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Abstract
Computational models for sign language processing often represent phonological components as categories. This
approach, however, does not adequately capture the continuous nature of sign articulation, obscuring nuanced
phonetic variation. Furthermore, the field has lacked resources and standardized methods to evaluate a model’s
ability to represent this continuity. In this work, we address these limitations. First, we introduce the JSL Ordered
Triplet Dataset, a new manually-annotated resource designed to benchmark the modeling of gradual phonological
progressions in Japanese Sign Language. Second, we propose a learning framework that reframes the task
from classification to ranking, using Positive-Unlabeled (PU) learning to optimize the Area Under the ROC Curve
(AUC). Our intrinsic evaluation on the new dataset shows that the learned continuous embeddings significantly
outperform a cross-entropy baseline in ordering intermediate forms, improving the average accuracy on the
continuity ranking task across phonological components from 81.52% to 91.71%. These embeddings also maintain
strong discriminative power for standard component classification. This work provides the community with a valu-
able resource and a method for learning and evaluating more linguistically-grounded representations of sign language.
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1. Introduction

The field of Sign Language Processing (SLP) has
seen significant advancements, particularly in ap-
plications such as sign language recognition and
translation (Zuo et al., 2023; Gong et al., 2024).
Similar to spoken languages, sign languages
are complex linguistic systems where meaning is
constructed through the systematic combination
of smaller, non-meaningful phonological compo-
nents such as handshape, location, and move-
ment (Stokoe, 1960). The ability to represent these
components in a linguistically grounded manner is
a foundational prerequisite for many downstream
SLP tasks (Tavella et al., 2022; Kezar et al., 2023).

However, a representational gap exists between
current deep learning-based SLP models and the
continuous nature of sign language production in
practical use. While sign language production is
a continuous and analog signal, nearly all exist-
ing models treat its constituent parts as mutually
exclusive, categories (Tavella et al., 2022; Kezar
etal., 2023). This gap is illustrated in Figure 1. The
standard classification-based methods, shown in
the top panel, impose boundaries on continuous
phenomena by assigning them to fixed categories.
This process can lead to a loss of nuanced informa-
tion about intermediate forms, phonetic variation,
and phonotactic constraints. This loss of detail
may limit the performance and linguistic fidelity of
downstream applications, particularly for tasks that
rely on subtle phonotactic rules.

To address this representational limitation, we

depart from the standard classification approach.
Instead, we propose to learn a continuous phono-
logical embedding space that preserves the rela-
tional structure between components, as depicted
in the bottom panel of Figure 1. The central re-
search question we address is how a continuous
representation of phonology, which reflects the
graded nature of articulation, can be learned from
datasets that provide only categorical labels. To
this end, we first introduce the JSL Ordered Triplet
Dataset, a new language resource specifically de-
signed to assess a model’s ability to represent the
graded progression between phonological forms.
By providing triplets of signs (v1, v, v3) where vy is
an intermediate form between anchors v; and vs,
this resource enables a new, more nuanced form
of intrinsic evaluation.

Given this new evaluation framework, we refor-
mulate the task from a classification problem to a
ranking problem by introducing a learning frame-
work based on Positive-Unlabeled (PU) AUC op-
timization for this task. We hypothesize that by
ranking all instances of one category higher than
all instances of others, this objective will encour-
age the model to learn a smooth manifold capturing
the continuous structure of the phonological space.

Our contributions are summarized as follows:

» We introduce the JSL Ordered Triplet Dataset,
a new resource for evaluating phonological
continuity in sign language.

"Each instance corresponds to a sign video.
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Figure 1: Conceptual comparison between cat-
egorical and continuous representations of sign
language phonology. Top: Traditional categori-
cal approach assigns phonological components
to categories with hard boundaries, which cannot
represent intermediate forms and gradual transi-
tions. Bottom: Our proposed continuous approach
learns a smooth manifold where phonologically
similar forms are positioned closer together, pre-
serving information about intermediate variations
and enabling more linguistically-grounded repre-
sentations. Icons from McKee et al. (2011).

» We propose a novel intrinsic evaluation metric,
Continuity Ranking Accuracy, enabled by this
dataset.

* We demonstrate that a PU-AUC optimiza-
tion framework, evaluated on our new re-
source, learns superior continuous represen-
tations compared to a standard classification
baseline, while maintaining competitive perfor-
mance on traditional classification tasks.

2. Related Work

2.1. Sign Language Phonology

Sign languages are fully-fledged natural languages,
yet they still differ from spoken languages in that
they lack a universally adopted written form. Early
linguistic analysis of sign languages was hindered
by the absence of a systematic notation. Stokoe
(1960) provided the first rigorous phonological

analysis by decomposing signs into three compo-
nents—Ilocation, handshape, and movement. This
notation allowed signs to be described in a dic-
tionary and laid the foundation for sign language
phonology. In particular, subsequent systems such
as the Hamburg Notation System (HamNoSys)
and SignWriting extend this idea, offering more
iconic glyphs and broader cross-linguistic applica-
bility (Sutton, 1990; Hanke, 2004). While these
notations treat phonological components as cat-
egories, linguistic research has long noted that
parameters like handshape, location, and move-
ment form a continuum in physical space (Goldin-
Meadow and Brentari, 2017). Our work builds on
this observation by preserving the continuous na-
ture of articulation in a learned embedding space,
rather than assigning signs to categories.

2.2. Computational Modeling of Sign
Language Phonology

Deep learning approaches to sign language pro-
cessing increasingly incorporate phonological infor-
mation. For example, Kezar et al. (2023) improve
isolated sign language recognition by using hand-
shape, location, and movement as auxiliary predic-
tion tasks within a multitask training setup. Tavella
et al. (2022) introduce WLASL-LEX, a dataset
annotated with multiple phonological properties,
to encourage phonology-aware modeling. While
these efforts demonstrate the value of phonolog-
ical information, they still operate within a cate-
gorical framework: phonological features serve as
labels for classification. Our work departs from this
approach by treating phonology as a continuous
manifold and learning representations that reflect
graded similarity relationships. This allows us to
capture subtle phonetic variations and transitions
that are not represented in categorical approaches.

2.3. Sign Language Corpora and
Resources

Research in Sign Language Processing (SLP) has
been significantly advanced by the development
of large-scale language resources. These can be
categorized into lexical databases, designed for
analyzing the abstract structure of the language,
and corpora, which capture natural language use.

A landmark lexical database is ASL-LEX (Sehyr
et al., 2021), which contains detailed phonological
and psycholinguistic annotations for thousands of
American Sign Language (ASL) signs. To enable
a more precise analysis of the abstract proper-
ties of each sign and to control for variability, all
signs were recorded by a single native signer. This
controlled dataset has been instrumental in quanti-
tative research on the structure of the ASL lexicon.
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More recently, hybrid datasets that combine lin-
guistic features with large-scale video data have
emerged to facilitate machine learning research. A
prominent example is WLASL-LEX (Tavella et al.,
2022), which was created by aligning the phono-
logical information from ASL-LEX with the WLASL
video corpus, a collection of sign language videos
featuring over 100 different signers. This resource
was specifically designed to train models for the au-
tomatic recognition of phonological properties from
video, leveraging the natural variations present in
a multi-signer corpus.

While these existing resources provide invalu-
able phonological labels, they lack the fine-grained
annotations of continuous progression necessary
for evaluating the geometric properties of embed-
ding spaces. Our work directly addresses this re-
source gap by providing a targeted dataset for this
purpose.

2.4. Ranking from Positive and
Unlabeled Data

Positive-Unlabeled (PU) learning addresses sce-
narios where only positive examples are labeled,
while the remaining unlabeled data is a mix of pos-
itive and negative instances (Bekker and Davis,
2020). A primary challenge is that naively treating
all unlabeled instances as negative introduces bias,
as the unlabeled set contains hidden positive in-
stances. Sakai et al. (2018) proposed an unbiased
estimator for AUC optimization from PU data by de-
composing the true Positive-Negative risk into ob-
servable Positive-Unlabeled and Positive-Positive
components. While this framework has been ap-
plied to ranking and classification tasks, we adapt
it to learn continuous phonological embeddings for
sign language.

3. The JSL Ordered Triplet Dataset

To evaluate whether the learned embedding space
captures continuous structure, we constructed a
new evaluation dataset, the JSL Ordered Triplet
Dataset. This dataset is designed to assess the
model’s ability to represent phonological continu-
ity. This section details the dataset’s construction
process and statistics.

3.1. Dataset Construction

The dataset was constructed by two trained mas-
ter's students as part of their research activities.
The overall process involved sourcing data from
the JSL Syllable Database (Yawata et al., 2017),
creating comparison sets, and annotating ordinal
relationships based on a detailed scheme.

Data Sourcing and Set Creation The construc-
tion process focused on creating small, compara-
ble sets of videos for each phonological component
(e.g., handshape). The procedure was as follows:

1. Two distinct anchor classes were selected
(e.g., for handshape, a fully open hand vs.
a closed fist).

2. Three representative videos were chosen from
each of the two classes, creating a sample set
of six videos.

3. This process was repeated to build a large
number of sample sets for each component.

Each video clip in the dataset averages about
300 frames in length, including those selected for
triplets.

Annotation Guidelines and Triplet Creation An
overview of the annotation system is shown in Fig-
ure 2. From each six-video sample set, annota-
tors were tasked with identifying a triplet of videos
(v1,v2,v3) that exhibited a clear, continuous phono-
logical progression from the first anchor class to-
wards the second. If no such clear progression
could be found, the set was skipped. The judg-
ment of "continuous progression" was guided by
specific criteria for each component:

Video Ranking Annotation System

Sample 1/1450

LR R

[Eree— [eTp— - ack sample

Figure 2: Overview of the annotation system.

Handshape Continuity was evaluated based on
three axes of articulation:

» Degree of Hand Opening/Closing: The grad-
ual change from a fully extended hand to a
closed fist (Figure 3a).

+ Degree of Finger Flexion: The degree to
which fingers bend, for instance at the second
knuckle.

» Degree of Finger Spread: The gradual
change from fingers spread wide apart to be-
ing tightly closed together.
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Component Train Dev
HS (Pre) 341 50
HS (Post) 632 39
Location 201 43
Movement 212 25
Total 1,385 157

Table 1: Annotation statistics for the JSL Ordered
Triplet Dataset. Each triplet targets a single phono-
logical component. HS: Handshape; Pre/Post: Pre-
change/Post-change.

Location Continuity was defined by spatial
changes along two axes:

* Depth: Movement towards or away from the
signer’s body, such as from a non-contact lo-
cation to one touching a body part (Figure 3b).

* Horizontal/Vertical Location:  Gradual
changes in hand location within the signing
space.

Movement Continuity was defined by gradual
changes in the direction of movement, for example,
a progression from a horizontal rightward move-
ment to an upward-right diagonal movement (Fig-
ure 3c).

3.2. Dataset Statistics and
Inter-Annotator Agreement

We follow the predefined train/dev split of the JSL
Syllable Database (Yawata et al., 2017) and con-
struct the corresponding splits of the triplet dataset
by forming triplets only from videos within each
split (Table 1). Note that the split names (Train/Dev)
solely reflect the source partition of the JSL Syl-
lable Database, and the triplet dataset is used for
evaluation only, not for model training. To assess
the reliability of the annotations, we measured inter-
annotator agreement on a randomly sampled sub-
set of 152 triplets from the train set. Two trained an-
notators independently ordered the same ftriplets,
and their rankings were compared. The agreement
metrics are shown in Table 2. The high agreement
scores (84.21% triplet order agreement and 0.88
Pearson correlation) indicate that the continuous
phonological progressions can be reliably identified
by trained annotators.

3.3. Resource Availability

The dataset will be made available upon publication
to encourage further research in this area.

Metric Score
Triplet Order Agreement  84.21%
Pearson Correlation 0.88

Table 2: Inter-annotator agreement on 152 triplets
from the training set.

4. Methodology

Our goal is to learn an embedding space that cap-
tures the continuous similarity relationships among
the phonological components of sign language.
However, a challenge exists: we lack direct con-
tinuous supervision for phonological similarity, as
traditional datasets only provide categorical labels.
To address this challenge, we depart from the stan-
dard approach of classifying components into cate-
gories and propose a ranking-based approach that
models phonological similarity as a geometric re-
lationship in a continuous space. We achieve this
by using a Positive-Unlabeled (PU) learning frame-
work to optimize the Area Under the ROC Curve
(AUC) with a pairwise ranking loss, as illustrated
in Figure 4. While this does not directly optimize
for continuous similarity, the ranking objective en-
courages phonologically similar sign videos to be
positioned closer in the embedding space. This
encourages the formation of a continuous manifold
structure suitable for linguistic representation.

4.1. Model Architecture

We aim to learn a mapping function fy : X — R?
from sign language videos to a continuous em-
bedding space where phonological similarity is
reflected by geometric proximity. To implement
this mapping, the function fy is instantiated using
a Video Vision Transformer (ViT-Base/16) (Wang
et al., 2023) encoder combined with an MLP pro-
jection head. The ViT encoder extracts spatio-
temporal features, which are then projected into
the d-dimensional continuous embedding space.

4.2. Learning Framework with PU-AUC
Optimization

To construct the desired continuous embedding
space, we propose a learning framework based
on Positive-Unlabeled (PU) AUC optimization. By
training the model to consistently rank instances
of the same phonological category higher than
instances of different categories across the en-
tire dataset, we hypothesize that intermediate in-
stances will be positioned between clusters, thus
encouraging the desired continuity.

We frame our learning objective using a multi-
class extension of PU learning. Given a set of
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Figure 3: Representative examples of phonological continuity in hand articulation. (a) Handshape:
Gradual change in hand opening. (b) Location: Gradual change in the horizontal position of the hand. (c)
Movement: Gradual change in the direction of hand movement. Other axes of continuity described in the
text (e.g., finger flexion, horizontal/vertical) are not shown due to space constraints.
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Figure 4: Overview of the proposed representa-
tion learning framework. An input sign video is
processed by a ViT encoder, followed by a fully-
connected (FC) projection head which outputs per-
class logits. The PU-AUC loss is computed using
the logits corresponding to the positive category,
optimizing the model to rank positive instances
higher than unlabeled instances. This ranking ob-
jective encourages the formation of a continuous
phonological manifold where the geometric dis-
tance between embeddings reflects their similarity.
Note: This diagram illustrates the process for Hand-
shape. The same process is applied independently
to Location and Movement components.

phonological categories C, we adopt a One-vs-
Rest approach. For each class ¢ € C, we treat
samples belonging to that class as “Positive” (P)
and all other samples as “Unlabeled” (U). The ob-
jective is to maximize the AUC for each class. The
ideal loss function for this task would be the true PN
risk, which minimizes the ranking loss between true
positive (xp ~ D.) and true negative (zy ~ D-.)
examples:

Ren(9) = Evpan,zn~n- [l(ge(zp) —ge(zn))] (1)

where [ is a pairwise ranking loss function and g.(z)

is the logit for class c. In our implementation, we
use the logistic loss: I(z) = log(1 + e~*). However,
since we only have access to unlabeled data U,
we cannot directly minimize Eq. Equation (1). Fol-
lowing the theory of PU learning, this unknown PN
risk can be estimated unbiasedly from observable
P and U data (Sakai et al., 2018). The distribution
of unlabeled data Dy is a mixture of positive and
negative distributions: Dy = 7.D. + (1 — w.)D—,
where 7. is the class prior of c. Based on this, the
expected risk between P and U samples, R§(g),
can be decomposed as:

Reu(g) = mRpp(g) + (1 —mc)Rpn(g)  (2)

where ,R’l(:’P (g) = EIP,xP/NDC [l(gc(xP) _gc(xP'))] is
the positive-positive risk. Rearranging Equation (2)
to isolate R%  (g), we obtain an unbiased estimator
of the PN risk expressed solely in terms of observ-
able P and U quantities. We refer to this estimator
as Rpy.auct

Rpylg)  mRpplg)
1—m. 1— 7,

(3)

RCPU-AUC(Q) =

The first term represents the observable ranking
loss between P and U pairs, while the second term
corrects for the bias introduced by the presence
of positive instances within the unlabeled set. In
practice, we approximate this expected risk with
an empirical risk R(g) computed over a mini-batch
B. Let Cp be the set of unique classes in B, B,
be the set of samples of class c in B (with size n.),
and B-. be the set of other samples in B. The
total empirical risk is:
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where the component terms are calculated as:
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category boundaries.
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5. Evaluation

We designed an evaluation protocol to validate our
proposed method. The experiments aim to answer
two key questions: (1) To what extent does the
learned embedding space capture human percep-
tual similarity (intrinsic evaluation)? and (2) Do
these continuous embeddings maintain discrimina-
tive power on a standard classification task?

5.1. Datasets

» JSL Syllable Database: For our primary train-
ing and evaluation, we use the JSL Syllable
Database (Yawata et al., 2017). This dataset
contains 1,078 videos, each treated as an
instance, performed by a single native JSL
signer and annotated with phonological com-
ponents (handshape, location, movement).
We use this dataset to train the model and
to evaluate phonological component classifi-
cation performance. We split the data into 755
instances for training, 161 for development,
and 162 for testing. Given the single-signer
nature of this dataset, our results reflect the
model’s ability to capture phonological distinc-
tions within one consistent signing style, which
may limit generalizability across signers.

» JSL Ordered Triplet Dataset: For our intrin-
sic evaluation, we use our new JSL Ordered
Triplet Dataset introduced in §3 (Inoue et al.,
2026), which contains 1,385 triplets in the train
split and 157 in the dev split. We report evalu-
ation results on both splits.

5.2. Models and Training

The goal is to learn a phonological embedding
space. We train the ViT encoder in a single-task
setup to predict only the phonological components
of a sign. We compare two models, differing only
in their loss function:

» VIT-CE (Baseline): The model is trained
to classify phonological components using a

standard categorical Cross-Entropy (CE) loss.
This represents the conventional approach.

* ViT-PU-AUC (Ours): The model is trained us-
ing our proposed PU-AUC ranking loss, as
described in §4.2.

We use the AdamW Schedule-Free opti-
mizer (Defazio et al., 2024) with a learning rate
of 1.0 x 10~* and apply layer decay to the ViT
encoder. Full hyperparameter settings are pro-
vided in §A. All experiments were conducted using
NVIDIA RTX 6000 Ada Generation, NVIDIA RTX
PRO 6000 Blackwell Max-Q, and NVIDIA GeForce
RTX 4060 Ti GPUs. Our ViT encoder is initialized
with the vit_b_k710_dl_from giant.pth
weights, which were released as part of the Video-
MAE v2 project?.

Class Prior Setting Rather than estimating class
priors w. from the small training dataset (which
could introduce noise), we treat them as hyper-
parameters. Based on the theoretical framework
of PU-AUC optimization, we set uniform priors
7. = 1/|C| for all classes ¢, where |C| is the number
of phonological categories. This approach avoids
potential estimation errors while maintaining the
theoretical soundness of the PU-AUC framework.

5.3. Evaluation Protocol

Our evaluation is two-fold. We conduct an intrinsic
evaluation to assess the quality of the learned rep-
resentations themselves, and a classification task
to measure their discriminative power.

5.3.1. Intrinsic Evaluation: Continuity

Ranking Accuracy

To evaluate the quality of the learned phonolog-
ical representations, we measure their ability to
model continuous phonological progressions. This
novel metric directly assesses whether the learned
embedding space correctly orders intermediate in-
stances along a linguistically meaningful axis. For
a given triplet (v1,v9,v3) that is annotated as ex-
hibiting a continuous phonological progression:

1. Extract the embedding vectors ey, eo, e3.

2. Define a "continuity axis" vector, Vais = ez —ex,
using the endpoints e; and es.

3. To evaluate if the intermediate point e; is pro-
jected between e; and ez on this axis, we first
transform e, into a relative vector from the ori-
gin e;, denoted as e, = ex — e;.

2https://github.com/OpenGVLlab/
VideoMAEv2
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4. We then project €}, onto Vas and compute
a score as the ratio of the projected vector’s
length:

6/2 * Vaxis

HValxiSH2

Score =

(7)

5. Atriplet is considered correctly ordered if the
score satisfies 0 < Score < 1.

6. The final evaluation metric is the accuracy over
all triplets in the train and dev sets.

5.3.2. Phonological Component
Classification

To assess whether the learned representations
maintain discriminative power, we evaluate their
performance on the standard task of phonological
component classification. We report classification
accuracy on the development set.

6. Results and Discussion

Our experiments are designed to answer two key
questions. First, does our proposed PU-AUC opti-
mization framework learn a continuous represen-
tation of phonology from labels? (Intrinsic Evalu-
ation). Second, do these continuous embeddings
maintain discriminative power for standard classifi-
cation?

6.1. Intrinsic Evaluation: Capturing
Phonological Continuity

To validate our central hypothesis, we first evaluate
whether the learned embedding space correctly
orders intermediate phonological forms along a
continuous axis. We use our newly created JSL
Ordered Triplet Dataset and measure the Continu-
ity Ranking Accuracy, which assesses if the model
captures the graded progression between phono-
logical anchors. This is the primary evaluation of
our proposed method.

The results, presented in Table 3, support the
effectiveness of our approach. Our ViT-PU-AUC
model consistently outperforms the ViT-CE classifi-
cation baseline. For instance, the PU-AUC model
achieves 98.24% on the train set and 94.00% on
the dev set for pre-change handshape compared
to the baseline’s 78.30% and 84.00%, respectively.
While the performance on the dev set is more var-
ied, the PU-AUC model generally maintains an ad-
vantage. This suggests that the ranking objective
of PU-AUC optimization encourages the formation
of continuous structure. While the classification
baseline can learn to separate the anchor classes,
it does not consistently order the intermediate in-
stances that lie between them. In contrast, our
method learns a smooth manifold that reflects the

Component Method Train Dev
CE 78.30 84.00
HS(Pre)  pu.auc 98.24 94.00
CE 77.53 82.05
HS (Post)  pyauc 8877 97.44
Location CE 63.18 76.74
PU-AUC 85.07 81.40
Movement CE 74.88 84.00
PU-AUC 95.73 96.00
Avera CE 75.23 81.52
erage PU-AUC 91.62 91.71

Table 3: Continuity Ranking Accuracy (%) on the
JSL Ordered Triplet Dataset. HS: Handshape;
Pre/Post: Pre-change/Post-change.

continuous nature of phonological transitions. The
consistent performance between train and dev sets
for our method suggests that this learned continuity
generalizes to unseen data.

6.2. Phonological Component
Classification

Having established that our method success-
fully learns embeddings that preserve continuous
phonological structure, we now evaluate whether
these embeddings also maintain discriminative
power for the standard classification task. The
results on the development set are summarized
in Table 4. Notably, the PU-AUC model achieves
comparable or better classification accuracy on
most components despite being optimized for rank-
ing rather than classification. For instance, PU-
AUC shows improvements on dominant hand loca-
tion (85.09% vs. 78.88%) and non-dominant hand
movement (90.68% vs. 83.85%). The performance
is mixed on some components, with the CE base-
line performing slightly better on dominant hand
movement (62.73% vs. 59.01%). These results
demonstrate that our approach not only captures
continuous phonological structure, but also main-
tains competitive discriminative ability for categori-
cal prediction.

6.3. Discussion

Qualitative Analysis of Learned Embeddings
To qualitatively evaluate how well the learned ge-
ometric space reflects phonological similarity, we
visualize the embeddings via t-SNE (Maaten and
Hinton, 2008) (Figure 5). The visualization reveals
that the standard ViT-CE classification baseline
does not arrange instances according to their phys-
ical progression; while it separates the anchor
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Figure 5: t-SNE visualization of the learned embedding space for the handshape parameter, showing
a continuous transition from one handshape ('0579’) through an intermediate form ('0729’) to another
handshape ('0461’). (a) The classification baseline separates classes but does not preserve the continu-
ous ordering. (b) Our PU-AUC method correctly captures the continuous progression, positioning the
intermediate form between the two anchor handshapes in the embedding space.

Component Method D ND
CE 46.58 66.46
HS (Pre) PU-AUC 47.83 71.43
CE 47.83 65.22
HS (Posh  pyauc 5003 70.81
Location CE 78.88 87.58
PU-AUC 85.09 88.82
Movement CE 62.73 83.85
PU-AUC 59.01 90.68

Table 4: Phonological Component Classification
Accuracy (%) on Dev Set. D: Dominant hand; ND:
Non-dominant hand; HS: Handshape.

classes, it does not preserve a direct correspon-
dence between geometric distance and phonologi-
cal similarity (Figure 5a). In contrast, our ViT-PU-
AUC model preserves this relationship, creating
a continuous trajectory that mirrors the physical
movement of the sign (Figure 5b). This result sug-
gests that the ranking objective of PU-AUC op-
timization enables the model to learn a smooth
representation that captures the continuous nature
of articulation from labels.

Performance Analysis Across Components
The performance of our method varies across dif-
ferent phonological components, which reflects the
differing degrees of continuity inherent in each pa-
rameter. In the continuity ranking evaluation (Ta-
ble 3), Movement, which exhibits clear geometric

continuity in physical space, shows the strongest
performance (96.00% on the dev set). Hand-
shape continuity, which involves multiple articu-
latory axes (finger extension, flexion, and spread),
shows more moderate improvements, particularly
for post-change handshape (97.44% on the dev
set). Location, which can involve both spatial po-
sition and contact distinctions, shows the most
challenging case (81.40% on the dev set), likely
because contact introduces a boundary within an
otherwise continuous spatial parameter. These
patterns suggest that the degree of continuity cap-
tured by our model reflects the underlying articula-
tory properties of each phonological dimension.

7. Conclusion

In this paper, we addressed the standard approach
of representing sign language phonology with cat-
egories. We proposed learning continuous phono-
logical embeddings by reframing the task as a
ranking problem via Positive-Unlabeled (PU) AUC
optimization. A key contribution of this work is
the creation of a new dataset of phonological pro-
gressions, which enables the evaluation of con-
tinuous representations. Our intrinsic evaluations
on this dataset show that our framework encour-
ages the formation of a continuous, linguistically
plausible structure from labels, with our embed-
dings being more effective at capturing the graded
nature of phonological transitions than classifica-
tion baselines. This is further supported by the
analysis on the phonological component classifi-
cation task, which showed that our method main-
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tains competitive discriminative performance. This
demonstrates that our method successfully learns
continuous phonological structure without sacri-
ficing discriminative performance. By providing a
method to learn and evaluate continuous phonolog-
ical representations, we enable more linguistically-
grounded models of signed languages.

Ethics and Limitations Statement

This study, while presenting a new direction,
has several limitations. First, the JSL Syllable
Database (Yawata et al., 2017) is relatively small
(1,078 instances) and features only a single native
signer, which poses potential constraints on model
generalizability and the reliability of our evalua-
tion. The single-signer limitation means our model
learns phonological distinctions specific to one
signing style, and generalization to other signers
remains to be validated. Larger and more diverse
datasets with multiple signers are needed to fur-
ther validate our findings. Second, the annotations
for the triplet dataset were provided by two trained
annotators. To further validate the consistency
of these perceptual judgments and create more
robust benchmarks, future work should involve a
larger and more diverse group of annotators. Third,
our current work focuses on isolated signs. An
important next step is to extend this model to the
context of continuous sign language, where phe-
nomena like co-articulation dynamically modulate
these continuous representations. Investigating
these effects is essential for understanding the dy-
namics of sign language phonology.

Data Source and Consent The JSL Syllable
Database used in this study was constructed in
prior research (Yawata et al., 2017). This dataset
is available upon request. For this research, we
contacted the original authors directly and obtained
their permission to use the dataset for our research
purposes. The use of the data adheres to the
scope of the informed consent originally provided
by the signer.

Societal Impact The goal of this research is to
develop models that more faithfully capture the lin-
guistic properties of sign language. In the long
term, this could contribute to the improvement of
sign language recognition and translation technolo-
gies, potentially benefiting the Deaf and Hard of
Hearing community.

Use of Al Tools This research employed Al-
based tools to support code development and to
enhance the linguistic quality of the manuscript.
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A. Hyperparameter Settings

Full hyperparameter settings used in all experi-
ments are listed in Table 5. Early stopping is ap-
plied based on classification accuracy on the de-

velopment set.

Class prior 7,

Table 5: Full hyperparameter settings. SF:
Schedule-Free.
Parameter Value
Model Architecture
Video ViT Backbone ViT-B/16-224
Embedding dimension 128
Data Augmentation
Input resolution 224 x 224
Sampled frames 16
Repeated Aug. (Hoffer et al., 2020) 2
Color Jitter 0.4
RandAugment (Cubuk et al., 2020) v
Random Erase (Zhong et al., 2020) v
Optimization
Obtimizer SF-AdamW
ptimize (Defazio et al., 2024)
Learning rate 1.0 x 1074
Weight decay 0.0
Layer decay 1.0
Batch size 2
Gradient accumulation 16 steps
Total epochs 300
DropPath 0.0
Early stopping (patience) 30 epochs
PU-AUC Specific

1/|C| (uniform)
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