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Abstract

The intonational structure of Seoul Korean
has been defined with discrete tonal categories
within the Autosegmental-Metrical model of in-
tonational phonology. However, it is challeng-
ing to map continuous F0 contours to these
invariant categories due to variable F0 realiza-
tions in real-world speech. Our paper proposes
Dual-Glob, a deep supervised contrastive learn-
ing framework to robustly classify fine-grained
pitch accent patterns in Seoul Korean. Unlike
conventional local predictive models, our ap-
proach captures holistic F0 contour shapes by
enforcing structural consistency between clean
and augmented views in a shared latent space.
To this aim, we introduce the first large-scale
benchmark dataset, consisting of manually an-
notated 10,093 Accentual Phrases in Seoul Ko-
rean. Experimental results show that our Dual-
Glob significantly outperforms strong baseline
models with state-of-the-art accuracy (77.75%)
and F1-score (51.54%). Therefore, our work
supports AM-based intonational phonology
using data-driven methodology, showing that
deep contrastive learning effectively captures
holistic structural features of continuous F0

contours.

1 Introduction

Seoul Korean is an edge-prominence language
(Jun, 1998, 2005), where fundamental frequency
F0, the acoustic correlate of pitch, is used to orga-
nize prosodic structures to encode grammatical and
pragmatic distinctions. Within the Autosegmental-
Metrical (AM) theory of intonation (e.g., Beckman
and Pierrehumbert, 1986; Ladd, 2008) and its Ko-
rean Tones and Break Indices (K-ToBI; Jun, 2000)
transcription system, a continuous F0 contour is
modeled as a sequence of discrete tonal targets
such as Lows (L) and Highs (H), which are inter-
polated with one another.
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Figure 1: Intonational structure of Seoul Korean (Jun,
1998). The AP-initial tone (T) is realized as H for aspi-
rated and tense consonants, otherwise L. The % symbol
refers to a boundary tone (e.g., L% or H%) at the end of
an IP.

The intonational structure of Seoul Korean is
hierarchically organized, with an Accentual Phrase
(AP) as the basic unit, one or more of which are
grouped into an Intonational Phrase (IP). Accord-
ing to Jun (1998), APs with more than three syl-
lables typically surface as LHLH or HHLH, de-
pending on the phrase-initial segment: APs begin-
ning with aspirated or tense consonants surface as
HHLH, while others surface as LHLH (Figure 1).
Shorter APs show fourteen possible tonal patterns:
LH, HH, LL, HL, LLH, LHH, HLH, LHL, HHL,
HLL, LHLL, HHLL, LHLH, and HHLH (See Ap-
pendix A for the schematic contours of these pat-
terns.).

Despite this well-established theoretical charac-
terization of intonation, there is a significant gap
between phonological models (Jun, 1998) and real-
world acoustic data. Crucially, it is highly compli-
cated to map continuous F0 contours onto discrete
and invariant tonal categories due to the inherent
variability of F0 coming from gender differences,
speech styles, and phonetic contexts (e.g., Cole
and Shattuck-Hufnagel, 2016). While intonational
research has been conducted based on expert an-
notations using the ToBI system (Beckman and
Hirschberg, 1994), such perception-based transcrip-
tions may fall into subjective bias and are difficult
to deal with large-scale data for computational mod-
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eling.
To fill this gap, we propose a Dual-Glob, a deep

supervised contrastive learning approach to char-
acterize continuous F0 variations into fine-grained
and invariant pitch accent categories in Seoul Ko-
rean. Unlike traditional supervised models that are
prone to overfitting and sensitive to measurement
noise, our contrastive framework enables the model
to learn robust and discriminative representations
of raw F0 contours. Therefore, we maximized the
similarity between F0 contour shapes within the
same pitch accent category while contrasting them
across different pitch accent categories in the latent
space.

This study supports the discrete tonal categories
defined within AM theory with the representional
power of data-driven deep learning approaches. By
using large-scale acoustic data, we show that our
model effectively captures fine-grained pitch accent
categories in Seoul Korean. Our proposed frame-
work offers a more robust and scalable approach to
classifying the pitch accent patterns than conven-
tional models.

The contributions of our work are summarized
as follows:

• Large-Scale Prosodic Benchmark Dataset:
We construct the first large-scale benchmark
dataset for classifying pitch accent categories
in Seoul Korean, paving the way for future
intonational research.

• Connecting AM Theory with Deep Learn-
ing Framework: To our knowledge, we pro-
pose the first deep learning model that ac-
count for the AM’s discrete tonal representa-
tion with holistic F0 contours. This approach
enriches AM-based intonational phonology
with continuous and data-driven representa-
tion learning.

• State-of-the-Art Performance: Experimen-
tal results show that our Dual-Glob method
significantly outperforms other competitive
baseline models with state-of-the-art accuracy
in characterizing continous F0 contours.

2 Related Work

Intonational Structure of Seoul Korean The
intonational structure of Seoul Korean has been
mainly formalized within the AM framework (e.g.,
Beckman and Pierrehumbert, 1986; Ladd, 2008),
with an AP as the basic unit of tonal organization.

(Jun, 1998, Jun, 2005). (Jun, 2000) identified up
to fourteen AP tonal patterns (e.g., HHLH, LH),
conditioned by the laryngeal features of the phrase-
initial segment and syllable count. Studies have
empirically shown that the tonal patterns of APs in
Seoul Korean exhibit strong edge-prominent char-
acteristics (e.g., Hatcher et al., 2024; Kim, 2008).
Importantly, Kim (2008) found that in both read
and radio speech, most APs begin with a rising
tone and end with a high tone (LH...LH) to signal
prosodic edges for word segmentation. Despite this
basic pattern, other tonal patterns were distributed
variably across registers: radio speech showed a
more varied distribution than read speech.

While AM theory has been a mainstream theo-
retical framework in intonational phonology, con-
figurational approaches (e.g., Bolinger, 1951; Hart
et al., 2003; Xu, 2005) view intonation as a holistic
F0 contour shape rather than a sequence of discrete
tonal targets. Interestingly, recent studies have em-
phasized the importance of incorporating continu-
ous F0 information (Barnes et al., 2012, 2021; Joo
and D’Imperio, 2025), suggesting that only con-
sidering discrete tonal targets within AM theory
may be insufficient to fully capture the intonational
patterns.

Intonational Modelling Inspired by configura-
tional approaches, Levow (2005) used uniform rep-
resentations of pitch, duration, and intensity within
a support vector machine to classify Mandarin
tones and English pitch accents, while also con-
sidering the preceding and following shape con-
texts. However, these methods only focused on
discrete features, which are not enough to capture
fine-grained dynamic patterns of F0.

Recent work has modeled intonation as a contin-
uous F0 contour. The dynamical systems approach
models English pitch accents as nonlinear trajecto-
ries toward phonological targets (Iskarous, 2017;
Iskarous et al., 2023; Iskarous and Cole, 2026).
However, it uses predefined parameters (e.g., F0

peak and velocity) in a differential equation, rather
than learning representations directly from raw F0

time series.
In contrast, recent deep learning approaches have

shown that directly modeling raw F0 of Mandarin
tones can outperform conventional feature-based
methods (Chen et al., 2022).

Deep Learning Approaches in Korean Prosody.
Recent deep learning approaches use F0 contours
for tasks like speech emotion recognition using

39603



dual recurrent encoder (Yoon et al., 2018), or di-
alect identification via Bidirectional long short-
term memory (BiLSTM) (Lee et al., 2021). How-
ever, these works largely focus on boundary detec-
tion or broad regional categories. To our knowl-
edge, we are the first to apply deep contrastive
learning to the fine-grained classification of tonal
patterns in Seoul Korean (e.g., LHLH vs. HH), ex-
plicitly modeling holistic F0 contour shapes.

Contrastive Learning for Robust Represen-
tations. While models like InceptionTime (Is-
mail Fawaz et al., 2020) handle time-series, their
reliance on a large amount of labeled data limits
scalability. Self-supervised predictive coding (Oord
et al., 2018) offers an alternative but rests on Marko-
vian assumptions not suitable for holistic tonal rep-
resentations (e.g., HHLH). In contrast, supervised
contrastive learning (SupCon) (Khosla et al., 2020)
can optimize for the consistency of global F0 con-
tours. By clustering the same class samples in the
latent space, SupCon learns invariant tonal repre-
sentations robust to measurement noise and speaker
variability.

3 Proposed Model

3.1 Motivation: Holistic Tonal representations
vs. Temporal Prediction

Standard self-supervised time-series methods often
rely on predictive coding, predicting future seg-
ments from past contexts (e.g., xpast → xfuture).
While this works well for stochastic processes, we
argue that it is suboptimal for modeling Seoul Ko-
rean pitch accent patterns.

In AM theory, APs are not Markovian sequences
but discrete tonal representations where the en-
tire contour determines linguistic meaning. Thus,
treating intonation as a local predictive task risks
fragmenting these global units. To address this, we
propose a holistic representation learning frame-
work by capturing the global shape of F0 contours,
at the same time, making distinct representations
contrastive despite local temporal variations.

3.2 Dual-View Supervised Contrastive
Learning

To robustly learn tonal representations, we employ
a dual-branch architecture (Figure 2) that processes
both original and augmented views via shared en-
coders. This design enforces consistency regular-
ization, ensuring the model recognizes underlying
tonal categories even under input perturbations.

3.2.1 Data Augmentation and Encoding
Given a clean input xc, we generate an augmented
view xa via stochastic perturbations to simulate
natural variability. Both xc and xa are processed
by a shared encoder E(·) and projection head P (·)
to yield:

zc = P (E(xc)), za = P (E(xa)) (1)

These projections map F0 contours into a normal-
ized latent space for contrastive learning.

3.2.2 Objective Function
We employ the SupCon loss to structure the latent
space. Specifically, we formulate a joint objective
with two terms to balance intra-class compactness
on clean data and robust representation learning
against perturbations.

1. Clean-view SupCon (LClean): This term en-
sures that the representation of the original F0 con-
tour correctly aligns with other instances of the
same tonal category. Formally, the loss is defined
as:

LClean = −
∑

i∈B

1

|P (i)|
∑

j∈P (i)

log
exp(zi,c · zj,c/τ)∑

k∈B\{i} exp(zi,c · zk,c/τ)

(2)

where zi,c is the clean projection of the i-th sample,
P (i) is the set of indices of positive samples in
batch B, and τ is a temperature parameter.

2. Augmented-view SupCon (LAug): This term
addresses the inherent instability of pitch extraction
in real-world environment. Raw F0 contours are
accompanied by discontinuations (e.g., breath, plo-
sives) and pitch tracking errors. Models trained
solely on raw F0 contours risk overfitting to
surface-level irregularities. To mitigate this, LAug

enforces invariant representation learning, enabling
the model to ignore noise and capture robust phono-
logical representations. Formally, the loss mini-
mizes the discrepancy between augmented views
and clean positives:

LAug = −
∑

i∈B

1

|P (i)|
∑

j∈P (i)

log
exp(zi,a · zj,c/τ)∑

k∈B\{i} exp(zi,a · zk,c/τ)

(3)
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Figure 2: Overview of the proposed Dual-Glob framework. The model processes entire F0 contours via parallel
clean (xc) and augmented (xa) views using a shared encoder. A composite supervised contrastive objective (LTotal)
enforces structural consistency across both views to learn robust representations.

Here, zi,a denotes the embedding of the augmented
anchor, while P (i) is the set of indices for clean
samples belonging to the same class as i. The terms
zj,c and zk,c represent these clean positive proto-
types and the entire pool of clean embeddings in
the batch, respectively. This asymmetric formu-
lation explicitly encourages the model to project
distorted representations onto the stable manifold
formed by the clean signals, effectively denoising
the intonational features.

The final training objective integrates both clean-
signal consistency and augmented-view robustness.
We define the total loss as a weighted sum of the
two components:

LTotal = λ1LClean + λ2LAug (4)

where λ is a balance parameter. By minimizing this
total loss, the model learns to capture the global F0

contour shape (e.g., HHLH), ignoring small local
errors that often mislead predictive models.

3.2.3 Downstream Classification
After training, we freeze the encoder and discard
projection heads to extract latent pitch features.
These are fed into standard classifiers, ensuring that
performance reflects robustness of representation
rather than classifier complexity.

4 Experiments

4.1 Dataset and Preprocessing

We constructed a new dataset of APs in Seoul Ko-
rean1, using the broadcasting conversational data,

1Our dataset isavailable at our GitHub repository

a large-scale corpus provided by AI Hub (National
Information Society Agency, 2022). In order to
make sure clear prosodic realization with precise ar-
ticulation, we selected the recordings produced by
18 professional broadcasters (11 females, 7 males).

The raw audio was manually segmented into APs
based on perceptual judgment and visual inspection
of F0 contours, since automated forced alignment
often fails to detect prosodic boundaries and vary-
ing speech rates can result in different phrasing
(Jun, 2003).

Each AP was then annotated by two trained K-
ToBI (Jun, 2000) transcribers. A total of 10,093
APs were categorized into 16 distinct tonal pat-
terns, including monosyllabic APs with either a L
or an H tone. The distribution of these categories is
provided in Table 1.

Feature Extraction We extracted F0 contours
using the pYIN algorithm from 22.05 kHz audio.
Frame and hop lengths were set to 1024 and 256,
with a range of 80–400 Hz. All sequences were
fixed to 200 frames (T = 200) for consistency.

Normalization Since absolute pitch varies by
speaker (e.g., gender), raw F0 introduces bias. To
mitigate this, we applied speaker-wise Min-Max
normalization: x′ = x−mink

maxk −mink
, scaling pitch val-

ues to the range [0, 1].

4.2 Experimental Design

Baselines. We compared our framework against
diverse competitive models. First, we employed
standard sequence encoders: 1D-CNN (Wang et al.,
2017), BiLSTM (Schuster and Paliwal, 1997;
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Table 1: Distribution of the 16 tonal labels in the dataset.

Label Count Label Count
H 200 L 15
HH 1,168 LH 1,318
HHL 77 LHH 1,084
HHLH 1,463 LHL 81
HHLL 784 LHLH 2,705
HL 57 LHLL 431
HLH 259 LL 8
HLL 26 LLH 417

Total 10,093

Hochreiter and Schmidhuber, 1997), and Trans-
former (Vaswani et al., 2017). Second, we bench-
marked against state-of-the-art time-series models:
InceptionTime (Ismail Fawaz et al., 2020), Times-
Net (Wu et al., 2022), and DLinear (Zeng et al.,
2023), which specialize in trend decomposition. Fi-
nally, we included MiniRocket (Dempster et al.,
2021) as an efficient non-deep learning baseline.

Evaluation Protocol. For the proposed model,
we froze the pre-trained encoder and evaluated the
representations using LightGBM (Ke et al., 2017),
logistic regression (LR) (Cox, 1958), and ran-
dom forest (RF) (Breiman, 2001). All experiments
were conducted using 5-fold cross-validation. For
the performance measurement, we employed both
accuracy (Acc) and macro-F1 score (F1). The
detailed experimental design and the architectural
specifications for our model and all comparative
baselines are provided in Appendix B. In addition,
we employed a stochastic data augmentation strat-
egy for contrastive learning. Detailed information
regarding this procedure is provided in Appendix
C.

4.2.1 Ablation Study Design
To validate the synergy between augmentation and
training objectives, we evaluated representation
quality using classifiers trained on frozen features.
We denoted predictive loss as LPred, with super-
scripts Clean and Augment indicating clean and
augmented views. The variants were categorized
as follows:

• Local Predictive Models: To assess the im-
pact of learning local temporal transitions,
we evaluate two variants of predictive cod-
ing. Pred-C (based on Vanilla SimTS (Zheng
et al., 2023)) employs a unidirectional con-
trastive loss (LClean

Pred ) that predicts the future
half of a pitch sequence from its past, using

only clean data. In contrast, Pred-A extends
this approach by utilizing bidirectional pre-
diction between clean and augmented views
(LAugment

Pred ). Specifically, it simultaneously
optimizes the prediction of the clean future
from an augmented past, and vice versa,
to enforce stronger local consistency across
stochastic perturbations.

• Global Contrastive Models: Glob-Clean
and Glob-Augment apply contrastive objec-
tives to clean (LClean) and augmented (LAug)
sequences, respectively, to capture holistic
structural features. Each objective follows the
contrastive formulation defined in Eq. (4), ap-
plied to its respective data view.

• Hybrid: This model integrates the global con-
trastive objective on augmented views with
a cross-view predictive task. Specifically, it
combines LAug with a loss that forecasts the
future pitch features of an augmented view
from the corresponding clean future segment
(LAug + LCleanfut→Augfut

Pred ). This hybrid ap-
proach encourages the model to align global
structural representations while maintaining
local consistency between clean and perturbed
pitch contours.

Loss Formulation Strategies. To justify our se-
lection of independent loss terms for clean and
augmented views (LClean + LAug), we evaluate
two alternative contrastive formulations that incor-
porate cross-view interactions:

1. Cross-Branch Class-Aware Loss (Cross-
view SupCon): This variant explicitly calcu-
lates the contrastive loss between clean view
embeddings (z) and augmented view embed-
dings (z′) to enforce direct cross-view align-
ment. The objective is defined as:

Lcross =− 1

|I|
∑

i∈I

1

|P (i)|
∑

p∈P (i)

log
exp(sim(zi, z

′
p)/τ)∑

a∈I exp(sim(zi, z′a)/τ)

(5)

where I denotes the set of indices in a batch,
and P (i) = {p ∈ I | y′p = yi} is the set
of indices of augmented samples sharing the
same class label as clean sample i.

2. Unified SupCon: This variant treats clean
and augmented views as a single inte-
grated batch. We define a combined set
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Table 2: Comparison of classification performance be-
tween the proposed Dual-Glob framework and baseline
models. All results represent the average of 5-fold cross-
validation (Mean ± SD).

Model Acc F1

Standard Deep Learning Baselines
1D-CNN 0.7410 ± 0.0104 0.4930 ± 0.0134

BiLSTM 0.7568 ± 0.0156 0.4915 ± 0.0290

Transformer 0.7177 ± 0.0107 0.4680 ± 0.0248

State-of-the-Art Time-Series Models
InceptionTime 0.7426 ± 0.0106 0.5043 ± 0.0147

TimesNet 0.6794 ± 0.0180 0.3759 ± 0.0191

MiniRocket 0.7303 ± 0.0152 0.4322 ± 0.0179

DLinear 0.6461 ± 0.0078 0.3892 ± 0.0242

Proposed (Dual-Glob)
w/ LightGBM 0.7743 ± 0.0052 0.5086 ± 0.0064

w/ RF 0.7740 ± 0.0069 0.5051 ± 0.0061

w/ LR 0.7775 ± 0.0064 0.5154 ± 0.0151

Zall = {z1, . . . , z|I|, z′1, . . . , z′|I|} with in-
dices J . The objective is to optimize the super-
vised contrastive loss over this unified batch:

Lunified =− 1

|J |
∑

i∈J

1

|P (i)|
∑

p∈P (i)

log
exp(sim(ri, rp)/τ)∑

a∈J\{i} exp(sim(ri, ra)/τ)

(6)

where r denotes an embedding in Zall and
P (i) = {p ∈ J \ {i} | yp = yi}.

Gender-Specific Analysis. Previous studies
(Henton, 1989; Pépiot, 2014) show that F0 from
female speakers ranged wider and is more vari-
able than that from male speakers. We hy-
pothesized these different F0 realizations could
hinder learning the shared tonal patterns. To inves-
tigate this, we designed two settings:

1. Disaggregated Evaluation: We evaluated the
unified model on male and female subsets sep-
arately to detect potential bias.

2. Gender-Specific Training: We trained inde-
pendent models on gender-split data to as-
sess if domain splitting outperforms learning
a shared invariant space.

4.3 Result Analysis
Comparative Analysis with Baselines. Table 2
shows the main result of the proposed model and
baseline models. Our Dual-Glob (w/ LR) achieved

Figure 3: t-SNE visualization of the validation set. Dis-
tinct clusters form for most categories, while overlaps
between similar classes (e.g., HHL vs. HHLL) reflect
their F0 contour shape resemblance.

state-of-the-art Acc (0.7775) and F1 (0.5154),
outperforming the strongest baseline, BiLSTM
(0.7568). While BiLSTM remained competitive,
our method demonstrated superior stability with
lower standard deviations, suggesting contrastive
learning effectively stabilized performance. In-
ceptionTime (0.7426) and MiniRocket (0.7303)
showed strong results but fall short, while Times-
Net (0.6794) failed to capture pitch variations.

Limitations of Attention and Decomposition.
Transformer (0.7177) and DLinear (0.6461) per-
formed poorly. DLinear’s trend decomposition
proves too rigid for complex intonation. Similarly,
Transformer’s global attention failed to capture fine-
grained local transitions effectively compared to
our approach. For detailed error analysis, refer to
Appendix D.

Feature Visualization Figure 3 visualizes repre-
sentations via t-SNE (Maaten and Hinton, 2008),
showing our model maps distinct tonal patterns into
clusters, capturing global pitch shapes. However,
similar categories like HHL and HHLL overlap.
Even though the final pitch patterns are different,
the initial pitch patterns are the same so that those
categories are placed closely in the latent space.

4.4 Analysis of Ablation Studies

Limitations of Predictive Contrastive Modeling.
Table 3 highlights the limitations of the predictive
contrastive paradigm (SimTS) for this task. Using
LightGBM, both Pred-C (0.5521) and Pred-A
(0.6901) showed significantly lower Acc compared
to the global contrastive approaches. This suggests
that the predictive goal itself is not suitable for this
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task, regardless of how it predicts the future or past
sequence. Since Seoul Korean tones are defined by
the overall shape of the pitch, methods that rely on
predicting only parts of the sequence fail to learn
the global structure.

Efficacy of Global Constraints. All global con-
trastive models consistently exceed 0.76 Acc, out-
performing predictive baselines by a wide margin.
This confirms that applying SupCon on the full
sequence effectively captures the holistic tonal pat-
terns essential for classification.

Superiority of the Proposed Method. Proposed
model (Dual-Glob) achieved the highest Acc
(0.7775), showing that simply enforcing consis-
tency between the global representations of dif-
ferent views is the most effective strategy. Inter-
estingly, the Hybrid model (w/ LR) performed
slightly worse (0.7712). This model combines the
global contrastive objective with a predictive task
that forecasts the augmented features from the
clean ones. The results suggest that this explicit
predictive constraint is unnecessary; it enforces the
model to learn exact feature mappings between
views, potentially distracting it from learning the
invariant global patterns that are critical for classi-
fication.

Furthermore, our investigation into loss formu-
lation strategies (Table 3) shows that the Dual-
Glob approach yields favorable results compared to
Cross-View SupCon (w/ LR) (0.7679) and Unified
SupCon (w/ LR) (0.7732). While explicit cross-
view alignment is common in self-supervised learn-
ing, these findings suggest that optimizing clean
and augmented views through separate loss terms
may provide a more balanced training signal for
prosodic analysis. This independent supervision ap-
pears to encourage the model to capture the shared
global patterns effectively while maintaining ro-
bustness against specific variations in perturbed
pitch contours.

Effect of Gender Difference. Table 4 shows that
in the unified model, female speakers achieved sig-
nificantly higher Acc than male speakers (0.8075
vs. 0.7130). As shown in Figure 4, female speak-
ers form a compact and high-performance cluster,
whereas male speakers exhibit lower median Acc.
Adopting a gender-specific approach further im-
proved performance, increasing female speakers’
Acc to 0.8120 and male speakers’ Acc to 0.7288.
This difference is likely because female speakers

Table 3: Performance comparison of contrastive mod-
els including loss formulation variants. Performance is
measured via 5-fold cross-validation on frozen features.

Method LightGBM RF LR

Acc F1 Acc F1 Acc F1

Pred-C 0.5521 0.3231 0.5469 0.3193 0.5275 0.32970
Pred-A 0.6901 0.3722 0.5976 0.3549 0.5981 0.3064

Glob-Clean 0.7688 0.4892 0.7677 0.4822 0.7708 0.4931
Glob-Augment 0.7654 0.4838 0.7656 0.4844 0.7697 0.4918
Hybrid 0.7679 0.4956 0.7659 0.4868 0.7712 0.4947

Cross-View SupCon 0.7670 0.4877 0.7661 0.4835 0.7679 0.4878
Unified SupCon 0.7721 0.4970 0.7719 0.4950 0.7732 0.5051

Proposed (Dual-Glob) 0.7743 0.5051 0.7740 0.5051 0.7775 0.5154

Table 4: Performance comparison between unified and
gender-specific models.

Gender Unified Model Gender-Specific Model

Acc F1 Acc F1

Male 0.7130 ±0.04 0.4784 ± 0.04 0.7288 ± 0.02 0.5539 ± 0.02

Female 0.8075 ± 0.01 0.5286 ± 0.02 0.8120 ± 0.02 0.6103 ± 0.03

use a wider pitch range, which makes their intona-
tion patterns more distinct and easier for the model
to recognize. In contrast, male speakers tend to use
a narrower range, creating more similar and am-
biguous patterns that are harder to tell apart. For a
visual look at how these patterns are separated in
the model, please see Appendix E.

4.5 Ambiguity in Sustained Tones

A detailed error analysis reveals a limitation in
modeling tonal patterns ending with sustained L
tones. Figure 5 illustrates failure cases where the
model incorrectly predicts HHLL for ground truth
labels ending in single L tones.

In Figure 5a, the AP, [sæN.kak + Wl]
("thought"+Accusative), labeled as HHL, is mis-
classified as HHLL. Similarly, in Figure 5b, the
AP [thoN.hæ] ("through"), labeled as HL, is also
predicted as HHLL. These errors come from the
acoustic ambiguity of the final L tone. When a
speaker lengthens the final syllable (e.g., [hæ] in
[thoNhæ]), the resulting long and flat F0 contour is
geometrically indistinguishable from a sequence of
multiple L tones to a model that relies solely on F0

shapes.
This ambiguity is because the model only looks

at the F0 shape and does not know the length of
each sound or where the syllables end. Without
this information, the model often mistakes a long
and flat low pitch for several different patterns. For
more details on these errors, please see Appendix
D.
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(a) Acc distribution. (b) F1 distribution.

Figure 4: Performance distribution of unified model
across Acc and F1.

(a) Misclassification of [sæN.kak + Wl]
("thought"+Accusative): Predicted HHLL, Ground
Truth HHL.

(b) Misclassification of [thoN.hæ] ("through"): Predicted
HHLL, Ground Truth HL.

Figure 5: Failure cases demonstrating the ambiguity in
sustained tones. In both cases, the model misinterprets
the lengthened final L tone as a sequence of multiple L
tones (LL).

5 Discussion

To address the aforementioned limitations, we in-
corporated syllable count constraints into the clas-
sification framework. Specifically, we encoded the
syllable count (Nsyl) of each AP into a structural
vector. We clip the maximum length at 4 (i.e., any
Nsyl ≥ 4 is encoded as the maximum category).

This syllable information is encoded as a one-hot
vector vsyl ∈ R4 and concatenated with the frozen
latent representation z derived from the encoder.
The final input to the classifier becomes [z; vsyl].
This fusion strategy allows the model to distinguish
whether a sustained contour corresponds to a sin-
gle lengthened syllable or multiple tonal targets,
thereby resolving the ambiguity in patterns like HL
versus HHLL.

The results in Table 5 show the performance of

Table 5: Classification performance comparison of the
proposed syllable-aware model.

Ours Acc F1

w/ LightGBM 0.891 ± 0.014 0.694 ± 0.020
w/ RF 0.865 ± 0.015 0.622 ± 0.024
w/ LR 0.894 ± 0.021 0.689 ± 0.013

Table 6: Gender-specific performance analysis for the
proposed syllable-aware model with LightGBM.

Gender
Ours

Acc F1

Male 0.8548 ± 0.04 0.7153 ± 0.02
Female 0.9154 ± 0.02 0.7725 ± 0.03

our syllable-aware model. By combining syllable
counts with F0, the model reached its highest Acc
of 0.894 with LR. This demonstrates that adding
simple timing information helps the model better
understand complex intonation patterns.

We also analyzed how the model performs for
different genders in Table 6. The syllable-aware
model with LightGBM worked particularly well for
female speakers, achieving 0.9154 Acc and 0.7725
F1. This confirms that even after adding syllable
information, the clearer and wider pitch ranges of
female voices continue to provide more distinct
cues for the model compared to male voices.

6 Limitations

Although the proposed model effectively classifies
pitch contours, several factors limit the extent to
which tonal categories can be fully captured. First,
while we rely on F0, intonation is closely related
to other prosodic cues, such as segmental duration
and intensity that also mark prominence.

In addition, F0 measurement itself remains im-
perfect: (1) F0 track is often lost due to vowel de-
voicing or at the phrase-final position, (2) pitch
halving errors (sudden drop of F0) may lead to
tonal misinterpretation, (3) glottalization in phrase-
final L tones lead to pitch tracking loss or errors,
and (4) F0 rise due to local pitch perturbations fol-
lowing the release of the obstruents. (For a detailed
discussion on these measurement difficulties, see
Appendix F.)

Furthermore, as illustrated in Table 1, the distri-
bution of pitch labels exhibits a significant class
imbalance. In particular, categories with fewer than
100 samples show relatively low precision and re-
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call. Consequently, overall F1 across all models,
including the baselines, remain constrained. To ad-
dress this, it is essential to secure a more substan-
tial dataset, for example, obtaining several hundred
samples per class, and to employ specialized loss
functions or training strategies designed for class-
balancing. For a more detailed error analysis for
each class, please refer to Appendix D.(b).

Despite limitations, the model performs strongly
using F0 alone, suggesting pitch contours encode
substantial structural information. Note that our
analysis highlights inherent gender differences: fe-
male speakers typically exhibit wider ranges and
more dynamic excursions in F0 than male speakers.

However, it should be noted our dataset was
constructed based on broadcast speech, which is
optimized for clear information delivery, but this
may lead to a restricted set of pitch patterns, poten-
tially constraining the observed variability of pitch
patterns. Given that Kim (2008) found that pitch
accent distributions differ by register, future work
should therefore examine a broader range of speech
styles and corpora to validate the generalizability
of these findings.

7 Conclusion

In this work, we make two main contributions to
the study of Seoul Korean intonation. First, we con-
structed a new benchmark dataset by manually
labeling AP in Seoul Korean. This dataset provides
high-quality tonal labels, making it a rich resource
for various fields such as speech synthesis and au-
tomated linguistic analysis.

Second, we presented Dual-Glob, a framework
designed to capture the holistic shape of F0 con-
tours. Unlike previous methods that focus on local
transitions, our approach learns the entire structure
of the pitch pattern at once. Our results showed
that this global perspective is much more effective,
achieving significantly higher Acc than existing
models.

Our analysis also revealed that while the nar-
rower pitch ranges of male speakers can make clas-
sification more difficult, our model remains robust
by capturing the global structure of the sounds.
These findings confirm that focusing on the F0

shapes as a whole is the most reliable way to ana-
lyze intonational patterns.
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A Appendix A: Schematic F0 contours of an AP

The schematic F0 contours of an AP in Seoul Korean are provided in Figure 6 (Redrawn from Jun (2000)).
The APs in Seoul Korean are typically realized with the following sixteen pitch accent categories.

Figure 6: Schematic F0 contours of sixteen pitch accent patterns for an AP in Seoul Korean (Jun, 2000)

Appendix B: Implementation Details

Environment and Data Split. All models were implemented using PyTorch and trained on an NVIDIA
GPU RTX 2070. To ensure a robust evaluation, we employed 5-fold stratified cross-validation with a
fixed random seed (42). For each fold, the dataset was split into training and validation sets, and the final
performance is reported as the mean and standard deviation across the five folds.

Model Architecture. For the proposed Dual-Glob framework, we utilized a 6-layer 1D CNN en-
coder with kernel sizes of [16, 12, 9, 6, 6, 6], strides of [1, 2, 2, 1, 1, 1], and increasing channel sizes of
[16, 32, 64, 128, 256, Demb]. After the convolutional layers, a masked global average pooling (GAP) was
applied to obtain the latent representation. Both the projection and prediction heads were configured as
2-layer MLPs with a hidden and output dimension of 64 and ReLU activation. To evaluate the robustness
of the learned embeddings, we systematically varied the embedding size (Demb) from 64 to 1024 during
our experiments. For the total objective function, the weighting hyperparameters λ1 and λ2 were both set
to 1.

To enhance the density of positive and negative pairs within each training iteration, we adopted a
batch-duplication strategy where each mini-batch was concatenated with itself. This approach effectively
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Table 7: Detailed architecture configurations and hyperparameters for all implemented models. All baselines were
trained end-to-end, whereas the proposed method employed a fixed feature extractor followed by separate classifiers.

Model Component Configuration Details

Proposed (Dual-Glob)

Encoder 6-layer Conv1D (Kernels=[16, 12, 9, 6, 6, 6], Channels=[16, 32, 64, 128, 256, Demb], Strides=[1, 2, 2, 1, 1, 1]) + Masked GAP
Projector 2-layer MLP (Hidden=64, Output=64, ReLU)
Predictor 2-layer MLP (Hidden=64, Output=64, ReLU)
Classifier Logistic Regression, Random Forest (nest = 200), LightGBM (nest = 200)

CNN Backbone 5 Conv1D blocks (Channels=[64, 128, 256, 1024], Kernel=[16, 12, 9, 9]) + MaxPool(2)
Head AdaptiveAvgPool1d(1) → Linear(1024 → Nclasses)

LSTM Backbone Bidirectional LSTM (Hidden=64, Layers=2, BatchFirst=True)
Head Concatenated last hidden states (128 dim) → Linear(128 → Nclasses)

InceptionTime Backbone 6 Inception Blocks (Depth=6, Hidden=128) + Residual Connections
Head AdaptiveAvgPool1d(1) → Flatten → Linear(512 → Nclasses)

Transformer Backbone 2 Encoder Layers (dmodel = 256, nhead = 4, dff = 256) + Positional Encoding
Head Global Average Pooling → Linear(256 → Nclasses)

MiniRocket Transform 50,000 random convolutional kernels (Fixed weights)
Classifier Ridge Classifier (Linear, α ∈ [10−3, 103])

TimesNet Architecture 2 Layers, dmodel = 32, Top-k=1, Multi-periodicity analysis

DLinear Architecture Single Linear Layer decomposition (SeqLen=200)

increases the number of contrastive relations, contributing to more stable and robust gradient estimation
without requiring additional unique data samples.

For baseline comparisons, we deployed standard implementations of CNN, LSTM, InceptionTime,
Transformer, DLinear, and TimesNet, along with MiniRocket. Deep learning baselines were trained
end-to-end, whereas MiniRocket was evaluated using a Ridge Classifier.

Training Configuration. We optimized the models using RAdam combined with the Lookahead
mechanism (k = 5, α = 0.9) to stabilize convergence. The learning rate was set to 1 × 10−2 for self-
supervised pre-training and 3 × 10−3 for supervised baselines, with a weight decay of 1 × 10−4. The
batch size was fixed at 64.

The training duration varied by model, ranging from 50 to 100 epochs depending on convergence speed.
To ensure reliable performance estimation and account for training fluctuations, we calculated the final
metrics by averaging the results of the last 5 training epochs across all 5 folds, rather than relying on a
single best-epoch checkpoint.

Table 7 summarizes the specific architecture configurations and hyperparameter settings for all imple-
mented models.

Appendix C: Effect of Data Augmentation

For contrastive learning, we employed a stochastic data augmentation strategy to learn noise-invariant
representations. For each training instance, we randomly selected 3 transformations from the following
pool of five techniques:

• Random Jittering (J): Adding Gaussian noise (σ = 0.02) to simulate recording noise.

• Scaling (S): Multiplying the amplitude by a random factor (0.8 ∼ 1.2) to handle intensity variations.

• Masking (M): Randomly zeroing out a portion of the sequence (ratio=0.2) to encourage robustness
against missing data.

• Magnitude Shift: Adding a random constant bias to the Log-F0 contour, simulating global pitch
level shifts.

• Time Warping: Applying non-linear temporal deformation using random knots and linear interpola-
tion to simulate local speaking rate variations.

To evaluate the impact of different augmentation selection strategies on model performance, we conducted
comparative experiments across six distinct configurations (D1–D6). These configurations vary in the
number of transformations selected and the diversity of the augmentation pool.
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As shown in Table 8 the D4 strategy (2∼3 random selection) consistently achieves the highest overall
performance across all classifiers. It reaches a peak of 77.75% Acc and 51.54% F1 with the LR model and
maintains the highest average performance (77.53% Acc / 50.97% F1). These results demonstrate that
the dynamic combination of 2 to 3 augmentations is the most effective approach for learning robust and
discriminative pitch accent representations.

Table 8: Comparative results of 5-fold cross validation across different adapter selection strategies (Encoder
Dimension: 1024). Acc and F1 are reported in percentages (%).

Dataset Selection Strategy RF (Acc/F1) LR (Acc/F1) LGBM (Acc/F1) Avg. (Acc/F1)

D1 1 random (Full) 77.25 / 50.12 77.49 / 51.25 77.48 / 50.39 77.41 / 50.59
D2 2 random (Full) 77.39 / 49.96 77.64 / 51.25 77.30 / 50.21 77.44 / 50.47
D3 3 random (Full) 77.23 / 49.74 77.61 / 50.35 77.24 / 50.78 77.36 / 50.29
D4 (Ours) 2∼3 random (Full) 77.40 / 50.51 77.75 / 51.54 77.43 / 50.86 77.53 / 50.97
D5 1 random {J, S, M} 77.09 / 49.53 77.47 / 50.87 77.23 / 50.04 77.26 / 50.15
D6 2 random {J, S, M} 77.30 / 49.99 77.57 / 50.81 77.60 / 51.18 77.48 / 50.68

To further evaluate the effectiveness of the proposed approach, we investigated the impact of data
augmentation (D4) on various baseline models. For these baseline experiments, we trained the models by
concatenating the original clean data with the augmented data, effectively doubling the training size to
ensure a fair comparison. As summarized in Table 9, the application of data augmentation generally led
to performance gains across most architectures. Specifically, models such as BiLSTM, InceptionTime,
and Transformer exhibited notable increases in both Acc and F1. These results suggest that our data
augmentation strategy contributes to better generalization by allowing models to learn from a more diverse
set of pitch contour variations, even when applied to conventional supervised learning frameworks.

Table 9: Performance comparison of baseline models with (w/) and without (w/o) data augmentation. The w/
Augmentation setting uses a concatenation of clean and augmented data. Results represent the average of 5-fold
cross-validation (Mean ± SD).

Model w/o Augmentation w/ Augmentation

Acc F1 Acc F1

1D-CNN 0.7291 ± 0.0087 0.5011 ± 0.0157 0.7410 ± 0.0104 0.4930 ± 0.0134
BiLSTM 0.7440 ± 0.0087 0.4782 ± 0.0190 0.7568 ± 0.0156 0.4915 ± 0.0186
InceptionTime 0.7327 ± 0.0071 0.4915 ± 0.0196 0.7426 ± 0.0106 0.5043 ± 0.0147
DLinear 0.6237 ± 0.0070 0.3875 ± 0.0139 0.6461 ± 0.0078 0.3892 ± 0.0242
MiniRocket 0.7287 ± 0.0159 0.4372 ± 0.0236 0.7303 ± 0.0152 0.4322 ± 0.0179
Transformer 0.6943 ± 0.0770 0.4434 ± 0.0133 0.7177 ± 0.0107 0.4680 ± 0.0248
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Appendix D: Detailed Error Analysis

To quantitatively evaluate the classification behavior, we analyze the confusion matrix shown in Figure 7.
The high concentration of values along the diagonal indicates that the model successfully distinguishes
distinct tonal classes in most cases. However, off-diagonal elements reveal that misclassifications are
not random but primarily occur between similar patterns (e.g., HL vs. HHLL). These confusions suggest
that while the global F0 contour shapes are well-captured, subtle ambiguities in duration and syllable
boundaries remain challenging.

Figure 7: Confusion matrix of the proposed Dual-Glob method with LR. The strong diagonal density confirms
robust classification accuracy across all tonal classes.

(a) Analysis of Error Patterns

We qualitatively analyzed failure cases where the model misclassifies tonal patterns. In each figure below,
the upper and lower panels show representative examples of the error patterns. These error patterns are
largely coming from the ambiguous situations when interpreting sustained tonal contours or lengthened
syllables without segmenting syllable boundaries.

(1) HHL → HHLL (Figure 8a): This category shows APs with three syllables, which is misclassified
as four tones. In the example on the top, [sæN.kak + Wl] ("thought"+Accusative), the final syllable [Wl] is
lengthened. Similarly, in the example at the bottom, [sum.dZi.ko] ("die"+Conjunction), the final syllable
[ko] shows a sustained contour. Due to these reasons, the model incorrectly splits these final segments
into two low tones (LL).

(2) HL → HHLL (Figure 8b): These are APs with two syllables, but misclassifed as four tones. In
[thoN.hæ] ("through") (Top), the final [hæ] is lengthened. In [j2l.ko] ("open"+Conjunction)(Bottom), the
initial syllable [j2l] is also long, which results in a lengthy flat trajectory. The model misinterprets these
longer durations as multiple tonal targets, predicting HHLL for both.

(3) HLL → HHLL (Figure 8c): Both [phj2N.ka.ka] ("assessment"+Nominative) (Top) and
[han.mj2N.kwa] ("with one person") are APs with three syllables ending in two L tones. The contin-
uous low-pitch part for the last two syllables (e.g., [ka.ka]’ or ‘[mj2N.kwa]) does not show a clear acoustic
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(a) HHL → HHLL.
Top: [sæN.kak + Wl] ("thought"+Accusative)
Bottom: [sum.dZi.ko] ("die"+Conjunction)

(b) HL → HHLL.
Top: [thoN.hæ] ("through")
Bottom: [j2l.ko] ("open"+Conjunction)

(c) HLL → HHLL.
Top: [phj2N.ka.ka] ("assessment"+Nominative)
Bottom: [han.mj2N.kwa] ("with one person")

(d) LHL → LHLL.
Top: [i.pok.hj2N] ("half-brother")
Bottom: [ta.s2t.kæ] ("five things")

Figure 8: Visualization of common misclassification patterns. Each subfigure displays two examples (Top/Bottom)
showing the same type of prediction error. The vertical lines indicate the ground-truth syllable boundaries, which
are hidden from the model.

dip. Without syllable boundaries, the model fails to match the F0 contour with each L tone, leading to an
HHLL pattern.

(4) LHL → LHLL (Figure 8d): This error occurs in LHL patterns where the final Low is misrecog-
nized. In [i.pok.hj2N] ("half-brother") (Top) and [ta.s2t.kæ] ("five things") (Bottom), the final syllables
([hj2N] and kæ]) exhibit a falling or sustained L tone. The model correctly identifies the initial LH rise but
misinterpret the final L into LL, resulting in an LHLL prediction.

(b) Per-Class Metrics and Error Analysis
Table 10 provides a detailed breakdown of the classification performance for each pitch accent class.
While the macro-averaged F1 of the proposed model is approximately 0.51, which may appear relatively
modest, a closer inspection of the per-class metrics reveals that this is primarily driven by the extreme
data sparsity in minority categories.

As illustrated in Table 10, classes with a small number of samples, such as HHL, HL, HLL, LHL, L,
and LL show significantly lower performance, which heavily penalizes the macro-average. In contrast,
dominant labels with over 1,000 samples, including HH, HHLH, LH, LHH, and LHLH, consistently
achieve F1-scores ranging from 0.68 to as high as 0.87. These results indicate that the model achieves
robust performance on dominant prosodic patterns, while the lower macro-average is primarily a reflection
of the inherent data imbalance.

For future research, we aim to construct a more extensive and balanced dataset to mitigate these
issues. Additionally, we plan to incorporate advanced training strategies, such as class-balanced loss or
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Table 10: Detailed classification performance for each pitch accent class in Seoul Korean. The results are evaluated
via 5-fold cross-validation.

Tone Class Precision Recall F1 Support

H 0.63 0.58 0.61 200
HH 0.76 0.82 0.79 1,168
HHL 0.41 0.22 0.29 77
HHLH 0.82 0.81 0.82 1,463
HHLL 0.75 0.82 0.79 784
HL 0.31 0.19 0.24 57
HLH 0.62 0.55 0.58 259
HLL 0.33 0.04 0.07 26
L 0.00 0.00 0.00 15
LH 0.76 0.82 0.79 1,318
LHH 0.69 0.67 0.68 1,084
LHL 0.47 0.32 0.38 81
LHLH 0.87 0.87 0.87 2,705
LHLL 0.76 0.72 0.74 431
LL 0.00 0.00 0.00 8
LLH 0.58 0.56 0.57 417

Accuracy 0.77 10,093
Macro Avg. 0.55 0.50 0.51 10,093
Weighted Avg. 0.77 0.77 0.77 10,093

cost-sensitive learning, to further improve the model’s sensitivity to uncommon prosodic patterns.

39618



Appendix E: Latent Space Visualization by Gender

We visualized learned representations via t-SNE (Figure 9). Figure 9b shows the female model forms
well-separated clusters, indicating wider pitch ranges provide clear cues. In contrast, Figure 9a reveals
that the male space overlaps due to narrower pitch excursions, creating ambiguous boundaries between
similar contours.

(a) Male Speakers (b) Female Speakers

Figure 9: t-SNE visualization of the feature space learned by the proposed model. Female speakers (b) show distinct
class separation, whereas male speakers (a) exhibit significant overlap and scattering.

Appendix F: Difficulties in Pitch Tracking

The performance of our model is closely related to the quality of the extracted F0 contours. However, as
shown in Figure 10, real-world speech data often includes pitch discontinuations or pitch tracking errors
that make precise pitch tracking difficult, leading to potential misclassifications.

First, pitch tracking loss is quite frequent. The F0 disappears entirely in many cases, such as during
vowel devoicing following [s] or the affricate (Figure 10d and 10e) or at sentence-final positions (Figure
10a). These missing portions of the F0 are problematic, as the model loses crucial information required to
identify the entire tonal pattern.

Also, pitch tracking errors such as pitch halving creates sudden drops in the F0 contour (Figure 10f and
10h). When these errors occur, the model may misinterpret a H tone as a L tone.

Third, the realization of low tones is often accompanied by glottalization on the vowel, in which F0

contours exhibit pitch tracking errors or signal loss. The pattern is particularly frequent in the phrase-final
L tones as in LHLL or HHLL (Figure 10b and 10c).

Lastly, local F0 perturbations often lead to slight F0 rising following the release of stops and affricates
(Figure 10g and 10h).
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(a) Pitch track loss in the AP-final syllable. (b) Pitch track loss due to glottalization on the AP-final vowel.

(c) Pitch track loss on the third syllable, as well as on the
AP-final vowel due to glottalization. (d) Pitch track loss due to vowel devoicing after [s].

(e) Pitch track loss due to vowel devoicing after the affricate. (f) Pitch track error due to pitch halving.

(g) F0 rising due to local pitch perturbation.
(h) F0 rising due to local pitch perturbation and pitch track
error due to pitch halving.

Figure 10: Visual analysis of various F0 discontiunations or pitch track errors in Seoul Korean speech data, including
devoicing, pitch halving, glottalization, and F0 perturbation.
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Appendix G: Effect of Encoder Dimension

To investigate the impact of the representation capacity on downstream classification performance,
we evaluated the extracted features using three classifiers—RF, LR, and LightGBM—across encoder
dimensions ranging from 64 to 1024. The results are summarized in Table 11.

Overall, the classification performance exhibited a slight improvement as the encoder dimension in-
creased. In particular, the LR classifier demonstrated the most notable enhancement, achieving the best
overall performance of our proposed framework at a dimension of 1024 (Acc: 0.7775, F1: 0.5154). In
contrast, while the RF and LightGBM models also showed marginal performance gains, the differences
across dimensions were not highly significant. These findings suggest that expanding the encoder dimen-
sion generally yields minor performance benefits, but specifically enables the LR model to optimally
leverage the high-dimensional latent representations.

Table 11: Performance comparison across different encoder dimensions. All results represent the average of 5-fold
cross-validation (Mean ± SD).

Encoder Dimension Metric RF LR LightGBM

64 Acc 0.7710 ± 0.0057 0.7690 ± 0.0056 0.7694 ± 0.0062
F1 0.4979 ± 0.0091 0.4701 ± 0.0148 0.4968 ± 0.0145

128 Acc 0.7728 ± 0.0082 0.7721 ± 0.0082 0.7686 ± 0.0087
F1 0.4944 ± 0.0108 0.4880 ± 0.0106 0.4893 ± 0.0149

256 Acc 0.7720 ± 0.0046 0.7747 ± 0.0048 0.7731 ± 0.0065
F1 0.5000 ± 0.0134 0.5029 ± 0.0110 0.5003 ± 0.0167

512 Acc 0.7710 ± 0.0070 0.7730 ± 0.0061 0.7689 ± 0.0083
F1 0.4938 ± 0.0073 0.5004 ± 0.0133 0.4968 ± 0.0180

1024 Acc 0.7740 ± 0.0069 0.7775 ± 0.0064 0.7743 ± 0.0052
F1 0.5051 ± 0.0061 0.5154 ± 0.0157 0.5086 ± 0.0064
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