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Abstract

The creation of large-scale sign language corpora is often bottlenecked by the labour-intensive process of multi-
layered annotation that requires manual analysis. One of the annotation steps is the challenging and time-
consuming task of segmenting continuous signing into clause-like-units (CLUs). In this paper, we propose an
automated segmentation framework for Polish Sign Language (PJM) designed to support manual annotation. To
detect sentence boundaries, we adapt the Multi-Stage Temporal Convolutional Network (MS-TCN) architecture,
enhanced with a Channel Attention mechanism, to effectively fuse multimodal skeleton features (hands, body, and
face) extracted via MediaPipe.

We evaluate the model on a diverse subset of the PJM Corpus (40 video files, 25 signers), containing nearly 16,000
manually annotated clauses prior to the start of this study. The proposed method achieves a Segmental F1-score
of 75.43% at loU = 0.10 and 57.52% at loU = 0.50, demonstrating a strong capability in localising sentence
boundaries. Furthermore, ablation studies reveal that fusing manual kinematics with non-manual prosodic cues
(face) yields a significant performance gain (+13.6 pp) over unimodal baselines, empirically confirming the linguistic
necessity of incorporating both manual and non-manual articulators in the process of sentence delimitation. The
solution offers a viable means for reducing CLU annotation time by automatically generating high-quality clause
boundary proposals.

Keywords: Sign Language Segmentation, MS-TCN, Polish Sign Language (PJM), Computer-Assisted Annotation,
Multimodal Fusion, clause-like unit.

1. Introducti Existing segmentation methods rarely operate
- Introduction above the lexical level, and to our knowledge, no

The Polish Sign Language (PJM) Corpus was prior work_ has attempted automatic CLU-Ieve?I
compiled at the University of Warsaw between ~ segmentation for PJM. We propose a semi-
2010 and 2020 (Kuder et al., 2022) and partially ~ automatic approach to CLU segmentation
published in 2020 as The Open Repository of the ~ intended to support the annotators' work in

Polish Sign Language Corpus (Wojcicka et al., ~ manual annotation of sign language corpora.
2020). Subsequently, we evaluate the feasibility of using

) secondary sign language corpus data for training
Manual sentence-level analysis was conducted  geep learning segmentation models.

after completing all the necessary steps of sign-
to-gloss annotation within the project “Multi- 2. Related Works and Theoretical
layered Linguistic Annotation of Polish Sign Aspects

Language Corpus”. The sentence identification
procedure follows Trevor Johnston's guidelines 2.1 Clause-like-units (CLUs)
for clause-like-unit (CLU) identification (Johnston,
2019). This labour-intensive, time-consuming
process, fully reliant on manual annotation, was
the primary motivation for developing the
automatically supported segmentation process
presented in this paper.

The delimitation and analysis of sentence
boundaries in sign language corpus research
have long been recognized as methodologically
challenging (e.g., Fenlon et al., 2008; Hansen and
HeRmann, 2007; Crasborn, 2007, Ormel and
Crasborn, 2012). There are many obstacles,
While automatic Sign Language Recognition including the issue of identifying a predicate or
(SLR) has advanced significantly, a critical  correctly delimiting clause structures during sign
bottleneck remains in the temporal segmentation language production. Sign languages, having no
of continuous signing streams. Traditional SLR  established writing systems, cannot rely on
approaches often focus on glosses - lexical labels  written transcriptions for sentence delimitation as
akin to spoken words - as the primary unit of  spoken languages do, which allows diverse
analysis (Hamidullah et al., 2024). However, syntactical forms to coexist. The constant
natural signed discourse is not merely a sequence influence of the ambient spoken language results
of discrete lexical items but is organised into in the occurrence of language-contact
larger prosodic and semantic structures. phenomena in sign languages (Sutton-Spence,
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1999), whose presence increases the level of
difficulty in the CLU annotation process.

Research on sentence delimitation in sign
languages remains scarce. When it comes to
prosodic elements at sentence boundaries, there
exist studies of, e.g., Israeli Sign Language
(Nespor and Sandler, 1999); American Sign
Language (ASL; Wilbur, 1994, 1999; Nicodemus,
2007; Hochgesang, 2009), Sign Language of the
Netherlands (van der Kooij, Crasborn and
Emmerik, 2006), British Sign Language (BSL;
Fenlon et al., 2008), German Sign Language
(DGS; Hansen and Hellmann, 2007; Herrmann,
2010), and Hong Kong Sign Language (HKSL;
Sze, 2008). Across these studies, the non-manual
markers commonly identified as fulfilling prosodic
functions include blinks, head movements (such
as tilts and headshakes), facial expressions, eye
gaze, and body leans or shifts. As those elements
have been reported to occur more often at the
phrase boundaries, empirical studies have
revealed that sign language users rely on them to
group signs into intonational phrases (IP) in sign
language discourse (Nicodemus, 2009, for ASL).
In sign languages, the relation between IPs and
clauses is defined similarly to the one occurring in
spoken languages. As syntactic and prosodic
structures in both modalities are non-isomorphic
(Nespor and Vogel, 1986), not all IP boundaries
coincide with the end of a sentence, but some of
them do (Fenlon et al., 2008). While it is often
assumed that manual and non-manual cues occur
in coordinated “bundles,” an alternative
perspective suggests that signers primarily rely on
the propositional content of utterances - rather
than visual suprasegmental features - when
identifying sentence boundaries in discourse
(Hansen and HeBmann, 2007). One corpus-
based approach to syntactic analysis that
addresses these challenges involves segmenting
sign language data into clause-like units (CLUs;
Johnston, 2019).

For the PJM Corpus annotation, the CLU
approach has been adopted. The annotation
schema is grounded in the analysis of the
predicate-argument structure of the delimited
segment. Clause segmentation and identification
in the dataset follow the framework established by
Trevor Johnston in the Annotation Guidelines for
the Auslan Corpus (2019). Within this framework,
a CLU is understood as the basic unit carrying
propositional meaning and is defined as a
‘meaningful symbolic utterance unit” with
predicational properties (Johnston, 2019). Each
segmented unit, along with its thematic relations
and semantic functions, is analysed in
accordance with the approach proposed by van
Valin and LaPolla (1997).

2.2 Computational Approaches to Sign
Language Processing

The fields of SLR and Sign Language
Segmentation (SLS) have transitioned in recent

years from ftraditional statistical models to
sophisticated deep learning architectures. This
section provides an overview of the
methodologies used to identify temporal
boundaries and classify linguistic units within
continuous signing streams.

2.21 Sign Language Segmentation and
Boundary Detection
SLS aims to identify the precise temporal

boundaries (start and end frames) of individual
signs or linguistic units (Renz et al., 2021; Zhao et
al., 2025). Early approaches often treated this
issue as a frame-wise binary classification
problem or relied on alignment strategies using
Hidden Markov Models (HMMs) (Vogler and
Metaxas, 2001). However, these methods
struggled with the fluid nature of continuous
signing, particularly the transition phases known
as movement epenthesis.

Recent research has favoured the BIO
(Beginning-Inside-Outside) tagging scheme,
which has proven more effective than binary
tagging for continuous streams where signs
transition smoothly without intervening pauses
(Moryossef et al., 2023; Rao et al., 2025). Current
state-of-the-art models for boundary detection
utilize  Multi-Stage Temporal Convolutional
Networks (MS-TCN) to capture long-range
temporal dependencies and refine predictions
iteratively (Renz et al., 2021). For instance, the
Multimodal Handshape-aware Boundary (MHB)
detection framework enhances accuracy by
integrating 3D skeletal features with velocity and
acceleration cues (Zhao et al., 2025). While there
is a growing emphasis on coarse-grained
“subtitle-level” segmentation for machine
translation (Bull et al., 2020), fine-grained
segmentation of prosodic units remains an open
challenge.

2.2.2 CSLR Context

While this study focuses on segmentation, it is
closely linked to Continuous Sign Language
Recognition (CSLR). CSLR processes natural,
unsegmented sentences and remains
significantly more challenging than Isolated SLR
due to the lack of explicit frame-level boundary
annotations (Hamidullah et al., 2024; Zhao et al.,
2025).

Constantly evolving model architectures have
moved from handcrafted features to Recurrent
Neural Networks (RNNs) and Transformers
(Adeyanju et al.,, 2021; Ridwang et al., 2023).
However, a persistent bottleneck in CSLR is the
reliance on “gloss-level” supervision. Recent
studies suggest that improving the temporal
segmentation of meaningful units (beyond simple
glosses) is critical for advancing the field towards
natural language processing (Rastgoo et al.,
2025).
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2.2.3 Integration of Multimodal and

Prosodic Cues

Robust segmentation increasingly relies on
multimodal inputs beyond raw RGB frames.
Frameworks like MediaPipe allow for the precise
extraction of holistic landmarks covering the body,
hands, and face (Ridwang et al., 2023; Sahin and
Gokgoz, 2024). This facilitates the analysis of
specific phonological features, such as hand
orientation and their location relative to the body.

Crucially for this study, linguistic research
highlights the role of prosodic cues (pauses, eye
blinks, head nods, and role-shifts) as reliable
indicators of sentence and phrase boundaries
(Fenlon et al., 2008; Ormel and Crasborn, 2012;
Gabarro-Lépez and Meurant, 2014). While the
analysis of these “visible markers” enables high
inter-annotator agreement in linguistic studies
(Woll et al., 2022), effectively integrating them into
automated segmentation models remains a
complex task.

Most current architectures still heavily prioritize
manual features (handshape/movement), often
underutilizing the non-manual signals that carry
prosodic information.

2.3 Research Gap

Despite long-standing interest in sentence-level
units’ analysis in sign language linguistics, there
remains a substantial methodological gap
between linguistically motivated clause-level
segmentation and automatic sign language
processing approaches.

On the one hand, linguistic research has
demonstrated that sentence or clause boundaries
in signed languages are complex, multi-cue
phenomena, involving combinations of manual
signs, non-manual markers, and discourse-level
factors (Ormel and Crasborn, 2009; Crasborn,
2007). As a result, segmentation into units such
as clauses or CLUs is theoretically grounded but
methodologically demanding, requiring expert
annotation and explicit criteria (Johnston and
Shembri, 2006; Gabarré-Lopez and Meurant,
2014).

On the other hand, automatic SLR and sign
language processing has largely focused on
isolated sign recognition or continuous sign
recognition at the level of lexical signs derived
from weak proxies such as subtitle boundaries
(Rao et al., 2025; Rastgoo et al., 2025). While
recent machine-learning approaches have
addressed boundary detection in continuous
signing, these efforts predominantly target
sign/lexical boundaries rather than higher-level
syntactic/discourse units (Zhao et al., 2025).

To date, automatic detection of sentence - or
clause-level boundaries in signed languages
remains largely unexplored, particularly using
units derived from corpus-based annotation

practices. Although this disparity is striking, it is
understandable given the imprecise nature of
manual annotation and low availability of richly
annotated sign language corpora that already
encode clause-level structures (Ormel and
Crasborn, 2012; Johnston and Shembri, 2006).
Regardless of those obstacles, the lack of
computational work leveraging such annotations
represents a clear research gap at the
intersection of sign language linguistics, corpus
research, and machine learning.

3. Current Study

In this paper, we shift the segmentation focus
from glosses to CLUs (Johnston, 2019). CLUs
capture the semantic envelopes of signed
utterances, incorporating not only manual signs
but also the non-manual markers that define
prosodic boundaries. Detecting these units is
essential for understanding the flow of a discourse
yet annotating them manually is cognitively
demanding and time-consuming. Therefore, the
primary motivation of this work is to develop a
method for computer-assisted annotation. We
envision a tool that can automatically suggest
preliminary CLU boundaries to human annotators,
thereby streamlining the corpus creation workflow
and reducing the “cold start” burden in annotation
tasks.

This work represents a preliminary study utilizing
a secondary data source. The material used in our
experiments was not generated specifically for
machine learning purposes; rather, it originates
from the Polish Sign Language Corpus, designed
for linguistic analysis of PJM. Consequently, the
data is naturalistic and highly variable, containing
the inherent “noise” of real-world dialogue that
was not curated or staged for algorithmic
optimization. This presents a unique challenge
compared to controlled computer vision datasets,
as the model must grapple with diverse pacing,
co-articulation, and varying recording conditions
inherent to linguistic fieldwork.

To address this challenge, we propose a robust
segmentation pipeline using the Multi-Stage
Temporal Convolutional Network (MS-TCN)
enhanced with a multimodal attention
mechanism. We formulate the segmentation task
using the BIO tagging scheme, allowing the model
to distinguish the sharp onset of a CLU from its
sustained duration. Our experiments investigate
the contributions of different modalities,
specifically the interplay between manual
articulators and non-manual signals, in defining
these boundaries within “noisy”, naturalistic data.

3.1 Objective

While previous research has demonstrated the
feasibility of temporal models for short-term
structure recovery (e.g., isolated sign boundaries)
(Rastgoo et al., 2025; Rao et al., 2025), there is
littte work on clause-level boundary tagging
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grounded in complex, pragmatically defined units
rather than simple pauses or gloss transitions.
The study addresses the following research
problems:

1.To what extent a temporal convolutional
network (MS-TCN) can learn to approximate
expert human segmentation when trained on
secondary corpus data?

2.What is the relative contribution of different
visual articulators (manual cues/hands versus
non-manual markers) in defining CLU
boundaries? Does the model rely on the
kinetic “stroke” of the hands or the sustained
prosodic context of the face?

3.Can the proposed BIO-tagging framework
serve as a reliable heuristic for computer-
assisted annotation, reducing the cognitive
load on human annotators by suggesting
preliminary boundaries?

More specifically, this study investigates whether
temporal models operating on pose-based visual
features can approximate expert human
segmentation decisions at the clause level.

By framing clause boundary detection as a
sequence-labelling problem over continuous
signing data, this study explores the feasibility of
reusing high-quality corpus annotations for the
development of preliminary, assistive
segmentation tools, rather than fully automatic
replacements for annotation conducted by
humans.

3.2 Dataset

The data used in this study are drawn from the
PJM Corpus, a large, publicly available corpus
developed for linguistic research on PJM
(Rutkowski et al., 2017; Kuder et al., 2022,
Wojcicka et al., 2020). The corpus consists of
video recordings of Deaf native and near-native
PJM signers engaged in a range of
communicative tasks and interactional settings,
including both monologic and dialogic recordings.
Crucially, the PJM Corpus prioritizes ecological
validity. The recordings capture naturalistic,
spontaneous discourse, characterized by variable
pacing, co-articulation, and frequent overlapping
of manual and non-manual signals. This makes
the material particularly challenging for standard
machine learning models but highly suitable for
research on higher-level linguistic units, such as
single and matrix clauses.

All annotations currently present in the corpus
were produced through a multi-stage process
involving application of different annotation
standards, consistency checks, and expert
review, resulting in a high-quality annotated
material (Mostowski et al., 2018). This expert-

" Due to the nature of each recording session, which
includes dyadic communication based on turn-taking,

validated data provides a rare opportunity to train
segmentation models on authentic, deep-
structure linguistic data rather than superficial
visual cues.

However, some tasks and fragments of the
language material are not annotated to the same
extent. Therefore, the dataset for this study was
selected based on the number of CLU tags for
each signer. Out of 150 participants, 25 (15 F, 10
M) were selected with a minimum of 100 tags on
the CLU tier in their continuous signing strings.
This ensures a wide representation of individual
signing styles, spanning various speeds and
articulation dynamics. In total, 40 video recordings
with total length of 600 minutes were chosen for
the study'. The final dataset contains a total of
15,972 annotated CLUs, providing a robust
foundation for deep learning.

CLUs per video

Mean 399
Median 329
Min 36
Max 1,315

Table 1: CLU statistics in the dataset

The high variance in CLU density (ranging from
36 to over 1,300 per video) necessitates the
stratified sampling strategy described in Section
5.1, ensuring that both sparse and dense
recordings are equally represented in the test set.

3.3 CLU Annotation

Segmentation and lemmatization of the material
were performed by Deaf annotators during
creation of the PJM Corpus (2010-2020). Texts
were segmented into single signs. Transitional
hand movements (preparation/onset and
end/offset phases of the movement) were
included in each annotation, contrary to the
practices applied in some other signed corpora.

Segmentation of the material into CLUs was
subsequently carried out by the second and third
authors, who are hearing native Polish speakers
and L2 PJM signers, with additional help from a
Deaf annotator.

The CLU tagging process, following Trevor
Johnston's guidelines (2019), is based on
differentiating between single clause-like-units
and non-clause segments. A CLU is identified
based on its predicative interpretation, typically
expressed through a verbal predicate (V) and its
arguments (A, A1/A2). Each element can be
expressed manually in the form of a sign, a
classifier construction, or a depiction. Either a

recording fragments with no signing longer than 45

seconds have been excluded from the dataset.
4



predicate or an argument in a CLU can be
articulated non-manually (through head nods,
role-shifts, or eye gaze), as part of constructed
action (CA), or with mouthing. Each sign in a CLU
is tagged for an argument role, thematic role,
semantic function, and part of speech.

4. Methods
4.1. Visual Feature Extraction

For the purposes of the present study, we utilize
the MediaPipe Holistic framework, which provides
simultaneous perception of body pose, face
mesh, and hand tracking. However, using raw
coordinates directly is suboptimal due to noise
and redundant information. Therefore, we
implement a selective feature extraction and
normalization  pipeline  tailored to the
characteristics of the PJM Corpus.

4.1.1 Landmark Selection

We filter the raw MediaPipe (Lugaresi et al, 2019)
output to focus strictly on articulators relevant to
the sign language production, driven by the
specific recording conditions in the corpus.

Pose: Since all informants in the PJM Corpus
were recorded in a seated position, lower-body
landmarks (hips, knees, ankles, feet) provide no
linguistic information. Furthermore, these points
were frequently static or out of the camera frame.
Consequently, we discard them, retaining only the
upper-body landmarks (shoulders, elbows, wrists)
and the nose/eyes as reference points for head
orientation.

Face: Instead of the dense 468-point mesh, we
extract a semantic subset of landmarks focusing
on the contours of the face, eyebrows, eyes, and
lips. This reduces dimensionality while preserving
critical non-manual markers required for a clause
boundary detection.

Hands: We utilize the full set of 21 3D landmarks
for both the left and right hand to capture intricate
handshapes and finger articulation.

4.1.2 Normalization and Feature
Augmentation

Raw coordinates were first corrected for the
aspect ratio to ensure geometric consistency
across different recording sessions. To account
for variations in signer positioning and distance
from the camera, we apply scale and translation
normalization. The coordinate system is centred
on the midpoint between the signer's shoulders
(the “neck” point), and all landmarks are scaled
relative to the Euclidean distance between the
shoulders. This ensures that the magnitude of
movements is invariant to the signer's body size
or their distance from the lens.

Finally, to capture the temporal dynamics
essential for boundary detection (the rapid
acceleration at the start of a sign or the

deceleration/hold at the end of a clause) we
augment the feature vector with temporal
derivatives.

1. Velocity (First Derivative):
Axy = Xx¢ — Xpq

2. Acceleration (Second Derivative):
A2xt = A.xt - Axt_l

The final input vector for each frame consists of
the concatenated normalized positions, velocities,
and accelerations [p, Ap, A2p] for the selected
subset of landmarks.

4.2 From Annotation to Supervision - BIO

For converting the continuous linguistic
annotation into a format suitable for supervised
learning, we adopted the BIO tagging scheme.
This section details the mapping from temporal
timestamps to frame-level classes and justifies
the design choices based on the kinematic
properties of PJM.

4.2.1 BIO Classes

Three classes have been
assigned a label:

identified; each

1. B (Begin): Represents the onset frames of a
CLU. This class marks the precise temporal
boundary where a new unit starts.

2. I (Inside): Denotes the frames constituting the
duration of the CLU. This class covers the
continuous signing activity following the onset.

3. O (Outside): Corresponds to non-signing
intervals (background). This includes frames
where the signer is in a rest position or
performing non-linguistic transitional
movements between CLUs.

4.2.1 Handling Annotation Uncertainty

Treating the CLU onset as a single, exact frame
proves problematic due to human annotators’
jitter. To mitigate this sparsity, we apply a
temporal label dilation to the “Begin” class.
Instead of a one-hot spike, the “B” label is
assigned to a window of frames centred around
the ground truth: t + k (resulting in a 3-frame
active window). This creates a denser supervision
signal, encouraging the model to detect the onset
phase rather than an arbitrary millisecond instant.

4.2.3 Rejection of BIOE

In the preliminary phase, we evaluated a more
granular BIOE (Begin-Inside-Out-End) scheme,
where a distinct class “E” marked the end of a unit.
However, empirical results showed that the model
struggled to consistently predict the “E” class,
which negatively impacted overall convergence.
We attribute this to the kinematic asymmetry of
signing: while the onset (“B”) is often marked by a
sharp, high-velocity movement, the offset (“E”) is
frequently  characterized by a gradual
deceleration, a hold, or a relaxed return to a
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neutral position. Given our goal of computer-
assisted annotation, we prioritized high recall for
the onset (“B”) and the sustained context (“’), as
these provide the most critical anchors for human
annotators.

4.3 Data Sampling and Augmentation

Once the labels were defined, the continuous
video streams were processed into training
batches using a pipeline designed to address
class imbalance and variable signing speeds.

4.3.1 Sliding Window and Weighted Sampling

The video streams are sliced into fixed-length
windows (W = 512) with a stride 64. The sliding
window approach generates a large dataset but
exacerbates class imbalance, as “Begin” frames
are statistically rare.

To counteract this, we implement a content-aware
sample weighting strategy. Windows containing at
least one “Begin” frame are assigned a higher
importance weight (wpes = 4.0) compared to
background-only windows (wneg = 1.0). This
forces the optimization process to focus on
correctly localizing boundaries rather than
defaulting to the majority class.

4.3.2 Temporal Augmentation

Natural signing exhibits significant variance in
speed. To ensure the model is robust to tempo
variations, we apply a stochastic time-warping
augmentation.

For each training sample, the temporal dimension
is rescaled by a factor A simulating speed
variations of +20%.

Feature Interpolation: The input features X are
resampled using linear interpolation to preserve
smooth trajectories.

Label Interpolation: The discrete labels Y are
resampled using nearest-neighbour interpolation
to maintain valid class integers. Depending on A,
the sequence is either randomly cropped (if A >
1) or zero-padded (if A < 0) to match the fixed
window size required by the network.

4.3.3 Loss Function Configuration

Complementing the window sampling strategy,
we introduced class-specific weights within the
objective function to further mitigate the
dominance of the background class. We minimize
the Weighted Cross-Entropy Loss. Based on the
empirical distribution of classes in the PJM
Corpus, the weights were set to Aout= 0.5, ABeg
=5.0, An = 1.0.

This configuration assigns the highest penalty to
the “Begin” class (10x higher than “Out”), strictly
enforcing high recall for sign onsets, while
downweighing the majority of “Out”’ class to
prevent the model from converging to a trivial
solution (i.e., predicting “Out” label for each
frame).

4.4 Model Architecture: MS-TCN with
Channel Attention

To model the temporal dependencies of clause
boundaries, we utilize a Multi-Stage Temporal
Convolutional Network (MS-TCN) (Farha and
Gall, 2019), enhanced with the Channel Attention
mechanism for a multimodal feature fusion.

4.4.1 Input Feature Recalibration

Prior to temporal processing, the input sequence
X is passed through a Squeeze-and-Excitation
(SE) block (Hu et al., 2018). This module
dynamically recalibrates the importance of feature
channels (pose vs. hands vs. face). It operates by
aggregating global temporal information via
Global Average Pooling, followed by a bottleneck
gating mechanism (two fully connected layers
with a reduction ratio r = 16, ReLU, and Sigmoid
activation). The resulting weights scale the
original input channels, suppressing noise and
emphasizing relevant articulators.

4.4.2 MS-TCN Backbone

The core architecture consists of four cascades of
sequential refinement stages, each designed to
iteratively refine the segmentation predictions.
Each stage (SS-TCN) is built from 11 dilated
residual layers. To capture long-range
dependencies, the dilation factor at layer | is set to
d = 2. We utilize 128 feature maps per layer to
maintain a rich representation of the signing
context.

The first stage operates on the recalibrated
features to generate initial class probabilities.
Subsequent stages (s = 2...4) take the softmax
output of the previous stage as input. This
hierarchical refinement smoothes the predictions
and reduces over-segmentation errors common in
frame-wise classification.

The model is trained end-to-end using a multi-
stage loss function, where the Weighted Cross-
Entropy Loss is calculated and summed at the
output of each stage.

5. Experiments
5.1 Setup: Data Partitioning and Metrics
Stratified Data Split

To ensure a balanced distribution of linguistic
complexity across sets, we employed a stratified
sampling strategy based on CLU density. All
videos were ranked by the number of annotated
CLUs and divided into four quartiles. From each
quartile, one video was randomly assigned to the
validation set and one to the test set, with the
remaining videos forming the training set. This
resulted in a robust 80/10/10 split that preserves
the variance of signing styles and pacing.
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Evaluation Metrics

We report performance using two complementary
metrics:

1.Frame-wise F1: Measures classification
accuracy at the individual frame level.

2.Segmental F1 (loU): Measures the quality of
detected boundaries. A predicted segment is
counted as a True Positive if its Intersection
over Union (loU) with the ground truth
exceeds a threshold 1. We report results for 1
€ {0.1, 0.25, 0.5}.

5.2 Implementation Details

The model was implemented in PyTorch. Input
sequences were processed using sliding windows
of size W =512 with a stride of S = 64 to maintain
context continuity. Training was performed for 50
epochs with a batch size of 32, using the Adam
optimizer with an initial learning rate of 5-107*.
To prevent overfitting, we employed early
stopping to monitor the validation loss.

6. Results

We present the quantitative evaluation of the
proposed MS-TCN model with Channel Attention
on the PJM Corpus test set. We analyze the
results on two levels: a frame-wise classification
accuracy and a segmental boundary quality (IoU).

6.1. Quantitative Evaluation

Table 2 details the performance of the full
multimodal model. The system achieves a Global
Accuracy of 83.51% and a Weighted F1-score of
84.95%.

- F1-
Class Precision|Recall Score Support
Out 0.935 |0.928 |0.932(72,950
(Background) [ ' ' ’
Beg (Onset) [0.185 |0.430 |0.259 5,124
In (Inside) 0.846 |0.741 |0.790 49,586
Macro Average |0.656  |0.700 |0.660 127,660

Table 2: Frame-wise Performance (Test Set)

Analysis of Class Performance

The high performance on the “Inside” class (F1 =
0.79) confirms the model's ability to maintain
context throughout the duration of a clause. For
the critical “Begin” class, we observe a trade-off:
while Precision is relatively low (0.185), the Recall
is significantly higher (0.430). This aligns with our
design goal for computer-assisted annotation: the
system acts as a high-sensitivity proposal
generator. Itis functionally less costly for a human
annotator to reject a false positive start than to
manually search for a missed onset.

Analysis of Class Imbalance and Performance

As shown in the “Support” column, the dataset
exhibits significant class imbalance, which is
inherent to the temporal structure of sign
language: clause onsets (“Beg”) are transient
events (approx. 120ms), whereas the content
(“In”) and background (“Out”) span longer
durations.

Despite this imbalance, the model achieves a high
Weighted F1-score of 84.95%, driven by its
robustness on the majority classes.

For the minority “Beg” class, the lower Precision
(0.185) is expected in frame-wise evaluation, as a
temporal shift of just 1-2 frames is penalized as a
False Positive, even if the detection is
semantically correct. This highlights the necessity
of the segmental metrics (Table 2) for a fair
assessment.

Segmental Performance (loU)

Since frame-level metrics do not strictly penalize
fragmented predictions, we rely on Segmental F1
scores (Table 3) to assess the temporal
coherence of the detected units.

The model achieves an F1@50 of 57.52%,
indicating that most predicted clauses overlap
significantly with the ground truth. Furthermore,
the high F1@10 (75.43%) suggests that the
system correctly identifies the approximate
location of 3 out of 4 clauses, providing a strong
baseline for manual refinement.

Metric Threshold F1-score (%)
F1@10 0.10 75.43
F1@25 0.25 69.96
F1@50 0.50 57.52

Table 3: Segmental F1-Scores at different loU
thresholds

6.2. Ablation Study: Impact of Modalities

To quantify the contribution of manual (hands)
versus non-manual (face) features to the
segmentation task, we conducted an ablation
study.

Input Fl@ |Fli@ |Fl@ |2
Modality | 10(%) | 25(%) | 50(%) | (vs Full)
Face 70.00 | 64.30 |43.92 |-13.60
Only

Hands | g939 |6374 |47.92 |-9.60
Only

Full 75.43 | 69.96 |57.52 | —

Table 4: Impact of Modalities on Boundary
Detection (Test Set)
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To better understand the source of errors, we also
analyze the frame-level metrics specifically for the
critical “Begin” class (Table 5). The results in
Table 4 reveal the complementary nature of
manual and non-manual signals in PJM.

Surprisingly, the Face-Only model performs
competitively at looser thresholds (F1@10:
70.00%), slightly outperforming the Hands-Only
baseline. This confirms that facial expressions
(prosodic markers) are strong indicators of clause
boundaries. However, the performance drops
significantly at stricter thresholds (F1@50:
43.92%), suggesting that while the face indicates
the presence of a boundary, it lacks the temporal
sharpness to define the exact frame of the onset.

The Role of Manuals (Hands): The Hands-Only
model offers better localization precision (F1@50:
47.92%), driven by the distinct kinematic changes
(e.g., lift-off from rest) associated with sign
initiation. Nevertheless, without facial context, the
model struggles to distinguish meaningful signs
from transitional movements, resulting in a lower
overall accuracy compared to the full model.

Model [|Precision [Recall |F1-Score|Macro F1
\Variant |(Beg) (Beg) (Beg) (Global)
2?1?5 12.74%  [28.10% [17.53% [60.16%
Hands 15 7700 U7.07% [23.62% 62.86%
Only

Ful  [1854% [42.99% [25.91% [66.01%

Table 5: Frame-wise Metrics for the “Begin”
Class (Ablation)

As shown in Table 5, the Hands-Only model
exhibits the highest Recall for the “Begin” class
(47.07%) but suffers from lower Precision
(15.77%). This suggests that hands are
“hypersensitive” triggers - they detect almost
every movement, leading to many False
Positives. By integrating facial features, the Full
Model acts as a filter: it slightly reduces Recall
(43.0%) but significantly boosts Precision (+2.8
pp) and the overall F1-score. The Attention
mechanism effectively suppresses “lone” hand
movements that are not accompanied by the
prosodic intent visible on the face.

7. Conclusion

We addressed the critical bottleneck of manual
annotation in sign language corpus linguistics by
proposing an automated segmentation framework
for PUM. We adapted the MS-TCN architecture,
enhancing it with a Channel Attention mechanism
to effectively fuse multimodal input streams from
pose estimation keypoints.

Our experiments demonstrate that a lightweight
model operating on skeleton data can effectively
localize Clause-Like Units (CLUs).

The proposed model achieves a Segmental
F1@10 of 75.43% and an F1@50 of 57.52%.
These results indicate that the system can
generate  high-quality boundary proposals,
correctly identifying the approximate location of
three out of four clauses.

Through ablation studies, we empirically validated
the linguistic hypothesis regarding the interplay of
articulators. We found that while manual features
(hands) provide kinematic precision for the onset,
non-manual signals (face) are essential for
capturing the prosodic envelope of the sentence.
The fusion of both modalities yielded a significant
performance gain (+10 pp in F1@50) over single-
modality baselines.

Impact on Annotation Workflow

The primary goal of this research was to facilitate
Computer-Assisted Annotation. Given the high
recall of our system, it can be integrated into
annotation tools (e.g., ELAN, ilLex) to pre-
segment video timelines. By transforming the task
from “search and annotate” to “verify and adjust”,
we estimate a substantial reduction in the
cognitive load and time required for corpus
creation.

Future Work
Future research should focus on four main areas.

First, investigating methods for effectively
applying machine learning techniques to naturally
occurring linguistic data that has not been
designed or curated for computational use.

Second, investigating whether the Ilearned
boundary features can be transferred to other sign
languages (e.g., DGS or Auslan) without
extensive retraining.

Third, conducting a qualitative study with expert
linguists to measure the actual acceleration of the
annotation process when using model-generated
proposals.

Fourth, examining the impact of recording type on
model performance. The present study is based
on a Polish Sign Language (PJM) corpus
comprising both monologue and dialogue
recordings. As dialogue data involve interactions
between signers, they may introduce additional
complexity compared to monologic data. Future
work should therefore investigate whether model
performance differs across these recording types
and explore how interactional structure affects
boundary detection.
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