory Phonology is still being developed in a variety of

aspects: from the exact shape of gestural activation intervals to the mapping between tract

variables and model articulates, to patterns of relative timing and duration of gestural

activation intervals. Nonetheless, Articulatory Phonology and the task dynamic model are

one of the few theories that can provide a computationally implemented unified approach to

Phonology and spech production.

However, there are empirical challenges to the theory that come from findings in both

the domains of phonology and speech production.



nt arége®CU%CT EO+C{ x- Ci EOEx %

We will only briefly discuss challenges to Articulatory Phonology that comen flime and
timing phenomena as these have been recently exhaustively discussed in a monographic
treatment (Turk & ShattuckHufnagel, 2020)hat focuses on both Phonology and Speech
production. The crux of the issue at stake with time and timinghis (supposed)lack of
extrinsic timng specificationsof Articulatory Phonology. Articulatory Phonology and task
dynamics assumehat surface timing emerges purely froithe internal propertiesof the
system, including phonological specifications and gesil parameters This has been by
some considered a virtue of the systgi®altzman & Munhall, 1989; Sorensen & Gafos, 2016)
and by others a highly problematic aspedfTurk & Shattuk-Hufnagel, 2020) Since
Articulatory Phonology combines both intrinsic timing, for gestural unfolding, and extrinsic
timing, for the generation of gestural activation intervals, part of the controversy may be due
to the hybrid nature of the theor{Turk & Shattuckdufnagel, 2020)

Further, it has been argued that the intrinsic timing aspect of Articulatory Phonology is
problematic, as a timing tier may be necessary to distinguish degrees of phonological length
such as prenasalized, singletoar geminate stops which have three contrastive degrees of
length (Clements, 1992; Steriade, 1990his is because intrinsic timing provides no cleait
distinct categories, but rather a continuum of durational range. This critique does not seem
fully justified. In fact, such differences can be captured in several ways in Articulatory
Phonology; albf which are quite principled. Differences could be captured in extrinsic ways
by assuming that geminates have longer gestural activation intervals than corresponding

singletons, which have a longer duration than the oral portion of a prenasalized stayteriu
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This fact, in turn, could be traced back to gestural planning oscillators of different
frequencies, if a coupled oscillator model is assumed.

Geminates, however, may be bearing rather differently on the adequacy of featural and
gestural theories of ponology(Burroni et al., 2023)Articulatory evidence suggests that the
geminates are not siply longer versions of singletons, as often repeated in featural
approaches. Geminates also differ in dynamically specified parameters, such as target,
stiffness, and peak velocity. Hence a phonological representation of geminates as a longer
version of fngletons is inadequate. Ultimately, empirical evidence on geminates articulation,
thus, adduces evidence in favor of phonological specifications of the type postulated by
Articulatory Phonology rather than by featuteased theories.

A valid point that emeges from the discussion of timing, and that is of a more general
nature, is that Articulatory Phonology representations may ogemnerate with respect to
differences that are observed in lexically contrastive phonological primitives, which are
usually caegorical/binary(Clements, 1992Attempts have been made to severely constrain
the number of possible timingegimes(Gafos, 2002and, more generally, to show how
dynamically defined gestures may be able to reconcile the discreteness of phggplo
terms of a single control parameter regulating contrasts, with a variety of phonetic outcomes
clustered around said phonological categoriéSafos, 2006; Gafos & Benus, 2006; Maspong &
Burroni, 2021; Roessig, 202A1ditionally, as suggested by Browman and Goldst€if92a,
2000)and acknowledged in critical assessments of Articulatory Phonol@gigments, 1992)
the large number of possibilities conceded by continuous gestural timing and overlap may
be severely constrained by perceptual recoverability. Such perceptual constraints may, thus,

account fora mismatch between the large amount of variation observed in production and
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the rather limited number of observed lexically contrastive uses of timing and time
information.

However other types of phonological effects may suggest that Articulatory Phorolog
may suffer also from problems of under generation, as detailed below.
nt OHAG OO+ x %+ é C%e UDUAAODCHOYBY £E€%

[ x- Eé é EOEDLL Vied
Findings from the domain of phonology pose challenges for a few assumptions and proposals
put forward in tie framework of Articulatory Phonology.

An outstanding problem that has recently been discussed at ler{@ilsen, 2019d}% how
Articulatory Phonology can account for ndocal phonological patterns, such as
consonantal and vowel harmonies. Recall that in the Articulatory Phonology framework, only
gestures that are currently active can influence a tract variable and blend with other gestures
to produce changes in a tract variable and the synergy of articulators associated with it. Thus,
non-local patterns where distant gestures influence each otlmase a problem, as these
cannot be accounted for by a coproduction model, but require a ladiead model of
coarticulation (Boy* + S C 1 ceceN U C K 6 A x. Héview@B)wag odjocelS|@Skheade ce Y
coarticulation have been introduced in Articulatory Phonology.

Fowler and Saltzman (1998kre the first to propose the éstence of an anticipatory and
carryover field to model anticipatory and carryover coarticulatory effe(&altzman et al.,
2000) In other words, gestural activation intervals should be stretched at both ends to

capture marticulatory effects.
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Fowler and Saltzman (198)C AUG 0+ e SCExéEeéi Ci A{i C{ x1 E2 E&{
OEOET +- C{ x-C-UCxUi C+tui xx-C%{eC" {2 NdomiwantCE x Ci E O+
E x i +@ameC8 SEltzman, 1993, p. 185hese claims are, however, at odds with leng
distance effects like vowel harmonies, nasal harmonies, consoabhtirmonies, and tonal
assimilations and dissimilations.

Some of these effects can arguably be articulatorily local, in the sensgafids (1999)

Accordingly, they can be modeled by assuming longer waves of gestural activatibnethalt

in the blending and assimilation of targets. For instance, a velum opening gesture could
spread over a word and nasalize all segments. However, many types of harmonies are not
amenable to this type of analysis because they predict acoustic coneages that are not
observed (Tilsen, 2019a)For instance, nasal harmonies by gestural spreading predict
nasalization of all intervening gestures, yet these do not seem to be obsdite:n, 2019a)

As an alternative account, one would need to assume congpdcific neutral attractor
values, that are coactive with the gestures undergoing rhany, and produce blending
values compatible with the observed harmonic effects. This is, however, afoad
stipulation (Tilsen, 2019a)

Effects that are even less compatible with a blending account are cases of dissimilation
at a distance.Tilsen (2019adliscusses previous experimental work on vowel formants in
English(Tilsen, 2007, 2009@nd Mandarin tones fO contour€Tilsen, 2013y3howing that
when spe&ers are primed with a different vowel or tonal target before production, their

productions tend to dissimilate.
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For instance, if primed with a low central vowel [a] and asked to produce a high front
vowel [i], speakers tend to dissimilate the [i] targedm [a] by producing lower F1 values and
higher F2 values.

Some Mandarin speakers also produce dissimilatory effects, for instance, Tone 1, a high
tone, reaches even higher when speakers are primed with a dissimilar Tone 2 (a rising, low
high tone) than vinen primed with a concordant Tone 1.

These findings are in line with reports from the nepeech movement literature. It has
been observed that when subjects guan two movements A and B, if B is a movement that
is further away enough from A, subjects véikecute a more extreme version of movement A
that deviates further away from B. This has been shown, for instance, for saccades of eye
movements in the presence of a distract@@oyle & Walker, 2001ore extreme movement
e+{ OEa{i EUxéC{a{yC®%eUOC{CZ-Eéie{2iUezC{e+xC{ x;
planned under priming from a Rising tone vs. in trials without a distra¢fGitsen 2013)
Obviously, an analogy needs to be drawn between movement and fO control.

The effects reported by Tilee(2007, 2009b, 2013, 2019k olserved in priming
paradigms. However, tones have been reported to show contextual dissimilatory effects in
speech production also under no priming or other experimental manipulations. In particular,
there have been reports from a variety of languages whbeef0 of a tone is raised when a
tone with a low onset follows. The effect is a dissimilatory one because a following low onset
should lower fO if coarticulation is present, yet, what is observed is the raising. This type of
effect has been reported irahguages as diverse as Yorufizonnell & Ladd, 1990; Laniran,
1992a) Thai(Gandour et al., 1992; Lee et al., 2021; Potisuk et al.,, XS&TjonesdLee et al.,

2021) Mandarine.g, Xu, 1997Malaysian Hokkie(Chang & Hsieh, 2012)hai is a particularly
14



interesting case as a variety of tonal targets produces a variety of different effects, a#lwe
see in Chapter 2. For obvious reasons, tonal dissimilatory effects of this type cannot arise
from the anticipatory blending of gestures that are coactive, as blending would result in
assimilated not dissimilated targets.

Dissimilatory effects of theype discussed above (and other evidence) are challenging for
AP and are one of the several lines of evidence for an extension of the model where targets of
gestures that are selected together or active in working memory are allowed to interact and
influence the value of a gestural targé€Tilsen, 2016, 2018a, 20194&pte, crucially, that the
gestures are notcoactive but since they areco-planned they can nfluence targets of
preceding gesturedeforethis is encapsulated in a gestural score and implemented in the
task dynamic model of tract variables and model articulators. A model of this type solves non
local coarticulation by shifting the burden of theiationale from the overlap of gestures in
time, as hypothesized, e.g., byowler and Saltzman (1993)o the interactions among
competing movement plans. This latter type of interaction amangvement plans has been
previously described in the literature and has been modeled using dynamic field theory
i2eO0OA{ %+t xCUCb2a AY x + & S CO.BIENCeUIED &refndt & tuni @ teailrdof x 2 + & S
speech, but of human movement more generally.
nt oHAo{ OO0+ xw+xré CreUOCéa++2 ACaeuU- 62

{O60-Ei UeyCi{eé%+ié

Two substantial challenges come from the speech production literature. The first is that
Articulatory Phonology treats speech production as a purtdgd-forward model, with no

feedback fromthe articulators to tract variables téhe gestural scordack to theplanning
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oscillators The idea that speech production is a purely feedforward system is highly
problematic on empirical groundge.g., Shaw & Chen, 2019; Tilsen, 2@bg)) alternative
models that implement feedback have been propos@ehrrell et al., 2019; Tilsen, 2016)

A second issue is that all targets in Articulatory Phonology are articulatory in nature.
However, there is ample evidenceahspeakers also make use of auditory targéttoude &
Nagarajan, 2011; Kingston, 2007; Oschkinat &I&ja2020; Tourville & Guenther, 2014)
adjust reattime speech production. This requires relaxing certain assumptions of
Articulatory Phonology and assuming that, at least at the task level, the tract variable level,
targets may be auditory in naturel'his has already been proposed for fO and other laryngeal
and aerodynamic targetMcGowan & Saltzman, 1998)r lexical tonegGao, 2008)lbeit as
a proxy for articulation, for accentual gestures representing vocal tract target states for stress
and pitch accentgTilsen, 2019h)xnd, recently, for vocalic gestures where formant values are
proposed as the right target for tract variables producing vow@srgdorf, 2022)

The proposal that some targets are auditory in nature for some tract variables is, despite
claims of the contrary, consistent with the Task Dyniamapproach incorporated in
Articulatory Phonology. The simplified task space can in principle specify both acoustic and
auditory targets, as argued, for ingstae, byBurgdorf (2022)Of course, acoustic targets
render the mapping between tract variables and model articulators much more complex, as
many articulator positions ca produce identical acoustic outputs, the smalled motor
equivalence problem. Additional problems also emerge in the implementation of tract
variables and model articulator equation@s discussed in McGan & Saltzman, 1995)

The realization of lexical tone is perhaps the most widely discussed case of an acoustic

tract variable. The use of an acoustic tract variable as a proxy for the articulation of tones
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(Gao 2008) has shown that an Articulatory Phonology account of tones as articulatory
gestures provides important insights on tonal timing to other articulatory gestat both a
group and at an individual level. This account has hence been extended to other problems of
tonal phonology, however, many aspects of a gestural model of tone remain underdeveloped
as discussed in detail in Chapter 3.
Nt QU + C{ éC{ Ci EBVERCUENEVOIR{ i Ue
{C|A+U yCU%CAAUXUOU%yC{X-C
i UCi AtCée+é+x{ e2ACcbH6+éi EUxEé
From the review of the problems of Articulatory Phonology presented above, it appears that
tone represents an important testing ground fdkrticulatory Phonology as a theory of
phonology and speeciproduction.

No systematic investigation of tonal dissimilatory effects and their relationship to factors
modulating articulation, like speech rate, has been conducted and evaluated against the
assumptiors of Articulatory Phonology. However, if tonal dissimilatory effects of the type
reported in the literature for Thai, for instance, are confirmed in experimental work, they
provide an empirical testing ground to decide whether the theory may need to bicked
with an additional component to allow for target interactions in planning before gestures are
executed.

Similarly, the idea that tone can be treated as a gesture provided many fundamental
insights into the articulation of tones, yet many aspects lnistmodel remain unexplored. For
instance, are tones, intended as forces that drive an f0O tract variable to a specific value, timed

to acoustic or articulatory events? How do tones interact with other tones and with

articulatory gestures? Can a gestural del of tone provide insight into puzzling tonal
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phenomena like the dissimilatory effects observed among tones? Can the tonal model
developed for Mandarin be adopted to describe the whole range of variation observed in
another language?

In this dissertation we provide an empirical investigation of the interactions among the
lexical tones of Thai with both an acoustic and an articulatory investigation. In so doing, we
show that dissimilatory effects among tones speak in favor of solving the problem of gestur
interactions at a distance with mechanisms dedicated to gestural target interactions before
production is initiated.

Additionally, we show that a gestural model of tone provides important insight into the
articulation of tones, yet certain aspects of@hmodel suggest that the analogy between
tones and oral gesture should not be pushed too far and that the limitations that come from
estimating a gesture from its acoustic consequences should carefully be considered.
Nonetheless, a gestural model of Thanes is able to account for the observed patterns of
contextual and tonal variation at both the individual land group level.

The tonal system of Thai and its physiological basis for a gestural model of Thai tones are

introduced next.

NtPA+ CO{ x %6 { &+ g CogAKkECLeEyY €
With the termThaiS C 0+ Cé + %+ e Ci UC{ Céi { x-{ eé- Cu+teéEUxCU®C
speakers in every part of Thailand, used in news broadcasts on radio and television, taught
ExCéaAUUOSC{ x-C-xé2¢eE" - CEmngEabadh &Lbfamssii, 1RO é C{ x - (
p. 24) The language evolved historically from a version of central Thai spoken in Bangkok
and neighboring areas. The pronunciation of Thai used in Bangkok is often perceived as
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standard by Thai speakers and was earlier at the center of the political agenda meant to
extend the influence of the capital, Bangkok, over other areas of the couiigkner &
Hudak, 199Q)

Thai is amost universally described as a fitene system(cf Abramson, 1962 for
alternative descriptions in earlier analyses of the languagEhe tones are usually termed
using numerals: @ by Thai phoneticians, in an &mpt to match the lack of orthographic
notation for the Mid tone in Thai script, and-5L by nonThai scholars. However,
nomenclatures based on the shape of the fO curve have long exi&egd, Abramson, 1962;
Gandour, 1974and are nowadays the most widely used in Wwoby nonThai and Thai
scholars alikei K{ @ OEx SCONNnNp E®UCN++C+7 C{ Ot SCONOnUCPUe&2 xC!
2009; Thepboriruk, 2009; Zsiga & Nitisaroj, 200Re names of the 5 tones of Thai that are

more commonly used are the following:

Thai phonetician non-Thai scholar .
al phoneticia On-1hal Scnolar - i terms also known as

numerals numerals
1. 0 1 LNJ  wmid M)
2. 1 2 y1 A  Low()
3. 2 3 ag Falling (F)
4. 3 4 O& 6 High(H)
5. 4 5 EoO Rising (R)

Figurel.1shows the contours labeled with the corresponding alphabets for each tone (M, L,

F, H, R). Among the five tones, the Falling (F) and Rising (R) tones exhibit a complex trajectory

during whichf0 rises and then falls or falls and then riseaspectivelyFor this reason, the

 { O0OEx%C{ x- CaEéEx%Ci Ux x é JAbtamsdr, (Dé2)i €l sobtdux C{ é CZ - y

i Ux+éSCIOAEO+CPSCNSC{ x- ®d@€{ e+CNxUuxC{éCzéi{iE?a
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It is important to note that the names of the tones are misleading with respect to the
shape of the fO contours and whether they really are dynamic or static. The Mid tone is really
a tone that starts as level and then lowers. The Low tone, on ttleerohand, lowers
throughout the contour more drastically. The Falling tone, as noted above, comprises two
components: an fO rise followed by an fO fall. The High tone, despite its name, also comprises
two, or in some realizations perhaps three, componerdadevel or slightly falling component
in the mid of the fO range, followed by a pitch rise and a slight fall at the end. The fall at the
end is considered optional. Finally, the Rising tone also comprises two components: a longer
pitch drop followed by ahorter pitch rise. Note that the shapes of the Thai tones are usually
illustrated over vowels only, but their shape is truncated when compared with their shape
over words that have a sonorant onset. The shape is also similar but not identical in
connected speech versus in isolation. fO contours of Thai tones in different conditions are

presented inFigurel.l.
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Figurel.1 Top: mean fO values of the five tones of Thai produced in connected speech over

i A+ CéyO0{ 0xéCUO{UUCExCi AxC+id+eEO+txiCldeée+xé=xxi
and shaded areas represent two standard errors. Data are averaged across 2@&sp&l:

mean fO values of the five tones of Thai produced in connected speech over the syllables
[{p.t.k}at,j,w}] from Burroni and Sukanchandi2022) data are averaged across 17 speakers.

Bottom : Thai tones produced in isolation from Burroni et @021) data are averaged across

5 adult speakers. Note that, for the bottom panel, the segmental material is not constant, but

fO is tracked over rimes. Note also that tones aredinormalized within each category.
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The main differences reported between tones in isolation and connected speech are the
following. The falling component of the Falling tone and the rise of the rising tone have been
reported to be reducedPotisuk et al., 199%r even absent in connected spee¢chP Ué 2 x CUC
Zsiga, 20063ompared to isolation. Recent instrumental work has, however, suggested that
i A+CaUxi U6eCi UxxéSC; { OOE x %C { he cofsarfartdf onsetSo€C O{ y C 6 x
the following word(Rose, 2014)This is indeed what the data presented in this dissertation
alsoshow, as discussed in Chapter 2. Additionally, generational differences in the shape of
the fO contours of Thai tones have also been reported in the literature; especially for the High
tone which is produced by younger speakers as a pure rise with lese &inal fall, which is
iyAE2{ OO0y C - E€&a0{y+-C Ex Cettéhont & Buagiojsywhin: 808% C & e U -
Thepboriruk, 2009)Assessing claims regarding the shape of the Thai High tone is however
complicated because the final portion of the high tone is realized differently depending on
the following tonal contexts (as evident ibee et al.2021, Figure 5, p. 18&hd isolation
U+teéoéCaUxx+xaj+-Céa+t+xa At CPU+xUU+eSC{i CO+x{éi C¥%l
High tone have been reported based on impressionistic judgments in the literature: a high
level, high level with slightfalling, rising, and rising with slight fallingTeeranon &
Rungrojsuwan, 2009)

Phonological analyses of Thai tones have been proposed both in autosegmeregical
phonologyli < { x - U6 & S Cn ced O U CaRdlre gestuth hdatgoEprdn@ogy®an) O Y
2008) In autosegmentametrical accounts, all tones are represented as floating High (H) and
Low (T) tonal primitives associated with a tosearing unit (TBU). The Midrte is treated as
an underspecified tonal target or as a Mid (M) primitive, by scholars that assume the

availability of such a representation. The Low and High tones are represented by a single
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tonal primitive, H and L, respectively. The contour tones amated as a sequence of HL

(Falling) and LH (Rising) primitive tones. Both the mora and the syllable have been proposed

as TBUs for ThaKigurel.2, yet, restrictions to contour tones licensing to specific syllable

structures speak in favor of the mora asthe TBP Ué 2 x CUOCwé E %{ i@ N OUCt E &

not necessarily for a morhased phonetic alignment of tonal contouk¥arlin, 2018)

Mid Low Falling High Rising

(M) L H L H L H
TBU: 0 | | \ / | \ /

(0) (0) (0] (o) (0)

) (M) L H L H L H
TBUM ]| | | | |

H M MM H M HoM M M

Figure 1.2 Phonological Representation of Thai tones in the autosegmemtairical
framework.Top row: syllable is the TBU, Bottom row: mora is Tl (nodified afterP U & 2 x C
& Zsiga 2006

A gestural account of Thai tones has been proposed by @2808)rom the perspective
Articulatory Phonology frameworkBrowman & Goldstein, 1992a; Goldstein & Fowler, 2003)
Gao proposes to treat the Mid tone as a perfectly overlapping H and L fO gestures, the Low is
treated as a low fO gesture, the Falling as a sequence of High and Low, the High tone as a High
tone gesture{ x - Ci A+ CaEEéEx%Ci Ux+C{ x-C{éC{Cé+co6+tx2+CU
representation of the Thai tones is, however, problematic. First, the representation of the Mid
tone as perfectly overlapping Low and High would produce a static tone that cdev at

the midpoint of the fO range but would not account for the fO fall observed for the Mid tone in
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the data presented above, unless blending between the two coefficients privileges the Low
target. Moreover, it is hard to see how the two conflictimgal implementations could be
articulatorily realized at once. Additionally, the High tone, as hypothesized and synthesized
by Gao, is a quickly rising hidavel tone, but this is not how the Thai High tone appears in
the data presented in this dissertatn. The representation proposed by Gao cannot account
for the initial level fO observed for the High tone, followed by an fO rise and an (optional) slight
fall. Given these considerations, we propose to revise the gestural representation of Thai to
specifya Mid fO target that can account for the Mid tone, as well as the initial portion of the
High Tone. In both cases, the observed fO lowering can be modeled by assuming that fO
declines together with transglottal pressure and total force of the lungs asnation of the
period where fO targets are specifigicGowan & Saltzman, 199%jinally, the High tone
should be revised as a contour that comprises both a Mid component followed by a High
component and an optional fO fathat may depend on diachronic/sociophonetic variation
(Teeranon & Rungrojsuwan, 2008) discourse contextgLuksaneeyanawin, 1983)C < { Ub é C

original proposal and the revisions outlined above are presente#igurel.3.

Mid Low Falling High Rising

- e e T

Figurel3<+éi 6e{ OCeé+8&eée+é+xi {1 EUxCU®%CgA{ECi Ux+tét Cgl
row: revisions proposed in this paper
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Figurel4 illustrates the close fit between the revised tonal representation and Thai fO
contours, averaged across all speakers presented in the first experimamducted for the
dissertation. Note that the model used for the analybig-synthesis below incorporates not
only the targets presented ifigurel.3 but also a neutrhattractor. The neutral attractor is
assumed to be always present, following Tils@919b) and has the form of an exponential
decay similar to the phrase component of the Fujisaki mofeb., 2008pf fO synthesis, as

well as the equations proposed by McGowan and Saltzifi95)
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Figure 1.4 Empirically observed fO contours (solid lines) avesdgacross all speakers in
Experiment 1 presented in this dissertation and fit of an optimized TD model (dotted lines).

A final note worth adding is that in a gestural model of phonology tones are not abstract
phonological primitives devoid of phonetic coakt. They are conceptualized as dynamical
systems that drive an fO tract variable to a specific target, potentially specified in values that
are relative to the fO range. Note that, in contrast to G2@08) our model does not consider

BNCZ+ Y%Y%+2a i E0+ 09004, pdgy{bet rathér tQdt vathble, hibse {argeCvalues
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are achieved by a synergy of articulat@tsthe model articulator level. The model articulator

for the larynx is particularly complex as it is constituted partly by specifications for laryngeal
06éa0+xébCu{O06+éCli+t %t SC2eEaUi AyeUE- C{ x%0+yYC{ x
pressurevalues). The next section is dedicated to defining more precisely articulatory fO

control that may underlie an fO tract variable in Thai.

NntgOA+ CaAy éEUOU%E?2 { OCO6 x - + &
OU- +0C»UeCi Ux =

We briefly review the physiological mechanisms behindd@trol and tone production, with

special attention to the role of different laryngeal muscles used to control fO in Thai and

beyond.

As is welknown, changes in fO are accomplished with a wide variety of strategies that
change vocal fold length, mass peaunit length, and tension. Moreover, changes can be
accomplished through global changes in the vertical position of the larynx, as these also
produce changes in vocal fold properties.

First of all, for vocal vibration to be possible, there needs to béndigsubglottal than
supraglottal pressure such that the vocal folds can be opened by a stream of air and then
closed as a consequence of changes in subglottal pressure, the Bernoulli effect. Once the
vocal folds are vibrating, their acoustic correlate ifigh can be modulated together by the
rate of glottal fold vibration as follows.

Lowering of fO can be accomplished by shortening the vocal folds, reducing their tension,

and increasing their mass per unit length, as heavier things vibrate more slowlgn giv
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constant tension. In terms of the muscles responsible for fO lowering, such a change is
accomplished by contracting the thyroarytenoid muscle, which pulls the arytenoid cartilage
toward the thyroid cartilage. In turn, this process shortens the vocédi$ increasing their
mass per unit length and hence it makes the vocal folds vibrate at lower frequencies, as they

are thicker and heavieFigurel.5.

Thyroid cartilage

Thyroarytenoid
muscle

VocalLigaments

Cricoid cartilage

I Arytenoid cartilages

Figurel.5 Effect of thyroarytenoid contraction on vocal folds length and mass per unit length.

Note that when the thyroarytenoid muscle is contracted the arytenoid cartilages are pulled

towards the thyroid cartilage reduci the length and increasing the thickness of the vocal

folds (adapted fromy CK+ x A6~ CG 00 0t N+ x ARall KiUThé)whiteaovo é 1 & { 1 |
shows the direction of thyroarytenoid contraction. Note that the view is posterior (from the

back of a speaker) ahsuperior (from the head down).

Additionally, fO lowering can also be accomplished by lowering the larynx, in such a way that
the vertical tension of the vocal folds is reduced. Thus, there is no unique articulatory way to
produce linguistically meaningfufO lowerings.

Increases in f0, on the other hand, can be accomplished by stretching the vocal folds and

reducing their mass per unit length. This is because less massive things vibrate faster. An
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increase in fO is accomplished by contracting the cricathiy muscles, which tilt forward the
thyroid cartilage; in turn, the tilting of the thyroid cartilage increases the distance between
the thyroid notch and the arytenoid cartilages, to which the vocal folds are attached. This
movement, thus, makes the voc#ébld thinner and stretches their length. Such a vocal fold
thinning process can be supported by the antagonistic action of the thyroarytenoid muscle,
which, in the presence of forward tilting of the thyroid cartilage, contracts to oppose forward
tilting increasing the tension of the vocal folds and, consequently, produces high€&idQre

1.6. Note again the lack of or®-one mapping between laryngeal articulatoryrategies and

fO control for raising fO.

Q’\\/
L\
I\
/N
Z ==
by

CT contracts,
Thyroid rocks
forward

Cricothyroid Relaxed Cricothyroid Contracted
= Lower fy = Higher fy

Figure 1.6 Effect of cricothyroid (CT) contraction on thyroid cartilage angle and vocal fold
thickness and length. Note that the rotation accomplished by cricothyroidntraction
increases the length of the vocal folds by stretching them, thus resulting in higher fO (from
Gick et al., 2013, Figure 5.14Bhe antagonistic contraction of théhyroarytenoid which
stretches also helps achieve higher fO by increasing vocal fold tension. Note that the view is
midsagittal.

Some of the strategies for f@hanges outlined above have been probed in

electromyographic (EMG) studies of tone production.
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The action of cricothyroid muscles to increase fO has been probed directly in
+0+27 eUOYyU%e{ 8AE2COUENCUxCi Ux{ OCO{ x%d{ %tét CD
lowering have not been directly studied electromyographically for tone production (EMG).
However, extrinsic laryngeal muscles, like the infrahyoid strap muscle, and their relationship
to fO control have been studied using EMG. The key idea is that sttescles can bring about
{-D6éi Oxxi éCi UCO{ ey xUCAxE%AT Ci A{i Céxi Ci A+CO{ &,
Electromyographic work specifically on Thékrickson, 1976, 199Bas shown that the
lowering of fO observed for the M and L tones is accomplished through increased activity of
the infrahyoid strap muscles (superficial layer: sternohyoid and omohyoid, deeper layer:
sternothyroid and thyrohyoid) and absence of cricottoyd muscle activity. Muscular activity
is longer and more diffused for the L than the M tone. Interestingly, for both the Mid and Low
tones the observed fO lowering seems to be the result of intentional muscular activity, that is,
i A+ C»BNCO{ y2AU x+iZJ GG +E-02+t0FglA + C.NCEe EEé+CU" é+ e 0+ - C%L
i A+CEx2a¢g+x{é+-C{271 EUEi yCU%Ci A+C2a¢E2aUi AyeUE- COO6 ¢
activity. The Falling tone is characterized by a peak in cricothyroid muscle activibgtease
f0, followed by an increase in infrahyoid strap muscles to lower pitch. Conversely, the Rising
iUx+tCEéCaA{e{2i+teEa+-C yC{Cad+{NCExCEx%e{ AyUE-
peak in cricothyroid muscle activity to increase fO.€Be patterns of cricothyroid and strap
06é620+ébC{2T EUETi yC{x-Ci AtEeCeée+0{i EUXF@ukeE & Ci UC%

17.

29



CRICOTHYROID, THYROHYOID, and F, Data
5 Tones on Syllable /buu/

™o MJ
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Figurel.7 fO, cricothyroid, and thyrohyoid activity during Thai tones production. Each panel
corresponds to a particular tone produced by a male speaker, MJ. fO ranges betwe&d000
Hz, and the cricothyroid and thykyoid (one of the deeper strap muscles) activities range
between G200 microvolts and €000 microvolts, respectively. Notice that increased
Cricothyroid (CT) activity is related to pitch rises, while Thyrohyoid (TH) to pitch falls (Figure
5.25 in Ericksol976, p. 133 reproduced with permission).

The account presented above should not suggest that all aspects of laryngeal muscle
control during Thai tonal production are well understood. Several complications need to be
mentioned. Erickson(1993, 2011points out that fO rises seem to be controlled by
cricothyroid contraction, or increases in cricothyroid activity. When the contraction of the
cricothyroid muscle stops fO starts falling. On the other hand, the timing relationship
between infrahyoid strd C 06 é2 O+ éb C {271 EUEiT yC{x- C®%NCaUxi eUuUold
increased activity startsfferthe fO has started to fall for the F tone, btieforethe fO has
started to fall for the M tone. The role of the infrahyoid muscles in fO control seems to be,

thus, less direct than that of the cricothyroid muscles. These issues showcase our limited

30



understanding of the mechanisms regulating fO, especially control of the lower fO region,
which cannot be explained by cricothyroid activity alone.

The hypothesis pt forth by Ericksor(1993, 201%pr Thai, following proposals for other
languages, is that the cricothyroid muscles may be primarily responsible for pitch control for
the highrmid fO range; but other muscles, aerodynamic considerations, or, potentially,
subglottal pressure changes may be more directly involved in driving changes to fO in the
lower region of the fO space.

gAEECEéECT +e0+x-CZ0OU-{0zCw%NC2aUxi eUOSCuOA+xex+x"y
i Ae+é AUO-C{e+xC{22aUQ&0OEéA+- CE x @ddthyrold mdstles,+ 2 Cu E{ C
while, below that critical frequency, changes are driven mostly via adjustments due to strap
006é20+xC{271 ENETIYyCEXC{C-E%®%+te+xi CZOU-+2t CgA+é=+C{
the strap activity is not linearly related 49t C2 A{ x %+ éC" " 61 Cé AU éCOUe +C
e+O0{ T EUxéAEaztCbi e{aCcb6¢éa0+éC{e+xCUxOQOyC{2ai EuxC’
may not be to lower fQper sebut to maintain low fO levelgErickson, 2011; Honda, 2004)
However, at higher fO values, relaxati of the cricothyroid alone may be enough to cause an
fO drop, without any assistance from the strap musc{Esickson, 2011; lwata, 199This has
also been hypothesized for Falling tones produced by children which may be produced by
cricothyroid activity alongBurroni et al., 2021)

In sum, on the one hand, a broad agreement has been reached on the role of cricothyroid
muscle activity to increase and lower fO via changes to vocal fold tension; the role of other,
extralaryngeal, muscles in pitch lowag and in nonrhigh regions of the fO space remains a
topic that is open to future investigationgHonda, 2004)s are the exact mechanisms

responsible for pitch control in tone language, ssmarked by Ga¢2008)
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What can be concluded about Thai tones is that cricothyroid activity controls both rises
and falls. Additionally, the cricothyroid muscle and the strap muscles have an inverse
relationship. The former is active imé¢ highe regionof the fO space and inactive in lower
regions, while the opposite pattern is true for the latter. It is likely that the strap muscles do
not directly control fO falls, but that they adjust laryngeal posture in such a way that
changes in subglttal pressure, and possibly thanks to the action of other laryngeal muscles,
fO may be lowered and maintained low.

In terms of a gestural model, we could thus hypothesize that an fO tract variable is linked
to a host of model articulators. The model artietiors could include, among the glottis (G)
and other laryngeal muscles, an angle specification between the thyroid cartilage and the
thyroarytenoid cartilages (TTCA), the distance between the arytenoid cartilages and the
thyroid cartilage (ATxy), and theertical position of the larynx itself (LARy), generalized
laryngeal tension (J) and total force on the lungs §Fshould also be include@icGowan &
Saltzman, 1995)Aeroacoustic variables, such as transglottal pressusbould also be
considered part of the synergy of articulators associated with an f0 tract varigtgGowan
& Saltzman, 1995he mapping of an fO tract variable to model articulators is illustrated in
Tablel1.

Tablel.1Hypothesizedlacobian matrix linking an fO tract variable to model articulators.

LH JA ULy LLy TBR TTR TTA V G TTCA ATxy LARy T, F
fo O 0O 0 0 00

Given our limited understanding of laryngeal articulations, we limit our discussion to the
tract variable level with the hope that future instrumental work on laryngeal articulation may

help bridge the current gap existing between an f0 tract variable @sdrticulators. Much
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like the progress in imaging techniques has helped increase our understanding of the
relationship between oral tract variables and their articulatafes.g., Sorensen et al., 2019)

We now turn to the research questions.
ntaoté+{ e2 AC 6+téi EUXx
+

éaf{?

I+

O EOE
aUxéxc0O0+tx2+86CHUCAAUXUOL
aeuUi gayx

Given their potential importance for a furthered understanding of phonology and speech
production we formulate the following groups of research questions.

RQ1 What do interactions among lexical tones in fO space in Thai look like? How are they
modulated by other factors like rate? What is the rationale for these effects? Finally, how can
these effects be incorporated into theories of phonology and speech production?

RQ2 What would a gestural model of tone for Thai look like? What can it rebeait the
nature of tone and its interactions with oral articulatory gestures? Can a gestural model of
Thai tones also explain puzzling tonal interactions, like dissimilatory effects, as effects in time
and timing? Or do these effects require modificatitmcurrent models, like the Articulatory
Phonology model?

The two groups of research questions presented above are investigated in detail in
Chapter 2 and 3, where substantial background literature to fully contextualize them is also
presented. An acoustistudy was conducted to address Research Question 1 in Chapter 2. An

electromagnetic articulography and acoustic investigation was conducted to address
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Research Question 2 in Chapter 3. The main findings and their implications for our
understanding of gesiral interaction and tone are discussed in Chapter 4 together with
possible models for the presented effects that require additions and modification to the

framework of Articulatory Phonology.
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Chapter 2

éi E2a é CU%CQgA{ E
&iUERXEOHFI-EUX C
Otyxi eéU- 627 EUXx
In a now classic paper, Gandour and colleag(@andour et al., 1994based on a study with
10 speakers, showed that Thai tones exhibit contextual tonal variation due to both the
preceding and following tonal context. They referred to these effects as tonal
ZauU{ei EaoO{i EUxz JIO™Ed Gheh #9906) Gandodr {afdiécblleaGues
further drew an explicit comparison between the coarticulation of tones and that of
6+%0+x1 éSCi A{T CEéESCaUx¢éUx{xi éC{x{CEHUR*DEDPETGAE(
segmental coarticulation, can be both anticipatory (right to left) and perseverative (left to
right) in nature.

Dxi+te+éi1 Ex%uOySCAUOG+0+xeSC{xi E2Ea&{i UeyC{x-Caxzxq
asymmetry in Thai. Perseverative afte in Thai are primarily assimilatory in nature. The
onset of any tone is higher following a high tone than following a low tone. This is expected
since fO contours have the temporal dependencies typical of an autoregressive system where
each sample depetts on the preceding time step. The anticipatory effects, however, are
primarily dissimilatoryin nature. Tones tend to display higher fO values when preceding a low

tone rather than a high tone, contrary to what might be expectegjure2.1.
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Figure2.1 Example of dissimilatory interactionisased on the data presented in this chapter
with Thai Fallingtones. The Falling tone reacheshigher f0 maximum, that is it goes extra
high, in the context before tones that start with a low fO movement, i.e., in _Low and _Rising
contexts. Conversely, the Falling tone has a lower maximum, i.e., it is lower irotitext
before a tone that starts with a high fO movement, i.e., in _Falling contexts. Since the Falling
tone goes higher, not lower, before a tone with an initial low fO movement and lower, not
higher, before a tone with an initial high fO movement theeeffis dissimilatory.

As already noted, the rationale for fO assimilatory effects in the rigHeft anticipatory

direction is easily understandable given the autoregressive nature of fO production. However,

Gandour and colleague@l994)J 2%+ @ Cx UC+ 04 O{ x{ 1 EUxC®%UeCi A+ CZ- E

for the first time in their paper. The authors further caution against interpreting these findings
at face value. No similar effects were reported for other languages atwaral coarticulation

had been studied. They further speculate that the dissimilatory effects may be not due to true
tonal coarticulatory effects, but rather to the segmental composition of stimuli. In their study,
all target disyllabic tonal sequences ntained voiceless onsets which can cause an
interruption of vocal fold vibration. This interruption may be responsible for the observed

dissimilation, i.e., for a lack of coarticulation, that results in more extreme targets. Gandour
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and colleague concluded E 1 A Ci A + GfferenOrésaltsl @ightihavg been obtained had
the vowels in the twesyllable sequences been separated by sonoraomsonantsrather than
voiceless plosives. This variation in experimental condition, indeed, represents the next
logical study in our investigation of tonal coarticulatidgiGandour et al. 1994, p. 491)

In this chapter, we present the extension called for ®andour et al.(194) of
dissimilatory contextual tonal variation, a phenomenon that has since attracted much
attention and has been observed in a variety of languages such as Cantonese, Malaysian
Hokkien, Mandarin, Taiwanese, Tianjin Chinese, Triqui, and YofGbang & Hsieh, 2012;
Connell & Ladd1990; DiCanio, 2014, Laniran, 1992b; Lee et al., 2021; Peng, 1997; Sun & Shih,
2021; Xu, 1997; J. Zhang & Liu, 2011)

For the present study, we conducted an acoustic production experiment with 20 native
speakers of (Bangkok) Thai to study contextuah#éb variation. We chose words with
sonorant onsets for all target words to avoid the possible confound from voiceless onset
segment mentioned byGandour et al(1994) To preview our findings, we werable to
replicate the findings of dissimilatory effects reported by Gandour for the two tones we
investigated, namely the Falling, also known as tone 3, and Rising, also known as tone 5, of
Thai. Notably, the Falling tone was a tone for which Gandour aldagues did not report a
dissimilatory effect on fO values and that was not investigated in more recent work on
contextual tonal variation in Thai by Lee et £021)

Following recent work on dissimilatory contextual tonal variati¢hee et al., 2021we
additionally probed the effect bspeech rate manipulations on dissimilatory interactions
among Thai tones, as speech rate manipulations may help us increase our still limited

understanding of the phenomenorfLee et al., 2021)specially the extent to which this
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phenomenon may be comparable to other types of nepeech movement preparation. Our
results show that dissimilatory effects are less strong as the duration of a target utterance
increases.

Our results also suggest that the temporal extent of the phenomenon is less localized
than previously hypothesized. Gandour and colleagy&994)observed that only the final
portion, the offset, of the tonas affected by dissimilatory effects (final 30% for High and
Rising tones, and final 50% for the Mid tone). In our data, however, using generalized additive
mixed models (GAMMSs) we observed long lasting effects over the entirety of the fO contour,
especidly for the Falling tone; but also for the Rising tone in some specific following tonal
contexts, such as before another Rising tone. Machine learning classification also shows that
neural networks can predict above chance whether the following tone haisigial fO portion
that is in the Mid (Mid, High), Low (Low, Rising), or High (Falling) region of the fO space from
the very first fO sample; double and triple chance are only achieved in the final portion of the
contour, where, on average, the Fallingrapletes its fall, and the Rising completes its rise.

Taken together our findings suggest that the observed dissimilatory effects involve a
variety of mechanisms that affect the general fO register planning, the fO targets of each
articulatory gesture thatealizes a tone, as well as the relative timing among such articulatory
gestures. However, several questions, that can apply to Thai, also emerge from previous
work.

Outstanding questions that emerge from reviewing the literature on the tonal
dissimilation are the following:

1. Whichtones are affected by anticipatory dissimilatory contextual tonal variation?

2. Whatare the following tonal contexts that cause such variation?
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3. How much of the fO contour is affected by contextual tonal variationt ignited to

the final portion of the contour?

4. What is thecause othis phenomenon?

Previous literature shows conflicting results on all these points. We now briefly
summarize five studies that have been dedicated to contextual tonal variation in Thai an
then connect them back to these four questions.

Gandour and colleague 992presented the first study on the topic. They studied the F
tone in Thai and reported that the Falling tone $idigher fO and steeper slope before Low
tones (_Low) and Rising tones (_Rising), the two tones that start with an fO lowersng,
_Mid/_Falling/_High, the tones that start with level or rise of fO. For height, the difference is
at 0%, 50%, 60%, and 70%rFO slope, the differences are at 60%, 70%, 80%, and 90%, this
is observed for _Low/_Rising vs _Falling (60%, 70%); _Low/_Mid/_Rising vs _Falling (80%)
and _Low vs _Falling (90%).

In a followup study (J. Gandour et al., 1994Vhere all 25 possible disyllabic tonal
combinations of Thai were examined, anticipatory tonal coarticulation was only observed for
three tones: Mid, High, Rising. Note that no effect was observed for the Fallingdonga
what was observed in the previous study. The Mid tone was significantly higher in _Rising vs
_Mid/_Falling/_High from 50% to 100% of its duration. The High tone was significantly higher
in _Rising/_Low vs _Mid/_Falling/ _High from 70% to 100% of its durafhe Rising tone
was significantly higher in _Rising/_Low vs _Mid/ _Falling/_High from 60% to 100% of its
duration.

Potisuk and colleague&l997)studied all possible 125 trisyllabic combinations of the five

tones of Thai. They did not observe any noncontiguous anticipatory contextual effect, i.e.,

39



iUx+éC-UCxUi Cé++x0Ci UC" +CEx%O0+tx2+-C"yCiUx=+eéCi
respect to both assimilatory and dissimilatory effects. Tones only exhibiiéssimilatory

(and assimilatory) effects from immediately adjacent tones. In particular, the High and Rising

tone exhibited higher fO values _Low/_Rising vs _Falling/_High, the effects only lasted for the

last 2030% of the fO contour. No effect was obsedvon the slope of the tones. Note again

that the Falling tone exhibited no dissimilatory effects. The Mid and Low tones did not either,

in contrast with reports from the previous studies conducted by the same group of
researchers.

Karlin (2018)studied the four possible combinations that can arise from combining the
Falling and Rising tones:aHing-Falling, FallingRising, Risingralling, and Risingrising.
Karlin (2018)ound that the Falling tone has a higher and later maximum fO inflection point
_Rising vs _Falling, while the Rising tone has a lower and later maximum fO inflection point
_Falling vs _Rising. In other words, identical sequences of tone seem to have less extreme
ai E2 00{ T EUxéCi A{ xCé+tcoxtxa+éCaUxi{ExXEx#%Ci QUC- E"
that following tonal context affects the temporal alignment of the fO inflection point.

Lee and colleagues2021) investigate the High and Rising tones appearing in
combinations with the other five tones of the language. They further studied these
combinations for both contrastively short and long ve¥s in the language, as Thai has a
phonological length contrast for all vowels. They found that both the High and the Rising tone
have lower fO in _High vs _Mid/_Low/_Falling/_Rising, the effect is stronger for short and long
vowels. They also reported eftts on the slope, or first derivative of fO.

From this review of the literature on Thai three issues that emerge are the following.
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1) Which tones undergo anticipatory contextual variation that looks dissimilatory in
nature? In the only two studies that I&ed at all 25 possible tonal combinations
(Gandour et al., 1994, Potisuk et al., 19897 authors reported the effect only for the
High and Rising tone. Additionally, whilthe first study reports effects on the Mid
tone, the second one does not. The Mid tone is not the only tone which has unclear
status regarding its participation in dissimilatory contextual tonal variation. Other
studies reported effects on the Fallingrte too(J. Gandour et al., 1992; Karlin, 2018)

2) Which following tonal contexts are thdocus for anticipatory effects that look
dissimilatory in nature? Most of the work, especially from Gandour and coaut{dors
Gandour et al., 1992, 1994; Potisuk et al., 199¥)gests that significantly higher fO
values are reached before tones that start with a lowering of fO _Low/_Rising es ton
that do not _Mid/_High/_Falling. This interpretation is also compatible with the work
of Karlin(2018) as generally higher fO is observed for both the Falling and Rising tone
in _Rising vs _Falling. However, the most recent publication by Lee and colleagues
(Lee et al., 20213uggests that the _High environment, chosen as the baseline in their
contrast coding, has a lowering effect on both the High and Rising tones compared
to all other environments, _Mid/_Low/ Falling/_Rising. dther words, every other
following tonal context has a rising effect compared to a _High context. This is a
surprising finding given that the Falling tone reaches even higher values than the
High tone in its initial pitch rise, accordingly we may exp#w Falling to have an
effect similar to or stronger than the High tone.

The anticipatory effects reported in the literature for each tone in different following

tonal contexts are repded inTable2.1.
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Table2.1 Anticipatory contextual tonal variation in Thai reported in the literature. Each row
represents a tone, each column a different tonal conteindicates lower fO height or slope,

y higherfO height or slope, = indicates no effect observed. Sigtaited worksare as follows
Gandour et al. 1992502),Gandour et al., 1994594, Potisuk et al., 199797, Karlin, 2.8
(K18, Lee et al., 202(L.21).

M L F _H R

M %(694)  (694,p97) Z_ (G94) X(c594) 3_/(@94)
=(P97) =(P97) =(P97) =(P97)
=(G94, P97) =(G94, P97) =(G94, P97) =(G94, P97) =(G94, P97)
7 (G92) ¥ (Go2) 792, Kk18)  Z(G92) ¥ (Go2, K18)
=(G94, P97) =(G94, P97) =(G94, P97) =(G94, P97) =(G94, P97)
Z (G94) . . . .
= (Po7) Y (G94,P97) Z (G94, P97) Z(Gg4,P97, L21) Y (G94, P97)
§ 121) Y (L21) Y (L21) Z (L21) Y (L21)
Z(G94) . . . .

R =ro7) Y (G94,P97) Z (G94,P97,K18) 2(694, P97, L21 Y (G94, P97, K18
§ L2 Y (L21) Y (L21) Z (L21) Y (L21)

3) To what extent to which fO contours are affected by anticipatory dissimilatory
contextual tonal variation. Gandour et glL992Yeport differences for the Falling tone
starting from the vey first fO sample, while virtually all subsequent work reports that
differences are observed only on the last-Z00% of the contours (and no effects is
reported for Falling tones, except ljiKarlin, 2018)

Taking the three gquestions together we can also ask the rationale behind the observed
effects.

Gandour et al(1992)were the first to propose that the dissimilatory effect are a strategy

on part of the speakers to prepare for an upcoming low or high target. High tones reaching
even higher fO befa low tones and low tones reaching even lower targets before high tones

is awayto increase distance between f0 targets. The increase in distance is hypothesized to

42



enable an increase fO velocity that allows to more easily hit following fO targets. [Natettis
view entails a local planning of tone by following tone. Alternatively, the authors also
consider the possibility that the effect may be due to the intervening voiceless consonants,
which affect laryngeal posture and state. They hypothesize tHat effect may not be
observed in the presence of sonorant consonants intervening between the two tones.

Gandour et al. (1994tate that the dissimilatory contextual tonal variation should be
interpreted with caution, as it has not been reported for other languages, and may be due to
an effect of the intervening voiceless consonants in the experimental stimuli, as already
discussed byGandour et al(1992)

Potisuk et al.(1997)do not discuss the nature of intervening consonants as a possible
source of the @similatory effect between tones. In this study, the intervening consonants
are sonorants, not voiceless stops, but dissimilatory effects are still observed. Thus, the
nature of the intervening consonants cannot be the cause of the dissimilatory effeleigng
observed anticipatory dissimilatory contextual tonal variation only for the High and Rising
tone, Potisuk et al(1997)kuggest that the effect is due to an earlier initiation of the rise tgpic
of both High and Rising tones. With an earlier initiation of the rise speakers have more time
to rise, hence, the tonal offset can reach higher fO values. This earlier initiation of the fO rise is
especially crucial for rising fO movements which arevgbo than falls. Since fO rises are
slower, they may incur contrast neutralization with falls in the absence of dissimilatory
effects. In other words, the rise would completely disappear before a following tones with a
falling f0 movement and the tone woulflist look like a fall. In sunRotisuk et al.(1997)
hypothesize that the dissimilatory effect is really due to temporal differences in the timing of

different fO movements. Rising contours are hypesized to have shorter fO falls and earlier
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inflection points when appearing before tones with a lower target, and longer fO falls and
later inflection points when appearing before tones with a higher fO target. These changes in
fO rise relative initatioralso aid a buildup of fO velocity that enables speakers to more easily
achieve upcoming low targets according to the authors.

Karlin (2018)demonstrates that the hypothesis that the nature of following tone affect
the inflection point timing is correct. The Rising tone displays an earlier and shallower
inflection point before anothe Rising tone, a tone with a low first fO target, than before a
Falling tone, a tone with high first fO target. Hence, the hypothesis that a following low tonal
target induces an earlier fO rise is confirmed by the data. Interestingly, how&waelin (2018)
also observed that the Falling tone has higher and later inflection poinewlappearing
before a Rising tone, a tone with a low first fO target, than before another Falling tone, a tone
with a high first fO target. If the patterns reported karlin (2018)are to be confirmed, the
dissimilatory effects are not restricted to tones with a final fO rise, but also to tones with a
final fO fall. If so, the efféds not primarily driven by the presence of a rise as hypothesized by
Potisuk et al(1997)and is not primarily driven by the consideratin that fO rises are slower and
need longer time

Lee et al. (202Blaborate greatly on the motivation discudsy Potisuk et al(1997)and
discuss three possible motivations

First of all, they state, followingu (1997)that there is only one type of dissimilatory
effect, t @ O+ - C" y Ci ANOU{Ciaf EE&ECGZ2Y K ~* Na Ut C) £2 { 6 é + CUW%(
preceding a low tone than any other type of tone. According to Lee and colleagues, the 10 is
raised more to increase the distance between fO targets and, thus, enablingaichreigher

fO velocity. They compare this effect as a tennis player pulling back their arm before hitting a
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hard serve or strike; however, they also caution against extending too much the comparison
between body movements and fO control. Their proposahigssence the same of Gandour
et al.(1992)

They also discussed a second explanation: a perceptual account. The explanation is
similar to the one presented bipotisuk et al. (1997PLR serves to counteract declination and
possible mergers among tonal contrast. Unlikeotisuk et al.(1997) however, they do
envision PLR as a stemy to prevent the mergers of tones with rising components before low
tones with falling tones. Rather, they state that the effect would be helpful for languages with
crowded tonal spaces, like Cantonese; yet, they admit, PLR is also observed in langtitiges
only a twotone contrast, like Yoruba. Accordingly, a perceptual explanation is unlikely
according to Lee and colleagues. Recent perceptual work has also shown that listeners do
not use preLow raising to disambiguate tones in Macau Cantoné®in & Zhang, 2022)
confirming the difficulties of a perceptually based account.

The final hypothesis they considered is an anatomical explanation. PLR may be the result
of differences in response time of the nerve that cricothyromiscles vs. its antagonistic
muscles. The cricothyroid muscles are innervated by the external superior laryngeal nerve,
while its antagonistic muscles are innervated by the recurrent laryngeal nerve. If the external
superior laryngeal nerve can cause caattion faster than the antagonistic muscles can
counteract, then the result could be PLR according to the authors, as fO lowering lags behind
fO rise.

A different rationale for tonal dissimilation is offered Hylsen (2013pn the basis of
Mandarin data.Tilsen (2013showed Mandarin speakers produced more extreme tonal

targets when primed with a discoaht tone trial. Anticipatory dissimilatory contextual tonal
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variation can be considered a running speech version of the experimental paradigms.
Following Tilsen (2007, 2013)we can hypothesize that both the tone undergoing
-EEEEOQOEO{i UeyCaUxi20i 6{O0OCiUx{OCU{eE{i EUxC{ x-(
working memory. Since the two tones are concurrently igetin working memory, but
discordant in terms of their fO target, an appropriate sequential execution of the tones
requires inhibition of the second tone to prevent blended realizations in the selection of an
fO target. Inhibition causes the selection@Mmore extreme tonal target, as we illustrate below
when discussing our hypotheses on the mechanisms behind anticipatory dissimilatory tonal
effects.
Ot natzné + { e 2 A CO@y&iUE A& + é SCr e +- Ea
Ot ntapténr { €2 AC> 6+é1 EUx é
Based on the findings in previouswork oAT ECT Ux { OCZ2 U{ eéi1 E2 6 O{ 1 EUx 2 SC
following four research questions on which previous literature disagrees and formulate
specific hypotheses about them. These are:
1. Which Thai tones are affected by anticipatory dissimilatory contextual torexiation?
(RQ)
2. What are the following tonal contexthat causedissimilatory contextual tonal variation?
(RQJ
3. How much of the fO contour is affected by anticipatory dissimilatory contextual tonal
variation? Is the effect limited to the final portiasf the contour? RQ3

4. What is thecause ofdissimilatory contextual tonal variation/RQ49
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Ot nt@ytali A+é + é
For RQ1 (Which Thai tones are affected by anticipatory dissimilatory contextual tonal
variation?), we can entertain the following two hypotheses:

H1-0: Only tones that have a final rising portion, like High and Rising, will be affected by
anticipatory dissimilatory contextual tonal variation. This is the hypothesis put forth by
Potisuk et al. (1997), who observed the effect on tones that have a finagkefQHigh, Rising),
but not on those that have a final fO fall (Mid, Low, Falling). This hypothesis is also grounded
on the idea that rises are special, in the sense that they require more articulatory effort and
time. Hence, to achieve an appropriate tahtargets, rises need to be initiated earlier,
especially immediately preceding a tone that starts with a lowering of fO (Low, Rising).

H1-1: Alternatively, both tones that have a final fall, like the Mid, Low and Falling, and a
final rising portion, likethe High and the Rising, will be affected by anticipatory dissimilatory
contextual tonal variation. This is what the originafork by Gandour et al(1992)found; a
finding also repeatd in Gandour et al(1994)where the Mid tone exhibited the effedtarlin's
(2018)data also suggest that the Falling tone exhibits differences in _Rising vs _Falling
contexts. Similar effects have also been reported fornklrin tones(Tilsen, 2013)This
hypothesis is grounded on the idethat rises are not special, all tones are systematically
affected by upcoming tonal targets, at least to a certain extent.

For RQ2(What are the following tonal contexts that cause anticipatory dissimilatory
contextual tonal variation?), we can entertaihé following two hypotheses:

H2-0: Only following low tones trigger anticipatory dissimilatory contextual tonal
variation. This is the hypothesis put forth Potisuk et al.(1997)and Lee et al.(2021)

following Xu(1997) This hypothesis is grounded on the m¢éhat verylow fO targets are very
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close to the physiological floor of speakers, compared to distance of high targets to the
physiological ceiling. In this sense low target requires more fO velocity to be hit. Hence, with
an increased distance between agreding high fO inflection point and a following low target,
speakers can reach more easily said following low target by amassing greater fO velocity. This
hypothesis also explicitly states that , compared to gosv raising, no mirror image prligh
lowering is expected.

H2-1: Alternatively, both following low tones and following high tones trigger
anticipatory dissimilatory contextual tonal variation, compared to a following Mid baseline.
However, their effect is not the same. Tones with a low onset @edigher fO, while tones
with a high onset induce lower f0. This is in essence what was observEamaour et al.
(1992, 199andKarlin(2018) From this point of view, we could againpect that all following
tonal context can induce anticipatory dissimilatory contextual tonal variation at least to a
certain extent.

ForRQ3(How much of the fO contour is affected by anticipatory dissimilatory contextual
tonal variation? Is the effect lifted to the final portion of the contour?), we can entertain the
following two hypotheses:

H3-0: Anticipatory dissimilatory contextual tonal variation is really limited to the final
portion of the fO contour. In a sense, this can be considered an inhibitibcoarticulatory
effects between the two tones. This is the hypothesig&aihdour et al(1994) that seems to
be confirmed by several studies that report effects only on the final portion of thetaro (J.
Gandour et al., 198 Lee et al., 2021; Potisuk et al., 1997)

H3-1: Anticipatory dissimilatory contextual tonal variation is not limited to the final

portion of the fO contour but involves more global fO planning . From this point of view, we
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can entertain the possibilif that speakers plan, at least to a certain extent, the fO contours of
tones on the basis of the following tonal contexts.

ForRQ4(What is the rationale behind dissimilatory contextual tonal variation?), we can
entertain several hypotheses. Accordinghaving discarded perceptual explanations for the
reasons discussed in above, and also having recognized that anatomically based
explanations are currently beyond our ability to probe them, we can reformulate the problem
as whether really speakers plan disslatory contextual tonal variation and constrain the
hypothesis space. Specifically, we can consider how imposing a speech rate manipulation
may interact with an actively planned dissimilation.

H4-0: Anticipatory dissimilatory contextual tonal variations iactively planned by
speakers to facilitate production. This seems to be the only hypothesis that has been
entertained in the literature(J. Gandour et al., 1994; Lee et al., 2021; Potisuk et al.,.1997)
According to this hypothesis, speakers have fine control over fO productethe point that
they contextually plan slight changes in targets to achieve higher values of fO velocity with
the specific purpose of more easily hitting lower fO targets (cf. the tennis strike analogy of
(Lee et al., 2021)f the analogy with movement is to be taken seriously, we could imagine
that more planning time results in more extreme dissimilation, as speakers have more time
to plan the fO changes and produce even more extreme f0 targets.

H4-1: Anticipatory dissimilatory contextual tonal variation is not actively planned by
speakers. According to this hypothesis, the effects that are observed are part of more general
cognitive mechaisms . An ideal candidate in the context of dissimilatory interaction is
inhibition of coactively planned gesturefTilsen, 2013)It has been shown experimentally

that speakers produced more extreme tonal targets when primed with a discordant tone trial
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in Mandarin(Tilsen, 2013)For instance, Mandarin speakers produce a higher Mandarin Tone
NCli@E#ACO+u+OUYCOA+xCZa4eEO+-2COUET AC{C-Eé2aUe- { x|
Tone 1(Tilsen, 2013)Anticipatory dissimilatory contextual tonal variation can bensidered
a running speech version of the experimental paradigms. FollowiFitsen, 2007, 2013yve
can hypothesize that both the tam undergoing dissimilatory contextual tonal variation and
i A+Ci Uxz2Ci eE%¥%U+teEx%UCEI C{eé+C{aiEuUxCExCéa+{Nzxze
concurrently active in working memory, but discordant in terms of their fO target, an
appropriate sequential esgcution of the tones requires inhibition of the second tone to
prevent blended realizations in the selection of an fO target.
Let us illustrate this process more concretely. We can imagine this process as a taking
place in an intentional planning fiel@Tilsen, 2019a)A onedimensional intentional panning
field can be conceptualized as a range over a parameter value, say fO, onatkie and for
every x value an associated activation value on tkexis. The activation level represents how
much each value of the parameter contributes to the selentiof a target for production.
Crucially, gestures active in the field can contribute with positive, excitatory, activation, or
OET ACx+23%{ i EUxSCExAE"Ei UeyC{2aiEu{i1 EUxt CN+i béC:
targets, H and L fO targets, are aetigince they have been retrieved from working memory,
Figure 2.2 top panel. Notice that the currently planned fO target is the centroid of the fO
activation that areabove an (arbitrary) threshold of two populations corresponding to the L
and H tones. It is assumed that the centroid is used to select an fO target. Notice that the H
tone has higher activation, we assume this to reflect a-phape of the field reflectig serial

order in working memory.
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To ensure that in the sequential execution of High and Low tones is not a blend, but
rather, that the High drives the selection of the first fO target, the fO field experiences an
inhibition of activation,Figure2.2 middle panel, that subtracts parts of the activation from
both the region corresponding to the L and the region corresponding to thé&igure2.2
bottom panel. After the fO field has experienced inhibition, the Low tone target is neutralized.
However, the distribution of activation for the region associated with the H tone has also
changed. The consequence of these changes is a higher centroid, corresponding to a higher

fO target, which is compatible with the observed dissimilatory eff€égure2.2 bottom panel.

Threshold

Activation

Activation

Threshold

Activation

0 20 40 60 80 100 120 140 180 180 200 220 240
FO

Figure2.2 Schematization of fO inhibition in a dynamic field model. Top panel (fO field): High
and Low tones selected from working memory are both active in the fO planning field and
their centroid is computed from the points that have above arbitrary threshold activation,
the centroid represents an fO target. Mid panel (inhibition): inhibition function that is
subtracted from the activation of the fO planning field. Bottom Panel (fO fdt inhibition):
post-inhibition shape of the fO field. Notice a higher centroid accounting for the dissimilatory
effect, as well as a global change in the shape of the field. Not that it is assumed activations
is bound at O.
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From this perspective, the flissimilation is not actively planned to facilitate production,
but is the result of the dynamics that allow speech production to maintain appropriate
targets in an intentional planning field of fO target selection. A crucial difference between the
inhibi EUx CAy &UT1 A+ éEEéC{ x-Ci A{1 C-EEEéEQEQ{ i EUxC{ éCZ
inhibition may have a time course, accordingly it may wane as time passes. Hence, if speakers
have more time to plan and or execute their utterance we may expect lessndiatory
effect, because of reduced inhibition.

Ot ntrrpt+é E2 7 EUx é
For RQ1 (Which Thai tones are affected by anticipatory dissimilatory contextual tonal
variation), predictions are the following:

H1-0 predicts that anticipatory dissimilatory contextual tonal variation is limited to tones
that have a final rise, since rises have a spkstatus given that they are slower. If this is
correct, we may expect Thai tones to fall into two classes. The tones with a final rise, the High
(MH) and the Rising tone (LH), will exhibit anticipatory dissimilatory contextual tonal
variation; while, tores that do not have a final rise, the Mid (M), the L (L), and the Falling (LH)
will not exhibit contextual tonal variation.

H1-1 predicts that anticipatory dissimilatory contextual tonal variation igt limited to
tones that have a final rise. It is exyed that all tones may exhibit dissimilatory contextual
tonal variation, but especially the Falling, since it has been reported in some previous work
on the topic to do so.

For RQ2(What are the following tonal contexts that cause anticipatory dissimilagor

contextual tonal variation?), the following predictions can be put forth:
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H2-0 hypothesizes that only following low tones trigger anticipatory dissimilatory
contextual tonal variationlf this is correct , we should observe contextual tonal variatiornttha
differentiates the _Low and _Rising from the other three contexts, _Mid,_Falling,_High.

H2-1 hypothesizes that bothfollowing low tones and following high tones trigger
anticipatory dissimilatory contextual tonal variation, compared to a following midsetine.

In this case, we expect three clusters among the Thai tones in respect to their behavior in
triggering contextual tonal variation:

1. Tone with a Mid f0 initial target, the M{t)and High (MH) tone, will form the first

cluster that can be considerka baseline Mid.

2. Tone with a Low fO initial target, the L (L) and Rising (LH) tone, will form the second

cluster that can induce a Higher fO on the preceding tone.

3. Tone with a High f0 initial target, thigalling (HL) or, potentially also the HighHL)

as it also contains an early High targetill form thethird cluster that can induce a
lowerf0 on the preceding tone.

ForRQ3(How much of the fO contour is affected by anticipatory dissimilatory contextual
tonal variation? Is the effect limited t¢éhe final portion of the contour?), the following
predictions can be put forth:

H3-0 hypothesizes that anticipatory dissimilatory contextual tonal variation is only
observed on the final portion of the fO contour, as it is an inhibition of coarticulatdfgcts
between the two tones, and a change in their overlapping or contiguous portions. If this
correct, we should observe dissimilatory effects limited the final portion of the contour, but

no effects on the early portion of the contour.
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H3-1 hypothesizes that anticipatory dissimilatory contextual tonal variation involves
global changes in fO planning. If this correct, we should observe dissimilatory effects
distributed throughout the entire contour and not limited to fO.

For RQ4 (What is the cause of disnilatory contextual tonal variation?), we have
considered to narrow the hypothesis space by considering possible effects of time
manipulation to tease apart whether these effects are planned to facilitate production or part
of more general mechanisms.

H4-0 hypothesizes that anticipatory dissimilatory contextual tonal variation is actively
planned by speakers to facilitate production. Accordingly, given more time to plan the
dissimilatory effects, speakers may be able to dissimilate even more; to keep tiwith
metaphor of Lee et al.(2021)in the same way that more planning time would allow to
produce an even harder serve m@sponse in tennis.

H4-1 hypothesizes that anticipatory dissimilatory contextual tonal variation is the
byproduct of time varying inhibitory mechanism that could wane over time as the targets are
gated and production targets stabilize and converge to therdinary values. If this is the
case, the dissimilatory effects could be less strong given more planning time and slower
executions of speech.

-

Exi

Ot n " AtUG UCE#:EL § {Ox2 + CU%C{ xi E2EA&{7i Ue
+

e{2ai EUxé
At a broader conceptual/phonological eI, the question we seek to answer is what

interactions among tones look like in the absence of tone sandhi. Tonal interactions are

interesting for Phonology for the reasons below.
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Tones are an interesting case because they can display assimilatory ang distance)
dissimilatory effects. Assimilatory/carryover effects can be interpreted (and modeled) in
ite0éCU%C2U{ei E200{i EUxC"{é+-CUxCaU&deU-0627i EUx:
instance, a preceding Low tone may induce a lower onsetidollowing target because f0
keeps being lowered until a new tone starts and/or, possibly, because there may exist periods
in which speakers transition from the implementation of the Low tone to a different tone and
both tones are concurrently being proaed. This type of tonal interactions look much like
(carryover) segmental coarticulation.

On the other hand, dissimilatory effectsannot be interpreted along these lines of
coproduction. They must be either be confined completely to the realm of speeobysstion
and not be considered relevant for Phonology or linguistic knowledge at all. Or, if they are
a UxéE-+te+-Ce+x0+xtu{xi ChUeCr"AUxUOUnuySCi AxryCa{O00C
a{ xC" +C2UxéE-+e&+- CZOUUN {erActigns atnang s2gudncas afogab C- E é é T
targets in a rightto-left fashion.

Albeit, tonal interactions may not necessarily affect lexical contrast, which is usually
considered the domain of Phonology, they provide an interesting case to investigate
interactions among noradjacent phonological entities. If dissimilatory tonal interactions
are, thus, correctly analyzed along the lines of interactions among phonological targets in
speech planning, rather than as extghonological movement preparations, they prowd
evidence for the right to left lookaheads precisely of the types often invoked in phonological
theories of coarticulation based on feature spreading and underspecificatiok 6 Ax + &7 CUC

Nolan, 199@nd references therein
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Thus, dissimilatory interactions among lexical tones, albeit not necessarily phonological
processes, offer ampirical basis to ground phonological theories and approaches to
coarticulation that can be extended to whole classes of phenomena where long distance
assimilatory or dissimilatory righto-left processes are observed, such as vowel, nasal, and

consonantd harmonies and other types of tonal interactions among others.

OtRO:i AU- UOU %Y
Ot Ot{néi E2 E&{ xT ey d+riefiex{e(Ebre WP £ OG e +
Ot Otrr{téerj E2 E&{ x1i é
Twenty-one selfreported L1 speakers of Bangkok Thai (6 male, 15 fenralege=1952,
mean=28.4, std=12)®articipated in the experiment. Theglid not disclose any speech or
hearing impairment.
To avoid possible confoundingffects due to multilingualism in other Thai varieties with
different tonal inventories we only recruited participants who reported either (@ lbe born,
raised, and schooled in Bangkok or (ii) to have spent most of their life tAarensure that
participants produced the experimental items in a Bangkok Thai native sounding fashion and
that they correctly followed the instructions, a Bangkok dihnative speakertrained in
phonetics listened to all participants for the initial third of the experiment.
Following this screening, data from one participant, who reported to be a sequential
bilingual with British English from an early ageereexcluded. The rationalevasthat their
productions were inconsistent in terms of intended tonal contourbased on Thai
orthography, andthat their production did not sound nativdike to the native listener who

screened all participantdarticipants were compnsated for participating in the experiment.

56



Instruction and pre, post experiment debriefing were conducted in Thai with the assistance
of a native speaker.
Ot Otp{tiG@ e E{ O¢é
Target disyllabic tonal combinations of a Falling or Rising tone followed byadtier five
tones of the language Mid (M), Low (l.¢), Falling (F~), High (K |), Rising (R{)! were
embedded in a string of 3 M Tonés study tonal coarticulatory effectsOne mid tone
precedes the disyllabic targets and two follow thetm minimize the effects of surrounding
tonal target on target itemsNote that all possible tone combinations can occur in Thai
speech as the language does not have tone sandhi. Target disyllabic tonal combinaiens
intended to represent nonce words.aricipants were instructed so that the F/R initial word
of the combination represents an imaginary animal while the second word represent a fur
pattern for that animal. Thus, thalisyllabic tonal combinations represent anoun-noun
a UO& UG x - é S ChadoiibwEnfuvpditefn)ine0 ied i~0 d O of ¥ The Falling and
Rising tones were chosen to study coarticulatory effects because they represent the ceiling
and floor of the fO register of speakers. Moreover, they differ in their initial and final
components, allowing us to test if anticipatory dissimilatory contextual tonal variation is
limited to tones with an fO rise. Additionally, contour tones were needed to conduct a
landmarking analysis that is used to text effects of following tonal contxithe relative
timing of f0 movement, Section 2.2.

Note that the target disyllabic combinations are composed entirely of sonorant segments
to facilitate the extraction of fO contours. In the end, each unique target sentendé KR

M/L/F/H/R M Mtring, that canroughlybe translated ag IDoRat a [miU tfijwith fur pattern)
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Table2.2. Experimental items

w2 w3
wi (target 1) (target 2) w4 w5
hO I'JdJn JN T h NI
[de() il [meY [ban] [dE0 T
rJa I Jn TloK
[mE! [med [bari]J
' J e KA E
[m~ [1£3]
Joen
[m| §
'3 N
[m{J

The last wordof each sentencevas never the same across twonsecutivetrials to act
as a distractorand try preventing participants from focusing solely on thdisyllabic tonal
combinations(w2 and w3).
Ot Ot2mitaac e EO+xi { OCi { é NC{ x- Cé+aUeé- Ex %C,
For the experiment, participants sat ia sound attenuated roomA custom MATLAB GUI was
used to present the stimuli and simultaneously collect audio with a sampling frequency of
44.1 kHz and 16 bits per sample. Audio was collected using atmeatted microphone.

In each trial participants saw 3 imagesrepresentingthe intendeddisyllabictargets and

the last word of thecarrier sentence appearing on a computer monitofTarget disyllabic
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tonal combinations were cued withboth animages anda label on top of them inThai

orthography, while w3 cued only with an imagEigure2.3.

v
ZEN e

Figure2.3: Example oéxperimental screen during rate cue movement

Participants produced the 3 words in embedded in the frame sentence that they were
instructed to produce[dgU (targetl) (target2)ban (distractor).

The experiment also included a speech rate manigida. Below the images participants
saw a rate cue, in the form of a red circle, moving across the screen at 10 linearly spaced
speeds. At the fastest speed, the rate cue took 1.5 seconds to complete movement across the
screen, while, at the slowest, itod 4 seconds. Participants observed the cue movement and

then the rate cue was replaced by a green bar, representing a go skjgake2.4.

Figure2.4: Example of experimental screen, after rate cue movement completion
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Once the cue was replaced by the go signal, participants started producing target sentences.
They were asked to adapt how slow or fésty spoke to how slow or fast they perceived the
cue moving. The purpose of the rate cue was not to elicit specific rates but rather to induce
natural rate variation in speech.

To assess whether the cue rate manipulation indeed affected participants biehawe
estimated the effect of the cue rate on response duration using linear mixed effect regression.
In the null model, we predicted the duration of each sentence based only on random
intercepts and slopes by subject for cue movement duratiorlQoX p

WOME L QG QO O for the alternative model, we added a fixed effect of cue
The addition of the fixd effect for cue movement duration significantly improved model fit
B (D = 29.9, p <.0001, Adf.R.7). The model estimates suggest that utterance duration
increases of about 0.2 seconds for every second increase in the duration of the rate cue
movement. As the rate cue movement duration increased, i.e., the cue speed was lower, the

utterance duratian also increasedrigure2.5.
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Figure2.5: Effect of rate cue movement on utterance duration; solitelrepresents model
estimate, while dashed lines represent 95% CI. Note the individual observations are
horizontally jittered.

These effects suggest that the manipulation was successful, and speakers modified the rate
according to the rate cue movement dation.

In total, we obtained the following number of tokens. 20 (participants) x 2 (F/R tones on
word 2) x 5 (tones in word 3) x 3 (distractors in w5) x 10 (repetitions) = 6000 tokens. Thus, we
have 3000 observations for the F/R tone, and 600 for eacMA/F/H/R tones combinations.

Ot Qt{Q { CreQ*+E€éFa#Ux- £+x] C{ x- CEx- =
U{eE{ " OxCzxui é{2i EUKx

Speakerspecific monophone HMMs were trained in Kal@ovey et al., 2018nd used to

perform forced alignment separately by speak®vindow length to obtain MFCC coefficients

was set at 25 ms, with a 5 ms window step. The model was initialized using a guided training

procedure where gaussian mixture models for each monophodisyegarding tone, are

learned not in an unsupervised fashion, but by using manual segmentation. 10 randomly

selected trials per participant werband-segmented in PRAABoersma & Weenink, 2022)
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using the waveform, spectrogram, and changes in intensity/formant trajectories. Boundaries
between vowels and nasalsvere based on the appearance of antiformants and
spectral/amplitude changes.

Following forced alignment, a proportion of segmented datan@randomly selected to
be visually inspected and handorrected. The manually checked alignmentssually around
500r more unique tokenswere used to retrain HMMs and realign all the trials. This process
was repeated until the automatically segmented data were comparable to manual
annotation.

Twentyfive tials (0.4% of the datajhat contained disfluencies cutoffs, or spurious
background noisaevere excluded. In total, we analyzed EBokens, 2986 for the F tone and
2989 for the R tone

Furthermore, we used an fO based outlier detection technique. We first calculdied
separately by participant, target tone (Fallingising), and following tonal context
(_M,_L,_F,_H, Rja mean fO contour for each of the 10-pgrticipant conditions (2 F/R X 5
_M/_L/_F/_H/ R =10). The mean was based on contours that were linearly time warped to
their median length. We then obtaineddastribution of squared distances from the mean in
each of the 10 conditions, separately by speaker. We thenozed said distribution and
examined a specific number of trials that have the largest distance, starting at 10 and increase
the number to 20fithere are many problematic ones from the first 10 trials.

A research assistant native speaker of Thai, trained in phonetics, examined all the trials
and excluded data that contained mispronunciations, errors in intended target tones, or
pauses between th first and second target greater than 150 ms. Usually only a relatively

small numbers of tokens by participant were excluded among the much larger inspected
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subset. For the Falling target only three participants had more than 10 excluded tokens, with
one participant having much more (77 excluded tokens), the mean of excluded tokens was
9.47 by participant. For the Rising tone, only one participant had more than 10 excluded
tokens, the mean of excluded tokens was 4.4 by participant.

After this manuaktheckng 2829 tokens were left for the F tone and 2905 for the R tone.
Thus, 5.7% of the data were excluded for the Falling tone and 3.1% of the data were excluded
for the Falling Tone. A full brealp of included and excluded tokens is givendppendix B

Since all dependent variables we analyze are based on fO contours we detail our fO
extraction procedure. FO was extracted over a region of interest starting from the beginning
oftherimeof,Ee é1 COU&- CExC{ Ci { e%+xi Cé+txi £x2+Ci0i6UCExC
the fourth word of the sentence ([b] of [bonFigure2.6.

1 T

ROI End

ROI Beginning

-0.5

0 05 1 15 2 25

Figure2.6: Example of Region of Interest (ROI) for fO extraction together with waveform and
segmentation obtained by forced alignment.

FO was extracted using the MATLgi®h()  function, specifically the Surof Residual

Harmonic algorithm(Drugman & Alwan, 201H0 was extracted over a 52 ms window with 10
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ms step. We used by sexnges to facilitate fO extraction. For men, a range [60 200] Hz was
used, for women a [100 400] Hz was used.

The raw pitch trajectories were further processed using a custom MATLAB ©Object
Oriented pitch routine. First, values above likely physiological imeand minima were set
to Not a Number (NaN). Second, pairwise comparisons of each datapoint and adjacent
samples (+1, +2, +3) were performed and all data containing fO changes greater than 20 Hz
compared to a preceding sample was set to NaN, as likety bsult of pitch halving or
doubling. Third, cubic spline interpolation was performed to reconstruct the contours using
the interpl1() function in MATLAB and obtain values for samples that had been set to
NaNs. Fourth, interpolated contours were smootheittifg cubic splines to the contours,
using thefit() andeval() functions in MATLAB. Finally, the splibased contours were
smoothed using a moving median calculated over 5 samples, followed by a moving average
, also calculated over 5 samples. lllustirg examples of participants processed fO contours

for all conditions in the experiment are presentedrigure2.7.
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SP16 Rising-Mid SP16 Rising-Low SP16 Rising-Falling
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Figure2.7. Representative examples of Falling tone contours (tone) and Rising tone contours
(bottom) followed by the other five tones of the language (Mid, Low, Falling, High, Rising).
Gray lines represent contoursdm individual trials, the orange contours represent average
contour shapes by tonal condition calculated after linearly time warping all trajectories to a
fixed length separately by participant.

From the fO contours processed as described above we exadhthe following dependent
variables:

1. The value of the FO inflection point in Hz

This is the max fO value for the Falling tone and the minimum fO value for Rising tone in
w2 of the sentence, the target 1 of disyllabic combinations. These values werethlgarally
obtained by locating the latest index of the fO contours that is greater or equal to the
maximum value, for the Falling Tone, or smaller or equal to the minimum value, for the Rising

Tone. Example of target detection for the Falling and Risintetois presented ifrigure2.8.
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Figure2.8: Examples of Falling tone contours (tone) and Risingdacontours (bottom)with
their identified fO inflection point, marked by a circle.

2. fOaverageSlope in Hz/s

The fO average slope was calculated in a region of interest from the beginning of w2 to
the consonantal onset of w3 as follows. First, we ideraifyfO minimum, for Falling tones, or
an fO maximum, for Rising tones, that precedes the fO inflection value using the MATLAB

function findpeaks () . When no maximum or minima could be identified the first fO
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sample in the first target word was used. As setastep, we fit a firsbrder polynomial
between the fO minimum/maximum and the fO inflection value. Third, we extract the linear
coefficient of the function as the slope, which can be taken to represent the rise of Falling
tone and the fall of the Risinghe,Figure2.9. Slope fit was limited to the initial fO movement,
i.e., the high f0 movement of the Falling tone and the low fO movement of the Risieg
because the second portions is highly context dependent and modified by experimentally

manipulated following tonal context, for more remarks the landmarking analysis.
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Figure2.9 Slope fit to Falling tones (top) and Rising tones (bottom) from SP20. Blue circles
represents preceding minima (Falling) and maxima Rising), red circle represent following
maxima (Falling) and minima (Rising).
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3. Lags between toral landmarks in s

We analyzed the lag between T1 Onset and Target, T2 Onset and Target, and the lag
between T1 Target and T2 Onset.

The lags were calculated using fO landmarks. FO landmarks were located algorithmically
using a custorrbuilt OOP suite iIMATALB. We first defined a region of interest corresponding
to the beginning of the rime of word 1 up to end of w3. FO in this region was upsampled by a
factor of 10 to produce smoother contours and facilitate landmarking.

In this region, we first locatetvo first derivative, i.e., fO velocity, extrema of opposite
signs. The first velocity extremum is the closest one preceding the fO inflection (of positive
sign for Falling tones and negative sign for Rising tones); the second one is the closest one
following the fO inflection point (of negative sign for Falling tones and positive sign for Rising
tones).

Velocity extrema were located based on changes of sign in the second derivative, i.e., fO
acceleration, signals using thgradient(sign()) functions in MATAB and finding
points where the gradient of the sign of the acceleration is non 0. The velocity extrema were
located in a ROI centered at the inflection point and stretching for 25% of the entire fO contour
duration to the left and to the right of the ildction point. A contour duration dependent
window was necessary to account for the effects of differences in speech rate that are part of
the experimental design. If the velocity extremum could not be detected the windows were
enlarged by a factor of 1.%he windows were also shortened to 0.4 of its duration for Falling
Falling sequences as the first contour tone is much shorter in this context.

After locating the velocity extrema, preceding the inflection point, we located the closest

positional extremumthat precedes it. If this could not be located, the previous positional
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extremum was set to the first sample in the ROI. We then proceeded to locate an onset of the
first tonal gesture, define as the first point where 20% of the maximum velocity is first
exceeded. The onset was located between the preceding positional extremum and the
velocity extremum. The window used for the onset was the same as the one used for the
velocity extremum. We then located the target of the first tonal gestures defined airtte
moment after the velocity extremum where fO velocity falls below a 20% threshold. The target
was located between the preceding velocity extremum and the inflection point.

The procedure was repeated for the velocity extremum following the inflectiomt, the
positional extremum following it, and the onset and target of the second tone. The target of
the second tone was located using a window that was enlarged by a factor of 1.33 compared
to the window for the velocity extrema. This is because tfffset of the second tone can be
very distant from the inflection point in the following cases. When the Falling tone is followed
by a Mid or Low tone, as the L portion of the Falling tone is indistinguishable from the fO fall
typical of Mid and Low toned¥hen the Rising tone is followed by a Falling or High tone, as
the H portion of the Rising tone is indistinguishable from the f0 rise typical of Falling and, to
a lesser extent, of High tones. The offset of the second tone was, thus, landmarked, but, since
its location depends on experimentally manipulated following tonal contexts, it was not
analyzed.

From the landmarking we further extracted the following lags:

1) Tone 1 Onset to Target (T1 Onsetto T1 Target)
2) Tone 1 Onsetto Tone 2 Onset (T1 Onset to T&&tPn

3) Plateau, defined as the lag between the Target of Tone 1 and the Onset of T2.
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These can be taken as approximating the T1 duration, T1 to T2 relative Timing, and
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Figure2.10Top: landmarking example of a Falliseplling sequence, with illustration of lags.
Bottom: landmarking of a Fallingvlid sequence, with illustration of lags that were entered in
the statistical analyses. Notice the difference in shape of the contour depending on the
following tonal context. These differences prevent us from analyzing the targetioé 2.
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A research assistant visually inspected the landmarking of all trials for fO. When
algorithmic landmarks could not be accomplished due to neanonical shapes in the f0,
landmarking was accomplished manually by inspecting the fO trajectory andiigt &nd
second derivative. However, a number of trials could not be landmarked because of changes
in fO shape, due to coarticulation at faster speaking rates. The number of trials that could not
be landmarked was 53 (1.9%) tokens for the Falling tone B5d1.9%) for the Rising tone.
Thus, 2776 token were used in the landmarking lags analysis for the Falling tone and 2850 for
the Rising tone.

4. The fO contours

The fO contours were analyzedfter zscoring, using Generalized Additive Mixed Models
(GAMM)We used a subset of the region of interest stretching between the rime of the first
GUeé-CExCi AxtCa{eeExeSuo600CU%CH-o600SC{x-Ci AxCOl
GO{ 00Ut Cr+CaAUé+Ci UCéi { &i C¥%NC{ xstwdsdéfthé ciliidti AC< PF
to see whether following tonal contexts may affect general fO planning beyond the target
word. We chose to extend the tracking of fO to the onset of the second word because, the
aUxi U6eCi UxxeéSC; { OOE x %G{ex-CllaxEE B\3cICke{+x QU4 CH &A%
(Rose, 2014)This is what we observed in our data as well, both at an individual level, as

examples of raw contours showjgure2.11, and as an average tendency.
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mii maa bon

mii maa bon

Figure2.11Top: example of spillover in a RisiMjd sequence, notice that much of the fO rise

is accomplished on the consonantal onset of the next word. Bottom: Example of spillover in
a FallingRising sequence, notice how both the fO dip of the Falling tone aed@hrise of the
Rising tone are accomplished on the consonantal onsets of the following words. Note that
the fO contours plotted above are unsmoothed raw contours. This is to demonstrate that
spillover is not due to fO smoothing.
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5. the strength of coartic ulation among tones

Finally, we tried to identifyhe strength of coarticulatory among tones based on the fO
contours and other featuresTo do so, rather than quantifying mutual information among
the two tones(Iskarous et al., 2013\e took a more indirect approach, following Tilsen et al.
(2021) and used machine learning models accuracy to assess how well the tone of the second
target item can be predicted on the basis of its coarticulatory effects on the first. We did so by
using two different class of machine learning models:

1) Feed Forward Neural Networks (FFNNSs)
2) Bidirectional LongShort Term Memory Recurrent Neural NetworkdL&M
RNNS).

We now briefly describe the features used to train each class of models. FFNNs were
chose over other machine learning models because, after experimenting with other models
such as Support Vector Machines and Ensemble Classifiers, they hdegshaccuracy in the
classification task based on coarticulatory effects. The features used to train FFNNS are:

1) The entire fO contours time warped to a fixed median length across all
participants, the fO contour spanned from [m] of the first word in tardetyllabic
6+xc0+x2+éSCOOEUUSCiIiUCT AxCUxé+xi CO0OUCURCH

+ x 2 +BgBre2 D otk UHataEFNNSs require a fixed length of each

D
1+
O
o
+

sequence to be able to project the input to hidden layer, as the input to hidden

layer projection matrix has a fixed size.
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Figure2.12 ROI for FFNN classification. Orange lines marks where fO was extfacteé@NN
classification analysis.

2) The entire fO contours time warped to a fixed median length across all
participants and zscored separately by participants and by first target in the
utterance (Falling or Rising).Theszored fO was added because we hyipesized
that speakernormalized fO may be beneficial for network training.

3) The inflection point value in Hz.

4) Timing of the fO inflection point, as previous described, relative to the word onset
in seconds.

5) Utterance duration in seconds.

Given our hypothess regarding the nature of anticipatory dissimilatory contextual tonal
variation, the FFNNs were trained in two different ways. First, they were trained to predict the
tonal category the second word in the disyllabic sequence, i.e., the context used to
manipulate contextual tonal variation. In this case the FFNN were trained to perfoolass

classification, trying to predict whether the following tonal context is _Mid, _Low, _Falling,
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_High, _Rising. This was done separately for Falling and Rising t8eesndly, FFNN were
trained to predict the following tonal contexts collapsed into 3 class:

1) _Mid/_High (Mid initial fO movement)

2) _ Falling (High initial f0 movement)

3) _Low/_Rising (Low initial fO movement).

These two formulations of the classification prigm can help us determining whether
the coarticulation is due to the category of the following tone or the nature of the initial fO
movement.

BiLSTM RNNs were trained using the following 4 time series:

1) The entire fO contours over the entire ROI, startirg the beginning of rime of
BEeEéT CaUe-CExXxC{Ci{e%+tiCéxtxi+tx2+xCliao6UCExC
the fourth word of the sentence ([b] of [bon]). Note that RNNs do not require time
warping to a fixed length as the networks can iterate oaerarbitrary number of
input timesteps, effectively unrolling in time, and, thus, it can process time series
of different length.

2) The entire fO contours, as defined above, buscored by participant and first
target tone (Falling or Rising).

3) The first deivative of the entire fO contour, calculated using the MATLAB function
gradient () .

4) The first derivative of the-gcored entire fO contour, calculated using the MATLAB
function gradient () .

The result is a vector of 4 (features) by Number of fO samples, which was different for each

observation.
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These features were used as input for a signal chopping analyses, follaWisen (202Q)
We progressively chopped the time series starting from the end of the region defined below,
Figure2.13 and obtaned the accuracy of the RNN as a function of sequence length. We
obtained 20 steps, separately from a tvold partition of the fO ROI.

gA+C%Eeéi Ceé+%UEUXxCéAa{ xx+x- C%eUOCT AxC" + %UE x X E x %
second region spanned fOCi A+ C~" + UEx x Ex %CU%COGOUUCExCa O60U0CH
regions were each divided into 20 steps representingl0®% and are labelled for
convenience, word 1 (W1) and word 2 (W2). Hence the entire region was divided into 40 steps.
This was doneeparately for every single trajectory to account for the effects of speech rate
and to ensure that each window contained comparable acoustic information across trials.

The trajectories were subsequently fed to the RNNs. First the entire trajectory was used
and 10 BiLSTM were trained to predict following tonal contexts. At the next step one of the

forty steps of the fO ROl was removed. This continued until only one step was left.

wl w2

Chopping 5
Chopping 4
"7 7] hopping3
Chopping 2
Chopping 1

Figure2.13Schematization 6 signal chopping for one token. Notice that each cluster of four
time series represents a chopping step of a single token. At each chopping step 10 BiLSTM
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RNN are trained to obtain an average classification accuracy and standard deviation of
accuracy. Athe next chopping step, before feeding the time series to the 10 BiLSTM RNN, a
region corresponding to a normalized proportion of their duration is removed. In this way, by
subtracting a fixed amount of each time series length, we can obtain a measure of
performance as a function of normalized percentage in the fO ROI.

In this way we obtained an average accuracy and standard deviation of accuracy for this
classification task that can be localized at a percentage of the first or second half of the fO
ROLTEE€Cxx{ O+éCO0éCi UCEx-Eé+27i OyCEx%+eCi AxCZéi &

As for the FFNNs, BILSTM RNNs were trained to predict the following tonal context both
as a 5 class and as eclass problem.

Ot otiof 1 Heéxi-ERG{G A E { xd Qay{éétx E x 3%C
We conducted separate analyses of coarticulatory effects on the Falling and Rising tones. This
is in line with previous work on tonal coarticulation in Th@andour et al., 19940ur
reasoning is that the tw tones represent different grammatical categories and, hence,
different data generating processes. For this reason, the Falling and Rising tamemtbe
subsumed under a single statistical population for any of the variables examined in this
study. Colapsing them would result in a mixture of data generating process that violates the
assumptions of regression modellingvasishth et b, 2018) Moreover, the substantial
differences between the two tones are much larger than coarticulatory effects, hence,
modelling the two tones as single statistical population would hinder our ability to
investigate coarticulatory effects on each thiem. Similar considerations hold for a machine
learning classification task as well.

To make the rationale for the split even clearer, consider, for instance, one of the

variables investigated in this paper: how is the value of the fO inflection poithef-alling
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and Rising tones affected by different tonal contexts and speech rates? In the case of a Falling
tone, the inflection point represents the maximum fO value, while, for the Rising tone, the
inflection point represents the minimum fO value. Tidlection point of the falling tone is
the result of a transition from a high pitch value to a low pitch value, while the inflection point
of the Rising tone is the result of a transition from a low pitch value to a high pitch value,
Figure2.8. These two values probably should not be compared in a single statistical model
given different means, variances, possibly direction and magnitude of the effetthe
various independent variables, and, crucially, two different data generating processes due to
two different phonological and phonetic specifications. The grammatical categories and the
physiological effects that accompany their implementation woulgsult in systematic
residuals that constitute a violation of the assumption of regression modelling. The problem
is even greater for analysis that operate over entire contours, since the Falling and the Rising
are completely distinct.
Ot Otadltt p éi C) {§+x&&EEYLCax
For the datapoints presented in this paper, tff@ inflection pointand slope, the dependent
variable, continuous in nature, is modelled as a function of two dependent variables and their
interaction:

1. Following tonal context, a categorical variabléth 5 levels (Mid, Low, Falling, High,

Rising) with reference set as the Mid Tone,
2. Utterance duration, a continuous variable in seconds

3. The interaction of independent variable 1 and 2
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Random effects include by speaker random intercepts and slope fdixaltl effects and
their interaction. We use robust Bayesian mixed effect regression to fit this model using the
brmspackageli ) 6 @ Nx kRS CONn 6 Y

We choose to adopt a bayesian approach over a frequentist for three main advantages
they offer, that have been recently discussed by Vasisth €2al8)

First, Bayesian models allow us to have more flexibility in defining models. Here, we
adopt a robust approach to linear regression, using a studeémtistribution to model
residuals distribution. This has beenrgven minimize the influence of outliers on the
estimation of regression coefficienfbange et al., 1989 problem that has been pointed out
and similarly tackled in previes work on tongSun & Shih, 2021yvhere fO residuals have
been shown to result in heavy tails that were better accounted for using studdrgtribution
rather than a normal distribution in GAMM regression modelling. A studeligtribution of
residuals isnot available in most software implementation of frequentist mixed effect
regression but can be specified in Bayesian hierarchical models using S(BAdh
Development Team, 2022)

Second, Bayesian models allow us to move away from a logic of whether an effect is
simply present or absent, the cutoff-palue logic, in favor of try quantifying what are
plausible ranges for that effect and how much uncertainty is associated with the estimation
of these parameters. This is exactly what we are interested in doing with regards to tonal
coarticulation effects and its interaction with speech rate.

Third, Baye&n models avoid convergence problems thank to regularizing priors. Given
the possibility of individual variation in coarticulatory patterns and rate effects, we are

interested in adopting a large random effect structure that allows for individual variaiio
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the coarticulatory effect of each tonal context at different speech rates. In other words, we

OEEACTI UC®REIi C"yCéa+{NxeeéebCe{x-UOCeOUa+xeéC{ x-CE
utterance duration, and their interaction. This was not possible wihfrequentist linear
mixed effect model that occurred in convergence issues when we attempted to fit it. The

model specification is:

OgCnayvyGYCUYETl =+4A§06AOAY ~ BDAADPLGSCE [ DEYPITTY§.
BPDAADLPDO&YT T Y§AEEDY Al @ BX
prior=c(set_prior("normal(0,10)", class ="b"))

c/ECOAL™ gl j UYET Ho X L¥EGYCH™ G YHBX X
Oi A8 g~ nuX OPeT1ADPAGIABYYAIoE BCw

For the duration of the 3 landmarks (T1 Onset to T1 Target, T1 Onset to T2 Onset, Plateau),
we also fit Bayesian mixed effagtgression, but, in this case, utterance duration, was treated
as a random effecafter discretization This is because the question we ask is whether there
is an effect of tonal context, above and beyond natural variation due to utterance duration.
Oy CuBWe UYET +/&§d AOAY ~ BDA
BPAADL P DE&NsKBDAADLPO&EYI T Y
prior=c(set_prior("normal(0,10)", class = "b"))

(;AECE:SAL gl juUYéTHoX o1
Oi A6¢ g~ uXObel EDAGRAB Y

AbPL&cEe b
e OY 4 ixg A&l

%39

G~ n999X LAGJC] G Y98 9X
Alo£E bBCw

v
|4
As is well known, Bayesian models do not returvglues, accordingly we report 95%
credible intervals (Crl) for all the fixed effects that we examine. Our inferences are based on

how much fixed effects 95% Crl overlap with 0. A fact that indicates thateffect of the
predictor may be absent. The choice of 95% Crl is a purely arbitrary one, based on frequentist
statistics practices. It has been argued that 90% Crl yield more stable estimation of the
parameters(Kruschke, 2014r that arbitrary values should be used to remind readers that
these intervals are purely conventiondMcElreath, 2020)Given that 95% Crl are wide we

increased the number of iterations from 2000 to 6000, to reach a 10,000 effective samples size
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(ESS) or most of the figdeeffects of interest, as recommended Kruschke (2014)We also
increase the number of chains from 4 (the defdulo 6, as the model was signaling
convergence issues with only 4 chains. The adaptive delta was also increases to .99 and the
maximum tree depth was increased to 15, when a STAN returned warning concerning these
parameters. To check model convergence, felowed the three strategies recommended

by Vasisth et a(2018):

1) Visual plots to ensure chain mixing fot fiked effectsFigure2.14.
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Figure2.14 Trace plots for all mixed effect parameters of the Fallioge inflection point
value, showing overlap and, thus, indicating that chains have mixed well.

2) Visual plots of posterior predictive checks to ensure a match between data and

model predictionsFigure2.15
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Figure 2.15 Posterior predictive checks for Falling tone inflection point. The fader lines
labelled yep refer to the posterior predictive values generated by the model, and the darker
solid, labelled y, represents the observed data. Notice how the robust Bayesgmession
can capture multimodal distributions of the data.

3) A value of the effectiv for all parameters equal to 1. All suttvalues are reported

together with parameters 95% Crl.

Since Bayesian models offer us Crl for all the effects of interestdveadiconduct model
comparisons with models that have competing specifications. Our hypotheses and
predictions are entirely encompassed in the model specifications presented above and our
focus is on estimating parameter values.

Ot Ot<otP® C{ x{ Oy é + &
The analysesf entirez-scoredfO contours were conducted using Generalized Additive Mixed
Models(Wood, 20173eparately for the Falling and Rising tones. GAMM rsodere fit using

thebam() function of themgcvpackage in RWood 2011, 2017)
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In our GAMM models the dependent variables are émtire fO contours between the

eAyOxCU%CI A+ ChEeéi CaUe-CExCi AxCa{eeE+xeSGoU0U0CL
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and utterance duration, and their tems interaction. This more complex model was
compared against a simpler model where the interaction was removed.

The model is set up as having a smooth for time by different following tonal contexts, i.e.,
fO contours change differ over time in differentlfawing tonal contexts, a smooth different
utterance duration, i.e., f0 contours change differently depending on utterance duration. A
tensor interaction between time and utterance duration by tonal context was also included,
indicating different changes of0 in time depending on the following tonal contexts at
different times and durations. Random smooths for change over time by subjects were also
included in the model.

This model was tested against a simpler model that does not contain the interaction te
and the smooth for duration. Following the recommendation bfU é N §2014)ywEen
testing an interaction against a simpler model, the duration smooth was removed. Since we
compare models with different fixed effect structures, models were fit using Maximum
Likelihood rather than restdted Maximum Likelihood. Following previous work on GAMM
modeling of articulatory and tonal contouréSun & Shih, 2021; Wieling, 2018 fit models
that use a tdistribution for residuals, as, after fitting a Gaussian model, the residuals did not
look normally distributed. Since we are conducting model comparison with different fixed
effects, models need to be fit using Maximum Likelihood estimation, rather than restricted
Maximum Likelihood. When models are fit using Maximum Likelihood estimationdhegot

be discretized and thengcy) does not currently allow one to incorporate and AR1 model for
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residuals unless the model is either fit using a gaussian distribution or another discretized
distribution. For this reason, an AR1 modetre included by rétting the model with fast
restricted Maximum Likelihood and discretizatioihis step was performed after performing
model selection.The model specifications are as follows:
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Models were compared against each other using émova.gam() function from the
mgcvpackage in R to perform loglikelihood ratio tesiBhis test performs a cksquare test
on the difference in likelihood on the bases of the degrees of freedom. This is preferred over
information criteria, like the Akaike Information Criterion (AIC), when the model contains

random smooths Models were themefit using fREML and discretization.
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FFNNs were trained using the MATLAB Deep Learning Toolbox. The architecture chosen was
that of a bilayer FFNN with 10 hidden units per layer. All layers are fully connected and a
SoftMax is apjid to solve the classification problem to the output of the hidden layer.

The activation function chosen was the Rectified Linear Unit (ReLU) function. The
maximum number of iterations for backpropagation training was set to 1000. The accuracy
reported in the paper is cross validated accuracy usingf@d cross validation. The solver
used was limited memory BFGS. All other parameters were left to the default specification.

In total 4 FFNNs models were trained: 2 (Falling/Rising) xc2ags, 3class pralems).
Separately for the Falling and the Rising tone of the first word in the disyllabic targets, we
trained one model to predict the 5 following tonal contexts and one more model to predict
whether the following tonal context starts with a mid, low, lnigh fO movement.

BILSTM RNN were trained using MATLAB Deep Learning Toolbox. After some
experimentation with number of layers and units, the architecture chosen was that of a
BIiLSTM with a single hidden layer with 64 units. A SoftMax function followetdden layer
to obtain the probability of each class. The activation function was the default one:
hyperbolic tangent for the cell and hidden state and sigmoid activation function for the gates.
The maximum number of epochs for backpropagation through dimaining was set to 500.

The input was shuffled at every epoch. The networks were trained by passing the input in
minibatches of 32 tokens each. After experimentation, the initial learning rate was set to
.0005. The networks were trained using early gioq to prevent overfitting. The data were

split into 80% training, 10% validation, and 10% test. These splits were all balanced by

following tonal context, so that the network is trained on comparable amounts of data for
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each class it needs to predict. £® on the validation set was used to determine early
stopping. The patience parameter, i.e., number of consecutive steps where validation loss
does not decrease before training is stopped was set to 20. The solver used was Adam. All
other parameters wereglft to default specifications.

In total 1600 RNNs were trained: 2 (Falling Rising) x 40 (Time steps) x 10 (Repetitions) x 2
(5-class vs 3 class prediction). RNNs were trained using a 18#t) configuration with the

MATLAB Parallel Computing Toolbox usthyWIDIA GeForce RTX 2080 Ti

Otadx € 6 O1 ¢é
The results are presented starting from the datapoint analyses (inflection value, slope, and
landmarks) and moving to global analysis of f0O contours (GAMMs, FFNNs, RNNs). The results
are presented separately for the Fiag and Rising tone.
Ot oW C + Wi B x
For Falling tones, we found that, compared to a _Mid baseline, a higher f0 target is reached
when the Falling tone is followed by tones with a low onset, which are _Low and _Rising;
while a lower target iseached in _Falling position. Finally, _High is not distinguishable from
a _Mid baseline.

For Rising tones, we found that, compared to _Mid baseline, Rising tones reach a lower
fO inflection when followed by a tone with a high onset, that is _Falling; evhiless extreme
fO inflection in _Rising and _Low position. _High is not distinguishable from a _Mid baseline.
The data, thus suggest, that both tones are affected and that bothlpve raising and pre

high lowering exist.
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The effects of rate on tonal réaations and its interactions with following tonal contexts
are more subtle. However, the main finding is that, as utterance duration increases, the
interactions observed among tonal contexts tend to weaken. This finding may speak against
the idea that dssimilatory effects are akin to an anticipatory movement preparation to
facilitate hitting a target.

Ot ot {tOPEx %UCgUx+CExC+t2371 EUxCu{ O6 ¢
For the fO inflection value of the Falling Tone, we start by inspecting distributions for fO values
in different tonal conditons.

We observe that the following tonal context seems to affect the maximum fO value of the
Falling ToneFigure2.16 Note that, for illustration prposes, the fO values have beeis@ored
by participants and converted back to the grand mean and standard deviation pooled across

all participants.
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Figure2.16Falling tone f0 inflection value in differefllowing tonal contexts.

Compared to a _Mid tone baseline, following low onset tones, that is _Low and _Rising
contexts, are associated with higher fO inflection values of a preceding Falling tone. A _Falling
tone context, on the other hand, is associdtgith lower fO inflection values.
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The effect of utterance duration, on the other hand, does not have a consistent direction,
but is specific to different tonal contexts, suggesting the presence of interactions between

tonal context and durationFigure2.17.
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Figure2.17Pearson correlation between Falling tone inflection value and utterance duration
in different following tonal contexts. Note the different direction of the effects _Low, _Rising
vs _Fall, High and no correlation in thdlid context. No strong correlation is observed in
the pre-Mid context.

For _Low and _Rising contexts, i.e., toveth a low onset, a negative correlation with
utterance duration is observed. This correlation indicates that towset tones tend to
correlate with less extreme fO inflection values of the preceding Falling tone as utterance
duration increases.

For Fallng and _H contexts, i.e., tones with a high onset, a positive correlation with
utterance duration is observed. This correlation indicates that higinset tones tend to be
associated with higher fO inflection values of the preceding Falling tone as utterdocation

increases.
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These observations are faithfully translated into the result of the robust Bayesian mixed
effect regression model fit to the data. We found that 95% Crl for all following tonal contexts,
except in part the preHigh, do not overlap wit 0, suggesting a main effect of tonal context.

Tones with a low onset, Low and Rising, have a positive effect of the fO inflection value of
a preceding Falling tone. The effects are estimated at 9.05 Hz (95% Crl [3.745 14.46] Hz) for
the Low and 9.82 H8%% Crl [4.14 15.51] Hz) for the Rising.

Tones with a high onset, Falling and High, have a negative effect of the f0 inflection value
of a preceding Falling. The effects are estimated3a27 Hz (95% CklLB.70;2.76] Hz) for the
Falling and-4.63 Hz (8% Crl{9.44 0.34] Hz) for the High.

We also find that the interaction between duration of the utterance a-pedling context,
increased the f0 inflection value, hence reducing the lowering of fO maximum observed in the
_Falling context, with an effecize estimated at 2.73 Hz (95% C0L44, 5.87] Hz), per second
increase in utterance duration. A similar effect is observed for the interaction between
utterance duration and _High context, with an effect size estimated at 2.47 Hz (959%.€4
5.28] H). In both case the 95% Crl do not completely exclude 0, but note that the median of
the effect is quite far from 0. A full summary of the effect is reportéhlrie2.3 and the 95%

Crl are reported iTable2.3and Figure2.18
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Table2.3 Table of 95% Crl for robust bayesian regression of falling tone fO valunelicates
no overlap with 0, ? indicates small overlap with O.

Estimate Estimated Lower Upper Rhat No overlap with

Error 95% Crl 95% Crl 0
Intercept 239.01 14.18 210.97 267.07 1.00
L 9.05 2.81 3.45 1446 1.00 *
_F -8.27 2.78 -13.70 -2.76 1.00 *
_H -4.63 2.50 -9.44 0.34 1.00
R 9.82 2.90 4.14 1551 1.00 *
Duration -2.76 2.93 -8.57 3.02 1.00
Duration* L -1.80 1.60 -4.89 1.42 1.00
Duration* F 2.73 1.61 -0.44 5.87 1.00 ?
Duration * _H 2.47 1.46 -0.44 5.28 1.00 ?
Duration* R -1.71 1.64 -4.93 1.55 1.00

Duration®_R- /l\i\
Duration™_HH —%&
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Duration™_L1 /I\E\
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Figure2.18Kernel smoothed density estimates of the 95% Crl for all fixed effects for the fO
inflection value of Falling Tones.

The findings presented in this section suggest tivt-0, the hypothesis that only tones
with a final risingportion will be affected is incorrect, as a tone with a final fO fall is affected
too. Additionally, contra the predictions dfi2-0, we do not observe a twofold distribution of

following tonal contexts: tones with a low onset (_Low/ Rising) vs the rest
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(_Mid/_Falling/_High). Compared to a _Mid baseline we observed botHgseraising and
pre-high lowering. The findings suggest that both low and high initial fO movements have
systematic effects on the fO inflection point of a preceding tone.
Ot o tarEtée® x %CHUKEQCERU { O06 =
For the fO inflection value of the Rising Tone, we inspect again the distributions for fO values
in different tonal conditions.

We observe that following tonal context seems to affect the minimum fO value of the

Rising ToneFigure2.19
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Figure2.19Rising tone f0 inflection value in different following tonal contexts.

Compared to a _Mid tone baseline, following low onset tones, _Low and _Rising contexts,
are associated with higher fO inflection values of a preceding Rising tone. A _Falling tone
context, on the other hand, is associated with lower fO inflection values asiadrtone.

As for the Falling tone, the effect of utterance duration on the Rising tone does not have
a consistent direction, but is specific to different tonal contexts, suggesting the presence of

an interaction,Figure2.20.
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Figure2.20Pearson correlation between Rising tone inflection value and utterance duration
in different following tonal contexts. Note the different direction of the effects _Low, _Rising
vs _Falling, High and no correlation in thmidcontextNo strong correlatio is observed in
the pre-Mid context.

For _Low and _Rising contexts, i.e., tones with a low onset, a negative correlation with
utterance duration is observed. Unlike for the Falling tone, this direction of the correlation is
also observed for the préligh context. The correlation indicates that pre leanset tones
contexts tend to correlate with more extreme, i.e., lower, fO inflection values of a preceding
Rising tone as utterance durations increases.

For _Falling contexts, a positive correlation with utdace duration is observed. This
correlation indicates that the _Falling contexts tend to be associated with higher fO inflection
values of the preceding Falling tone as utterance duration increases, suggesting that more
extreme fO values observed in pFalling contexts are mitigated by an increase in utterance

duration.
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These observations are faithfully translated into the result of the robust Bayesian Mixed
effect regression model fit to the Rising tone data. We found that 95% Cirl for all following
tonal contexts, except the pr&ow and preHigh, do not overlap with 0, suggesting an effect.

For tonal context with a following low onsets, the following patterns are observed. A
_Rising context has a positive effect of the fO inflection value of a precelisimg tone,
estimated at 7.23 (95% Crl [3.41, 11.00]). For a _Low context, the effect is estimated at 3.22
(95% Crl-p.44 6.83]), again the Crl do not completely exclude 0, but the median of the effect
is far from O.

For the tones with a high onset, onflge _Falling context has Crl that do not include 0O,
having a negative effect of the fO inflection value of a preceding Rising tone. The effects are
estimated at-4.02 (95% Cr+{.48,-0.60]).

We also find a main effect of duration, a one second duratianerease for the entire
utterance is associated with a lower fO inflection value of the target Rising tone, with an effect
size estimated at5.24 (95% Crl-§.54,-2.02]). The interaction between duration of the
utterance a preRising context was alsobserved, with an effect size estimated-8t29 (95%

Crl [5.42,-1.14]). An effect potentially suggestive of an interaction, was also observed for the
_Falling context interacting with duration. In this environment, an increase in the fO inflection
value was observed, indicating a reduction in the lowering of f0 minimum observed in
_Falling contexts, the effect size estimated at 1.44 Hz (95% @BB] 3.44]), per second
increase in utterance duration. A full summary of the efféable 2.3 and the 95% Crl are

reported inTable2.4and Figure2.21
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Table2.495% Crl for robust bayesian regressiorRigingtone fO value

Estimate Estimated Lower Upper Rhat No overlap with

Error 95% Crl 95% Cirl 0
Intercept 161.89 8.34 145.27 178.20 1.00
L 3.22 1.85 -0.44 6.83 1.00 ?
_F -4.02 1.76 -7.48 -0.60 1.00 *
_H 1.06 1.60 -2.07 4.20 1.00
R 7.23 1.95 3.41 11.00 1.00 *
Duration -5.24 1.66 -8.54 -2.02 1.00 *
Duration* L -1.28 1.05 -3.33 0.82 1.00
Duration* F 1.44 1.01 -0.53 3.44 1.00 *
Duration* H -0.71 0.92 -2.53 1.08 1.00
Duration* R -2.81 1.10 -4.95 -0.63 1.00 *
Duration™_R+ /I\L
Duration* HA /i\
Duration™_F+ /I/I\
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Figure2.21Kernel smoothed density estimates of the 95% Crl for all fixed effects for the fO
inflection value of Rising tones.

In the data presented in this subsection suggest, again contra the predictiohi2«f, we
do not observe awofold distribution of following tonal contexts: tones with a low onset
(_Low/_Rising) vs the rest (_Mid/_Falling/_High). Compared to a _Mid baseline we observe

both pre-low raising and prehigh lowering. The findings, thus, suggest that both low and
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high initial f0 movements have systematic effects on the fO inflection point of a preceding
tone.

Ot obtGAJ A +C{ x{ Oy 6 Eé

For the fO slope we found effects that closely mirror the effect on fO inflection values.
Especially for Falling tones. For Falling tones, we fotirad the slope of the fO rise is steeper

in _Low and _Rising and less steep in the _Falling position. For Rising tones, we observed that
the slope of the fO lowering portion is more negative in the context that precedes _Low and
_High.

Ot ot; tOPE x %Cg U x =+

For thefO slope value of the Falling Tone, we start by inspecting distributions for fO slope in
different tonal conditions.

We observe that the following tonal context seems to affect the fO slope of the Falling
tone, Figure 2.22. Note that, for illustration purposes, the fO slope has beescared by
participants and converted back to the grand mean and standard deviation. This is the
reason why some datapots look like having negative slope even though the slope of the

Falling tone for all untransformed datapoints is positive.
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Figure2.22Falling tone fO slope in different following tonal contexts.

Compared to a _Mid tone baseline, following low onset tones, _Low and _Rising contexts,
are associated with higher fO slope of a preceding Falling tone. A _Falling tone context, on the
other hard, is associated with lower fO slope values of a preceding Falling tone.

As compared to the effects of utterance duration on fO inflection vakigure2.20, the
effect of utterance duration on the Falling tone fO slope has almost always a consistent

direction of the effect.
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Figure 2.23 Pearson correlation between Falling tone fO slope and utterance duration
different following tonal contexts. Note the same different direction of the effect across all
tonal contexts, except _Falling.
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For all following tonal contexts, the fO slope temdo decrease as utterance duration
increases. The only exception is the _Falling context, where only a very weak positive
correlation is observed. Note, however, that the fO slope is already on average lower than in
other tonal contexts.

These observatios are in line with the results of the robust Bayesian mixed effect
regression model fit to the Falling tone fO slope.

For the effects of tonal contexts with a following low onset, the following patterns are
observed. A prdRising context has a positive efft of the fO slope value of a preceding Falling
tone, estimated at 15.84 Hz/s (95% Crl [1.18, 30.37]Hz/s). For a _Low context, the effect is
estimated at 10.75 Hz/s (95% C8.40 24.66] Hz/s). For the _Low context, the Crl do not
completely exclude O, it the median of the effect is far from 0.

For the tones with a high onset, only the _Falling context has Crl that do not completely
exclude 0 but a median effect that is rather further away from 0. A following _Falling context
has a negative effect on thi® inflection value of a preceding Falling tone. The effects are
estimated at-13.02 Hz/s (95% C¢B0.69, 4.82]).

We also observed a main effect of duration, a one second duration increase for the entire
utterance is associated with a lower fO infleatiglope of the Falling tone, with an effect size
estimated at-21.61 Hz/s (95% C¢BY.77,-4.21]). No effects suggestive of interactions were
observed as all the interaction between utterance durational and tonal contexts do not
exclude 0 and have a matt close to 0 as well. A full summary of the effect and the 95% Crl

are reported inTable2.5 and Figure2.24.
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Table2.595% Crl for robust Bayesian regressioraflingtone fOslope

Estimate Estimated Lower Upper Rhat No overlap with
Error 95% Crl 95% Crl 0
Intercept 212.52  31.80 147.80 272.85 1.00
L 10.75 7.15 -3.40 2466 1.00
_F -13.02  9.08 -30.69 4.82 1.00
_H -5.97 7.08 -19.68 8.07 1.00
R 15.84 7.41 1.18 30.37 1.00 *
Duration -21.61  8.56 -37.77 -421 100 *
Duration* L -5.05 4.06 -13.03 2.81 1.00 *
Duration* _F 2.16 6.09 -10.35 13.71 1.00
Duration* _H 1.46 4.06 -6.67  9.29 1.00
Duration* R -6.85 4.04 -14.75 1.17 1.00
Duration® R /I\
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Figure2.24 Kernel smoothed density estimates of the 95% Crl for all fixed effects for the fO
slopeof Fallingtones.

The slope results show that comparable dissimilatory effects affect both fO values and

velocity during the initial H gesture. The findings presentedtiis section suggest that 1-0,

the hypothesis that only tones with a final rising portion will be affected is incorrect, as the
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slope of a tone with a final fO fall is affected too. Again, the effects seem to be in line with both
a prelow raising and gre-lowering effect contraH2-0 and in line withH2-1.
Ot 0 ta@té® x %4Cg Ux =
For the fO slope value of the Rising Tone, we again start by inspecting distributions of the fO
slope in different tonal conditions.

We observe that the following tonal context seems to affect the fO slope of the Rising tone,
Figure2.25. Note that, for illustration purposes, the #lope has been-scored by participants
and converted back to the grand mean and standard deviation. This is the reason why some
datapoints look like having positive slope even though the slope of the Rising tone for all

untransformed datapoints is alwaysegative.
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Figure2.25Rising tone fO slope in different following tonal contexts.

Compared to a _Mid tone baseline, a _Low context seems associated with more negative
fO slope of a preceding Rising tone. Migh tone context, on the other hand, is associated
with less negative fO slope values of a preceding Rising tone. Interestingly, the _Falling and

_Rising contexts do not seem very different from a _Mid baseline.
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As for the Falling tone, the effects of utterance duration on the fO slope of the Rising tone

have a consistent direction of the effect in all tonal contextgure2.20.
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Figure 2.26 Pearson correlation between Rising tone fO slope and utterance duration
different following tonal contexts. Note the same different direction of the effect across all
tonal contexts.

For all following tonal contexts, the fO slope tends to be less negative as utterance
duration increases. These observations are in line with the results of the robust Bayesian
mixed effect regression model fit to the Rising tone fO slope.

For the effects of tonal contexts, the following patterns are observed. Alprecontext
has a negative of the fO slope value of a preceding Rising tone, estimatéd.&t Hz/s (95%

Crl 27.72,-1.53] Hz/s). For a piidigh context, the effect is estimateat 5.98 Hz/s (95% Crl
[6.45 29.79] Hz/s). For the pralling and preRising contexts, the Crl do not completely
exclude 0, but, at least for the piealling context, the median of the effect is far from 0 and

suggests a slightly more negative slope62 Hz/s (95% Cri18.8 3.5] Hz/s).
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We also observed a main effect of duration, a one second durational increase for the

entire utterance is associated with a higher fO slope of the Rising tone, with an effect size

estimated at 30.25 Hz/s (95% Cfil4.8945.48] Hz/s). As for interaction, a duration and _Low

context interaction on the fO slope of the Rising tone was observed, with an effect estimated

at 7.32 Hz/s (95% Crl [0.09 14.54] Hz/s). A full summary of the effect and the 95% Crl are

reported inTable2.6 and Figure2.27.

Table2.6 95% Crl for robust Bayesian regressiorRidingtone fOslope.

Estimate Estimated Lower Upper Rhat No overlap with

Error 95% Crl 95% Crl 0
Intercept -216.12 25.36 -263.58 -163.96 1.00
L -14.81  6.69 -27.72 -153 1.00 *
_F -7.62 5.71 -188 35 1.00
_H 18.37 5.98 6.45 29.79 1.00 *
R 3.15 7.13 -11.01 16.99 1.00
Duration 30.25 8.31 12.89 4548 1.00 *
Duration* _L 7.32 3.68 0.09 1454 1.00 *
Duration * _F 3.83 3.26 -2.64 10.16 1.00
Duration* _H -6.77 3.43 -13.31 0.08 1.00
Duration* _R -1.04 4.10 -9.04 7.05 1.00
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Figure2.27 Kernel smoothed density estimates of the 95% Crl for all fixed effects for the fO
slopeof Risingtones.

The slope results show that comparable dissimilatory effects affect both fO values and
the fO velocity during the initial L gesture of a Rising tonee Effects suggest that praw
raising on fO contours can correspond to a more negative slope (_Low) and -higine
lowering effect does not necessarily entail a steeper f0. Overall, these findings cast doubts on
the idea that anticipatory dissimilatory féects are tightly connected with the control of fO
velocity, as hypothesized biyi4-0, which metaphorically compares dissimilatory effects and
bodily movement preparation.
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For Falling tones, a following lownset tonal context, (_Low/_Risinghcreases the duration

of the rising fO gesture onset to target lag, the lag between the onset of fO rise and fall, as well
the plateau duration. Conversely, a high onset tonal context (_Falling), shortens the duration

of the lags among all of these landmies.
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For Rising tones, a following higinset tone, _Falling, increases the duration of the
falling fO gesture onset to target lag, the lag between the onset of fO fall and rise, as well the
plateau duration. Conversely, a _Rising contexts shortens the &agong these landmarks.

Ot ot; JtOPE x %

For the Falling Tone, we found that following tonal context affects the duration of the H
gesture onset to target achievement lag. Specifically, the duration of H onset to target is
longer before lowonset tones, _Low andRising, than _Mid. The effects size is estimated to

~6 ms (95% Crl [1.2 10.5] ms) for _Low and 5.6 ms (95% Crl [2 10] ms) for _Rising. The _Falling
context is associated with a shorter duration of the H onset to targétns (95% Crt{.8-

0.2] ms). Finlly, the _High tone context is not statistically distinguishable from a _Mid
baseline, as the _High distribution is clustered around 0.

Table2.795% Crl for robust Bayesian regressioraflingtone H onset to target lag

Estimate Estimated Lower Upper Rhat No overlap with O

Error 95% Crl 95% Crl
Intercept 199 6 187 210 1.00
L 5.8 2.4 1.2 10.5 1.00 *
_F -5.8 2.1 -9.9 -1.6 1.00 *
_H -1.8 1.8 55 1.9 1.00
R 5.6 2.6 0.7 10.7 1.00 *
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Figure2.28 Kernel smoothed density estimates of the 95% Crl for all fixed effectsditing
tone H onset to target lag

We found that following tonal context affects the duration of the H onset to L onset lag.
Specifically, the lag is longer in _Low and _Risingntia_Mid contexts, and shortest in the
_Falling context. The effects size is estimated to 17.9 ms (95% Crl [7.8 28.4] ms) for _Low and
17.5 ms (95% Crl [8.6 26] ms) for _Rising. The _Falling context is associated with a shorter
duration of the H onset t&. onset lag;33 ms (95% Cri42-24] ms). Finally, the _High tone
context is not statistically distinguishable from a _Mid baseline, as the entire distribution of
the _High context is tightly clustered around 0.

Table2.895% Crl for robust Bayesian regressioriaflingtone H onset to L onset lag

Estimate Estimated Lower Upper Rhat No overlap with O

Error 95% Crl 95% Crl
Intercept 273 7.5 258 287 1.00
L 17.9 5.2 7.8 28.4 1.00 *
_F -33 4.5 -42 -24 1.00 *
_H -1.8 2.5 -0.6 0.3 1.00
R 17.5 4.6 8.6 26 1.00 *
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Figure2.29Kernel smoothed density estimates of the 95% Crl for all fixed effectsditing
tone H onset to L onset lag

Finally, we also found that following tonal context affects the duration of the plateau
between the H gesture target and the L gesture onsetidating that their amount overlap is
affected. Specifically, the plateau is longer in _Low and _Rising, than _Mid, and shortest in
the _Falling context. The effects size is estimated to 11.5 ms (95% Crl [4.2 18.9] ms) for _Low
and 16.2 ms (95% Crl [7.9.P5ms) for _Rising. The _Falling context is associated with a
shorter duration of the plateau;15.1 ms (95% CH2P.6-7.9] ms). Finally, the _High tone
context is not statistically distinguishable from a _Mid baseline, as again the distribution is
tightly clustered around 0.

Table2.995% Crl for robust Bayesian regressiorraflingtone for plateau duration

Estimate Estimated Lower Upper Rhat No overlap with O

Error 95% Crl 95% Crl
Intercept 48 4.6 39 57 1.00
L 115 3.7 4.2 18.9 1.00 *
_F -15.1 3.6 -22.6 -7.9 1.00 *
_H -0.9 2.5 -0.6 0.3 1.00
R 16.2 4.3 7.9 25.1 1.00 *
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Figure2.30Kernel smoothed density estimates of the 95% Crl for all fixed effectsditing
tone plateau duration.

The data presented in this subsection suggest that anticipatory dissimilatory contextual
tonal variation may have at least a partial temporal basi©yare more or less extreme fO
values for Falling tones are accompanied by changes in tonal durations, onset to onset
timing, and shape, i.e., different plateau durations. Note, however, that the temporal effects
are small compared to the durations of thegs.
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For the Rising Tone, we found that following tonal context affects the duration of the L
gesture onset to target achievement lag. Specifically, the duration of L onset to target is
longer in the _Falling context and shorter in the _Rising cottiean in the _Mid, _Low, _High.
The effects size is estimated to 8.1 ms (95% Crl [2.6 13.6] ms) for _Falliigzama (95% Crl
[-14.2-0.08] ms) for _Rising. Finally, the _Low, and _High tone context are not statistically
distinguishable from a _Mid tsline. However, note that the effects of the _L contexts are on
average quite further away from 0, and almost completely on the left side of 0, i.e., negative.
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Table2.1095%Crl for robust Bayesian regressionRikingtone L onset to target lag.

Estimate Estimated Lower Upper Rhat No overlap with O

Error 95% Crl 95% Cirl
Intercept 223 11.6 201 247 1.00
L -4.18 2.9 -10 1.46 1.00 ?
_F 8.1 2.8 2.6 13.6 1.00 *
_H -0.9 3.2 -7.5 55 1.00
R -7.2 3.6 -14.2 -0.08 1.00 *

30 20 10 0 10 20

Figure2.31Kernel smoothed density estimates of the 95% Crl for all fixed effiectRising
tone L onset to target lag.

We found that followingonal context affects the duration of the L onset to H onset lag.
Specifically, the lag is longer in _Falling and shorter in _Rising than in _Mid, _Low, _High
contexts. The effects size is estimated to 13.2 ms (95% Crl [6.4 19.8] ms) for _Fallit§y&nd
ms (95% Crt21.6-6] ms) for _Rising. The _Low and _High tonal contexts are not statistically
distinguishable from a _Mid baseline, as the entire distribution of the _High context is tightly
clustered around 0. For the _Low, however, most of the distiin is to the left of O

suggesting a shortening effect on the lag.
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Table2.1195%Crl for robust Bayesian regressionRisingtone L onset to H onset lag

Estimate Estimated Lower Upper Rhat No overlap with O

Error 95% Crl 95% Cirl
Intercept 274.3 13.8 247 301 1.00
L -5.2 3.8 -13 2.3 1.00 ?
_F 13.2 3.4 6.4 19.8 1.00 *
_H -0.9 4.3 9.7 7.5 1.00
R -13.6 3.9 -21.6 -6 1.00 *

20 0 20

B

Figure2.32 Kernel smoothed density estimates of the 95% Cirl for all fixed effectRising
tone L onset to H onset lag.

Finally, we also found that following tonal context affects the duration of the plateau
between the L gesture tagg and the H gesture onset, indicating that their amount overlap is
affected. Specifically, the plateau is shorter in _Rising, and longer in the _Falling context. The
effects size is estimated to 3.8 ms (95% &rBF1.9] ms) for _Rising. The _Fallinghtext is

associated with a longer duration of the plateau, 7.9 ms (95% Crl [3.5 12.3] ms).
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Table2.1295%Cr| for robust Bayesian regressionRiSingtone plateau duration

Estimate Estimated Lower Upper Rhat No overlap with O
Error 95% Crl 95% Cirl
Intercept 37.8 3.3 31.3 44.5 1.00
L 0.3 1.4 -3.3 2.6 1.00
_F 7.9 2.2 3.5 12.3 1.00 *
_H -1.6 1.3 -4.3 1 1.00
R -3.8 1.0 -5.8 -1.9 1.00 *

. A

10

10 20

Figure2.33 Kernel smoothed density estimates of the 95% Cirl for all fixed effectRising

tone plateau duration.

The data presented in this subsection suggest that anticipatory dissimilatory contextual
tonal variation may have at led a partial temporal basis, where more or less extreme f0
values for Rising tones are also accompanied by changes in tonal durations, onset to onset
timing, and shape, i.e., different plateau durations. Note, however, that the temporal effects

are small ompared to the durations of the lags. Additionally, there is no perfect match

between the temporal effect and change in the value of inflection point.

In sum, datapoint analyses suggest that both the Falling and Rising tone are affected by

anticipatory disimilatory contextual tonal variation, supportingi1-1. Both following tonal

109



contexts that start with a high fO movement and a low fO movement trigger dissimilation,
supportingH2-1. Additionally, rate effects weaken dissimilatory effects, casting doubthen

idea that dissimilation is a more extreme planned movement used to facilitate production,
contra H4-0. Additionally, the dissimilatory effects are accompanied by temporal
modulations. To test whether they can be reduced to a temporal modulation wednie
investigate their unfolding in time.
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For both the Falling and the Rising tones we conducted a GAMM analysis to check whether
following tonal context, utterance duration, and their interaction significantly affect the
mean value of fO tijgctories and their change over (normalized) time. Moreover, GAMM
models enable us to ascertain where the difference among various following tonal context is
localized in (normalized) time.

The GAMM analysis largely confirms the results of the datapoiatyaes. For Falling
tones, the GAMM analyses suggest the existence of 3 clusters: (i) _Mid/_High,
(il)_Low/_Rising, and (iii) _Falling.

The GAMM analyses further show that differences in the realization of Falling tones due
to different following tonal ontours are temporally distributed and start from very early on
in the contour.

For Rising tones, it is more difficult to identify clear clusters, the coarticulatory effects
represent more of a continuum from _Rising, _Low, _Mid, _High, _Fallingdiffieeences
among different following tonal context are also less temporally distributed than for Falling

tones, yet there are environment, e.g., _Low, where the differences appear very early.
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For the Falling tone, we found that the alternative nmeddwhich includes a smooth for
duration and a tensor interaction between following tonal context and duration improves the
model fit, BFaorg= 587.1 p <2.2e-16).

For parametric coefficients, in line with the datapoint analysis, we found that, compared
to a baseline _Mid context, the _Low, and _Rising contexts have a positive effect on the
intercept, indicating higher mean values for Falling tone fO trajectorieth@se contexts. The
effect size is estimated at 0.15eores for both the _Low and _Rising contexts. A significant
effect was also observed for the _Falling and _High, where, however, the effects are small,
estimated at 0.02 and 0.007szores, respectiig. The results are summarized Trable2.13

Table2.13Results of GAMM analysis for Falling Tone (Parametric Terms)

Estimate Std. Error  t-value p
(Intercept) 0.043409 0.048456 0.896 0.3703
L 0.152837 0.002920 52.333 <2el6  ***
_F 0.023010 0.002960 7.774 7.64e15  ***
_H 0.007139 0.003005 2.376 0.0175 *
R 0.150299 0.002917 51.531 <2el6  ***

An effect of utterance duration on change of fO over time was also observed, such that fO
trajectories tend to have higher average values at shorter durations. Consider the trajectories

whose utterance duration isl zscores vs 1-gcores Figure2.34.
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Figure2.34 GAMM fit to Falling tondsr different utterance durationsSolid line represents
mean fO ad shaded arearepresent 95% ClI

Additionally, we found that smooths for the tensor interactions between utterance
duration and all tonal contexts are significantly different from the baseline smooth for the
_Mid context. A finding indicating that fO chges in different ways over time as a function of
both utterance and following tonal context. Notice how the profile of fO values over time is

different across tonal contexts (different panels) and different durations (different y values)

in Figure2.35.
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Normalized Time

Figure2.35f0 values (color coded) as a function of timeafs) and utterance duration {y

axis) for Falling tones. Notice how the changes in fO over time are different across panels,
representing different following tonal contexts. For instance, the Falling inlirfea(mid-left)

does not reach f0 values that are as high as in the _Rising context (bottom right), which has a
large region of values above 1.5cores at fast speeds.

Notice how Falling tone fO contour reach higher values on average in the _Low and
_RBing contexts at shorter utterance durations, while the effect is mostly mitigated at longer
utterance durations. A finding indicating that fO increases due to a following tone starting
with low fO are stronger at faster speech rates. The effects of smimrths are summarized

in Table2.14
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Table2.14Results of GAMM analysis for Falling Tone (Smooth Terms and tensacines)

edf Ref.df F p-value
s(Time): L 8.241 8.803 135.35 <2el6  ***
s(Time): F 8.677 8.948 309.06 <2el6  ***
s(Time): H 6.142 7.260 10.67 <2el6  ***
s(Time): R 8.679 8.947 125.51 <2el6  ***
s(Duration): L 8.790 8.984 161.10 <2el6  ***
s(Duration): F 8.710 8.970 73.49 <2el6  ***
s(Duration): H 8.698 8.929 101.24 <2el6  ***
s(Duration): R 8.793 8.984 182.58 <2el6  ***

ti(Time,Duration): L 14.151 15.495 61.51 <2el6  ***
ti(Time,Duration): F 13.875 15.384 43.63 <2el6  ***
ti(Time,Duration): H  14.100 15.376 46.65 <2el6  ***
ti(Time,Duration): R 13.686 15.288 32.91 <2el6  ***
s(Time,SP) 295.773  299.000 436.06 <2el6 ***

Differences over time as a function of different following tonal contexts are also evident from

the fit of the GAMM model to Falling ton&#gure2.36.
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Figure2.36 GAMM fit to Falling tones in different tonal contexts, solid line represents mean fO
and shaded areas represent 95% CI. Note that random effects are not plotted.
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GAMM models allow us to also identify portiayfd-alling tone fO contours whose 95% CI
do not overlap in different following tonal contexts. We found that the _Mid condition differs
from _Low from 1100% of the contour; from _Falling fro8®-4 7%, 55-84%, and 87-100% of
the contour; from _Highr-18%, 57-75%, and 82-100%, and for _R from-27% and 99100% of
the contour.

_Low differs from _Falling-38% and 54100%; from _High-100%; and from _R 3%
and 83100%.

_Falling differs from _High-53%, 4148%, 5833%,and 86100%:; and from R®1% and
93-100%. Finally, _High differs from _R froml(0% of the contour. These differences are
presented inFigure2.37and

Table2.15
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Figure2.37 95% confidence intervals of differences among pairwise realizationsatiinig

tones in different tonal contexts at different time steps. Each rows represent the difference
between a particular tonal context and all the other five tonal contexts, appearing in each
column. Thus, the first row represents the difference betwealflifg tones in _Mid context

vs _Mid, Low, Falling, High, Rising. Note that the diagonal shows a difference of 0, and
the matrix is symmetric, but with different sign of the difference across the diagonal. Dashed
line marks 0, the solid line the meaiifigrence and the shaded area 95% ClI for the difference.
Note that orange portions of the difference between contours indicate that the 95% CI do not
overlap across the two conditions.
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Table2.15 Summary of Falling tone pairwise differencesdifferent tonal contextsvhose
95% CI do not overlap with 0. The steps are expressed as percentage of the fO contour.

M L _F _H _R
_M 11006 3947™6 7-18% 1-97%
5584% 57-7% 991006
87-100%6 82-100%

L 138%  1-1006 3972%
51-100% 83-100%

F 51%  3-91%
41-48% 93100%
58-83%
86-100%

H 1-100%

R

The GAMM analyses presented above suggest that for Falling tones dissimilatory effects
are manifested globally and are not limited to the final portion of the contour. This
contradicts H30, which hypothesized that dissimilatory effects are limited to the final part of
fO contours. Furthermore, GAMM analyses also reflect the clusters obsertteel diatapoint
analysis and suggest the existence of both {wev raising and prehigh lowering, for Falling
tones. In this respect, GAMM analyses suggest that both tones with a final rise and a final fall
are affected by anticipatory dissimilatory contaxl tonal variation (H4l). Additionally,
since both prelow raising and prenhigh lowering, the analyses suggest that all types of tonal

contours have systematic effects (K12, not just tones with a low onset.
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For the Rising tone we found that tladternative model, which includes a smooth for duration
and a tensor interaction between following tonal context and duration improves the model
fit, B 100.47= 5799.5, p < 2.2K5).

For parametric coefficients line with the datapoint analyses, we found that, compared
to a baseline _Mid context, the _Low, and _Rising contexts have a positive effect on the
intercept, indicating higher mean values for Rising tone fO trajectories in these contexts. The
effect siz is estimated at 0.1-zcores for the _Low and 0.0%&gores for the _Rising contexts.
A significant effect was also observed for _High contexts, where, however, average fO
decreases, with an effect estimated #1.04 zscores, a small difference is obsed for the
_Falling context, .009-gcores,Table2.16.

Table2.16Results of GAMM analysis RisingTone (Parametri@erms)

Estimate Std. Error  t-value p
(Intercept) 0.489675 0.026266 18.643 2e-16 rxk
L 0.108097 0.003088 35.007 2e16 ok
_F 0.008896  0.002993 2.972 0003 **
_H -0.045617 0.002945 -15.491 2e16 il
R 0.077280 0.002958 26.124 2e16 ok

An effect of utterance duration on the change of fO over time was also observed, such that fO
trajectories tend to have a higher value at shorter utterance durations. Consider the

trajectories whose utterance duration id zscorevs1 zscore,Figure2.38.
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Figure2.38 GAMM fit tdRisingtonesfor different utterance durationsSolid line represents
mean fO and shadedraasrepresent 95% CI

As in the case of Falling tones, we found that smooths for the tensor interactions between
utterance duration and all tonal contexts are significantly different from the baseline _Mid

context. Notice how the profile of fO values oviime is different across tonal contexts

(different panels) and different durations (different y valuesfigure2.39.
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Figure2.39f0 values (color coded) as a function of timeafs) and utterance duration {y
axis)for Rising tone Notice how the changes in fO over time are different across panels,
representing different following tonal contexst Forinstance, theRisingin _Falling(mid-left)

and _High reachef) values that ardower than in the_Low, _Risingcontexts (top rightand
bottom left), which haelargeregions of values abovéd. zscoreat fast speeds.

Notice how fO reaches lower values arerage in the _Falling context at both short and
longer utterance durations (greater), while in _Rising contexts the Rising tone does not reach
as low fO values, especially at shorter durations. However, the latter effect is mitigated at
longer utterancedurations. A finding indicating that fO increases due to a following tone
starting with low fO are stronger at faster speech rates. The effects of smooth terms are

summarized inTable2.17.
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Table2.17Results of GAMM analysis RisingTone SmoothTerms)

edf Ref.df F p-value

s(Time): L 7.543 8.416 147.91 <2el6  ***
s(Time): F 8.765 8.964 116.46 <2el6  ***
s(Time): H 6.969 7.992 152.57 <2el6  ***
s(Time): R 8.648 8.937 100.33 <2el6  ***
s(Duration): L 8.816 8.973 115.96 <2el6  ***
s(Duration): F 8.861 8.989 144.90 <2el6  ***
s(Duration): H 6.764 7.875 41.50 <2el6  ***
s(Duration): R 8.685 8.963 32.52 <2el6  ***

ti(Time,Duration): L 14.757 15.667 71.50 <2el6  ***
ti(Time,Duration): F 14.174  15.523 78.29 <2el6  ***
ti(Time,Duration): H 13.779  15.339 72.66 <2el6  ***
ti(Time,Duration): R 14996  15.842 83.83 <2el6  ***
s(Time,SP) 296.032 299.000 736.09 <2el6 ***

Differences over time as a function of different following tonal contexts are also evident
from the fit of the GAMM model to Falling tonEgyure2.40. Note how diffeences are chiefly

concentrated in the later portion of the rising contour.

Figure2.40GAMM fit tdrisingtones in different tonal contexts, solid line represents mean fO
and shaded areas represent 95% CI.
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