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This dissertation studies the mapping of a phonological representation to phonetic 

implementation, and its consequences for theories of coarticulation and speech 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 productions are 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. 

Experiment 2 presents the result 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. Four main findings 

emerge. First, we find that tones are more stably anchored to articulatory events rather than 

acoustic events. Second, all observed timing patterns displayed by Thai speakers are 

compatible with a split-gesture competitive coupling model of tone. Third, tonal contexts 

produce effects on inter- and 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 dissimilatory effects among tones reported in experiment 1 and 

2 requires a conceptual dissociation between observed contextual changes in tonal targets 

and their spatio-temporal execution as gestures. In other words, models of phonology and 

speech production should comprise both a coproduction and a lookahead 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 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 most commonly observed group patterns 

and all the patterns of individual variation by minimally altering coupling strength between 

pairs of gestural planning oscillators. In this way the model can unify an invariant 

phonological representation with surface phonetic variation. Model limitations and 

relationships to phonological theory are also discussed. 

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

understanding of coarticulatory patterns and articulatory timing of oral and tonal gestures. 
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Chapter 1  

D×ïèÙ­óªïÉÙ×Ƈ{×­Ƈ<±×±è{ÔƇ){ªÑ¾èÙó×­ 

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 f0 contour? Specifically, 

how can an invariant tonal phonological primitive be mapped to systematically different 

surface f0 contours based on factors such as rate, surrounding tonal context, etc.? How do 

speakers plan and organize the timing regimes of tones in relation to oral gestures differently 

in different tonal contexts and at different speech rates? 

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 context-dependent, real-time and physical space, continuous implementations, as 

observed in acoustic and articulatory signals. The framework adopted throughout the 

dissertation is Articulatory Phonology (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; Saltzman & Byrd, 2000; Saltzman 

& Munhall, 1989; Shaw et al., 2011; Sorensen & Gafos, 2016) and an extension to Articulatory 

Phonology, Selection-Coordination theory (e.g, Tilsen, 2016, 2018, 2019, 2020). We 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 interactions) among said targets. In this way, new 
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ïýå±éƇÙ½Ƈçó{éÉƇŽªÙ-{èïÉªóÔ{ïÙèýžƇ±½½±ªïéŠƇïÄ{ïƇ­ÙƇ×ÙïƇè±çóÉè±Ƈ¾±éïóè{ÔƇªÙåèÙ­óªïÉÙ×ŠƇ{è±Ƈ

brought within the scope of Articulatory Phonology (in line with recent work e.g., Shaw & 

Tang, 2023; Tilsen, 2019a). 

The mapping of a phonological representation to phonetic implementation in physical 

space and real-time is studied 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 dissertation and their main findings are succinctly summarized below. 

Experiment 1 presents 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. Following tones with a low onset raise f0 on 

a preceding tone while following tones with a high onset lower f0 on a preceding tone. The 

experiment further demonstrates that these effects are distributed throughout the f0 contour 

and, thus, affect global f0 planning. Finally, our results show that dissimilatory effects are 

modulated by speech rate:  they weaken as the speech rate 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 

Selection-Coordination theory, we can assume that inhibitory interactions among tonal f0 

targets take place in an f0 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 relative timing to other tonal (and oral) gestures. 
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gÄóéŠƇÖÙè±ƇÙèƇÔ±ééƇŽ±üïè±Ö±žƇè±{ÔÉā{ïÉÙ×ƇÉ×Ƈ½ŊƇéå{ª±ƇÖ{ýƇ{ÔéÙƇè±éóÔïƇ½èÙÖƇïÉÖÉ×¾ƇªÄ{×¾±éťƇgÄÉéƇ

temporal modulation hypothesis of surrounding tonal contexts is evaluated in Experiment 2. 

Experiment 2 presents the result 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 development 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 

acoustic ±ù±×ïéŠƇÔÉÑ±ƇéýÔÔ{¨Ô±Ƈ¨Ùó×­{èÉ±éťƇDïƇÉéƇ{­­ÉïÉÙ×{ÔÔýƇéÄÙû×ƇïÄ{ïƇgÄ{ÉƇéå±{Ñ±èéƀƇ

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 model via changes 

in coupling strength among tonal and oral gestures. 

It is also shown that tonal contexts produce effects on inter- and intragestural tonal 

timing that offer a partial basis for the dissimilatory effects, albeit an incomplete one. Finally, 

asymmetric effects 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 and CT timing 

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 affected by rate 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 model of 
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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 model of Articulatory 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 intentional planning 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 assumptions, 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 resulting 

timing patterns are difficult to obtain. The need for incorporating feedback-based 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 timing of tonal and non-

tonal languages. 
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In the remainder of this introductory chapter, we briefly recapitulate theoretical 

approaches to the phonetics-phonology interface and situate the unique position of the 

Articulatory Phonology framework within this theoretical 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 dissertation, 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 f0 tract variable used as a proxy for the 

articulation of tone. We conclude by sketching out the research questions addressed in this 

dissertation in their broadest sense. 

ŋťŋ ^ÄÙ×±ïÉªéƇ{×­Ƈ^ÄÙ×ÙÔÙ¾ý 
There are two fundamental issues in the relationship between phonetics and phonology (e.g., 

Cohn, 2006, 2007). The first issue is the mapping of discrete phonological categories to 

continuous gradient phonetic implementation in real-time and space. How is a mapping of 

this type accomplished? The second issue, which represents the flip side of the first, is how 

high-dimensional, time-varying 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 (usually < 100, Goldstein & Fowler, 2003), give 

rise to the continuous and context-dependent act of speech production, as observed in a 

variety of acoustic, articulatory, aerodynamic, and electromyographic signals and how can 

the signals maintain a structure that bears some sort of isomorphic relationship with the 

phonological primitives? 
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The problem of invariance remains an open issue. As discussed in Goldstein and 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 articulatory to 

acoustic mapping (Stevens, 1989). Even these regions of stability, however, do not explain the 

full spectrum of variation observed in speech production (Goldstein, 1989). 

Early work by Pierrehumbert (1980) and Keating (1990) suggested a first solution to the 

relationship between phonetics and phonology and the problem of invariance. Discrete, 

(quasi-)invariant phonological representations, which are the output of a phonological 

grammar, can receive language-specific and context-specific phonetic implementation by 

É×ï±èåÙÔ{ïÉ×¾Ƈ ¨±ïû±±×Ƈ {×ªÄÙè±­Ƈ åÄÙ×ÙÔÙ¾Éª{ÔƇ ï{è¾±ïéťƇ D×Ƈ ^É±èè±ÄóÖ¨±èïƀéƇ ûÙèÑŠƇ ïÄ±Ƈ

phonological tonal targets (H and L tones) of English are anchored to host syllables, and a 

range of monotonic interpolating functions is used to generate f0 values in-between the 

phonologically specified targets, which are themselves evaluated in a context-dependent 

fashion. Keating (1990) applies a similar idea to consonantal segments 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 different segments. 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 target-interpolations 

models timing is externally assigned to phonological representations and it is not considered 

internal to the grammar. 
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A second aspect of the relationship between phonetics and phonology is the naturalness 

Ù½Ƈ åÄÙ×ÙÔÙ¾ýťƇ gÄ{ïƇ ÉéƇ ïÄ±Ƈ çó±éïÉÙ×Ƈ Ù½Ƈ ûÄýƇ åÄÙ×ÙÔÙ¾Éª{ÔƇ å{ïï±è×éƇ è±½Ô±ªïƇ Ž×{ïóè{ÔžƇƇ

articulatory, acoustic, aerodynamic, and perceptual constraints. This question has received 

renewed attention 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, 1973), where much 

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 phonological 

component of a grammar, markedness constraints, have articulatory and acoustic 

motivations and that the naturalness of phonology emerges from shared phonetic 

knowledge among speakers (e.g, Hayes et al., 2004). Hence phonological naturalness 

emerges from the phonetic grounding of phonology. 

A more radical step in constraint-based approaches to the phonetics-phonology 

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 same thing, e.g. Flemming (2001). 

Chiefly these contrasts enforce the maximization of contrasts, minimization of articulatory 

effort, and the maximization of the number of contrasts (Flemming, 2004). A unified phonetic 

and phonological representation is then selected by optimizing constraint violations, 

interpreted as weights in a loss function over a range of possible phonetic implementations 

(Flemming, 2001 and subsequent work). An important feature of a unification model of 

phonetics and phonology as constraint-based optimization is that phonological categorical 

±½½±ªïéƇ{×­ƇåÄÙ×±ïÉªƇŽéª{Ô{èžƇ±½½±ªïéƇ{è±ƇïÄ±Ƈé{Ö±ƇïÄÉ×¾éŠƇ{éƇ{è±ƇåÄÙ×±ïÉªéƇ{×­ƇåÄÙ×ÙÔÙ¾ýťƇD×Ƈ
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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 

question of how phonological 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 (e.g., Hale & Reiss, 2000) or a very small (e.g., 

Heinz, 2018) role in explaining phonological patterning, processes, and representations. 

From this point of view, phonology is considered substance-free a purely (non-physical) 

symbolic system that can be learned and can function independently of its 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 Phonology (Browman & Goldstein, 1988, 

1989, 1992a, 2000; Goldstein & Fowler, 2003). Articulatory Phonology proposes the existence 

of invariant phonological representation in the form of articulatory gestures. Articulatory 

gestures specify invariant target constriction degrees and constriction locations for the 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 context-dependent realizations based on a variety of factors, such as temporal overlap 

with other gestures, prosodic effects, etc. 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 among 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 Articulatory Phonology 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 context-dependent spatial and temporal 

realizations via a Task-Dynamic model (Saltzman & Munhall, 1989). A detailed overview of 

Articulatory Phonology and the Task Dynamic model is presented in Appendix A. 

ŋťŌ +Ä{ÔÔ±×¾±éƇ½ÙèƇ èïÉªóÔ{ïÙèýƇ^ÄÙ×ÙÔÙ¾ýƇ½èÙÖƇ

ïÄ±Ƈéå±±ªÄƇåèÙ­óªïÉÙ×Ƈ{×­ƇåÄÙ×ÙÔÙ¾Éª{ÔƇ

ÔÉï±è{ïóè± 
As discussed in 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 articulators, 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 speech production. 

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

the domains of phonology and speech production. 
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ŋťŌťŋ Dééó±éƇÙ½ƇïÉÖ±Ƈ{×­ƇïÉÖÉ×¾ 
We will only briefly discuss challenges to Articulatory Phonology that come from time and 

timing phenomena as these have been recently exhaustively discussed in a monographic 

treatment (Turk & Shattuck-Hufnagel, 2020) that focuses on both Phonology and Speech 

production. The crux of the issue at stake with time and timing is the (supposed) lack of 

extrinsic timing specifications of Articulatory Phonology. Articulatory Phonology and task 

dynamics assume that surface timing emerges purely from the internal properties of the 

system, including phonological specifications and gestural parameters. This has been by 

some considered a virtue of the system (Saltzman & Munhall, 1989; Sorensen & Gafos, 2016) 

and by others a highly problematic aspect (Turk & Shattuck-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 theory (Turk & Shattuck-Hufnagel, 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, singleton, or geminate stops which have three contrastive degrees of 

length (Clements, 1992; Steriade, 1990). This is because intrinsic timing provides no clear-cut 

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; all of 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 stop cluster. 
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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 phonology (Burroni et al., 2023). Articulatory evidence suggests that the 

geminates are not simply 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 singletons 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 feature-based theories. 

A valid point that emerges from the discussion of timing, and that is of a more general 

nature, is that Articulatory Phonology representations may over-generate with respect to 

differences that are observed in lexically contrastive phonological primitives, which are 

usually categorical/binary (Clements, 1992). Attempts have been made to severely constrain 

the number of possible timing regimes (Gafos, 2002) and, more generally, to show how 

dynamically defined gestures may be able to reconcile the discreteness of phonology, in 

terms of a single control parameter regulating contrasts, with a variety of phonetic outcomes 

clustered around said phonological categories (Gafos, 2006; Gafos & Benus, 2006; Maspong & 

Burroni, 2021; Roessig, 2021). Additionally, as suggested by Browman and Goldstein (1992a, 

2000) and acknowledged in critical assessments of Articulatory Phonology (Clements, 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 for a 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 Phonology 

may suffer also from problems of under generation, as detailed below. 

ŋťŌťŌ +Ä{ÔÔ±×¾±éƇ½èÙÖƇåÄÙ×ÙÔÙ¾ýşƇ×Ù×ŵÔÙª{ÔƇªÙ{èïÉªóÔ{ïÉÙ×Ƈ
{×­Ƈ­ÉééÉÖÉÔ{ïÙèýƇ±½½±ªïé 

Findings from the domain of phonology pose challenges for a few assumptions and proposals 

put forward in the framework of Articulatory Phonology.  

An outstanding problem that has recently been discussed at length (Tilsen, 2019a) is how 

Articulatory Phonology can account for non-local 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 other pose a problem, as these 

cannot be accounted for by a coproduction model, but require a look-ahead model of 

coarticulation (Boyª±ŠƇŋœœŊŪƇKöÄ×±èïƇƲƇQÙÔ{×ŠƇŋœœœŲ. However, ways to model look-ahead 

coarticulation have been introduced in Articulatory Phonology. 

Fowler and Saltzman (1993) were the first to propose the existence of an anticipatory and 

carryover field to model anticipatory and carryover coarticulatory effects (Saltzman et al., 

2000). In other words, gestural activation intervals should be stretched at both ends to 

capture coarticulatory effects. 
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 Fowler and Saltzman (1993)ŠƇÄÙû±ù±èŠƇÉ×éÉéïƇïÄ{ïƇ{×ïÉªÉå{ïÙèýƇ±½½±ªïéƇŽ{è±Ƈï±ÖåÙè{ÔÔýƇ

ÔÉÖÉï±­Ƈ{×­Ƈ­ÙƇ×ÙïƇ±üï±×­Ƈ½{èƇ¨{ªÑû{è­ƇÉ×ƇïÉÖ±Ƈ½èÙÖƇ{Ƈå±èÉÙ­ƇÙ½Ƈ{Ƈ¾±éïóè±ƀéƇÙû×Ƈåè±dominant 

É×ï±èù{ÔžƇ(Fowler & Saltzman, 1993, p. 185). These claims are, however, at odds with long-

distance effects like vowel harmonies, nasal harmonies, consonantal harmonies, and tonal 

assimilations and dissimilations. 

Some of these effects can arguably be articulatorily local, in the sense of Gafos (1999). 

Accordingly, they can be modeled by assuming longer waves of gestural activation that result 

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 consequences 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 observed (Tilsen, 2019a). 

As an alternative account, one would need to assume context-specific neutral attractor 

values, that are coactive with the gestures undergoing harmony, and produce blending 

values compatible with the observed harmonic effects. This is, however, an ad-hoc 

stipulation (Tilsen, 2019a). 

Effects that are even less compatible with a blending account are cases of dissimilation 

at a distance. Tilsen (2019a) discusses previous experimental work on vowel formants in 

English (Tilsen, 2007, 2009b) and Mandarin tones f0 contours (Tilsen, 2013) showing that 

when speakers 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] target from [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 when primed with a concordant Tone 1. 

These findings are in line with reports from the non-speech movement literature. It has 

been observed that when subjects co-plan two movements A and B, if B is a movement that 

is further away enough from A, subjects will execute 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 distractor (Doyle & Walker, 2001). More extreme movement 

è±{ÔÉā{ïÉÙ×éƇ{û{ýƇ½èÙÖƇ{ƇŽ­Ééïè{ªïÙèžƇ{è±Ƈ{×{ÔÙ¾ÙóéƇïÙƇ{ƇÄÉ¾Ä±èƇù±èéÉÙ×ƇÙ½ƇïÄ±Ƈ@É¾ÄƇïÙ×±Ƈ

planned under priming from a Rising tone vs. in trials without a distractor (Tilsen 2013), 

Obviously, an analogy needs to be drawn between movement and f0 control. 

The effects reported by Tilsen (2007, 2009b, 2013, 2019a) are observed 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 where the f0 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 f0 if coarticulation is present, yet, what is observed is the raising. This type of 

effect has been reported in languages as diverse as Yoruba (Connell & Ladd, 1990; Laniran, 

1992a), Thai (Gandour et al., 1992; Lee et al., 2021; Potisuk et al., 1997), Cantonese (Lee et al., 

2021), Mandarin (e.g, Xu, 1997), Malaysian Hokkien (Chang & Hsieh, 2012). Thai is a particularly 
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interesting case as a variety of tonal targets produces a variety of different effects, as we will 

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 the type 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 target (Tilsen, 2016, 2018a, 2019a). Note, crucially, that the 

gestures are not coactive, but since they are co-planned, they can influence targets of 

preceding gestures before this 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 their rationale from the overlap of gestures in 

time, as hypothesized, e.g., by Fowler and Saltzman (1993), to the interactions among 

competing movement plans. This latter type of interaction among movement plans has been 

previously described in the literature and has been modeled using dynamic field theory 

ű2èÔÄ{¾±×ƇƲƇbªÄÝ×±èŠƇŌŊŊŌŪƇbªÄÝ×±èƇƲƇbå±×ª±èŠƇŌŊŋŐŲ. Hence, they are not a unique feature of 

speech, but of human movement more generally. 

ŋťŌťō +Ä{ÔÔ±×¾±éƇ½èÙÖƇéå±±ªÄƇåèÙ­óªïÉÙ×şƇ½±±­¨{ªÑƇ{×­Ƈ
{ó­ÉïÙèýƇï{è¾±ïé 

Two substantial challenges come from the speech production literature. The first is that 

Articulatory Phonology treats speech production as a purely feed-forward model, with no 

feedback from the articulators to tract variables to the gestural score back to the planning 
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oscillators. The idea that speech production is a purely feedforward system is highly 

problematic on empirical grounds (e.g., Shaw & Chen, 2019; Tilsen, 2016) and alternative 

models that implement feedback have been proposed (Parrell et al., 2019; Tilsen, 2016). 

A second issue is that all targets in Articulatory Phonology are articulatory in nature. 

However, there is ample evidence that speakers also make use of auditory targets (Houde & 

Nagarajan, 2011; Kingston, 2007; Oschkinat & Hoole, 2020; Tourville & Guenther, 2011) to 

adjust real-time 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 nature. This has already been proposed for f0 and other laryngeal 

and aerodynamic targets (McGowan & Saltzman, 1995), for lexical tones (Gao, 2008), albeit as 

a proxy for articulation, for accentual gestures representing vocal tract target states for stress 

and pitch accents (Tilsen, 2019b), and, recently, for vocalic gestures where formant values are 

proposed as the right target for tract variables producing vowels (Burgdorf, 2022).  

The proposal that some targets are auditory in nature for some tract variables is, despite 

claims of the contrary, consistent with the Task Dynamic approach incorporated in 

Articulatory Phonology. The simplified task space can in principle specify both acoustic and 

auditory targets, as argued, for instance, by Burgdorf (2022). Of course, acoustic targets 

render the mapping between tract variables and model articulators much more complex, as 

many articulator positions can produce identical acoustic outputs, the so-called motor 

equivalence problem. Additional problems also emerge in the implementation of tract 

variables and model articulator equations (as discussed in McGowan & 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 gestures at 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.  

ŋťŌťŎ gÙ×±Ƈ{éƇ{Ƈï±éïÉ×¾Ƈ¾èÙó×­Ƈ½ÙèƇ èïÉªóÔ{ïÙèýƇ^ÄÙ×ÙÔÙ¾ýƇ{éƇ
{ƇïÄ±ÙèýƇÙ½Ƈ^ÄÙ×ÙÔÙ¾ýƇ{×­Ƈéå±±ªÄƇåèÙ­óªïÉÙ×şƇ^è±Ôó­±Ƈ
ïÙƇïÄ±Ƈè±é±{èªÄƇçó±éïÉÙ×é 

From the review of the problems of Articulatory Phonology presented above, it appears that 

tone represents an important testing ground for Articulatory Phonology as a theory of 

phonology and speech production. 

No systematic investigation of tonal dissimilatory effects and their relationship to factors 

modulating articulation, like speech rate, has been conducted and evaluated against the 

assumptions 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 be enriched 

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 of this model remain unexplored. For 

instance, are tones, intended as forces that drive an f0 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 model 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 gestural 

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 the model 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 Thai tones 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. 

ŋťō gÄ±ƇÔ{×¾ó{¾±şƇgÄ{ÉƇ{×­ƇÉïéƇïÙ×{ÔƇéýéï±Ö 
With the term ThaiŠƇû±Ƈè±½±èƇïÙƇ{Ƈéï{×­{è­Ƈù±èéÉÙ×ƇÙ½ƇïÄ±ƇÔ{×¾ó{¾±ƇéåÙÑ±×ƇŽ¨ýƇ±­óª{ï±­Ƈ

speakers in every part of Thailand, used in news broadcasts on radio and television, taught 

É×ƇéªÄÙÙÔŠƇ{×­Ƈ­±éªèÉ¨±­ƇÉ×Ƈ¾è{ÖÖ{èƇ¨ÙÙÑéƇ{×­Ƈ­ÉªïÉÙ×{èÉ±éž (Tingsabadh & Abramson, 1993, 

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 country (Bickner & 

Hudak, 1990). 

Thai is almost universally described as a five-tone system (cf. Abramson, 1962 for 

alternative descriptions in earlier analyses of the language). The tones are usually termed 

using numerals: 0-4 by Thai phoneticians, in an attempt to match the lack of orthographic 

notation for the Mid tone in Thai script, and 1-5 by non-Thai scholars. However, 

nomenclatures based on the shape of the f0 curve have long existed (e.g., Abramson, 1962; 

Gandour, 1974) and are nowadays the most widely used in work by non-Thai and Thai 

scholars alike űK{èÔÉ×ŠƇŌŊŋŒŪƇN±±Ƈ±ïƇ{ÔťŠƇŌŊŌŋŪƇPÙè²×ƇƲƇwéÉ¾{ŠƇŌŊŊŐŪƇg±±è{×Ù×ƇƲƇaó×¾èÙÐéóû{×ŠƇ

2009; Thepboriruk, 2009; Zsiga & Nitisaroj, 2007). The names of the 5 tones of Thai that are 

more commonly used are the following: 

 Thai phonetician 
numerals 

non-Thai scholar 
numerals Thai terms also known as 

1. 0 1 ĽŅĴńĠ Mid (M) 
2. 1 2 ÿîÂ Low (L) 
3. 2 3 āØ Falling (F) 
4. 3 4 Öäö High (H) 
5. 4 5 ÉòÖèó Rising (R) 

Figure 1.1 shows 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 which f0 rises and then falls or falls and then rises, respectively. For this reason, the 

;{ÔÔÉ×¾Ƈ{×­ƇaÉéÉ×¾ƇïÙ×±éƇ{è±Ƈ{ÔéÙƇÑ×Ùû×Ƈ{éƇŽ­ý×{ÖÉªƇïÙ×±éžƇ(Abramson, 1962) or true contour 

ïÙ×±éŠƇûÄÉÔ±ƇPŠƇNŠƇ{×­Ƈ@Ƈ{è±ƇÑ×Ùû×Ƈ{éƇŽéï{ïÉªžƇÙèƇÔ±ù±ÔƇïones.  
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It is important to note that the names of the tones are misleading with respect to the 

shape of the f0 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 the other hand, lowers 

throughout the contour more drastically. The Falling tone, as noted above, comprises two 

components: an f0 rise followed by an f0 fall. The High tone, despite its name, also comprises 

two, or in some realizations perhaps three, components, a level or slightly falling component 

in the mid of the f0 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 a shorter 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. f0 contours of Thai tones in different conditions are 

presented in Figure 1.1. 



   
 

21 
 

 

Figure 1.1 Top: mean f0 values of the five tones of Thai produced in connected speech over 
ïÄ±ƇéýÔÔ{¨Ô±éƇůÖ{ǙŰƇÉ×ƇïÄ±Ƈ±üå±èÉÖ±×ïƇåè±é±×ï±­ƇÉ×ƇïÄÉéƇå{å±èťƇbÙÔÉ­ƇÔÉ×±éƇè±åè±é±×ïƇÖ±{×Ƈ½ŊƇ
and shaded areas represent two standard errors. Data are averaged across 20 speakers. Mid: 
mean f0 values of the five tones of Thai produced in connected speech over the syllables 
[{p,t,k}a{Ł,j,w}] from Burroni and Sukanchanon (2022), data are averaged across 17 speakers. 
Bottom : Thai tones produced in isolation from Burroni et al. (2021), data are averaged across 
5 adult speakers. Note that, for the bottom panel, the segmental material is not constant, but 
f0 is tracked over rimes. Note also that tones are time-normalized 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 reduced (Potisuk et al., 1997) or even absent in connected speech űPÙè²×ƇƲƇ

Zsiga, 2006) compared to isolation. Recent instrumental work has, however, suggested that 

ïÄ±ƇªÙ×ïÙóèƇïÙ×±éŠƇ;{ÔÔÉ×¾Ƈ{×­ƇaÉéÉ×¾ŠƇÖ{ýƇó×­±è¾ÙƇŽéåÉÔÔÙù±èžƇÙ×Ƈïhe consonantal onset of 

the following word (Rose, 2014). This is indeed what the data presented in this dissertation 

also show, as discussed in Chapter 2. Additionally, generational differences in the shape of 

the f0 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 less or no final fall, which is 

ïýåÉª{ÔÔýƇ ­ÉéåÔ{ý±­Ƈ É×Ƈ ÙÔ­±èƇ éå±{Ñ±èéƀƇ åèÙ­óªïÉÙ×Ƈ(Teeranon & Rungrojsuwan, 2009; 

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 in Lee et al., 2021, Figure 5, p. 187) and isolation 

ù±èéóéƇªÙ××±ªï±­Ƈéå±±ªÄťƇPÙè±Ùù±èŠƇ{ïƇÔ±{éïƇ½ÙóèƇŽª{ï±¾ÙèÉª{ÔÔýƀžƇ­É½½±è±×ïƇè±{ÔÉā{ïÉÙ×éƇÙ½ƇïÄ±Ƈ

High tone have been reported based on impressionistic judgments in the literature: a high 

level, high level with slight falling, rising, and rising with slight falling (Teeranon & 

Rungrojsuwan, 2009). 

Phonological analyses of Thai tones have been proposed both in autosegmental-metrical 

phonology ű<{×­ÙóèŠƇŋœőŐŪƇPÙè²×ƇƲƇwéÉ¾{ŠƇŌŊŊŐŲ and in gestural models of phonology (Gao, 

2008). In autosegmental-metrical accounts, all tones are represented as floating High (H) and 

Low (T) tonal primitives associated with a tone-bearing unit (TBU). The Mid tone 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 are treated as a sequence of HL 

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

as TBUs for Thai, Figure 1.2, yet, restrictions to contour tones licensing to specific syllable 

structures speak in favor of the mora as the TBU űPÙè²×ƇƲƇwéÉ¾{ŠƇŌŊŊŐŪƇtÉåŠƇŌŊŊŌŲ, although 

not necessarily for a mora-based phonetic alignment of tonal contours (Karlin, 2018). 

 

Figure 1.2 Phonological Representation of Thai tones in the autosegmental-metrical 
framework. Top row: syllable is the TBU, Bottom row: mora is the TBU (modified after PÙè²×Ƈ
& Zsiga 2006). 

A gestural account of Thai tones has been proposed by Gao (2008) from the perspective 

Articulatory Phonology framework (Browman & Goldstein, 1992a; Goldstein & Fowler, 2003). 

Gao proposes to treat the Mid tone as a perfectly overlapping H and L f0 gestures, the Low is 

treated as a low f0 gesture, the Falling as a sequence of High and Low, the High tone as a High 

tone gesture, {×­ƇïÄ±ƇaÉéÉ×¾ƇïÙ×±Ƈ{×­Ƈ{éƇ{Ƈé±çó±×ª±ƇÙ½Ƈ{ƇNÙûƇ{×­Ƈ{Ƈ@É¾ÄƇ½ŊƇ¾±éïóè±éťƇ<{ÙƀéƇ

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 can be level at 

the midpoint of the f0 range but would not account for the f0 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 conflicting tonal implementations could be 

articulatorily realized at once. Additionally, the High tone, as hypothesized and synthesized 

by Gao, is a quickly rising high-level tone, but this is not how the Thai High tone appears in 

the data presented in this dissertation. The representation proposed by Gao cannot account 

for the initial level f0 observed for the High tone, followed by an f0 rise and an (optional) slight 

fall. Given these considerations, we propose to revise the gestural representation of Thai to 

specify a Mid f0 target that can account for the Mid tone, as well as the initial portion of the 

High Tone. In both cases, the observed f0 lowering can be modeled by assuming that f0 

declines together with transglottal pressure and total force of the lungs as a function of the 

period where f0 targets are specified (McGowan & Saltzman, 1995). Finally, the High tone 

should be revised as a contour that comprises both a Mid component followed by a High 

component and an optional f0 fall that may depend on diachronic/sociophonetic variation 

(Teeranon & Rungrojsuwan, 2009) or discourse contexts (Luksaneeyanawin, 1983)ťƇ<{ÙƀéƇ

original proposal and the revisions outlined above are presented in Figure 1.3. 

 

Figure 1.3 <±éïóè{ÔƇè±åè±é±×ï{ïÉÙ×ƇÙ½ƇgÄ{ÉƇïÙ×±éťƇgÙåƇèÙûşƇ<{ÙƀéƇÙèÉ¾É×{ÔƇåèÙåÙé{ÔťƇ)ÙïïÙÖƇ
row: revisions proposed in this paper. 
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Figure 1.4 illustrates the close fit between the revised tonal representation and Thai f0 

contours, averaged across all speakers presented in the first experiment conducted for the 

dissertation. Note that the model used for the analysis-by-synthesis below incorporates not 

only the targets presented in Figure 1.3 but also a neutral attractor. The neutral attractor is 

assumed to be always present, following Tilsen (2019b), and has the form of an exponential 

decay similar to the phrase component of the Fujisaki model (e.g., 2008) of f0 synthesis, as 

well as the equations proposed by McGowan and Saltzman (1995). 

 

Figure 1.4 Empirically observed f0 contours (solid lines) averaged across 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 context. They are conceptualized as dynamical 

systems that drive an f0 tract variable to a specific target, potentially specified in values that 

are relative to the f0 range. Note that, in contrast to Gao (2008), our model does not consider 

½ŊƇŽ±½½±ªïÉù±ÔýƇ{×Ƈ{èïÉªóÔ{ïÙèžƇű<{ÙƇ2008, p. 42), but rather a tract variable, whose target values 
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are achieved by a synergy of articulators at the model articulator level. The model articulator 

for the larynx is particularly complex as it is constituted partly by specifications for laryngeal 

ÖóéªÔ±éƀƇù{Ôó±éƇű±ť¾ťŠƇªèÉªÙïÄýèÙÉ­Ƈ{×¾Ô±ŲƇ{×­Ƈå{èïÔýƇ¨ýƇ{±èÙ{ªÙóéïÉªƇù{Ôó±éƇű±ť¾ťŠƇéó¨¾ÔÙïï{ÔƇ

pressure values). The next section is dedicated to defining more precisely articulatory f0 

control that may underlie an f0 tract variable in Thai. 

ŋťŎ gÄ±ƇåÄýéÉÙÔÙ¾Éª{ÔƇó×­±èåÉ××É×¾éƇÙ½Ƈ{Ƈ¾±éïóè{ÔƇ

ÖÙ­±ÔƇ½ÙèƇïÙ×± 
We briefly review the physiological mechanisms behind f0 control and tone production, with 

special attention to the role of different laryngeal muscles used to control f0 in Thai and 

beyond. 

As is well-known, changes in f0 are accomplished with a wide variety of strategies that 

change vocal fold length, mass per unit 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 be higher subglottal 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 is which can be modulated together by the 

rate of glottal fold vibration as follows. 

Lowering of f0 can be accomplished by shortening the vocal folds, reducing their tension, 

and increasing their mass per unit length, as heavier things vibrate more slowly, given a 
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constant tension. In terms of the muscles responsible for f0 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 vocal folds increasing their 

mass per unit length and hence it makes the vocal folds vibrate at lower frequencies, as they 

are thicker and heavier, Figure 1.5. 

 

Figure 1.5 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 reducing the length and increasing the thickness of the vocal 
folds (adapted from ƴƇK±×Äó¨ƇűûûûťÑ±×Äó¨ťªÙÖŲŪƇDÔÔóéïè{ïÙèşƇPaul Kim). The white arrow 
shows the direction of thyroarytenoid contraction. Note that the view is posterior (from the 
back of a speaker) and superior (from the head down). 

Additionally, f0 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 meaningful f0 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 f0 is accomplished by contracting the cricothyroid 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 vocal fold 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 higher f0, Figure 

1.6. Note again the lack of one-to-one mapping between laryngeal articulatory strategies and 

f0 control for raising f0. 

 

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 stretching them, thus resulting in higher f0 (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. 

Some of the strategies for f0 changes outlined above have been probed in 

electromyographic (EMG) studies of tone production. 
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The action of cricothyroid muscles to increase f0 has been probed directly in 

±Ô±ªïèÙÖýÙ¾è{åÄÉªƇûÙèÑƇÙ×ƇïÙ×{ÔƇÔ{×¾ó{¾±éťƇD×ïèÉ×éÉªƇÔ{èý×¾±{ÔƇÖóéªÔ±éƀƇ{ªïÉÙ×éƇ½Ùè f0 

lowering have not been directly studied electromyographically for tone production (EMG). 

However, extrinsic laryngeal muscles, like the infrahyoid strap muscle, and their relationship 

to f0 control have been studied using EMG. The key idea is that strap muscles can bring about 

{­ÐóéïÖ±×ïéƇïÙƇÔ{èý×üƇÄ±É¾ÄïƇïÄ{ïƇé±ïƇïÄ±ƇÔ{èý×üƇÉ×Ƈ{ƇÔÙûƇ½ŊƇŽÖÙ­±žť 

Electromyographic work specifically on Thai (Erickson, 1976, 1993) has shown that the 

lowering of f0 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 cricothyroid 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 f0 lowering seems to be the result of intentional muscular activity, that is, 

ïÄ±Ƈ½ŊƇÖ{ýƇ¨±ƇŽ{ªïÉù±ÔýƇªÙ×ïèÙÔÔ±­žťƇgÄ±Ƈ½ŊƇèÉé±ƇÙ¨é±èù±­Ƈ½ÙèƇïÄ±Ƈ@É¾ÄƇïÙ×±ƇÉéƇªÄ{è{ªï±èÉā±­Ƈ¨ýƇ

ïÄ±ƇÉ×ªè±{é±­Ƈ{ªïÉùÉïýƇÙ½ƇïÄ±ƇªèÉªÙïÄýèÙÉ­ƇÖóéªÔ±Ƈ{×­ƇïÄ±Ƈ{¨é±×ª±ƇÙ½ƇÉ×½è{ÄýÙÉ­Ƈéïè{åƇÖóéªÔ±éƀƇ

activity. The Falling tone is characterized by a peak in cricothyroid muscle activity to increase 

f0, followed by an increase in infrahyoid strap muscles to lower pitch. Conversely, the Rising 

ïÙ×±ƇÉéƇªÄ{è{ªï±èÉā±­Ƈ¨ýƇ{Ƈå±{ÑƇÉ×ƇÉ×½è{ÄýÙÉ­Ƈéïè{åƇÖóéªÔ±éƀƇ{ªïÉùÉïýƇïÙƇÔÙû±èƇ½ŊŠƇ½ÙÔÔÙû±­Ƈ¨ýƇ{Ƈ

peak in cricothyroid muscle activity to increase f0. These patterns of cricothyroid and strap 

ÖóéªÔ±éƀƇ{ªïÉùÉïýƇ{×­ƇïÄ±ÉèƇè±Ô{ïÉÙ×éÄÉåƇïÙƇ½ŊƇÉ×ƇgÄ{ÉƇïÙ×±éƇåèÙ­óªïÉÙ×Ƈ{è±ƇÉÔÔóéïè{ï±­ƇÉ×ƇFigure 

1.7. 
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Figure 1.7 f0, cricothyroid, and thyrohyoid activity during Thai tones production. Each panel 
corresponds to a particular tone produced by a male speaker, MJ. f0 ranges between 100-200 
Hz, and the cricothyroid and thyrohyoid (one of the deeper strap muscles) activities range 
between 0-200 microvolts and 0-1000 microvolts, respectively. Notice that increased 
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). 

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, 2011) points out that f0 rises seem to be controlled by 

cricothyroid contraction, or increases in cricothyroid activity. When the contraction of the 

cricothyroid muscle stops f0 starts falling. On the other hand, the timing relationship 

between infrahyoid straåƇÖóéªÔ±éƀƇ{ªïÉùÉïýƇ{×­Ƈ½ŊƇªÙ×ïèÙÔƇÉéƇ×ÙïƇ{éƇªÔ±{èťƇbïè{åƇÖóéªÔ±éƇ

increased activity starts after the f0 has started to fall for the F tone, but before the f0 has 

started to fall for the M tone. The role of the infrahyoid muscles in f0 control seems to be, 

thus, less direct than that of the cricothyroid muscles. These issues showcase our limited 
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understanding of the mechanisms regulating f0, especially control of the lower f0 region, 

which cannot be explained by cricothyroid activity alone. 

The hypothesis put forth by Erickson (1993, 2011) for Thai, following proposals for other 

languages, is that the cricothyroid muscles may be primarily responsible for pitch control for 

the high-mid f0 range; but other muscles, aerodynamic considerations, or, potentially, 

subglottal pressure changes may be more directly involved in driving changes to f0 in the 

lower region of the f0 space. 

gÄÉéƇÉéƇï±èÖ±­ƇŽÖÙ­{ÔžƇ½ŊƇªÙ×ïèÙÔŠƇûÄ±è±¨ýƇ½ŊƇªÄ{×¾±éƇ{¨Ùù±Ƈ{Ƈª±èï{É×Ƈ½è±çó±×ªýƇ

ïÄè±éÄÙÔ­Ƈ{è±Ƈ{ªªÙÖåÔÉéÄ±­ƇÉ×ƇÙ×±ƇŽÖÙ­±žƇùÉ{Ƈ{­ÐóéïÖ±×ïƇ­èÉù±×Ƈ¨ýƇªricothyroid muscles, 

while, below that critical frequency, changes are driven mostly via adjustments due to strap 

ÖóéªÔ±Ƈ{ªïÉùÉïýƇÉ×Ƈ{Ƈ­É½½±è±×ïƇŽÖÙ­±žťƇgÄ±é±Ƈ{è±ƇïûÙƇÖÙ­±éƇÙ½Ƈ½ŊƇªÙ×ïèÙÔƇÉ×ƇgÄ{ÉťƇD×ï±è±éïÉ×¾ÔýŠƇ

the strap activity is not linearly related to ½ŊƇªÄ{×¾±éƇ¨óïƇéÄÙûéƇÖÙè±ƇÙ½Ƈ{×ƇŽÙ×Ƈ{×­ƇÙ½½Ƈ

è±Ô{ïÉÙ×éÄÉåžťƇbïè{åƇÖóéªÔ±éƇ{è±ƇÙ×ÔýƇ{ªïÉù±Ƈ¨±ÔÙûƇ{Ƈª±èï{É×Ƈ½è±çó±×ªýťƇ ªªÙè­É×¾ÔýŠƇïÄ±ÉèƇèÙÔ±Ƈ

may not be to lower f0 per se but to maintain low f0 levels (Erickson, 2011; Honda, 2004). 

However, at higher f0 values, relaxation of the cricothyroid alone may be enough to cause an 

f0 drop, without any assistance from the strap muscles (Erickson, 2011; Iwata, 1997). This has 

also been hypothesized for Falling tones produced by children which may be produced by 

cricothyroid activity alone (Burroni 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 f0 via changes to vocal fold tension; the role of other, 

extra-laryngeal, muscles in pitch lowering and in non-high regions of the f0 space remains a 

topic that is open to future investigations (Honda, 2004) as are the exact mechanisms 

responsible for pitch control in tone language, as remarked by Gao (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 in the higher region of the f0 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 f0 falls, but that they adjust laryngeal posture in such a way that via 

changes in subglottal pressure, and possibly thanks to the action of other laryngeal muscles, 

f0 may be lowered and maintained low. 

In terms of a gestural model, we could thus hypothesize that an f0 tract variable is linked 

to a host of model articulators. The model articulators 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 the vertical position of the larynx itself (LARy), generalized 

laryngeal tension (Tg) and total force on the lungs (Fl) should also be included (McGowan & 

Saltzman, 1995). Aeroacoustic variables, such as transglottal pressure, should also be 

considered part of the synergy of articulators associated with an f0 tract variable (McGowan 

& Saltzman, 1995). The mapping of an f0 tract variable to model articulators is illustrated in 

Table 1.1. 

Table 1.1 Hypothesized Jacobian matrix linking an f0 tract variable to model articulators. 

 LH JA ULy LLy TBR TTR TTA V G TTCA ATxy LARy Tg Fl 

f0         ǒ ǒ ǒ ǒ ǒ ǒ 

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 and its articulators. 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 articulators (e.g., Sorensen et al., 2019). 

We now turn to the research questions. 

ŋťŏ a±é±{èªÄƇ`ó±éïÉÙ×éşƇïÙ×{ÔƇÉ×ï±è{ªïÉÙ×éƇÉ×Ƈ½ŊƇ

éå{ª±Ƈ{×­ƇïÉÖ±ūïÉÖÉ×¾Ƈ{×­ƇïÄ±ÉèƇ

ªÙ×é±çó±×ª±éƇ½ÙèƇåÄÙ×ÙÔÙ¾ýƇ{×­Ƈéå±±ªÄƇ

åèÙ­óªïÉÙ× 
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 f0 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 reveal about 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 modification to current 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 acoustic study 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 gestural 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  

gÄ±Ƈ{ªÙóéïÉªéƇÙ½ƇgÄ{É 
ïÙ×{ÔƇªÙ{èïÉªóÔ{ïÉÙ×Ƈè±ùÉéÉï±­ 

Ōťŋ D×ïèÙ­óªïÉÙ× 
In a now classic paper, Gandour and colleagues (Gandour et al., 1994), based 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 

ŽªÙ{èïÉªóÔ{ïÉÙ×žŠƇ½ÙÔÔÙûÉ×¾Ƈ ¨è{ÖéÙ×Ƈ(1979) and Shen (1990). Gandour and colleagues 

further drew an explicit comparison between the coarticulation of tones and that of 

é±¾Ö±×ïéŠƇïÄ{ïƇÉéŠƇªÙ×éÙ×{×ïéƇ{×­ƇùÙû±ÔéťƇgÄ±ýƇåÙÉ×ïƇÙóïƇïÄ{ïƇïÙ×{ÔƇŽªÙ{èïÉªóÔ{ïÉÙ×žŠƇÐóéïƇÔÉÑ±Ƈ

segmental coarticulation, can be both anticipatory (right to left) and perseverative (left to 

right) in nature. 

D×ï±è±éïÉ×¾ÔýŠƇÄÙû±ù±èŠƇ{×ïÉªÉå{ïÙèýƇ{×­Ƈå±èé±ù±è{ïÉù±ƇïÙ×{ÔƇŽªÙ{èïÉªóÔ{ïÉÙ×žƇ­ÉéåÔ{ýƇ{×Ƈ

asymmetry in Thai. Perseverative effects 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 f0 contours have the temporal dependencies typical of an autoregressive system where 

each sample depends on the preceding time step. The anticipatory effects, however, are 

primarily dissimilatory in nature. Tones tend to display higher f0 values when preceding a low 

tone rather than a high tone, contrary to what might be expected, Figure 2.1. 
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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 goes extra 
high, in the context before tones that start with a low f0 movement, i.e., in _Low and _Rising 
contexts. Conversely, the Falling tone has a lower maximum, i.e., it is lower in the context 
before a tone that starts with a high f0 movement, i.e., in _Falling contexts. Since the Falling 
tone goes higher, not lower, before a tone with an initial low f0 movement and lower, not 
higher, before a tone with an initial high f0 movement the effect is dissimilatory. 

As already noted, the rationale for f0 assimilatory effects in the right-to-left anticipatory 

direction is easily understandable given the autoregressive nature of f0 production. However, 

Gandour and colleagues (1994) Ù½½±èƇ×ÙƇ±üåÔ{×{ïÉÙ×Ƈ½ÙèƇïÄ±ƇŽ­ÉééÉÖÉÔ{ïÙèýƇ±½½±ªïéžƇÙ¨é±èù±­Ƈ

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 where tonal 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 contained 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 

Normalized Time 
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and colleague concluded ûÉïÄƇïÄ±Ƈè±Ö{èÑƇŽů­Űifferent results might have been obtained had 

the vowels in the two-syllable sequences been separated by sonorant consonants rather than 

voiceless plosives. This variation in experimental condition, indeed, represents the next 

logical study in our investigation of tonal coarticulationžƇ(Gandour et al. 1994, p. 491). 

In this chapter, we present the extension called for by Gandour et al. (1994) 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 Yoruba (Chang & Hsieh, 2012; 

Connell & Ladd, 1990; 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 contextual tonal variation. We chose words with 

sonorant onsets for all target words to avoid the possible confound from voiceless onset 

segment mentioned by Gandour et al. (1994). To preview our findings, we were able 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 and colleagues did not report a 

dissimilatory effect on f0 values and that was not investigated in more recent work on 

contextual tonal variation in Thai by Lee et al. (2021). 

Following recent work on dissimilatory contextual tonal variation (Lee et al., 2021), we 

additionally probed the effect of speech rate manipulations on dissimilatory interactions 

among Thai tones, as speech rate manipulations may help us increase our still limited 

understanding of the phenomenon (Lee et al., 2021). especially the extent to which this 
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phenomenon may be comparable to other types of non-speech 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 colleagues (1994) observed that only the final 

portion, the offset, of the tone is 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 (GAMMs) we observed long lasting effects over the entirety of the f0 contour, 

especially 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 has an initial f0 portion 

that is in the Mid (Mid, High), Low (Low, Rising), or High (Falling) region of the f0 space from 

the very first f0 sample; double and triple chance are only achieved in the final portion of the 

contour, where, on average, the Falling completes 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 f0 register planning, the f0 targets of each 

articulatory gesture that realizes 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. Which tones are affected by anticipatory dissimilatory contextual tonal variation? 

2. What are the following tonal contexts that cause such variation?  
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3. How much of the f0 contour is affected by contextual tonal variation, is it limited to 

the final portion of the contour? 

4. What is the cause of this 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 and 

then connect them back to these four questions. 

Gandour and colleagues (1992) presented the first study on the topic. They studied the F 

tone in Thai and reported that the Falling tone has higher f0 and steeper slope before Low 

tones (_Low) and Rising tones (_Rising), the two tones that start with an f0 lowering, vs 

_Mid/_Falling/_High, the tones that start with level or rise of f0. For height, the difference is 

at 0%, 50%, 60%, and 70%. For f0 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 follow-up study (J. Gandour et al., 1994), where 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 Falling tone, contra 

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 duration. The Rising tone 

was significantly higher in _Rising/_Low vs _Mid/ _Falling/_High from 60% to 100% of its 

duration. 

Potisuk and colleagues (1997) studied all possible 125 trisyllabic combinations of the five 

tones of Thai. They did not observe any noncontiguous anticipatory contextual effect, i.e., 
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ïÙ×±éƇ­ÙƇ×ÙïƇé±±ÖƇïÙƇ¨±ƇÉ×½Ôó±×ª±­Ƈ¨ýƇïÙ×±éƇïÄ{ïƇ{è±×ƀïƇÉÖÖ±­É{ï±ÔýƇ{­Ð{ª±×ïƇïÙƇïÄ±ÖŠƇûÉïÄƇ

respect to both assimilatory and dissimilatory effects. Tones only exhibited dissimilatory 

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

tone exhibited higher f0 values _Low/_Rising vs _Falling/_High, the effects only lasted for the 

last 20-30% of the f0 contour. No effect was observed on 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: Falling-Falling, Falling-Rising, Rising-Falling, and Rising-Rising. 

Karlin (2018) found that the Falling tone has a higher and later maximum f0 inflection point 

_Rising vs _Falling, while the Rising tone has a lower and later maximum f0 inflection point 

_Falling vs _Rising. In other words, identical sequences of tone seem to have less extreme 

arïÉªóÔ{ïÉÙ×éƇïÄ{×Ƈé±çó±×ª±éƇªÙ×ï{É×É×¾ƇïûÙƇ­É½½±è±×ïƇïÙ×±éťƇgÄóéŠƇK{èÔÉ×ƀéƇéïó­ýƇ{ÔéÙƇéÄÙûéƇ

that following tonal context affects the temporal alignment of the f0 inflection point. 

Lee and colleagues (2021) 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 vowels 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 f0 in _High vs _Mid/_Low/_Falling/_Rising, the effect is stronger for short and long 

vowels. They also reported effects on the slope, or first derivative of f0. 

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 looked at all 25 possible tonal combinations 

(Gandour et al., 1994; Potisuk et al., 1997), the authors reported the effect only for the 

High and Rising tone. Additionally, while the 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 Falling tone too (J. Gandour et al., 1992; Karlin, 2018). 

2) Which following tonal contexts are the locus for anticipatory effects that look 

dissimilatory in nature? Most of the work, especially from Gandour and coauthors (J. 

Gandour et al., 1992, 1994; Potisuk et al., 1997), suggests that significantly higher f0 

values are reached before tones that start with a lowering of f0 _Low/_Rising vs tones 

that do not _Mid/_High/_Falling. This interpretation is also compatible with the work 

of Karlin (2018) , as generally higher f0 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., 2021), suggests 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. In other 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 expect the 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 reported in Table 2.1. 
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Table 2.1 Anticipatory contextual tonal variation in Thai reported in the literature. Each row 
represents a tone, each column a different tonal context. Ź indicates lower f0 height or slope, 
ŷ higher f0 height or slope, = indicates no effect observed. Sigla for cited works are as follows 
Gandour et al. 1992 (G92), Gandour et al., 1994 (G94), Potisuk et al., 1997 (P97), Karlin, 2018 
(K18), Lee et al., 2021 (L21). 

 _M _L _F _H _R 

M Ź (G94) 
= (P97) = (G94,P97) Ź (G94) 

 = (P97) 
ŷ (G94) 
= (P97) 

ŷ (G94) 
= (P97) 

L = (G94, P97) = (G94, P97) = (G94, P97) = (G94, P97) = (G94, P97) 

F Ź (G92) 
= (G94, P97) 

ŷ (G92) 
= (G94, P97) 

Ź (G92, K18) 
= (G94, P97) 

Ź (G92) 
= (G94, P97) 

ŷ (G92, K18) 
= (G94, P97) 

H 
Ź (G94) 
= (P97) 
ŷ (L21) 

ŷ (G94,P97) 
ŷ (L21) 

Ź (G94, P97) 
ŷ (L21) 

Ź (G94,P97, L21) 
Ź (L21) 

ŷ (G94, P97) 
ŷ (L21) 

R 
Ź (G94) 
= (P97) 
ŷ (L21) 

ŷ (G94,P97) 
ŷ (L21) 

Ź (G94,P97,K18) 
ŷ (L21) 

Ź (G94, P97, L21) 
Ź (L21) 

ŷ (G94, P97, K18) 
ŷ (L21) 

3) To what extent to which f0 contours are affected by anticipatory dissimilatory 

contextual tonal variation. Gandour et al. (1992) report differences for the Falling tone 

starting from the very first f0 sample, while virtually all subsequent work reports that 

differences are observed only on the last 70-100% of the contours (and no effects is 

reported for Falling tones, except by (Karlin, 2018)). 

Taking the three questions 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 f0 before low tones and low tones reaching even lower targets before high tones 

is a way to increase distance between f0 targets. The increase in distance is hypothesized to 
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enable an increase f0 velocity that allows to more easily hit following f0 targets. Note that this 

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 the effect may not be 

observed in the presence of sonorant consonants intervening between the two tones. 

Gandour et al. (1994) state 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 by Gandour et al. (1992). 

Potisuk et al. (1997) do not discuss the nature of intervening consonants as a possible 

source of the dissimilatory 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 effects. Having 

observed anticipatory dissimilatory contextual tonal variation only for the High and Rising 

tone, Potisuk et al. (1997) suggest that the effect is due to an earlier initiation of the rise typical 

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 f0 values. This earlier initiation of the f0 rise is 

especially crucial for rising f0 movements which are slower than falls. Since f0 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 would just look like a fall. In sum, Potisuk et al. (1997) 

hypothesize that the dissimilatory effect is really due to temporal differences in the timing of 

different f0 movements. Rising contours are hypothesized to have shorter f0 falls and earlier 
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inflection points when appearing before tones with a lower target, and longer f0 falls and 

later inflection points when appearing before tones with a higher f0 target. These changes in 

f0 rise relative initation also aid a buildup of f0 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 another Rising tone, a tone with a low first f0 target, than before a 

Falling tone, a tone with high first f0 target. Hence, the hypothesis that a following low tonal 

target induces an earlier f0 rise is confirmed by the data. Interestingly, however, Karlin (2018) 

also observed that the Falling tone has higher and later inflection point when appearing 

before a Rising tone, a tone with a low first f0 target, than before another Falling tone, a tone 

with a high first f0 target. If the patterns reported in Karlin (2018) are to be confirmed, the 

dissimilatory effects are not restricted to tones with a final f0 rise, but also to tones with a 

final f0 fall. If so, the effect is 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 f0 rises are slower and 

need longer time. 

Lee et al. (2021) elaborate greatly on the motivation discuss by Potisuk et al. (1997) and 

discuss three possible motivations. 

First of all, they state, following Xu (1997), that there is only one type of dissimilatory 

effect, t±èÖ±­Ƈ¨ýƇïÄ±Ƈ{óïÄÙèéƇŽ^è±-NÙûƇa{ÉéÉ×¾žƇű^NaŲťƇ)±ª{óé±ƇÙ½Ƈ^NaƇïÙ×±éƇÄ{ù±ƇÄÉ¾Ä±èƇ½ŊƇ

preceding a low tone than any other type of tone. According to Lee and colleagues, the f0 is 

raised more to increase the distance between f0 targets and, thus, enabling to reach higher 

f0 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 f0 control. Their proposal is in essence the same of Gandour 

et al. (1992). 

They also discussed a second explanation: a perceptual account. The explanation is 

similar to the one presented by Potisuk et al. (1997), PLR serves to counteract declination and 

possible mergers among tonal contrast. Unlike Potisuk et al. (1997), however, they do 

envision PLR as a strategy 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 languages with 

only a two-tone 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 pre-Low raising to disambiguate tones in Macau Cantonese (Qin & 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 cricothyroid muscles 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 contraction faster than the antagonistic muscles can 

counteract, then the result could be PLR according to the authors, as f0 lowering lags behind 

f0 rise. 

A different rationale for tonal dissimilation is offered by Tilsen (2013) on the basis of 

Mandarin data. Tilsen (2013) showed Mandarin speakers produced more extreme tonal 

targets when primed with a discordant 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 

­ÉééÉÖÉÔ{ïÙèýƇªÙ×ï±üïó{ÔƇïÙ×{ÔƇù{èÉ{ïÉÙ×Ƈ{×­ƇïÄ±ƇïÙ×±ƇïèÉ¾¾±èÉ×¾ƇÉïƇ{è±Ƈ{ªïÉù±ƇÉ×Ƈéå±{Ñ±èƀéƇ

working memory. Since the two tones are concurrently active in working memory, but 

discordant in terms of their f0 target, an appropriate sequential execution of the tones 

requires inhibition of the second tone to prevent blended realizations in the selection of an 

f0 target. Inhibition causes the selection of a more extreme tonal target, as we illustrate below 

when discussing our hypotheses on the mechanisms behind anticipatory dissimilatory tonal 

effects. 

Ōťŋťŋ a±é±{èªÄƇ`ó±éïÉÙ×éŠƇ@ýåÙïÄ±é±éŠƇ^è±­ÉªïÉÙ×é 

Ōťŋťŋťŋ a±é±{èªÄƇ`ó±éïÉÙ×é 

Based on the findings in previous work on TÄ{ÉƇïÙ×{ÔƇŽªÙ{èïÉªóÔ{ïÉÙ×žŠƇû±Ƈª{×Ƈè±½ÙèÖóÔ{ï±ƇïÄ±Ƈ

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 tonal variation? 

(RQ1) 

2. What are the following tonal contexts that cause dissimilatory contextual tonal variation? 

(RQ2) 

3. How much of the f0 contour is affected by anticipatory dissimilatory contextual tonal 

variation? Is the effect limited to the final portion of the contour? (RQ3) 

4. What is the cause of dissimilatory contextual tonal variation? (RQ4) 
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ŌťŋťŋťŌ @ýåÙïÄ±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 final f0 rise (High, Rising), 

but not on those that have a final f0 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 tonal targets, rises need to be initiated earlier, 

especially immediately preceding a tone that starts with a lowering of f0 (Low, Rising). 

H1-1: Alternatively, both tones that have a final fall, like the Mid, Low and Falling, and a 

final rising portion, like the High and the Rising, will be affected by anticipatory dissimilatory 

contextual tonal variation. This is what the original work by Gandour et al. (1992) found; a 

finding also repeated in Gandour et al. (1994) where the Mid tone exhibited the effect. Karlin's 

(2018) data also suggest that the Falling tone exhibits differences in _Rising vs _Falling 

contexts. Similar effects have also been reported for Mandarin tones (Tilsen, 2013). This 

hypothesis is grounded on the idea that 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 entertain the following two hypotheses: 

H2-0: Only following low tones trigger anticipatory dissimilatory contextual tonal 

variation. This is the hypothesis put forth by (Potisuk et al. (1997) and Lee et al. (2021) 

following Xu (1997). This hypothesis is grounded on the idea that very low f0 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 f0 velocity to be hit. Hence, with 

an increased distance between a preceding high f0 inflection point and a following low target, 

speakers can reach more easily said following low target by amassing greater f0 velocity. This 

hypothesis also explicitly states that , compared to pre-low raising, no mirror image pre-high 

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 induce higher f0, while tones 

with a high onset induce lower f0. This is in essence what was observed in Gandour et al. 

(1992, 1994) and Karlin (2018). From this point of view, we could again expect that all following 

tonal context can induce anticipatory dissimilatory contextual tonal variation at least to a 

certain extent. 

For RQ3 (How much of the f0 contour is affected by anticipatory dissimilatory contextual 

tonal variation? Is the effect limited 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 f0 contour. In a sense, this can be considered an inhibition of coarticulatory 

effects between the two tones. This is the hypothesis of Gandour et al. (1994), that seems to 

be confirmed by several studies that report effects only on the final portion of the contour (J. 

Gandour et al., 1994; Lee et al., 2021; Potisuk et al., 1997). 

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

portion of the f0 contour but involves more global f0 planning . From this point of view, we 
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can entertain the possibility that speakers plan, at least to a certain extent, the f0 contours of 

tones on the basis of the following tonal contexts. 

For RQ4 (What is the rationale behind dissimilatory contextual tonal variation?), we can 

entertain several hypotheses. Accordingly, having 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 dissimilatory 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 variation is actively 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 f0 production, to the point that 

they contextually plan slight changes in targets to achieve higher values of f0 velocity with 

the specific purpose of more easily hitting lower f0 targets (cf. the tennis strike analogy of 

(Lee et al., 2021). If 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 f0 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 mechanisms . An ideal candidate in the context of dissimilatory interaction is 

inhibition of coactively planned gestures (Tilsen, 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 

ŋƇű@É¾ÄƇÔ±ù±ÔŲƇûÄ±×ƇŽåèÉÖ±­žƇûÉïÄƇ{Ƈ­ÉéªÙè­{×ïƇgÙ×±ƇŌƇűaÉéÉ×¾ŲƇïÄ{×ƇûÉïÄƇ{×ÙïÄ±èƇªÙ×ªÙè­{×ïƇ

Tone 1 (Tilsen, 2013). Anticipatory dissimilatory contextual tonal variation can be considered 

a running speech version of the experimental paradigms. Following (Tilsen, 2007, 2013), we 

can hypothesize that both the tone undergoing dissimilatory contextual tonal variation and 

ïÄ±ƇïÙ×±ƇïèÉ¾¾±èÉ×¾ƇÉïƇ{è±Ƈ{ªïÉù±ƇÉ×Ƈéå±{Ñ±èƀéƇûÙèÑÉ×¾ƇÖ±ÖÙèýťƇbÉ×ª±ƇïÄ±ƇïûÙƇïÙ×±éƇ{è±Ƈ

concurrently active in working memory, but discordant in terms of their f0 target, an 

appropriate sequential execution of the tones requires inhibition of the second tone to 

prevent blended realizations in the selection of an f0 target. 

Let us illustrate this process more concretely. We can imagine this process as a taking 

place in an intentional planning field (Tilsen, 2019a). A one-dimensional intentional planning 

field can be conceptualized as a range over a parameter value, say f0, on the x-axis and for 

every x value an associated activation value on the y-axis. The activation level represents how 

much each value of the parameter contributes to the selection of a target for production. 

Crucially, gestures active in the field can contribute with positive, excitatory, activation, or 

ûÉïÄƇ×±¾{ïÉù±ŠƇÉ×ÄÉ¨ÉïÙèýƇ{ªïÉù{ïÉÙ×ťƇN±ïƀéƇªÙ×éÉ­±èƇ{×Ƈ½ŊƇåÔ{××É×¾Ƈ½É±Ô­ƇûÄ±è±ƇïûÙƇïÙ×{ÔƇ

targets, H and L f0 targets, are active since they have been retrieved from working memory, 

Figure 2.2 top panel. Notice that the currently planned f0 target is the centroid of the f0 

activation that are above an (arbitrary) threshold of two populations corresponding to the L 

and H tones. It is assumed that the centroid is used to select an f0 target. Notice that the H 

tone has higher activation, we assume this to reflect a pre-shape of the field reflecting 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 f0 target, the f0 field experiences an 

inhibition of activation, Figure 2.2 middle panel, that subtracts parts of the activation from 

both the region corresponding to the L and the region corresponding to the H, Figure 2.2 

bottom panel. After the f0 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 

f0 target, which is compatible with the observed dissimilatory effect, Figure 2.2 bottom panel. 

 

Figure 2.2 Schematization of f0 inhibition in a dynamic field model. Top panel (f0 field): High 
and Low tones selected from working memory are both active in the f0 planning field and 
their centroid is computed from the points that have above arbitrary threshold activation, 
the centroid represents an f0 target. Mid panel (inhibition): inhibition function that is 
subtracted from the activation of the f0 planning field. Bottom Panel (f0 field post inhibition): 
post-inhibition shape of the f0 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 0. 
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From this perspective, the f0 dissimilation 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 f0 target selection. A crucial difference between the 

inhibiïÉÙ×ƇÄýåÙïÄ±éÉéƇ{×­ƇïÄ{ïƇ­ÉééÉÖÉÔ{ïÉÙ×Ƈ{éƇŽÖÙù±Ö±×ïƇåè±å{è{ïÉÙ×žƇÄýåÙïÄ±éÉéƇÉéƇƇïÄ{ïƇ

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 less dissimilatory 

effect, because of reduced inhibition. 

Ōťŋťŋťō ^è±­ÉªïÉÙ×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 special status 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, tones 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 is not limited to 

tones that have a final rise. It is expected 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 dissimilatory 

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 variation. If this is correct , we should observe contextual tonal variation that 

differentiates the _Low and _Rising from the other three contexts, _Mid,_Falling,_High. 

H2-1 hypothesizes that both following low tones and following high tones trigger 

anticipatory dissimilatory contextual tonal variation, compared to a following mid baseline. 

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 Mid (M) and High (MHL) tone, will form the first 

cluster that can be considered a baseline Mid. 

2. Tone with a Low f0 initial target, the L (L) and Rising (LH) tone, will form the second 

cluster that can induce a Higher f0 on the preceding tone. 

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

as it also contains an early High target, will form the third cluster that can induce a 

lower f0 on the preceding tone. 

For RQ3 (How much of the f0 contour is affected by anticipatory dissimilatory contextual 

tonal variation? Is the effect limited to the 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 f0 contour, as it is an inhibition of coarticulatory effects 

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. 



   
 

54 
 

H3-1 hypothesizes that anticipatory dissimilatory contextual tonal variation involves 

global changes in f0 planning. If this correct, we should observe dissimilatory effects 

distributed throughout the entire contour and not limited to f0. 

For RQ4 (What is the cause of dissimilatory 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 with the 

metaphor of Lee et al. (2021) in the same way that more planning time would allow to 

produce an even harder serve or response 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 their ordinary values. If this is the 

case, the dissimilatory effects could be less strong given more planning time and slower 

executions of speech. 

ŌťŋťŋťŎ ^ÄÙ×ÙÔÙ¾Éª{ÔƇè±Ô±ù{×ª±ƇÙ½Ƈ{×ïÉªÉå{ïÙèýƇ­ÉééÉÖÉÔ{ïÙèýƇïÙ×{ÔƇ
É×ï±è{ªïÉÙ×é 

At a broader conceptual/phonological level, 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. 



   
 

55 
 

Tones are an interesting case because they can display assimilatory and (long distance) 

dissimilatory effects. Assimilatory/carryover effects can be interpreted (and modeled) in 

ï±èÖéƇÙ½ƇªÙ{èïÉªóÔ{ïÉÙ×Ƈ¨{é±­ƇÙ×ƇªÙåèÙ­óªïÉÙ×ŠƇûÄ{ïƇû±ƇªÙóÔ­Ƈï±èÖƇŽïèó±ƇªÙ{èïÉªóÔ{ïÉÙ×žťƇ;ÙèƇ

instance, a preceding Low tone may induce a lower onset on a following 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 produced. This type of tonal interactions look much like 

(carryover) segmental coarticulation. 

On the other hand, dissimilatory effects cannot be interpreted along these lines of 

coproduction. They must be either be confined completely to the realm of speech production 

and not be considered relevant for Phonology or linguistic knowledge at all. Or, if they are 

ªÙ×éÉ­±è±­Ƈè±Ô±ù{×ïƇ½ÙèƇ^ÄÙ×ÙÔÙ¾ýŠƇïÄ±ýƇª{ÔÔƇ½ÙèƇïÄ±Ƈ±üÉéï±×ª±ƇÙ½ƇŽªÙ{èïÉªóÔ{ïÙèýƇ±½½±ªïéžƇïÄ{ïƇ

ª{×Ƈ¨±ƇªÙ×éÉ­±è±­ƇŽÔÙÙÑ{Ä±{­éžŪƇïÄ{ïƇÉéŠƇ­ÉééÉÖÉÔ{ïÙèýƇÉ×ïeractions among sequences of tonal 

targets in a right-to-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 non-adjacent phonological entities. If dissimilatory tonal interactions 

are, thus, correctly analyzed along the lines of interactions among phonological targets in 

speech planning, rather than as extra-phonological movement preparations, they provide 

evidence for the right to left lookaheads precisely of the types often invoked in phonological 

theories of coarticulation based on feature spreading and underspecification űKöÄ×±èïƇƲƇ

Nolan, 1999 and references therein). 
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Thus, dissimilatory interactions among lexical tones, albeit not necessarily phonological 

processes, offer an empirical basis to ground phonological theories and approaches to 

coarticulation that can be extended to whole classes of phenomena where long distance 

assimilatory or dissimilatory right-to-left processes are observed, such as vowel, nasal, and 

consonantal harmonies and other types of tonal interactions among others. 

ŌťŌ P±ïÄÙ­ÙÔÙ¾ý 

ŌťŌťŋ ^{èïÉªÉå{×ïéŠƇ±üå±èÉÖ±×ï{ÔƇÖ{ï±èÉ{ÔéŠƇ{×­ƇåèÙª±­óè±é 

ŌťŌťŋťŋ ^{èïÉªÉå{×ïé 

Twenty-one self-reported L1 speakers of Bangkok Thai (6 male, 15 female, range=19-52, 

mean=28.4, std=12.8) participated in the experiment. They did not disclose any speech or 

hearing impairment. 

To avoid possible confounding effects due to multilingualism in other Thai varieties with 

different tonal inventories, we only recruited participants who reported either (i) to be born, 

raised, and schooled in Bangkok or (ii) to have spent most of their life there. To ensure that 

participants produced the experimental items in a Bangkok Thai native sounding fashion and 

that they correctly followed the instructions, a Bangkok Thai native speaker, trained 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 age, were excluded. The rationale was that their 

productions were inconsistent in terms of intended tonal contours, based on Thai 

orthography, and that their production did not sound native-like to the native listener who 

screened all participants. Participants were compensated for participating in the experiment. 
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Instruction and pre-, post- experiment debriefing were conducted in Thai with the assistance 

of a native speaker.  

ŌťŌťŋťŌ P{ï±èÉ{Ôé 

Target disyllabic tonal combinations of a Falling or Rising tone followed by the other five 

tones of the language Mid (M, £), Low (L, ¢), Falling (F, ~), High (H, |), Rising (R, {ǃ), were 

embedded in a string of 3 M Tones to study tonal coarticulatory effects. One mid tone 

precedes the disyllabic targets and two follow them to minimize the effects of surrounding 

tonal target on target items. Note that all possible tone combinations can occur in Thai 

speech as the language does not have tone sandhi. Target disyllabic tonal combinations are 

intended to represent nonce words. Participants 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, the disyllabic tonal combinations represent a noun-noun 

ªÙÖåÙó×­éŠƇÖ±{×É×¾ƇŽ{Ƈ[mÌǙūÖÊǃǙ] (with fur pattern) [m£ǙūÖ¢ǙūÖ~ǙūÖ|ǙūÖ{ǃǙ]žť The Falling and 

Rising tones were chosen to study coarticulatory effects because they represent the ceiling 

and floor of the f0 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 f0 rise. Additionally, contour tones were needed to conduct a 

landmarking analysis that is used to text effects of following tonal context on the 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 f0 contours. In the end, each unique target sentence is M F/R 

M/L/F/H/R M M string, that can roughly be translated as ŽDƇlook at a [mÌǙūÖÊǃǙ] (with fur pattern) 
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[m£ǙūÖ¢ǙūÖ~ǙūÖ|ǙūÖ{ǃǙ] Ù×Ƈ{Ƈéï{èū¨{ÔÔū¨ÙüžŠƇÉ×ƇgÄ{ÉƇÙèïÄÙ¾è{åÄý ħŌ (ľĴňŘ|ľĴň) (ĴŅ|ľĴƞŅ|ľĴƟŅ|ĴƟŅ|ľĴŅ) 

ĭĬ (ħŅĺ|ĭŀĸ|ĸńĚ), in IPA [døǙ (mÌǙƯÖÊǃǙŲƇ(m£ǙƯÖ¢ǙƯÖ~ǙƯÖ|ǙƯÖ{ǃǙŲƇ¨àn (báǇn|d£ǙûƯÔ£ƺ)], Table 2.2. 

Table 2.2. Experimental items 

w1  
w2 

(target 1) 
w3 

(target 2) w4  w5  

ħŌ 
[døǙ] 

ľĴňŘ 
[mÌǙ] 

ĴŅ 
[m£Ǚ] 

ĭĬ 
[bàn] 

ħŅĺ 
[d£Ǚû] 

 ľĴň 
[mÊǃǙ] 

ľĴƞŅ 
[m¢Ǚ] 

 ĭŀĸ 
[báǇn] 

  ľĴƟŅ 
[m~Ǚ] 

 ĸńĚ 
[l£ƺ] 

  ĴƟŅ 
[m|Ǚ] 

  

  ľĴŅ 
[m{ǃǙ] 

  

 

The last word of each sentence was never the same across two consecutive trials to act 

as a distractor and try preventing participants from focusing solely on the disyllabic tonal 

combinations (w2 and w3). 

ŌťŌťŋťō 2üå±èÉÖ±×ï{ÔƇï{éÑƇ{×­Ƈè±ªÙè­É×¾ƇåèÙª±­óè±é 

For the experiment, participants sat in a sound attenuated room. A 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 a head-mounted microphone. 

In each trial, participants saw 3 images, representing the intended disyllabic targets and 

the last word of the carrier sentence, appearing on a computer monitor. Target disyllabic 
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tonal combinations were cued with both an images and a label on top of them in Thai 

orthography, while w3 cued only with an image, Figure 2.3. 

 

Figure 2.3: Example of experimental screen during rate cue movement 

Participants produced the 3 words in embedded in the frame sentence that they were 

instructed to produce, [døǙ   (target1)   (target2)   bàn   (distractor)]. 

The experiment also included a speech rate manipulation. 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, it took 4 seconds. Participants observed the cue movement and 

then the rate cue was replaced by a green bar, representing a go signal, Figure 2.4. 

 

Figure 2.4: 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 fast they 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 behavior, we 

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 duration, Ὀόὶ ͯ ρ 

 ὧόὩ άέὺὩάὩὲὸ ὨόὶὥὸὭέὲ ȿὛὖ; for the alternative model, we added a fixed effect of cue 

movement duration, Ὀόὶ ͯ ὧόὩ άέὺὩάὩὲὸ ὨόὶὥὸὭέὲ  ὧόὩ άέὺὩάὩὲὸ ὨόὶὥὸὭέὲȿὛὖ. 

The addition of the fixed effect for cue movement duration significantly improved model fit 

(Đ2(1) = 29.9, p < .0001, Adj. R2 = .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 duration also increased, Figure 2.5. 
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Figure 2.5: Effect of rate cue movement on utterance duration; solid line represents 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 duration. 

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 each F/R M/L/F/H/R tones combinations. 

ŌťŌťŌ .{ï{Ƈ^èÙª±ééÉ×¾Ƈ{×­Ƈ­±å±×­±×ïƇ{×­ƇÉ×­±å±×­±×ïƇ
ù{èÉ{¨Ô±Ƈ±üïè{ªïÉÙ× 

Speaker-specific monophone HMMs were trained in Kaldi (Povey et al., 2011) and used to 

perform forced alignment separately by speaker. Window 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 monophone, disregarding tone, are 

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

selected trials per participant were hand-segmented in PRAAT (Boersma & Weenink, 2022) 
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using the waveform, spectrogram, and changes in intensity/formant trajectories. Boundaries 

between vowels and nasals were based on the appearance of antiformants and 

spectral/amplitude changes.  

Following forced alignment, a proportion of segmented data were randomly selected to 

be visually inspected and hand-corrected. The manually checked alignments, usually around 

50 or more unique tokens, were used to retrain HMMs and realign all the trials. This process 

was repeated until the automatically segmented data were comparable to manual 

annotation. 

Twenty-five trials (0.4% of the data) that contained disfluencies, cutoffs, or spurious 

background noise were excluded. In total, we analyzed 5975 tokens, 2986 for the F tone and 

2989 for the R tone. 

Furthermore, we used an f0 based outlier detection technique. We first calculated Ŵ 

separately by participant, target tone (Falling/Rising), and following tonal context 

(_M,_L,_F,_H,_R) Ŵ a mean f0 contour for each of the 10 by-participant 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 obtained a distribution of squared distances from the mean in 

each of the 10 conditions, separately by speaker. We then z-scored said distribution and 

examined a specific number of trials that have the largest distance, starting at 10 and increase 

the number to 20 if there 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 the 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 manual checking 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 break-up of included and excluded tokens is given in Appendix B. 

Since all dependent variables we analyze are based on f0 contours we detail our f0 

extraction procedure. F0 was extracted over a region of interest starting from the beginning 

of the rime of ½ÉèéïƇûÙè­ƇÉ×Ƈ{Ƈï{è¾±ïƇé±×ï±×ª±ƇűůóŰƇÉ×Ƈů­óǙŰŲƇ{ÔÔƇïÄ±Ƈû{ýƇïÙƇïÄ±Ƈ±×­ƇÙ½ƇïÄ±ƇÙ×é±ïƇÙ½Ƈ

the fourth word of the sentence ([b] of [bon]), Figure 2.6. 

 

Figure 2.6: Example of Region of Interest (ROI) for f0 extraction together with waveform and 
segmentation obtained by forced alignment. 

F0 was extracted using the MATLAB pitch()  function, specifically the Sum of Residual 

Harmonic algorithm (Drugman & Alwan, 2011). F0 was extracted over a 52 ms window with 10 
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ms step. We used by sex ranges to facilitate f0 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 maxima and 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 f0 changes greater than 20 Hz 

compared to a preceding sample was set to NaN, as likely the result of pitch halving or 

doubling. Third, cubic spline interpolation was performed to reconstruct the contours using 

the interp1()  function in MATLAB and obtain values for samples that had been set to 

NaNs. Fourth, interpolated contours were smoothed fitting cubic splines to the contours, 

using the fit()  and eval()  functions in MATLAB. Finally, the spline-based contours were 

smoothed using a moving median calculated over 5 samples, followed by a moving average 

, also calculated over 5 samples. Illustrative examples of participants processed f0 contours 

for all conditions in the experiment are presented in Figure 2.7. 
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Figure 2.7: 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 contours from 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 f0 contours processed as described above we extracted the following dependent 

variables: 

1. The value of the F0 inflection point in Hz 

This is the max f0 value for the Falling tone and the minimum f0 value for Rising tone in 

w2 of the sentence, the target 1 of disyllabic combinations. These values were algorithmically 

obtained by locating the latest index of the f0 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 Rising tones is presented in Figure 2.8. 



   
 

66 
 

 

 

Figure 2.8: Examples of Falling tone contours (tone) and Rising tone contours (bottom) with 
their identified f0 inflection point, marked by a circle. 

2. f0 average Slope in Hz/s 

The f0 average slope was calculated in a region of interest from the beginning of w2 to 

the consonantal onset of w3 as follows. First, we identify an f0 minimum, for Falling tones, or 

an f0 maximum, for Rising tones, that precedes the f0 inflection value using the MATLAB 

function findpeaks () . When no maximum or minima could be identified the first f0 
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sample in the first target word was used. As second step, we fit a first-order polynomial 

between the f0 minimum/maximum and the f0 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 Rising tone, Figure 2.9. Slope fit was limited to the initial f0 movement, 

i.e., the high f0 movement of the Falling tone and the low f0 movement of the Rising tone, 

because the second portions is highly context dependent and modified by experimentally 

manipulated following tonal context, for more remarks cf. the landmarking analysis. 

 

 

Figure 2.9 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 tonal 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 f0 landmarks. F0 landmarks were located algorithmically 

using a custom-built OOP suite in MATALB. We first defined a region of interest corresponding 

to the beginning of the rime of word 1 up to end of w3. F0 in this region was upsampled by a 

factor of 10 to produce smoother contours and facilitate landmarking. 

In this region, we first located two first derivative, i.e., f0 velocity, extrema of opposite 

signs. The first velocity extremum is the closest one preceding the f0 inflection (of positive 

sign for Falling tones and negative sign for Rising tones); the second one is the closest one 

following the f0 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., f0 

acceleration, signals using the gradient(sign())  functions in MATLAB 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 f0 contour 

duration to the left and to the right of the inflection 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 1.5. The 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 extremum that 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 as the first 

moment after the velocity extremum where f0 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 inflection point, 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 the offset 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 f0 fall 

typical of Mid and Low tones. When 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 Onset to T1 Target) 

2) Tone 1 Onset to Tone 2 Onset (T1 Onset to T2 Onset) 

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 

ŽÙù±èÔ{åžƇ¨±ïû±±×ƇïÄ±ƇïûÙƇgŋūgŌƇ¾±éïóè±éťƇgûÙƇ±ü{ÖåÔ±­ƇÔ{×­Ö{èÑéƇ{è±ƇÉÔÔóéïè{ï±­ƇÉ×ƇFigure 

2.10. 

 

 

Figure 2.10 Top: landmarking example of a Falling-Falling sequence, with illustration of lags. 
Bottom: landmarking of a Falling-Mid 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 target of Tone 2. 
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A research assistant visually inspected the landmarking of all trials for f0. When 

algorithmic landmarks could not be accomplished due to non-canonical shapes in the f0, 

landmarking was accomplished manually by inspecting the f0 trajectory and its first and 

second derivative. However, a number of trials could not be landmarked because of changes 

in f0 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 and 55 (1.9%) 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 f0 contours  

The f0 contours were analyzed, after z-scoring,  using Generalized Additive Mixed Models 

(GAMM). We used a subset of the region of interest stretching between the rime of the first 

ûÙè­ƇÉ×ƇïÄ±Ƈª{èèÉ±èŠůóǙŰƇÙ½Ƈů­óǙŰŠƇ{×­ƇïÄ±ƇůÖŰƇÙ½ƇïÄ±Ƈé±ªÙ×­ƇûÙè­ƇÉ×Ƈï{è¾±ïƇ­ÉéýÔÔ{¨ÉªƇé±çó±×ª±éŠƇ

ůÖ{ǙŰťƇr±ƇªÄÙé±ƇïÙƇéï{èïƇ½ŊƇ{×{Ôýé±éƇûÉïÄƇ< PPéƇ­óèÉ×¾ƇïÄ±ƇèÉÖ±ƇÙ½ƇïÄ±Ƈ½Éèst word of the carrier 

to see whether following tonal contexts may affect general f0 planning beyond the target 

word. We chose to extend the tracking of f0 to the onset of the second word because, the 

ªÙ×ïÙóèƇïÙ×±éŠƇ;{ÔÔÉ×¾Ƈ{×­ƇaÉéÉ×¾ŠƇª{×Ƈó×­±è¾ÙƇŽéåÉÔÔÙù±èžƇÙ×ƇïÄ±ƇÙ×é±ïƇÙ½ƇïÄ±Ƈ½ÙÔÔÙûÉ×¾ƇûÙè­Ƈ

(Rose, 2014). This is what we observed in our data as well, both at an individual level, as 

examples of raw contours show, Figure 2.11, and as an average tendency. 
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Figure 2.11 Top: example of spillover in a Rising-Mid sequence, notice that much of the f0 rise 
is accomplished on the consonantal onset of the next word. Bottom: Example of spillover in 
a Falling-Rising sequence, notice how both the f0 dip of the Falling tone and the f0 rise of the 
Rising tone are accomplished on the consonantal onsets of the following words. Note that 
the f0 contours plotted above are unsmoothed raw contours. This is to demonstrate that 
spillover is not due to f0 smoothing. 
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5. the strength of coartic ulati on among tones 

Finally, we tried to identify the strength of coarticulatory among tones based on the f0 

contours and other features. To do so, rather than quantifying mutual information among 

the two tones (Iskarous et al., 2013), we 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 (FFNNs)  

2) Bidirectional Long-Short Term Memory Recurrent Neural Networks (BiLSTM 

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 had the best accuracy in the 

classification task based on coarticulatory effects. The features used to train FFNNS are: 

1) The entire f0 contours time warped to a fixed median length across all 

participants, the f0 contour spanned from [m] of the first word in target disyllabic 

é±çó±×ª±éŠƇůÖÉǙŰŠƇïÙƇïÄ±ƇÙ×é±ïƇůÖŰƇÙ½ƇïÄ±Ƈé±ªÙ×­ƇûÙè­ƇÉ×Ƈï{è¾±ïƇ­ÉéýÔÔ{¨ÉªƇ

é±çó±×ª±éŠƇůÖ{ǙŰŠƇFigure 2.12. Note that FFNNs require a fixed length of each 

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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Figure 2.12: ROI for FFNN classification. Orange lines marks where f0 was extracted for FFNN 
classification analysis. 

2) The entire f0 contours time warped to a fixed median length across all 

participants and z-scored separately by participants and by first target in the 

utterance (Falling or Rising).The z-scored f0 was added because we hypothesized 

that speaker-normalized f0 may be beneficial for network training. 

3) The inflection point value in Hz. 

4) Timing of the f0 inflection point, as previous described, relative to the word onset 

in seconds. 

5) Utterance duration in seconds. 

Given our hypotheses 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 perform 5-class 

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 tones. Secondly, FFNN were 

trained to predict the following tonal contexts collapsed into 3 class: 

1) _Mid/_High (Mid initial f0 movement) 

2) _ Falling (High initial f0 movement) 

3) _Low/_Rising (Low initial f0 movement).  

These two formulations of the classification problem can help us determining whether 

the coarticulation is due to the category of the following tone or the nature of the initial f0 

movement. 

BiLSTM RNNs were trained using the following 4 time series: 

1) The entire f0 contours over the entire ROI, starting from the beginning of rime of 

½ÉèéïƇûÙè­ƇÉ×Ƈ{Ƈï{è¾±ïƇé±×ï±×ª±ƇűůóŰƇÉ×Ƈů­óǙŰŲƇ{ÔÔƇïÄ±Ƈû{ýƇïÙƇïÄ±Ƈ±×­ƇÙ½ƇïÄ±ƇÙ×é±ïƇÙ½Ƈ

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 over an arbitrary number of 

input timesteps, effectively unrolling in time, and, thus, it can process time series 

of different length. 

2) The entire f0 contours, as defined above, but z-scored by participant and first 

target tone (Falling or Rising). 

3) The first derivative of the entire f0 contour, calculated using the MATLAB function 

gradient () . 

4) The first derivative of the z-scored entire f0 contour, calculated using the MATLAB 

function gradient () . 

The result is a vector of 4 (features) by Number of f0 samples, which was different for each 

observation. 
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These features were used as input for a signal chopping analyses, following Tilsen (2020). 

We progressively chopped the time series starting from the end of the region defined below, 

Figure 2.13, and obtained the accuracy of the RNN as a function of sequence length. We 

obtained 20 steps, separately from a two-fold partition of the f0 ROI. 

gÄ±Ƈ½ÉèéïƇè±¾ÉÙ×Ƈéå{××±­Ƈ½èÙÖƇïÄ±Ƈ¨±¾É××É×¾ƇÙ½ƇůóǙŰƇÉ×Ƈů­óǙŰƇïÙƇïÄ±Ƈ±×­ƇÙ½ƇůÉǙŰƇÉ×ƇůÖÉǙŰŠƇïÄ±Ƈ

second region spanned froÖƇïÄ±Ƈ¨±¾É××É×¾ƇÙ½ƇůÖǙŰƇÉ×ƇůÖóǙŰƇïÙƇïÄ±Ƈ±×­ƇÙ½Ƈů¨ŰƇÉ×Ƈů¨ŰťƇgÄ±ƇïûÙƇ

regions were each divided into 20 steps representing 5-100% and are labelled for 

convenience, word 1 (W1) and word 2 (W2). Hence the entire region was divided into 40 steps. 

This was done separately 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 f0 ROI was removed. This continued until only one step was left. 

  

Figure 2.13 Schematization of 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. At the 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 f0 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 f0 

ROI. ThÉéƇ±×{¨Ô±éƇóéƇïÙƇÉ×­Éè±ªïÔýƇÉ×½±èƇïÄ±ƇŽéïè±×¾ïÄžƇÙ½ƇªÙ{èïÉªóÔ{ïÙèýƇÉ×½ÙèÖ{ïÉÙ×ƇÉ×ƇŽïÉÖ±žť 

As for the FFNNs, BiLSTM RNNs were trained to predict the following tonal context both 

as a 5 class and as a 3-class problem. 

ŌťŌťō bï{ïÉéïÉª{ÔƇ{×­ƇÖ{ªÄÉ×±ƇÔ±{è×É×¾Ƈ{×{Ôýé±é 
We conducted separate analyses of coarticulatory effects on the Falling and Rising tones. This 

is in line with previous work on tonal coarticulation in Thai (Gandour et al., 1994). Our 

reasoning is that the two tones represent different grammatical categories and, hence, 

different data generating processes. For this reason, the Falling and Rising tones cannot be 

subsumed under a single statistical population for any of the variables examined in this 

study. Collapsing them would result in a mixture of data generating process that violates the 

assumptions of regression modelling (Vasishth et al., 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 of them. 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 f0 inflection point of the Falling 
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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 f0 value, while, for the Rising tone, the 

inflection point represents the minimum f0 value. The inflection 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, 

Figure 2.8. These two values probably should not be compared in a single statistical model 

given different means, variances, possibly direction and magnitude of the effects of the 

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 would result 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. 

ŌťŌťōťŋ aÙ¨óéïƇ){ý±éÉ{×Ƈa±¾è±ééÉÙ× 

For the datapoints presented in this paper, the f0 inflection point and 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 variable with 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 for all fixed effects and 

their interaction. We use robust Bayesian mixed effect regression to fit this model using the 

brms package ű)öèÑ×±èŠƇŌŊŋőŲ in R. 

We choose to adopt a bayesian approach over a frequentist for three main advantages 

they offer, that have been recently discussed by Vasisth et al. (2018).  

First, Bayesian models allow us to have more flexibility in defining models. Here, we 

adopt a robust approach to linear regression, using a student-t distribution to model 

residuals distribution. This has been proven minimize the influence of outliers on the 

estimation of regression coefficients (Lange et al., 1989), a problem that has been pointed out 

and similarly tackled in previous work on tone (Sun & Shih, 2021), where f0 residuals have 

been shown to result in heavy tails that were better accounted for using student-t distribution 

rather than a normal distribution in GAMM regression modelling. A student-t distribution of 

residuals is not available in most software implementation of frequentist mixed effect 

regression but can be specified in Bayesian hierarchical models using STAN (Stan 

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 p-value 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, Bayesian 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 variation in 
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the coarticulatory effect of each tonal context at different speech rates. In other words, we 

ûÉéÄƇïÙƇ½ÉïƇ¨ýƇéå±{Ñ±èéƀƇè{×­ÙÖƇéÔÙå±éƇ{×­ƇÉ×ï±èª±åïéƇ½ÙèƇ±{ªÄƇ½ÙÔÔÙûÉ×¾ƇïÙ×{ÔƇªÙ×ï±üïŠƇ

utterance duration, and their interaction. This was not possible with a frequentist linear 

mixed effect model that occurred in convergence issues when we attempted to fit it. The 

model specification is: 

ÒğĈн4ÝĜÝĉÙÝĉĪ ±ÆğðÆÒĂÝ ҃ BĐĂĂĐĻðĉè ¡ĐĉÝР¦ĪĪÝğÆĉÓÝ 4įğÆĪðĐĉҞ 
BĐĂĂĐĻðĉè ¡ĐĉÝР¦ĪĪÝğÆĉÓÝ 4įğÆĪðĐĉȿzsХ 

prior=c(set_prior("normal(0,10)", class = "b")) 
çÆĈðĂŁ҇ģĪįÙÝĉĪноХ ðĪÝğ҇ϗϑϑϑХ ĻÆğĈįĜ҇ϓϑϑϑХ 
ÓíÆðĉģ҇ϗХ ÓĐĉĪğĐĂ҇ĂðģĪÆÙÆĜĪвÙÝĂĪÆ҇ЪϚϖо 

For the duration of the 3 landmarks (T1 Onset to T1 Target, T1 Onset to T2 Onset, Plateau), 

we also fit Bayesian mixed effect regression, but, in this case, utterance duration, was treated 

as a random effect after 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. 

ÒğĈн4ÝĜÝĉÙÝĉĪ ±ÆğðÆÒĂÝ ҃ BĐĂĂĐĻðĉè ¡ĐĉÝҞ 
BĐĂĂĐĻðĉè ¡ĐĉÝȿzsҞBĐĂĂĐĻðĉè ¡ĐĉÝȿ¦ĪĪÝğÆĉÓÝ 4įğÆĪðĐĉХ 

prior=c(set_prior("normal(0,10)", class = "b")) 
çÆĈðĂŁ҇ģĪįÙÝĉĪноХ ðĪÝğ҇ϗϑϑϑХ ĻÆğĈįĜ҇ϓϑϑϑХ 
ÓíÆðĉģ҇ϗХÓĐĉĪğĐĂ҇ĂðģĪÆÙÆĜĪвÙÝĂĪÆ҇ЪϚϖо 

As is well known, Bayesian models do not return p-values, accordingly we report 95% 

credible intervals (CrI) for all the fixed effects that we examine. Our inferences are based on 

how much fixed effects 95% CrI overlap with 0. A fact that indicates that the effect of the 

predictor may be absent. The choice of 95% CrI is a purely arbitrary one, based on frequentist 

statistics practices. It has been argued that 90% CrI yield more stable estimation of the 

parameters (Kruschke, 2014) or that arbitrary values should be used to remind readers that 

these intervals are purely conventional (McElreath, 2020). Given that 95% CrI 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 fixed effects of interest, as recommended in Kruschke (2014). We also 

increase the number of chains from 4 (the default) to 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, we followed the three strategies recommended 

by Vasisth et al. (2018).: 

1) Visual plots to ensure chain mixing for all fixed effects, Figure 2.14. 

 

Figure 2.14 Trace plots for all mixed effect parameters of the Falling tone 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 predictions, Figure 2.15. 
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Figure 2.15 Posterior predictive checks for Falling tone inflection point. The fader lines 
labelled yrep refer to the posterior predictive values generated by the model, and the darker 
solid, labelled y, represents the observed data. Notice how the robust Bayesian regression 
can capture multimodal distributions of the data. 

3) A value of the effective Ὑ for all parameters equal to 1. All such Ὑ values are reported 

together with parameters 95% CrI. 

Since Bayesian models offer us CrI for all the effects of interest we did not conduct 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. 

ŌťŌťōťŌ < PPƇ{×{Ôýé±é 

The analyses of entire z-scored f0 contours were conducted using Generalized Additive Mixed 

Models (Wood, 2017) separately for the Falling and Rising tones. GAMM models were fit using 

the bam()  function of the mgcv package in R (Wood 2011, 2017). 
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In our GAMM models the dependent variables are the entire f0 contours between the 

èÄýÖ±ƇÙ½ƇïÄ±Ƈ½ÉèéïƇûÙè­ƇÉ×ƇïÄ±Ƈª{èèÉ±èŠůóǙŰƇÙ½Ƈů­óǙŰŠƇ{×­ƇïÄ±ƇůÖŰƇÙ×é±ïƇÙ½ƇïÄ±Ƈé±ªÙ×­ƇûÙè­ƇÉ×Ƈ

ï{è¾±ïƇ­ÉéýÔÔ{¨ÉªƇé±çó±×ª±éŠƇůÖ{ǙŰťƇgÄ±ƇÉ×­±å±×­±×ïƇù{èÉ{¨Ô±éƇ{è±Ƈ½ÙÔÔÙûÉ×¾ƇïÙ×{ÔƇªÙ×ï±üïéƇ

and utterance duration, and their tensor 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., 

f0 contours change differ over time in different following 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 of f0 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 term 

and the smooth for duration. Following the recommendation of bÚéÑóïÄýƇ(2017), when 

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 restricted Maximum Likelihood. Following previous work on GAMM 

modeling of articulatory and tonal contours (Sun & Shih, 2021; Wieling, 2018), we fit models 

that use a t-distribution 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 estimation they cannot 

be discretized and the mgcv() 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 model were included by refitting the model with fast 

restricted Maximum Likelihood and discretization. This step was performed after performing 

model selection. The model specifications are as follows: 

aįĂĂ `ĐÙÝĂ Ғя  

ÒÆĈнĺÆĂįÝ҃ BĐĂĂĐĻðĉè ¡ĐĉÝ Ҟ 

ģн¡ðĈÝХ ÒŁ ҇ BĐĂĂĐĻðĉè ¡ĐĉÝо Ҟ 

ģн¡ðĈÝХ zsХ Òģ҇ЭçģЭХ Ĉ҇ϒȟ ÿ҇ϒϖо Ҟ 

çÆĈðĂŁ ҇ ģÓÆĪноХ ÙÆĪÆ ҇ ÙçХ ĈÝĪíĐÙ ҇ Э`ZЭХ 

о 

 

!ĂĪÝğĉÆĪðĺÝ `ĐÙÝĂ Ғя  

ÒÆĈнĺÆĂįÝ ҃ BĐĂĂĐĻðĉè ¡ĐĉÝ Ҟ 

ģн¡ðĈÝХ ÒŁ҇ BĐĂĂĐĻðĉè ¡ĐĉÝо Ҟ 

ģн4įğÆĪðĐĉХ ÒŁ ҇ BĐĂĂĐĻðĉè ¡ĐĉÝо Ҟ 

Īð¡ðĈÝХ4įğÆĪðĐĉХÒŁ҇BĐĂĂĐĻðĉè ¡ĐĉÝ Ҟ 

ģн¡ðĈÝХzsХÒģ ҇ ЭçģЭХ Ĉ ҇ϒȟ ÿ҇ϒϖо  

çÆĈðĂŁ ҇ ģÓÆĪноХ ÙÆĪÆ ҇ ÙçХ ĈÝĪíĐÙ ҇ Э`ZЭХ 

о 

Models were compared against each other using the anova.gam()  function from the 

mgcv package in R to perform loglikelihood ratio tests. This test performs a chi-square 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 then refit using fREML and discretization. 
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ŌťŌťōťō Q±óè{ÔƇQ±ïûÙèÑƇ{×{Ôýé±é 

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 applied 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 using 10-fold 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) x 2 (5-class, 3-class problems). 

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, or high f0 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 

BiLSTM with a single hidden layer with 64 units. A SoftMax function followed the hidden 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 time training 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 stopping 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. Loss 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 were left 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 multi-GPU configuration with the 

MATLAB Parallel Computing Toolbox using 2 NVIDIA GeForce RTX 2080 Ti. 

Ōťō a±éóÔïé 
The results are presented starting from the datapoint analyses (inflection value, slope, and 

landmarks) and moving to global analysis of f0 contours (GAMMs, FFNNs, RNNs). The results 

are presented separately for the Falling and Rising tone. 

Ōťōťŋ ½ŊƇÉ×Ć±ªïÉÙ×Ƈù{Ôó± 
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 is reached 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 

f0 inflection when followed by a tone with a high onset, that is _Falling; while a less extreme 

f0 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 both pre-low raising and pre-

high lowering exist. 
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The effects of rate on tonal realizations 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 dissimilatory effects are akin to an anticipatory movement preparation to 

facilitate hitting a target. 

Ōťōťŋťŋ ;{ÔÔÉ×¾ƇgÙ×±ƇÉ×Ć±ªïÉÙ×Ƈù{Ôó± 

For the f0 inflection value of the Falling Tone, we start by inspecting distributions for f0 values 

in different tonal conditions. 

We observe that the following tonal context seems to affect the maximum f0 value of the 

Falling Tone, Figure 2.16. Note that, for illustration purposes, the f0 values have been z-scored 

by participants and converted back to the grand mean and standard deviation pooled across 

all participants. 

 

Figure 2.16 Falling tone f0 inflection value in different following tonal contexts. 

Compared to a _Mid tone baseline, following low onset tones, that is _Low and _Rising 

contexts, are associated with higher f0 inflection values of a preceding Falling tone. A _Falling 

tone context, on the other hand, is associated with lower f0 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 duration, Figure 2.17. 

  

Figure 2.17 Pearson 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 the _Mid context. No strong correlation 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. This correlation indicates that low-onset tones tend to 

correlate with less extreme f0 inflection values of the preceding Falling tone as utterance 

duration increases. 

For _Falling and _H contexts, i.e., tones with a high onset, a positive correlation with 

utterance duration is observed. This correlation indicates that high-onset tones tend to be 

associated with higher f0 inflection values of the preceding Falling tone as utterance duration 

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% CrI for all following tonal contexts, 

except in part the pre-High, do not overlap with 0, suggesting a main effect of tonal context. 

Tones with a low onset, Low and Rising, have a positive effect of the f0 inflection value of 

a preceding Falling tone. The effects are estimated at 9.05 Hz (95% CrI [3.745 14.46] Hz) for 

the Low and 9.82 Hz (95% CrI [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 estimated at -8.27 Hz (95% CrI [-13.70, -2.76] Hz) for the 

Falling and -4.63 Hz (95% CrI [-9.44 0.34] Hz) for the High. 

We also find that the interaction between duration of the utterance a pre-Falling context, 

increased the f0 inflection value, hence reducing the lowering of f0 maximum observed in the 

_Falling context, with an effect size estimated at 2.73 Hz (95% CrI [-0.44, 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 (95% CrI [-0.44, 

5.28] Hz). In both case the 95% CrI 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 reported in Table 2.3 and the 95% 

CrI are reported in Table 2.3 and Figure 2.18. 
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Table 2.3 Table of 95% CrI for robust bayesian regression of falling tone f0 value. * indicates 
no overlap with 0, ? indicates small overlap with 0. 

 Estimate Estimated 
Error 

Lower 
95% CrI 

Upper 
95% CrI 

Rhat No overlap with 
0 

Intercept 239.01 14.18 210.97 267.07 1.00  
_L 9.05 2.81 3.45 14.46 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 15.51 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  

 

 

Figure 2.18 Kernel smoothed density estimates of the 95% CrI for all fixed effects for the f0 
inflection value of Falling Tones. 

The findings presented in this section suggest that H1-0, the hypothesis that only tones 

with a final rising portion will be affected is incorrect, as a tone with a final f0 fall is affected 

too. Additionally, contra the predictions of H2-0, 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 both pre-low raising and 

pre-high lowering. The findings suggest that both low and high initial f0 movements have 

systematic effects on the f0 inflection point of a preceding tone. 

ŌťōťŋťŌ aÉéÉ×¾ƇgÙ×±ƇÉ×Ć±ªïÉÙ×Ƈù{Ôó± 

For the f0 inflection value of the Rising Tone, we inspect again the distributions for f0 values 

in different tonal conditions. 

We observe that following tonal context seems to affect the minimum f0 value of the 

Rising Tone, Figure 2.19.  

 

Figure 2.19 Rising 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 f0 inflection values of a preceding Rising tone. A _Falling tone 

context, on the other hand, is associated with lower f0 inflection values of a Rising tone. 

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, Figure 2.20. 
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Figure 2.20 Pearson 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 the _Mid context.No strong correlation 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 pre-High context. The correlation indicates that pre low-onset tones 

contexts tend to correlate with more extreme, i.e., lower, f0 inflection values of a preceding 

Rising tone as utterance durations increases. 

For _Falling contexts, a positive correlation with utterance duration is observed. This 

correlation indicates that the _Falling contexts tend to be associated with higher f0 inflection 

values of the preceding Falling tone as utterance duration increases, suggesting that more 

extreme f0 values observed in pre-Falling 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% CrI for all following 

tonal contexts, except the pre-Low and pre-High, 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 f0 inflection value of a preceding Rising tone, 

estimated at 7.23 (95% CrI [3.41, 11.00]). For a _Low context, the effect is estimated at 3.22 

(95% CrI [-0.44 6.83]), again the CrI do not completely exclude 0, but the median of the effect 

is far from 0. 

For the tones with a high onset, only the _Falling context has CrI that do not include 0, 

having a negative effect of the f0 inflection value of a preceding Rising tone. The effects are 

estimated at -4.02 (95% CrI [-7.48, -0.60]). 

We also find a main effect of duration, a one second durational increase for the entire 

utterance is associated with a lower f0 inflection value of the target Rising tone, with an effect 

size estimated at -5.24 (95% CrI [-8.54, -2.02]). The interaction between duration of the 

utterance a pre-Rising context was also observed, with an effect size estimated at -3.29 (95% 

CrI [-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 f0 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% CrI [-0.53, 3.44]), per second 

increase in utterance duration. A full summary of the effect Table 2.3 and the 95% CrI are 

reported in Table 2.4 and Figure 2.21. 
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Table 2.4 95% CrI for robust bayesian regression of Rising tone f0 value 

 Estimate  Estimated 
Error 

Lower 
95% CrI 

Upper  
95% CrI 

Rhat No overlap with 
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 * 

 

Figure 2.21 Kernel smoothed density estimates of the 95% CrI for all fixed effects for the f0 
inflection value of Rising tones. 

In the data presented in this subsection suggest, again contra the predictions of H2-0, we 

do not observe a twofold 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 pre-high lowering. The findings, thus, suggest that both low and 
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high initial f0 movements have systematic effects on the f0 inflection point of a preceding 

tone. 

ŌťōťŌ bÔÙå±Ƈ{×{ÔýéÉé 
For the f0 slope we found effects that closely mirror the effect on f0 inflection values. 

Especially for Falling tones. For Falling tones, we found that the slope of the f0 rise is steeper 

in _Low and _Rising and less steep in the _Falling position. For Rising tones, we observed that 

the slope of the f0 lowering portion is more negative in the context that precedes _Low and 

_High. 

ŌťōťŌťŋ ;{ÔÔÉ×¾ƇgÙ×± 

For the f0 slope value of the Falling Tone, we start by inspecting distributions for f0 slope in 

different tonal conditions. 

We observe that the following tonal context seems to affect the f0 slope of the Falling 

tone, Figure 2.22. Note that, for illustration purposes, the f0 slope has been z-scored by 

participants and converted back to the grand mean and standard deviation. This is the 

reason why some datapoints look like having negative slope even though the slope of the 

Falling tone for all untransformed datapoints is positive. 
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Figure 2.22 Falling tone f0 slope in different following tonal contexts. 

Compared to a _Mid tone baseline, following low onset tones, _Low and _Rising contexts, 

are associated with higher f0 slope of a preceding Falling tone. A _Falling tone context, on the 

other hand, is associated with lower f0 slope values of a preceding Falling tone. 

As compared to the effects of utterance duration on f0 inflection value, Figure 2.20, the 

effect of utterance duration on the Falling tone f0 slope has almost always a consistent 

direction of the effect. 

 

Figure 2.23 Pearson correlation between Falling tone f0 slope and utterance duration in 
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 f0 slope tends to 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 f0 slope is already on average lower than in 

other tonal contexts. 

These observations are in line with the results of the robust Bayesian mixed effect 

regression model fit to the Falling tone f0 slope. 

For the effects of tonal contexts with a following low onset, the following patterns are 

observed. A pre-Rising context has a positive effect of the f0 slope value of a preceding Falling 

tone, estimated at 15.84 Hz/s (95% CrI [1.18, 30.37]Hz/s). For a _Low context, the effect is 

estimated at 10.75 Hz/s (95% CrI [-3.40 24.66] Hz/s). For the _Low context, the CrI do not 

completely exclude 0, but the median of the effect is far from 0. 

For the tones with a high onset, only the _Falling context has CrI 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 the f0 inflection value of a preceding Falling tone. The effects are 

estimated at -13.02 Hz/s (95% CrI [-30.69, 4.82]). 

We also observed a main effect of duration, a one second duration increase for the entire 

utterance is associated with a lower f0 inflection slope of the Falling tone, with an effect size 

estimated at -21.61 Hz/s (95% CrI [-37.77, -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 median close to 0 as well. A full summary of the effect and the 95% CrI 

are reported in Table 2.5 and Figure 2.24. 
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Table 2.5 95% CrI for robust Bayesian regression of Falling tone f0 slope 

 Estimate  Estimated 
Error 

Lower 
95% CrI 

Upper  
95% CrI 

Rhat No overlap with 
0 

Intercept 212.52 31.80 147.80 272.85 1.00  
_L 10.75 7.15 -3.40 24.66 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 -4.21 1.00 * 
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  

 

Figure 2.24 Kernel smoothed density estimates of the 95% CrI for all fixed effects for the f0 
slope of Falling tones. 

The slope results show that comparable dissimilatory effects affect both f0 values and 

velocity during the initial H gesture. The findings presented in this section suggest that H1-0, 

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 f0 fall is affected too. Again, the effects seem to be in line with both 

a pre-low raising and a pre-lowering effect contra H2-0 and in line with H2-1. 

ŌťōťŌťŌ aÉéÉ×¾ƇgÙ×± 

For the f0 slope value of the Rising Tone, we again start by inspecting distributions of the f0 

slope in different tonal conditions. 

We observe that the following tonal context seems to affect the f0 slope of the Rising tone, 

Figure 2.25. Note that, for illustration purposes, the f0 slope has been z-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 always negative. 

 

Figure 2.25 Rising tone f0 slope in different following tonal contexts. 

Compared to a _Mid tone baseline, a _Low context seems associated with more negative 

f0 slope of a preceding Rising tone. A _High tone context, on the other hand, is associated 

with less negative f0 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 f0 slope of the Rising tone 

have a consistent direction of the effect in all tonal contexts, Figure 2.20. 

 

Figure 2.26 Pearson correlation between Rising tone f0 slope and utterance duration in 
different following tonal contexts. Note the same different direction of the effect across all 
tonal contexts. 

For all following tonal contexts, the f0 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 f0 slope. 

For the effects of tonal contexts, the following patterns are observed. A pre-low context 

has a negative of the f0 slope value of a preceding Rising tone, estimated at -14.81 Hz/s (95% 

CrI [-27.72, -1.53] Hz/s). For a pre-High context, the effect is estimated at 5.98 Hz/s (95% CrI 

[6.45 29.79] Hz/s). For the pre-Falling and pre-Rising contexts, the CrI do not completely 

exclude 0, but, at least for the pre-Falling context, the median of the effect is far from 0 and 

suggests a slightly more negative slope -7.62 Hz/s (95% CrI [-18.8 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 f0 slope of the Rising tone, with an effect size 

estimated at 30.25 Hz/s (95% CrI [-12.89, 45.48] Hz/s). As for interaction, a duration and _Low 

context interaction on the f0 slope of the Rising tone was observed, with an effect estimated 

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

reported in Table 2.6 and Figure 2.27. 

Table 2.6 95% CrI for robust Bayesian regression of Rising tone f0 slope. 

 Estimate  Estimated 
Error 

Lower 
95% CrI 

Upper  
95% CrI 

Rhat No overlap with 
0 

Intercept -216.12 25.36 -263.58 -163.96 1.00  
_L -14.81 6.69 -27.72 -1.53 1.00 * 
_F -7.62 5.71 -18.8 3.5 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 45.48 1.00 * 
Duration * _L 7.32 3.68 0.09 14.54 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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Figure 2.27 Kernel smoothed density estimates of the 95% CrI for all fixed effects for the f0 
slope of Rising tones. 

The slope results show that comparable dissimilatory effects affect both f0 values and 

the f0 velocity during the initial L gesture of a Rising tone. The effects suggest that pre-low 

raising on f0 contours can correspond to a more negative slope (_Low) and a pre-high 

lowering effect does not necessarily entail a steeper f0. Overall, these findings cast doubts on 

the idea that anticipatory dissimilatory effects are tightly connected with the control of f0 

velocity, as hypothesized by H4-0, which metaphorically compares dissimilatory effects and 

bodily movement preparation. 

Ōťōťō N{×­Ö{èÑÉ×¾ 
For Falling tones, a following low-onset tonal context, (_Low/_Rising), increases the duration 

of the rising f0 gesture onset to target lag, the lag between the onset of f0 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 landmarks. 
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For Rising tones, a following high-onset tone, _Falling, increases the duration of the 

falling f0 gesture onset to target lag, the lag between the onset of f0 fall and rise, as well the 

plateau duration. Conversely, a _Rising contexts shortens the lags among these landmarks. 

Ōťōťōťŋ ;{ÔÔÉ×¾ 

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 low-onset tones, _Low and _Rising, than _Mid. The effects size is estimated to 

~6 ms (95% CrI [1.2 10.5] ms) for _Low and 5.6 ms (95% CrI [2 10] ms) for _Rising. The _Falling 

context is associated with a shorter duration of the H onset to target, -4 ms (95% CrI [-7.8 -

0.2] ms). Finally, the _High tone context is not statistically distinguishable from a _Mid 

baseline, as the _High distribution is clustered around 0. 

Table 2.7 95% CrI for robust Bayesian regression of Falling tone H onset to target lag . 

 Estimate  Estimated 
Error 

Lower 
95% CrI 

Upper  
95% CrI 

Rhat No overlap with 0 

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 -5.5 1.9 1.00  
_R 5.6 2.6 0.7 10.7 1.00 * 
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Figure 2.28 Kernel smoothed density estimates of the 95% CrI for all fixed effects for Falling 
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 _Rising than in _Mid contexts, and shortest in the 

_Falling context. The effects size is estimated to 17.9 ms (95% CrI [7.8 28.4] ms) for _Low and 

17.5 ms (95% CrI [8.6 26] ms) for _Rising. The _Falling context is associated with a shorter 

duration of the H onset to L onset lag, -33 ms (95% CrI [-42 -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. 

Table 2.8 95% CrI for robust Bayesian regression of Falling tone H onset to L onset lag 

 Estimate  Estimated 
Error 

Lower 
95% CrI 

Upper  
95% CrI 

Rhat No overlap with 0 

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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Figure 2.29 Kernel smoothed density estimates of the 95% CrI for all fixed effects for Falling 
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 onset, indicating 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% CrI [4.2 18.9] ms) for _Low 

and 16.2 ms (95% CrI [7.9 25.1] ms) for _Rising. The _Falling context is associated with a 

shorter duration of the plateau, -15.1 ms (95% CrI [-22.6 -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. 

Table 2.9 95% CrI for robust Bayesian regression of Falling tone for plateau duration 

 Estimate  Estimated 
Error 

Lower 
95% CrI 

Upper  
95% CrI 

Rhat No overlap with 0 

Intercept 48 4.6 39 57 1.00  
_L 11.5 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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Figure 2.30 Kernel smoothed density estimates of the 95% CrI for all fixed effects for Falling 
tone plateau duration. 

The data presented in this subsection suggest that anticipatory dissimilatory contextual 

tonal variation may have at least a partial temporal basis, where more or less extreme f0 

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 the lags. 

ŌťōťōťŌ aÉéÉ×¾ 

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 context than in the _Mid, _Low, _High. 

The effects size is estimated to 8.1 ms (95% CrI [2.6 13.6] ms) for _Falling and -7.2 ms (95% CrI 

[-14.2 -0.08] ms) for _Rising. Finally, the _Low, and _High tone context are not statistically 

distinguishable from a _Mid baseline. 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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Table 2.10 95% CrI for robust Bayesian regression of Rising tone L onset to target lag. 

 Estimate  Estimated 
Error 

Lower 
95% CrI 

Upper  
95% CrI 

Rhat No overlap with 0 

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 5.5 1.00  
_R -7.2 3.6 -14.2 -0.08 1.00 * 

 

Figure 2.31 Kernel smoothed density estimates of the 95% CrI for all fixed effects for Rising 
tone L onset to target lag. 

We found that following tonal 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% CrI [6.4 19.8] ms) for _Falling and -13.6 

ms (95% CrI [-21.6 -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 distribution is to the left of 0 

suggesting a shortening effect on the lag. 
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Table 2.11 95% CrI for robust Bayesian regression of Rising tone L onset to H onset lag 

 Estimate  Estimated 
Error 

Lower 
95% CrI 

Upper  
95% CrI 

Rhat No overlap with 0 

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 * 

 

Figure 2.32 Kernel smoothed density estimates of the 95% CrI for all fixed effects for Rising 
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 target 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% CrI [-5.8 -1.9] ms) for _Rising. The _Falling context is 

associated with a longer duration of the plateau, 7.9 ms (95% CrI [3.5 12.3] ms).  
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Table 2.12 95% CrI for robust Bayesian regression of Rising tone plateau duration 

 Estimate  Estimated 
Error 

Lower 
95% CrI 

Upper  
95% CrI 

Rhat No overlap with 0 

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 * 

 

Figure 2.33 Kernel smoothed density estimates of the 95% CrI for all fixed effects for Rising 
tone plateau duration. 

The data presented in this subsection suggest that anticipatory dissimilatory contextual 

tonal variation may have at least 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 compared 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 dissimilatory contextual tonal variation, supporting H1-1. Both following tonal 
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contexts that start with a high f0 movement and a low f0 movement trigger dissimilation, 

supporting H2-1. Additionally, rate effects weaken dissimilatory effects, casting doubt on the 

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 we need to 

investigate their unfolding in time. 

ŌťōťŎ < PPƇ ×{ÔýéÉé 
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 f0 trajectories 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 datapoint analyses. For Falling 

tones, the GAMM analyses suggest the existence of 3 clusters:  (i) _Mid/_High, 

(ii)_Low/_Rising, and (iii) _Falling.  

The GAMM analyses further show that differences in the realization of Falling tones due 

to different following tonal contours 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, _Falling. The differences 

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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ŌťōťŎťŋ ;{ÔÔÉ×¾ 

For the Falling tone, we found that the alternative model, which includes a smooth for 

duration and a tensor interaction between following tonal context and duration improves the 

model fit, (Đ2
(101.6) = 5147.1, 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 f0 trajectories in these contexts. The 

effect size is estimated at 0.15 z-scores 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 0.007 z-scores, respectively. The results are summarized in Table 2.13. 

Table 2.13 Results 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   < 2e-16 *** 
_F 0.023010  0.002960   7.774  7.64e-15 *** 
_H 0.007139  0.003005   2.376    0.0175 * 
_R 0.150299  0.002917  51.531   < 2e-16 *** 

An effect of utterance duration on change of f0 over time was also observed, such that f0 

trajectories tend to have higher average values at shorter durations. Consider the trajectories 

whose utterance duration is -1 z-scores vs 1 z-scores, Figure 2.34. 
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Figure 2.34 GAMM fit to Falling tones for different utterance durations. Solid line represents 
mean f0 and shaded areas represent 95% CI. 

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 f0 changes in different ways over time as a function of 

both utterance and following tonal context. Notice how the profile of f0 values over time is 

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

in Figure 2.35. 
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Figure 2.35 f0 values (color coded) as a function of time (x-axis) and utterance duration (y-
axis) for Falling tones. Notice how the changes in f0 over time are different across panels, 
representing different following tonal contexts. For instance, the Falling in _Falling (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 1.5 z-scores at fast speeds. 

Notice how Falling tone f0 contour reach higher values on average in the _Low and 

_Rising contexts at shorter utterance durations, while the effect is mostly mitigated at longer 

utterance durations. A finding indicating that f0 increases due to a following tone starting 

with low f0 are stronger at faster speech rates. The effects of smooth terms are summarized 

in Table 2.14. 
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Table 2.14 Results of GAMM analysis for Falling Tone (Smooth Terms and tensor interactions) 

               edf Ref.df  F  p-value  
s(Time):_L             8.241    8.803 135.35 <2e-16 *** 
s(Time):_F              8.677    8.948 309.06 <2e-16 *** 
s(Time):_H              6.142    7.260  10.67 <2e-16 *** 
s(Time):_R              8.679    8.947 125.51 <2e-16 *** 
s(Duration):_L          8.790    8.984 161.10 <2e-16 *** 
s(Duration):_F          8.710    8.970  73.49 <2e-16 *** 
s(Duration):_H          8.698    8.929 101.24 <2e-16 *** 
s(Duration):_R          8.793    8.984 182.58 <2e-16 *** 
ti(Time,Duration):_L   14.151   15.495  61.51 <2e-16 *** 
ti(Time,Duration):_F   13.875   15.384  43.63 <2e-16 *** 
ti(Time,Duration):_H   14.100   15.376  46.65 <2e-16 *** 
ti(Time,Duration):_R   13.686   15.288  32.91 <2e-16 *** 
s(Time,SP)               295.773  299.000 436.06 <2e-16 *** 

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

the fit of the GAMM model to Falling tones, Figure 2.36. 

 

Figure 2.36 GAMM fit to Falling tones in different tonal contexts, solid line represents mean f0 
and shaded areas represent 95% CI. Note that random effects are not plotted. 
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GAMM models allow us to also identify portions of Falling tone f0 contours whose 95% CI 

do not overlap in different following tonal contexts. We found that the _Mid condition differs 

from _Low from 1-100% of the contour; from _Falling from 39-47%, 55-84%, and 87-100% of 

the contour; from _High 7-18%, 57-75%, and 82-100%, and for _R from 1-97% and 99-100% of 

the contour. 

_Low differs from _Falling 1-38% and 51-100%; from _High 1-100%; and from _R 39-72% 

and 83-100%. 

 _Falling differs from _High 5-13%, 41-48%, 58-83%, and 86-100%; and from _R 3-91% and 

93-100%. Finally, _High differs from _R from 1-100% of the contour. These differences are 

presented in Figure 2.37 and  

Table 2.15. 
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Figure 2.37 95% confidence intervals of differences among pairwise realizations of Falling 
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 between Falling 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 mean difference and the shaded area 95% CI 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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Table 2.15 Summary of Falling tone pairwise differences in different tonal contexts whose 
95% CI do not overlap with 0. The steps are expressed as percentage of the f0 contour. 

 _M _L _F _H _R 
_M  1-100% 39-47% 

55-84% 
87-100% 

7-18% 
57-75% 
82-100% 
 

1-97% 
99-100% 

_L   1-38% 
51-100% 

1-100% 39-72% 
83-100% 
 

_F    5-13% 
41-48% 
58-83% 
86-100% 
 

3-91% 
93-100% 

_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 H3-0, which hypothesized that dissimilatory effects are limited to the final part of 

f0 contours. Furthermore, GAMM analyses also reflect the clusters observed in the datapoint 

analysis and suggest the existence of both pre-low raising and pre-high 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 contextual tonal variation (H1-1). Additionally, 

since both pre-low raising and pre-high lowering, the analyses suggest that all types of tonal 

contours have systematic effects (H2-1), not just tones with a low onset. 
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ŌťōťŎťŌ aÉéÉ×¾ 

For the Rising tone we found that the alternative model, which includes a smooth for duration 

and a tensor interaction between following tonal context and duration improves the model 

fit, (Đ2
(100.47) = 5799.5, p < 2.2e-16).  

For parametric coefficients in 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 f0 trajectories in these contexts. The 

effect size is estimated at 0.1 z-scores for the _Low and 0.07 z-scores for the _Rising contexts. 

A significant effect was also observed for _High contexts, where, however, average f0 

decreases, with an effect estimated at -0.04 z-scores, a small difference is observed for the 

_Falling context, .009 z-scores, Table 2.16. 

Table 2.16 Results of GAMM analysis for Rising Tone (Parametric Terms) 

 Estimate  Std. Error t-value  p  
(Intercept)   0.489675  0.026266  18.643 2e-16 *** 
_L    0.108097  0.003088  35.007 2e-16 *** 
_F   0.008896  0.002993   2.972 0.003 **  
_H  -0.045617  0.002945 -15.491 2e-16 *** 
_R   0.077280  0.002958  26.124 2e-16 *** 

An effect of utterance duration on the change of f0 over time was also observed, such that f0 

trajectories tend to have a higher value at shorter utterance durations. Consider the 

trajectories whose utterance duration is -1 z-score vs 1 z-score, Figure 2.38. 
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Figure 2.38 GAMM fit to Rising tones for different utterance durations. Solid line represents 
mean f0 and shaded areas represent 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 f0 values over time is different across tonal contexts 

(different panels) and different durations (different y values) in Figure 2.39. 
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Figure 2.39 f0 values (color coded) as a function of time (x-axis) and utterance duration (y-
axis) for Rising tone. Notice how the changes in f0 over time are different across panels, 
representing different following tonal contexts. For instance, the Rising in _Falling (mid-left) 
and _High reaches f0 values that are lower than in the _Low, _Rising contexts (top right and 
bottom left), which have large regions of values above 1 z-score at fast speeds. 

Notice how f0 reaches lower values on average in the _Falling context at both short and 

longer utterance durations (greater), while in _Rising contexts the Rising tone does not reach 

as low f0 values, especially at shorter durations. However, the latter effect is mitigated at 

longer utterance durations. A finding indicating that f0 increases due to a following tone 

starting with low f0 are stronger at faster speech rates. The effects of smooth terms are 

summarized in Table 2.17. 
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Table 2.17 Results of GAMM analysis for Rising Tone (Smooth Terms) 

               edf Ref.df  F  p-value  
 s(Time):_L              7.543    8.416 147.91   <2e-16 *** 
s(Time):_F               8.765    8.964 116.46   <2e-16 *** 
s(Time):_H               6.969    7.992 152.57   <2e-16 *** 
s(Time):_R               8.648    8.937 100.33   <2e-16 *** 
s(Duration):_L           8.816    8.973 115.96   <2e-16 *** 
s(Duration):_F           8.861    8.989 144.90   <2e-16 *** 
s(Duration):_H           6.764    7.875  41.50   <2e-16 *** 
s(Duration):_R           8.685    8.963  32.52   <2e-16 *** 
ti(Time,Duration):_L    14.757   15.667  71.50   <2e-16 *** 
ti(Time,Duration):_F    14.174   15.523  78.29   <2e-16 *** 
ti(Time,Duration):_H    13.779   15.339  72.66   <2e-16 *** 
ti(Time,Duration):_R    14.996   15.842  83.83   <2e-16 *** 
s(Time,SP)                296.032  299.000 736.09   <2e-16 *** 

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

from the fit of the GAMM model to Falling tones, Figure 2.40. Note how differences are chiefly 

concentrated in the later portion of the rising contour. 

 

Figure 2.40 GAMM fit to Rising tones in different tonal contexts, solid line represents mean f0 
and shaded areas represent 95% CI. 


































































































































































































































































































































































































































































































































