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Abstract
This paper presents a quantitative representation of Thai tones
in the form of pitch targets. The optimal pitch targets of Thai
tones were estimated by using a combination of the quantitative Target Approximation (qTA) model and a stochastic
learning algorithm. With the advent of this technique, the representation of communicative functions can be systematically
and quantitatively studied. The statistical analysis of estimated
parameters shows clear contrastive differences between tone
categories, indicating unique representation of Thai tones. The
results of the modeling experiment demonstrate the adequacy
of unitary (as opposed to compositional) underlying targets for
generating continuous tonal contours in Thai.
Index Terms: Thai tone, pitch target, modeling

1. Introduction
Thai has five lexical tones, namely, common or Mid (M, 0),
Low (L, 1), Falling (F, 2), High (H, 3) and Rising (R, 4). Thai
tones are traditionally classified as either static or dynamic
based on their pitch movements [1, 2]. There have been a
number of empirical studies of Thai tones to identify their
properties and interactions with various factors [1,3-9]. In
particular, regarding tone representation, it has been previously proposed to be either a unified contour unit [3,5,10-12] or a
sequence of H and L autosegments [13-15]. Different accounts
of this argument have been offered, but the evidence is still
not conclusive. This is particularly because most of the evidence is derived from interpretation of perceptual tests and
there is a lack of tools to learn tone representations directly
from data. This study uses a combination of the quantitative
Target Approximation (qTA) model [16] and the simulated
annealing algorithm [17] to learn the pitch targets underlying
the F0 movements of Thai tones in continuous speech. The
study aims to explore the contrastive properties of Thai tone
by means of computational modeling.

2. Method

Table 1. Sentence structure of the corpus.
1st

kʰun0
M

2nd

3rd

ʔaː0/nim0
M

laː0/loŋ0
M

noːj1/mam1
L

ʔaːn1/man1
L

maː2/nim2
F

waːŋ2/maj2
F

naː3/miŋ3
H

neːn3/lom3
H

4th†

ŋaːn0
or maː0
M

laːn4/jiŋ4
haː4/loŋ4
R
R
†
The word of the 4th syllable depends on the preceding
vowel (ŋaːn0 if it is preceded by a long vowel or maː0 if it is
preceded by a short vowel).

2.2. PENTATrainer
Based on the Parallel Encoding and Target Approximation
(PENTA) framework [18], PENTATrainer (pen·ta·train·ner) is
a Praat script integrated with a Java program that facilitates
investigation of the encoding schemes of communicative functions in any language. It encapsulates the quantitative Target
Approximation (qTA) model, which represents the dynamic F0
control [16], and the simulated annealing optimization, which
is a stochastic learning algorithm [17] used to globally optimize the functional parameters. Provided with the sound files
and their annotations, the program automatically learns the
optimal parameters of all possible functional combinations
that the user has annotated. After the optimization, the learned
functional parameters can be used to synthesize F0 contours
according to any of the given communicative functions. A
brief summary of the modeling technique will be discussed in
the following sections. The program can be freely downloaded
from (http://www.phon.ucl.ac.uk/home/yi/PENTAtrainer2/).

2.1. Corpus

2.3. Functional annotation

The corpus consists of 2500 four-syllable utterances recorded
by five native Standard Thai speakers (3 males and 2 females).
All speakers were undergraduate students, aged 20-25, studying at King Mongkut’s University of Technology Thonburi.
They all grew up in the Greater Bangkok region.
In this paper, Thai lexical tone and vowel length were
manipulated in a full factorial design. Each utterance consisted
of 4 syllables, with the tones of the two middle syllables varying across all 5 tones and 2 vowel lengths. The first and the
last syllables were always M tones to minimize both carryover
and anticipatory influences on the two middle syllables. Thus
there were 100 tone and vowel length combinations in total.
Each utterance was repeated five times by each speaker. Table
1 shows the sentence structure of the corpus.

The PENTA framework assumes that communicative functions are encoded in parallel in terms of pitch target parameters, which are the inputs to the target approximation process
[18]. PENTATrainer implements this parallel encoding
scheme by allowing users to create tiers of factors as illustrated in Figure 1. These factors can represent either communicative functions such as tone, focus, or sentence type, or other
factors that may influence the prosody such as vowel length or
part of speech. In this study, as shown in Figure 1, the factors
under scrutiny are tone and vowel length. The first tier is an
optional one on which users can set a constraint on the type of
the target (e.g., S for static target and D for dynamic target). In
this study, all the target types were set to dynamic so that both
slope and height were automatically learned.

Figure 1: A snapshot of functional annotation window
in PENTATrainer.

2.4. Modeling
PENTATrainer uses the qTA model to represents F0 control as
a process of target approximation. Figure 2 illustrates the concept of target approximation. F0 contours (black solid curve)
are the responses of the target approximation process. Pitch
targets (gray dashed line), which are synchronized to the host
interval (demarcated by the boundaries represented by the
vertical gray lines), represent the goals of the F0 control. The
F0 dynamic state at the end of an interval is transferred to the
next one. For more details about the formulation of qTA,
please refer to [16].

addressed in the latest implementation of PENTATrainer.
Instead of modeling F0 contours of each individual utterances
and summarizing afterward, the parameters of all functional
categories are optimized simultaneously, using the simulated
annealing algorithm [17]. At the initial stage, the algorithm
randomly generates the parameters of all functional categories.
These parameters were then repeatedly modified and tested to
decide whether to accept or reject the proposed changes. The
probability of acceptance/rejection depends on the temperature
parameter of the algorithm. At the initial round, the temperature is set to a high value. It then gradually reduces as the procedure is repeated. This allows the solution to evolve and converge to the global optimum over the iterations. Since the final
parameters may differ slightly due to the randomness of the
stochastic method, in this study, the learning process was repeated 5 times for each speaker to obtain more stable solutions. The median values of m, b, and λ were calculated across
the repetitions for each functional category of each speaker.
Estimated parameters were analyzed using two-factor
analysis of variance (ANOVA) in SPSS. Afterward, post-hoc
analysis of each functional category was performed using
Scheffé’s post-hoc test to determine the nature of the differences between groups. The parameter distributions were further analyzed using Student’s t-test.

3. Results
3.1. Synthesis accuracy
As the functional parameters are adjusted during the optimization process, the errors between the original and synthesized
F0 change accordingly. Figure 3 shows what happened to the
solution during one run. The overall error generally reduced
over iterations, while the local minima were skipped. This
clearly shows the robustness of the learning algorithm.

Figure 2: An illustration of the target approximation
process [20].
In qTA, there are three model parameters controlling the
F0 trajectory of each interval, including target slope (m), target
height (b), and the rate or strength of target approximation (λ).
m and b specify the form of the pitch target. For example, the
Mandarin rising and falling tones are found to have positive
and negative m values, respectively [16,19]. The current version of PENTATrainer represents b as relative to the speaker
F0 mean. λ indicates how rapidly a pitch target is approached.
The higher the value of λ the faster F0 approaches the target.
For example, λ of the Mandarin neutral tone has been found to
be smaller than other tones [19].
Despite its success in modeling F0 contours of individual
utterances, there are still difficulties when it comes to summarizing parameters of all syllables into functional categories.
Because of the trade-off between model parameters, their nonlinear interplays in the model and the differences in the optimum conditions of parameter estimation process, a simple
averaging procedure could sometimes result in representations
that do not reflect globally optimal solutions. This issue was

Figure 3: An example of the per-utterance error reduction in the learning process. The data were obtained from one simulation run.
Table 2 shows means and standard errors of root mean
square error (RMSE) and Pearson’s correlation coefficient,
comparing between original and synthesized F0 contours,
when parameters were summarized for speaker dependent and
independent conditions. The speaker dependent parameters
yielded significantly better synthesis accuracies than speaker
dependent parameters (RMSE: t(4)=3.55, p=0.024; Correlation: t(4)=3.74, p=0.020), while the number of parameter sets
of the speaker dependent condition was five times higher than
that of the speaker dependent condition. This indicates that
certain speaker specific characteristics may have been encoded
by the speaker dependent parameters.

Figure 4: Parameter distributions of each tone compared to reference values (dashed line) which are 0 in the cases of m and
b and the total mean in the case of λ. Blue color indicates the parameters from long vowels while the green color indicates
the parameters from short vowels.

3.2. Parameter analysis
Table 3 shows learned parameters of all Thai tones in different
vowel lengths. All parameters significantly differ depending
on the tonal categories (m: F(4,49)=56.81, p<0.001; b:
F(4,49)=71.07, p<0.001; λ: F(4,49)=9.23, p<0.001). While no
difference was found in m or λ, b was significantly different
between vowel lengths (F(1,49)=5.37, p=0.026),. In particular,
M tone was significantly higher in short vowels than in long
vowels. This could be a result of undershoot of M tone in short
vowels. There were no interactions between tone and vowel
length. This indicates the independence of the mechanisms
controlling the two factors.
Post-hoc analysis of the m revealed interesting patterns in
categorical arrangements of tones. Static tones were generally
not significant difference from one another, although there
was a marginal difference between H and L. (M-L: p=0.968,
M-H: p=0.205, L-H: p=0.050). m of M and L tones significantly differ from those of dynamic tones (M-F: p<0.001; MR: p=0.001; L-F: p<0.001; L-R: p<0.001). m of H tone, however, was not different from that R tone (H-R: p=0.293), but
significantly different from F tone (H-F: p<0.001). This result
conforms to the traditional classification of Thai tone into a
static-dynamic dichotomy [1].
Comparing the parameter distributions of each tone to the
reference values (0 for m and b, total mean for λ) revealed
more distinctive properties of each tone as shown in Figure 4.
Dynamic tones, including F and R, has their slopes significantly lower and higher than zero respectively, regardless the
vowel length. (F-Long: t(4)=10.85, p<0.001; F-Short: t(4)=11.66, p<0.001; R-Long: t(4)=6.92, p=0.002; R-Short:
t(4)=5.57, p=0.005). This indicates the distinctive property of
dynamic tones. On the other hand, m of L tone were not significantly different from zero regardless of vowel length (LLong: t(4)=0.63, p=0.565; L-Short: t(4)=1.98, p=0.119). m of
M and H tones was significantly higher than zero only in long
vowels but not in short vowels (M-Long: t(4)=3.15, p=0.035;
H-Long: t(4)=4.84; p=0.008; M-Short: t(4)=0.70, p=0.523; HShort: t(4)=1.83, p=0.141). Further inspection of the means of
m in Table 3 suggests that H should have a shallow rise target
while M should have a static target. For target height, only H
was found to be not significantly different from zero regardless of the vowel length (H-long t(8)=1.72, p=0.123). M, L
and R tones have b values significantly lower than the total
mean (M-Long: t(4)=8.57, p=0.001; M-Short: t(4)=7.68,
p=0.002; L-Long: t(4)=9.27, p=0.001; L-Short: t(4)=17.03;
p<0.001; R-Long: t(4)=33.89, p<0.001; R-Short: t(4)=16.16,
p<0.001), while only F tone has b significantly higher than

Table 2. Average RMSE in semitone and correlation coefficients comparing between the speaker
dependent and speaker independent parameters.
Conditions

Number of
Parameter

RMSE (st)

Correlation

Speaker
Dependent

50

0.78 ± 0.05

0.889 ± 0.012

Speaker
Independent

10

0.90 ± 0.06

0.871 ± 0.014

Table 3. Means and standard errors of parameters
of the tone function in different vowel lengths.
Tone
M
L
F
H
R

†

Vowel
Length

m (st/s)

b (st) †

λ

Long

5.5 ± 1.8

-3.0 ± 0.4

15.4 ± 0.9

Short

1.9 ± 2.7

-1.7 ± 0.2

14.1 ± 1.2

Long

-2.3 ± 3.7

-4.1 ± 0.4

16.4 ± 2.9

Short

4.8 ± 2.4

-4.6 ± 0.3

19.5 ± 0.8

Long

-27.3 ± 2.5

1.4 ± 0.3

18.9 ± 1.8

Short

-26.7 ± 2.3

1.9 ± 0.4

24.3 ± 3.0

Long

12.1 ± 2.5

-0.1 ± 0.6

14.2 ± 1.7

Short

11.8 ± 6.5

1.2 ± 0.9

13.9 ± 1.8

Long

19.1 ± 2.8

-3.4 ± 0.1

21.4 ± 2.5

Short
19.8 ± 3.6
-2.9 ± 0.2 25.8 ± 1.5
b is relative to the F0 onset of the utterance.

zero (H-Long: t(4)=4.74, p=0.009; H-Short: t(4)=4.64,
p=0.010). For strength, only M has significantly lower λ compared to the total mean (M-Long: t(4)=3.47, p=0.026; MShort: t(4)=3.67, p=0.021). These contrastive properties in
model parameters indicate unique representation of Thai
tones. This also indicates the effectiveness of PENTATrainer
in learning the abstract representation of communicative functions.
Figure 5 shows comparison of mean time-normalized F0
contours between originals (solid black line) and synthetics
(red dotted line) using the parameters in Table 3. The overall
close fit between the two indicates that PENTATrainer can
generate most of the contextual tonal variations with the
learned categorical targets. What cannot yet be simulated,

Figure 5: Mean time-normalized F0 contours averaged in semitone across 4 vowel length conditions, 5 repetitions, and 5
speakers. Y-axis displays F0 values in semitone. In each panel, the solid black line is the mean original F0 contour while the
dotted red line is the mean synthesized F 0 contour from PENTATrainer using the parameters in Table 3.
however, is anticipatory dissimilation [8], which is not currently modeled. For example, when H tone was followed by
tones that approach a relatively low F0 such as M, L or R
tones, the original contours of H tones are higher than the
synthesized contours.

4. Conclusion
This study has shown Thai tone can be represented by categorical underlying representations in terms of pitch targets. Based
on the results from computational modeling and visual inspection, a set of pitch target parameters can be used to simulate
Thai tone quite accurately. Distinctive contrasts in model parameters were found for each tone. The results have also
demonstrated the effectiveness of new version of PENTATrainer in modeling prosody as communicative functions.
Unlike the earlier implementation qTA in [16], in which constraints were imposed on the slope of the tonal targets, here
the categorical target parameters were learned without any
prior parameter constraints. This is one step forward toward
fully automatic extraction of tonal parameters from continuous
speech.
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