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Abstract

In existing Sign Language (SL) research, most datasets and back-
bone models focus on sentence-level samples. However, the anno-
tated sentence-level SL datasets are rather limited, and it is in great
need to expand sentence-level SL datasets. When considering the
large-scale long SL videos with captions, we propose a new task, i.e.,
Sentence-level Sign Language Segmentation (SSLS), which splits the
long videos into consecutive sentence-level videos. SSLS is an impor-
tant and meaningful task, which can greatly reduce the labor costs
in data annotation for sentence-level SL datasets. However, SSLS is a
very challenging task, since it is rather difficult to accurately find the
boundary of each sentence in a long video. To address this issue, we
formalize, learn, and optimize the boundaries of sentences step by
step. First, to distinguish the boundary and the inside of a sentence,
we formalize SSLS as a frame-level classification task and design a
boundary annotation scheme. Second, to learn the boundary of each
sentence from the long video, we design a multimodal framework,
SignBD, which correlates the local features and global features
through dual dilated attention, while aligning visual and textual (i.e.,
sentences) modalities through gated cross-attention. Third, to allevi-
ate the widely existed over-segmentation and under-segmentation
problems in segmentation tasks, we propose a boundary optimiza-
tion strategy, which utilizes the number of sentences provided by
captions to optimize (i.e., insert or delete) boundaries based on
information uncertainty. Extensive experimental results demon-
strate the superiority of our solution. Codes are publicly available
at: https://github.com/newbg/Sign-Language-Segmentation.
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1 Introduction

Current research in Sign Language (SL) understanding primarily fo-
cuses on Continuous Sign Language Recognition (CSLR) [11, 48, 55]
and Sign Language Translation (SLT) [12, 42, 51, 53]. The exist-
ing CSLR and SLT models [42, 50, 52, 57] heavily rely on publicly
available SL datasets, where samples are typically organized in
sentence level, i.e., video-gloss pairs (for CSLR) and video-sentence
pairs (for SLT). In fact, the existing SL models can hardly work
for multi-sentence video processing (see Table 7). That is to say,
sentence-level video-text pairs are essential for SL models. How-
ever, the scarcity of annotated sentence-level SL datasets severely
limits the development of SL tasks. Consequently, it is crucial to
explore effective methods for expanding sentence-level SL datasets.

A straightforward method for producing sentence-level datasets
is to recruit signers to record the video for each pre-defined sentence.
However, the labor cost of this method is very high, and the size
of collected dataset is often very small. To reduce the burden of
recoding videos, another method is to invite domain experts to
manually annotate the existing SL videos in sentence level. The
labor cost of annotating videos is also high, and the dataset size is
also limited. That is to say, these existing methods are often labor-
intensive and tend to produce small-size datasets. To overcome
these limitations, we take the lead in exploring the large-scale
long sign language videos with captions (i.e., translated text) and
automatic data annotation methods. Specifically, we aim to split the


https://github.com/newbg/Sign-Language-Segmentation
https://doi.org/10.1145/3746027.3755080
https://doi.org/10.1145/3746027.3755080

MM °25, October 27-31, 2025, Dublin, Ireland

p
Captions

(Consecutive
sentences)

We want to expand to more groups rather than just four schools for next year. We are learning as we go this
year and we hope to expand to more schools next year. If you are interested in getting involved next year,
please let us know!

Long
video

/N
Sentence-level Sign Language Segmentation
¥

T T
i We are learning as we go this year |f
groups rather than just four |i| and we hope to expand to more |:
schools for next year. i| schools next year.

We want to expand to more If you are interested in getting
involved next year, please let us

know!

Single
sentence

Segmented
video

Video-sentence pair

Video-sentence pair Video-sentence pair

Figure 1: Illustration of sentence-level sign language segmen-
tation.

long videos into sentence-level short videos based on the written
sentences in captions, and then construct the video-sentence pairs
for sentence-level SL datasets. Due to the large number of long
videos, it is possible to greatly expand the scale of sentence-level
SL datasets, while significantly reducing labor costs.

To achieve the above goal, we propose a new task, i.e., Sentence-
level Sign Language Segmentation (SSLS), as illustrated in Figure 1.
In the SSLS task, the objective is to automatically segment a long
sign language video to consecutive short videos, where the semantic
information of each short video corresponds to a subtitle sentence.
Apparently, after SSLS, each segmented video and its correspond-
ing written sentence will form a video-sentence pair, thus we are
possible to automatically produce a large-scale sentence-level SL
dataset, while greatly reducing labor costs. The larger datasets are
beneficial to build large-scale sign language models and further
promote the SL research. However, as a new task, to achieve SSLS,
there are several challenges to be addressed. First, there are no
suitable datasets for SSLS, since the existing datasets are usually
annotated for SLR or SLT tasks. Second, it is difficult to find the
boundary of short video corresponding to a sentence, since there
are usually not apparent transition actions in sign language. Third,
it is rather challenging to get the correct number of segments (i.e.,
short videos), since the over-segmentation and under-segmentation
problems [4, 19, 33, 45] are widely existed in segmentation tasks.

In this paper, we seek to solve the above challenges, and then pro-
vide an effective baseline model and produce suitable datasets for
SSLS tasks. When considering the challenges, we formalize, learn,
and optimize the boundaries of short videos step by step, based
on the written sentences in captions. First, to define the new task
lacking of suitable datasets, we formalize SSLS as a frame-level clas-
sification task, and then design a variable-length boundary annota-
tion scheme to distinguish the boundary frames and inside frames
of a sentence. Second, to learn the boundary of each short video
corresponding to a written sentence for segmentation, we design
a multimodal framework, where dual dilated attention is adopted
to correlate local features and global features (i.e., locate a local
boundary from a global perspective), while gated cross attention is
adopted to align visual and textual modalities (i.e., locate boundaries
by distinguish different sentences). Third, to alleviate the widely
existed over-segmentation and under-segmentation problems in
segmentation tasks, we propose a post-processing boundary opti-
mization strategy, which utilizes the number of sentences provided
by captions to further insert or delete boundaries, according to the
calculated information uncertainty. In this way, we split a long sign
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language video into consecutive short videos in sentence level, and
produce more sentence-level datasets for SL research.
We make the following contributions in this paper.

e We propose a new task, Sentence-level Sign Language Seg-
mentation (SSLS), which plays an important role in expand-
ing sentence-level SL datasets and promoting the SL research.
To define the new task and provide suitable training data,
we formalize SSLS as a frame-level classification task and
design a variable-length boundary annotation scheme.

To learn the boundary of each short video(i.e., in sentence
level) from the long video, we design a multimodal frame-
work, which locates boundaries from a global perspective
through dual dilated attention and detects boundaries be-
tween different sentences by aligning visual and textual
modalities through gated cross-attention.

To alleviate the over-segmentation and under-segmentation
problems, we propose a post-processing boundary optimiza-
tion strategy, which utilizes the number of written sentences
to further insert or delete boundaries based on information
uncertainty.

Extensive experimental results demonstrate the superiority
of the proposed model, which can serve as effective method
for SSLS. Besides, the segmented video-sentence pairs can
be used to expand SL datasets.

2 Related Work

Until now, there has been no research work on sentence-level sign
language segmentation (SSLS). Therefore, we will review the work
most relevant to SSLS, i.e., , action segmentation, gloss segmenta-
tion/alignment, and caption alignment.

2.1 Action Segmentation

Action segmentation [19, 26, 27, 32, 34, 49] aims to partition a long
video into a series of short video segments, where each segment
corresponds to an action. Usually, action segmentation is formalized
as a frame-wise classification task, i.e., each frame is labeled with
an action class. The existing methods can be broadly classified into
fully supervised multi-stage refinement approaches and weakly
supervised alignment-based approaches. The former ones have an
action label for each frame in model training. Then, they predict
and refine action segments in multiple stages iteratively. For ex-
ample, MS-TCN [9] and MS-TCN++ [30] designed multiple stages,
which are consisted of temporal convolutional layers, to refine ac-
tion segmentation. ASFormer [54] introduced multiple decoders
to refine the predicted action segments in stages. While the latter
ones do not have an action label for each frame, and they only have
transcripts that list the action order. Thus they usually generated
pseudo frame-wise action labels, and aligned video segments with
transcripts using algorithms such as Viterbi [24, 25, 28, 35, 36] or
Dynamic Time Warping [10, 18, 38, 43, 44]. However, both types
of approaches often suffer from over-segmentation (i.e., an action
is split into multiple video segments) and under-segmentation is-
sues (i.e., multiple actions are split into a single video segment).
To mitigate these issues, ASRF [19] introduced an auxiliary action
boundary network to refine segmentation, while some two-stage
methods [1, 3, 18, 20, 29] refine predictions by modeling action rela-
tions. Different from action segmentation, our SSLS task belongs to
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a binary classification problem, i.e., distinguishing intra-clip frames
(internal frames) and inter-clip frames (boundary frames). How-
ever, our SSLS also suffers from the imbalance between the number
of internal frames and boundary frames. Therefore, we propose a
multi-frame boundary annotation scheme to alleviate the imbalance
problem, and also introduce boundary learning and optimization
strategies to improve the segmentation accuracy.

2.2 Gloss-level Segmentation and Alignment

Gloss is the minimal linguistic unit in sign language, and it often cor-
responds to a word in spoken language [22]. In terms of gloss-level
video segmentation, some work introduced Hidden Markov Model
(HMM) [13, 15, 16, 22] to infer the temporal segmentation of a clip
corresponding to a gloss. For example, DTW-HMM [56] combined
HMM-based modeling with a two-stage segmentation strategy,
which first uses a threshold matrix to detect coarse sign boundaries,
and then applies Dynamic Time Warping (DTW) for fine-grained
segmentation through candidate matching and refinement. In terms
of gloss-level video-text alignment, some research work tried to
align each gloss with the key frames of the corresponding clip
[2, 46]. For example, Momeni et al. [39] used dictionary lookups
to identify potential gloss occurrences, enabling weak alignment
between isolated signs and video clips for sign spotting. Gul Varol
et al. [46] used the maximum attention score corresponding to each
gloss to temporally locate the key frames. While the other research
work often adopted Connectionist Temporal Classification (CTC)
loss [14, 40, 58] to weakly align the gloss sequences and video clips
in order. In SSLS, the boundary frame of each video clip should be
explicitly detected. Thus the existing gloss-level approaches with
coarse or weak alignment are not suitable for our task. Therefore,
we explore a new framework to formalize, learn and optimize the
boundary of each video clip for SSLS.

2.3 Sentence-level Caption Alignment

Sentence-level caption alignment aims to align written sentences
with video segments, when given the text captions of a video. Some
work attempted to detect boundaries by relying on visual cues such
as hand movements, pauses, and facial expressions [21, 41]. Bull
et al. [6] used visual skeleton data, including body, hand, and face
keypoints to detect temporal sign boundaries, and aligned them
with provided subtitles. Subsequent work considered the practical
scenario in which subtitles are available, for instance, Bull et al. [5]
used caption timestamps (may be not accurate) of written sentences
as priors to define temporal windows and incorporated textual cues
for alignment. In contrast, our SSLS framework directly operates on
long sign language videos without relying on subtitle timestamps,
and even provides visual-only working modes without captions.

3 Problem Definition

Sentence-Level Sign Language Segmentation (SSLS) is a new task
and can be defined as follows. Suppose there is a long, untrimmed
sign language video F = { f,-}?:l, where f; denotes the i-th video
frame and 6 is the total number of frames. The corresponding text
caption of the long video is S = {Sj}?zl, where s; is the j-th sen-
tence and ¢ denotes the total number of written sentences. Then, the
goal of the SSLS task is to segment F into a set of non-overlapping
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Figure 2: Comparison of three annotation strategies: (a) SBA;
(b) FBA with k = 2; (c) VBA.

sub-videos V = {Uj}§=1’ where v = {faj,fajH, .. ,fbj} is seman-
tically aligned with the sentence s; and satisfies 1 < a; < b; < 0.
It is worth noting that due to the widely existed over-segmentation
and under-segmentation problems, the number of segmented clips
£ may not be equal to ¢, and the jth sub-video v; my not be aligned
with the jth sentence s;.

To segment the long video into short clips, the key is to detect the
boundaries (i.e., start and end) of each clip. To detect the boundary
from all video frames, we re-formalize the SSLS task as a frame-wise
binary classification problem, i.e., classifying a frame as an internal
frame or a boundary frame. Specifically, the objective of SSLS is to
predict a frame-wise class sequence Z = {z;|z; € {0, l}}l.ezl,
z;i = 0 denotes an internal frame and z; = 1 indicates a boundary
frame. Suppose that X = {xi}iB:1 corresponds to the frame-level
visual feature sequence, then the neural model needs to learn the
conditional probability P(Z | X). When the class sequence Z is
learned, the k-th video segment vy is represented with consecutive
frames (f,, fkp], where f, and fkp are boundary frames (i.e., z, =
1z, = 1), and fi,, i € (1, p) are internal frames (i.e, zx, = 0). After
that, the k-th video segment and the k-th written sentence will
form a video-sentence pair, as shown in Figure 1.

where

4 Method

To solve the challenging SSLS task, we define, learn, and optimize
the boundaries of sub-videos step by step. First, we design a multi-
frame boundary annotation scheme to distinguish internal frames
and boundary frames of a video segment corresponding to a written
sentence, as illustrated in Figure 2. Second, we propose a neural
Sign language segmentation framework based on Boundary Detec-
tion (named SignBD for short), to learn the boundary of each video
segment as shown in Figure 3. Third, we present a segmentation
optimization module, to optimize the predicted video segments, by
calculating the information uncertainty of each frame and compar-
ing the number of segments and that of sentences in text captions.

4.1 Boundary Definition

In SSLS, a long sign language video often contains thousands of
frames but only a few sentence-level segments, leading to a severe
imbalance in the number of internal and boundary frames. This im-
balance causes the model to be dominated by internal frames during
training, making it harder to recognize boundary patterns. To alle-
viate this issue, we propose a boundary annotation strategy named
Variable-length Boundary Annotation (VBA), which expands the
boundary regions around the transition of each segment.

Figure 2 illustrates the difference between the conventional
Single-frame Boundary Annotation (SBA), Fixed-frame Boundary
Annotation (FBA), and our proposed VBA. In this example, the
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Figure 3: The details of proposed SignBD framework.

video is segmented into three parts with lengths T, T2, and T3. As
shown in Figure 2(a), SBA labels only the last frame of each segment,
along with the first frame of the video, as boundary frames (z = 1).
FBA, illustrated in Figure 2(b), labels fixed k frames at both sides
of each segment, regardless of segment length. In contrast, VBA,
shown in Figure 2(c), adaptively labels [T; - f] frames on both the
start and end sides of each segment v;. The remaining frames are
labeled as internal (z = 0). VBA adapts to varying segment lengths,
making it more suitable than SBA and FBA.

4.2 Boundary Learning

In long sign language videos, transitions between consecutive sen-
tences are often subtle and lack apparent visual boundaries. This
makes it difficult to accurately locate segment transitions based
solely on visual features. To tackle this challenge, we introduce
a boundary learning framework named SignBD that incorporates
sentence-level captions as a auxiliary modality to guide the learning
of sentence boundaries.

As shown in Figure 3, our framework takes a long sign language
video and its corresponding captions as input. The video is first
encoded by an I3D model to obtain frame-wise visual features. A
1 X 1 convolution is then applied for dimension reduction. The
features are passed into a Dual Dilated Convolution (DDC) module,
which consists of two parallel convolutional paths with increas-
ing and decreasing dilation factors. The output of DDC is then
passed to 10 stacked self-attention layers, which model global de-
pendencies across the entire sequence. Meanwhile, the caption is
encoded using a pre-trained BERT model and projected viaa 1 X 1
convolution to match the dimension of visual features. The caption
features are integrated with the visual features through a Gated
Cross-Attention module, which aligns the visual and textual rep-
resentations, ensuring that the sentence-level semantics guide the
boundary learning process. The resulting sequence of frame-wise
boundary predictions is further processed by the segmentation opti-
mization (SegOpt) module, which leverages frame-wise information
uncertainty values and the number of sentences to correct over-
segmentation and under-segmentation errors. The final output is a
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frame-wise binary sequence, which indicates whether a frame is a
boundary frame or an internal frame, thus getting the segmented
video clips.

Dual Dilated Attention. The Dual Dilated Attention (DDA)
module consists of the Dual Dilated Convolution (DDC) module
and stacked self-attention layers. Given a visual feature sequence
X € REXL where C is the feature dimension and L is the tem-
poral length, the DDC employs two parallel convolutional paths
with complementary dilation factors for encoding. In the first path,
the dilation factors d; grow exponentially with layer depth (e.g.,
1,2,4,8,16,...), enabling the capture of long-range dependencies.
In contrast, the dilation factors in the second path dy decay ex-
ponentially (e.g., ..., 16,8,4,2, 1), emphasizing local details. The
outputs of the two paths are computed as:

X1 = ConvlD(X;dy), Xz = ConvlD(X;dy), (1)

where X1, X; € RE*L are the feature maps generated by two con-
volutional paths, respectively. These outputs are first concatenated
along the channel dimension and then passed through a 1D convo-
lutional layer to reduce the dimensionality:

Xdilated = X1 ® X2, 2)

where Xgilated € captures both short-range and long-range
temporal patterns. The fused feature is then passed through the
self-attention module to model global dependencies:

RCXL

Xppa = Self-Attention(Xgjlated) (3)

where Xppa € RE*L denotes the final output of the DDA module.
The DDA module allows the model to extract both local tempo-
ral patterns and long-range dependencies from different receptive
fields, thereby capturing transitions between consecutive sentences.

Gated Cross-Attention. To incorporate sentence-level seman-
tic guidance, we align the visual features with caption features
using a Gated Cross-Attention mechanism. The caption features
T € RE*S, with C; being the textual feature dimension and S being
the number of tokens, are projected to match the visual dimension.
Then, cross-attention is performed with T as queries and Xppa as
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Figure 4: Illustration of the proposed SegOpt module.

keys and values. The output is combined with the original visual
features through a gating mechanism:

Xfused = tanh(a) - CrossAttn(T, Xppa ) + (1 —tanh(a)) - Xppa, (4)

where « is a learnable scalar parameter, and tanh(«) is the hyper-
bolic tangent function, which serves as a soft gate to balance the
contributions of the text-guided visual features and the original
visual representations. After that, the fused features are used to
predict frame-wise boundary probabilities. This mechanism aligns
semantic and visual information at each frame, enabling more ac-
curate boundary prediction. The predictions are further processed
by the SegOpt module described in Section 4.3.

Loss Function. Following prior works on action segmenta-
tion [9, 30, 37, 54], we adopt a loss function that combines Cross-
Entropy loss and Smooth Loss to supervise frame-wise boundary
prediction. Specifically, the model outputs a probability matrix
¥ e R¥XL, where Je,i in Y denotes the predicted probability of
class ¢ € {0,1} at frame i, and L is the total number of frames.
The ground truth labels are given by Z = {z1,zy,...,21}, where
z; € {0,1}. Then, the Cross-Entropy Loss is defined with Eq. (5),
while the Smooth Loss is defined with Eq. (6). After that, we com-
bine the losses of both encoder and decoder, and get the total loss
with Eq. (7), where A = 0.15 is used to control the smoothness
weight.

1 L
‘ECE = _Z log gli,ia (5)
i=1
| L1z ,
Lsmooth = -1 ' Z ”gc,i"'l - gC,i“Z : (6)
i=1 c=1
_ p(enc) (enc) (dec) (dec)
L= LCE + ALsmooth + LCE + ALsmooth’ )

4.3 Boundary Optimization

Most segmentation tasks inevitably suffer from over-segmentation
and under-segmentation issues. Suppose we get m video segments
after segmentation, while there are n sentences in the text caption.
If m < n, then we suffer from under-segmentation issues. If m > n,
then we suffer from over-segmentation issue. To mitigate these
issues in SSLS, we propose a segmentation optimization module
named SegOpt, as illustrated in Figure 4. This module first evalu-
ates the reliability of predicted boundaries based on information
uncertainty to construct a candidate boundary set, and then utilizes
the number of sentences from the caption to guide the insertion

m<n: Under segmentation m=n: Proper segmentation m>n: Over segmentation
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and deletion of boundaries. The module consists of three steps:
frame scoring, boundary merging, segmentation assessment and

optimization.
Frame Scoring. The proposed SignBD model produces frame-
wise confidence scores C = [Cq,Cy, ..., Cr], where C; denotes the

likelihood of frame f; being a boundary. To suppress noise and
enhance temporal stability, we apply a Gaussian filter to smooth
the confidence curve (shown in Figure 5). This reduces local fluc-
tuations while preserving prominent boundary signals across the
entire video. We further calculate information uncertainty using
the gradient and local extrema of the smoothed confidence. The
uncertainty U; for the tth frame is computed as:

aC,

Ci—1+Cr11
— 0

Uy ()

+e-max(Ct—

where the first term captures the temporal variation of the confi-
dence value, and the second term (weighted by the hyperparameter
€) emphasizes local confidence peaks by measuring their devia-
tion from the local average. Sentence boundaries in sign language
videos often correspond to sharp changes and local maxima in
the frame-wise confidence scores. In particular, consecutive high-
confidence values tend to produce temporally continuous boundary
predictions, and prominent peaks in the confidence curve serve
as key indicators of potential boundaries. Therefore, a larger Uz,
which captures both the gradient and local peak of the confidence
curve, indicates a higher likelihood that frame ¢ is a boundary, as
illustrated in Figure 5.

Boundary Merging. During inference, our VBA strategy of-
ten leads to multi-frame boundary predictions, where boundary
frames appear consecutively. To facilitate subsequent optimization
and evaluation, these predictions are converted into single-frame
boundaries, by selecting the frame having the highest uncertainty
value within each continuous boundary region as the final predicted
boundary.

Segmentation Assessment and Optimization. Based on the
difference between the predicted number of segments m and the
expected number n, we propose a segmentation optimization strat-
egy that dynamically adjusts the number and position of predicted
boundaries. For under-segmentation (m < n), we insert additional
boundaries by identifying frames with low confidence and high in-
formation uncertainty. First, based on the confidence, the candidate
set is defined as:

Binsert = {t | C+ € (max(C¢-1,Cr+1), 1)}, )
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Train Dev Test
Dataset

Num  Avgsentences Num Avgsentences Num Avg sentences

PHOENIX-2014T 822 8.07 102 8.27 104 7.52
How2Sign 3720 6.52 461 5.71 464 5.48
OpenASL 11023 6.68 1378 6.69 1379 6.79

Table 1: Statistics of the sign language datasets.

where k = | Bipgert| is the number of candidate frames for insertion,
and t denotes the index of the t-th frame in the video sequence.
Then, the final boundaries to insert are the min(k, n — m) frames
with the highest uncertainty values:

min(k,n—m)
Bi%r;?e‘lrt = argmax U;. (10)
te Binsert

For over-segmentation (m > n), we remove redundant boundaries
by evaluating predicted boundaries with high confidence and low
uncertainty. The candidate set is:

Bremove = {t | Ct € (max {7,C¢-1,Crs1}, 1)} (11)

The final boundaries to remove are the (m — n) frames with the
lowest uncertainty values:

final (m—n.)
Bremove = argmin Uy, (12)
te Bremove

This module adjusts the predicted number of segments to match the
expected number of sentences, thereby alleviating over-segmentation
and under-segmentation issues in SSLS. In our implementation, the
threshold 7 is set to 0.5.

5 Experiments and Results

5.1 Datasets

To adapt to the proposed SSLS task, we processed three publicly
available sign language datasets: PHOENIX-2014T[7], How2Sign[8],
and OpenASL[8], which can be categorized into two types: manu-
ally synthesized videos and naturally continuous videos. The de-
tailed statistics are provided in Table 1. The PHOENIX-2014T [7]
contains sentence-level sign language videos recorded for German
weather forecasts. To adapt it to SSLS, we grouped and concate-
nated individual sentence videos by date, resulting in 822 training,
102 validation, and 104 test samples, each containing approximately
8 sentences on average. The other two datasets, How2Sign [8] and
OpenASL [8], consist of naturally continuous sign language videos.
We directly split raw videos into 1-2 minute videos containing
multiple sentences. From How2Sign, we obtained 3720 training,
461 validation, and 464 test samples. From OpenASL, we obtained
11023 training, 1378 validation, and 1379 test samples. Each video
contains around 5-7 sentences on average. Using the proposed
VBA annotation strategy, we processed these datasets to create
benchmarks specifically suited for the SSLS task.

5.2 Experimental Setup

Data Preprocessing. Follow the existing work [17, 38], we ap-
plied several data augmentation techniques, which include resizing
frames to 256 X 256 pixels, randomly cropping them to 224 x 224
pixels, applying horizontal flipping with a probability of 0.5, and
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Dev Test
Model
Fi@10 F1@25 F1@50 | SER Fl@10 Fl@25 F1@50 | SER
MS-TCN [9] 89.07 88.61 80.66 0.133 89.65 89.25 81.18 0.086
MS-TCN++ [30] 89.01 88.34 79.83 0.091 90.77 90.37 81.82 0.086

ASformer + MLP [54] 82.95 80.00 55.92 0.074 82.67 80.37 56.90 0.087
ASFormer + Conv [54] 88.62 87.73 79.67 0.132 89.18 88.45 80.96 0.110
FACT [37] 90.74 89.36 80.78 0.131 89.73 88.84 81.16 0.169

SignBD (ours) 92.99 91.79 84.55 | 0.036 93.94 92.65 87.58 | 0.036

Table 2: Evaluation results on the PHOENIX-2014T dataset.

random temporal scaling with a factor sampled from the range
[0.8,1.2].

Architecture Settings. Our framework is implemented using
PyTorch 1.13. We adopt the proposed VBA strategy with an an-
notation proportion f = 0.2. Visual features are extracted using a
pre-trained I3D model [47], yielding 1024-dimensional frame-wise
features. Textual features are obtained from a pre-trained BERT
model [23], with a feature dimension of 768. The visual stream
is processed by a 12-layer DDA module, followed by a 12-layer
Gated Cross-Attention module for modality alignment. For SegOpt,
a Gaussian filter with ¢ = 5 is used to smooth the confidence curve,
and a 1D convolutional layer with kernel size 3 is used to adjust
the feature dimensionality.

Training Configuration. We train our model for 60 epochs
using the Adam optimizer with a weight decay of 0.0001. The initial
learning rate is set to 0.0005, and the batch size is 6. All experiments
are conducted on 4 GeForce RTX 4090 GPUs.

Evaluation Metrics. To evaluate the performance of our pro-
posed SignBD, we utilize two primary metrics:

Segmental F1 Score: Following prior works in action segmenta-
tion [9, 54], we compute the segment-level F1 score at overlapping
threshold of 10%, 25%, and 50%, denoted as F1@10, F1@25, and
F1@50, respectively.

Segment Error Rate (SER): We propose a new metric, SER, to
measure the difference between the predicted number of segments
€pred and the actual number of sentences £g¢. It is computed as:

SER = |€pred - 6‘gt' ’ (13)
Egt
A lower SER indicates better alignment between the number of
predicted and ground truth sentence boundaries.

Baselines. We reproduce several representative models for ac-
tion segmentation, including MS-TCN [9], MS-TCN++ [30], AS-
Former [54], DiffAct [31], and FACT [37]. For ASFormer, we con-
sider both variants that differ in the design of the feed-forward
module: one using convolutions and the other using MLPs. We
modify the original segmentation heads, designed to assign frame-
level labels from a predefined action set, into binary classifiers for
sentence boundary detection.

5.3 Overall Performance

We evaluate the proposed SignBD on the validation (‘DEV’) and
test (“TEST’) sets of three benchmark datasets.

Evaluation on PHOENIX-2014T. As shown in Table 2, SignBD
achieves the best performance across all F1 metrics on both the
DEV and TEST sets. In particular, SignBD outperforms the SOTA
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How2Sign OpenASL
Model Dev Test Dev Test
FI@10 F1@25 F1@50 ‘ SER ‘ FI@10 F1@25 F1@50 ‘ SER ‘ FI@10 F1@25 F1@50 ‘ SER ‘ F1@10 F1@25 F1@50 | SER
MS-TCN [9] 60.61 5845 3804 | 0558 | 6156 5971  39.94 | 0428 | 7660 7525 6261 | 0505 | 77.77 7661  64.24 | 0.208
MS-TCN++ [30] 69.29  67.62 4803 | 0406 | 69.06  67.37 4865 | 0.428 | 7465 7323 6072 | 0.257 | 7623 7496  62.22 | 0.245
ASformer + MLP [54] 5142  47.01 2447 | 0.679 | 5156 4729 2642 | 0.683 | 7046  67.13 4293 | 0.608 | 69.80 6649  41.52 | 0.669
ASFormer + Conv [54] 7134 6941 5143 | 0385 | 7161 6970 5189 | 0394 | 7931 7812 6583 | 0.206 | 8045  79.28  67.74 | 0.196
FACT [37] 80.26 7830 5666 | 0340 | 80.89 7899 5843 | 0323 | 8477 8312  69.89 | 0.229 | 8503 8324 7019 | 0.217
DiffAct [31] 83.12  80.94  60.87 | 0.2990 | 8276  80.41  60.35 | 0.294 | 8168 7939  60.40 | 03218 | 8125 7890  59.92 | 0317
SignBD (ours) 88.34 8591 6838 | 0.128 | 89.11 86.21 69.18 | 0.098 | 88.68 86.33  73.69 | 0.016 | 89.19  86.91  74.66 | 0.002
Table 3: Evaluation results on How2Sign and OpenASL datasets.
Method ‘ F1@10 F1@25 F1@50 ‘ SER 5.4 Ablation study
wioSegOpt | 8514 8791 8050 | 0170 Effect of. DQA. To Verif.y the effectiveness of DDA module, we
PHOENIX-2014T compare it with two variants of the feed-forward layer: a multi-
W/ SegOpt 336 9191 8649 | 0031 layer perceptron (MLP) and a dilated convolution, on How2Sign.
. w/o SegOpt | 7262  71.02  53.14 | 0.403 To ensure a fair comparison, all variants are evaluated without
HowzSign w/SegOpt | 89.11 8621  69.18 | 0.098 applying the SegOpt module. As shown in Figure 6, our DDA out-

Table 4: Effect of the SegOpt on sentence-level segmentation
performance.

Method ‘Fl@lo F1@25 Fl@SO‘ SER

w/o text 91.85 90.33 84.62 0.121
PHOENIX-2014T
w/ text 93.94 92.65 87.58 | 0.036
. w/o text | 80.31 78.02 59.85 | 0.252
How2Sign
w/ text 89.11 86.21 69.18 | 0.098

Table 5: Effect of incorporating text features on sentence-
level segmentation performance.

baseline FACT by 6.42% in F1@50 on the test set. In terms of the
number of segments, SignBD also achieves the lowest SER of 0.036,
outperforming all other baselines.

Evaluation on How2Sign. Table 3 (left) shows that SignBD
significantly outperforms all baselines on the How2Sign dataset. It
achieves the highest F1@50 on both DEV and TEST sets, surpassing
the strongest baseline DiffAct by 7.51% and 8.83%, respectively.
Further, SignBD also achieves a much lower SER of 0.098 on the
test set, compared to 0.294 from DiffAct.

Evaluation on OpenASL. As shown in Table 3 (right), SignBD
also outperforms all baseline methods on OpenASL. It achieves
a notable F1@50 of 74.66% on the test set, exceeding the FACT
by 4.47%. Moreover, SignBD attains the lowest SER of only 0.002,
which is significantly better than all other models.

Strategy F1@10 F1@25 F1@50
SBA 26.19 9.27 0.00
FBA (k=5) 64.22 60.86 48.21
FBA (k=10) 86.85 86.31 77.93
FBA (k=20) 86.10 85.61 76.75
VBA (ﬁ=0.2) 93.94 92.65 87.58

Table 6: Comparison of annotation strategies on How2Sign.
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performs the other two variants across all F1 metrics. Notably, it
achieves 53.14% on F1@50, which is significantly higher than the
dilated convolution (49.72%) and MLP (26.42%) counterparts. This
because that DDA can more effectively capture both local tem-
poral details and long-range dependencies for accurate sentence
boundary segmentation.

Effect of SegOpt. To evaluate the effectiveness of SegOpt, we
compare models with and without SegOpt on PHOENIX-2014T
and How2Sign, as shown in Table 4. On PHOENIX2014T, F1@50
increases from 80.50% to 86.49%, and SER decreases from 0.170
to 0.031. On How2Sign, F1@50 improves from 53.14% to 69.18%,
and SER drops from 0.403 to 0.098. These results demonstrate that
SegOpt improves segmentation performance by alleviating over-
segmentation and under-segmentation.

Effect of Captions. To evaluate the effect of captions, we con-
duct experiments on PHOENIX-2014T and How2Sign with and
without textual guidance, as shown in Table 5. On PHOENIX-2014T,
F1@50 increases from 84.62% to 87.58%, and SER drops from 0.011
to 0.005. On How2Sign, the improvement is more pronounced, with
F1@50 rising from 59.85% to 69.18% and SER decreasing from 0.252
to 0.098. These improvements can be attributed to the additional se-
mantic information provided by captions, which enables the model
to more accurately identify ambiguous boundaries. SignBD effec-
tively leverages captions when available, while still working well
in a visual-only mode.

Effect of VBA. We compare different annotation strategies and
find that VBA significantly outperforms both SBA and FBA, as
shown in Table 6. This is because assigning a fixed number of
boundary frames in FBA introduces excessive annotation noises for
short segments, while failing to balance the number of boundaries
and internal frames for long segments. To select a proper hyperpa-
rameter f§ for VBA, we evaluate performance on PHOENIX-2014T
and How2Sign with f € {0.025,0.05,0.1,0.2,0.3}, as shown in fig-
ure 7. As f increases, the F1 scores initially improve, reaching the
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Figure 6: Effect of the DDA Module.
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(b) On the How2Sign dataset

Figure 7: Exploring the effect of the hyperparameter .

highest performance at f = 0.2, and subsequently decline. We
therefore set f = 0.2 in all experiments.

GT

MS-TCN
ASFormer

FACT

SignBD

GT
MS-TCN
ASFormer
FACT
SignBD

Figure 8: Qualitative comparison of segmentation results on
the How2Sign. From top to bottom: Ground Truth (GT), MS-
TCN, ASFormer, FACT and SignBD (ours).

o I I
o | I

Figure 9: Visualization of segmentation results with and with-
out SegOpt module.

Setting Rouge | BLEU-1 BLEU-2 BLEU-3 BLEU-4

Single-sentence 52.65 | 53.97 41.75 33.84 28.39

Multi (4, pre-trained)  19.99 20.43 11.35 7.67 5.58
Multi (4, re-trained) 27.24 24.13 14.50 9.36 6.72

Table 7: SLT performance on single- and multi-sentence sign
language videos on How2Sign.

5.5 Qualitative Analysis

Figure 8 visualizes the predictions of different models on How2Sign.
MS-TCN tends to under-segment, while ASFormer and FACT show
large boundary deviations. In contrast, SignBD achieves more accu-
rate segmentation results, because our framework aligns captions
with visual features and the SegOpt module that refines predic-
tions. Additionally, Figure 9 visualizes the effect of SegOpt, showing
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that it can effectively correct both over-segmentation and under-
segmentation.

6 Discussion

SLT models have typically focused on sentence-level videos and
perform well on shorter inputs. We evaluate SLT performance
on both single-sentence and multi-sentence sign language videos,
as shown in Table 7. Performance drops significantly on multi-
sentence inputs, particularly when using pre-trained models with-
out re-training. These results demonstrate the necessity of SSLS for
long videos.

In addition, the existing MMLMs like Gemini and Qwen2-VL
perform well on video-text tasks, but they are not suitable for
SSLS. Our task involves long sign language videos with thousands
of frames and requires frame-level boundary detection, which in-
evitably results in substantial memory overhead. Therefore, we
propose a task-specific model that reduces memory consumption
and maintains segmentation accuracy.

7 Conclusion

In this paper, we introduce a new task, Sentence-level Sign Lan-
guage Segmentation (SSLS), which aims to segment long sign lan-
guage videos into non-overlapping sentence-level segments. This
task facilitates the construction of large-scale sentence-level SL
datasets while reducing the cost of manual annotation. To tackle
this challenging problem, we first formalize SSLS as a frame-wise
binary classification task and introduce a frame annotation strategy
to construct dataset. Then, we design a segmentation framework
to learn semantic boundaries in continuous sign language videos.
Finally, we propose a boundary optimization module to mitigate
over-segmentation and under-segmentation issues. Extensive ex-
periments demonstrate the superiority of the proposed method.
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