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Abstract—The objective of this work is to align asynchronous
subtitles in sign language videos with limited labelled data.
To achieve this goal, we propose a novel framework with the
following contributions: (1) we leverage fundamental grammat-
ical rules of British Sign Language (BSL) to pre-process the
input subtitles, (2) we design a selective alignment (SA) loss to
optimise the model for predicting the temporal location of signs
only when the queried sign actually occurs in a scene, and (3)
we conduct self-training with refined pseudo-labels which are
more accurate than the heuristic audio-aligned labels. From this,
our model not only better understands the correlation between
the text and the signs, but also holds potential for application
in the translation of sign languages, particularly in scenarios
where manual labelling of large-scale sign data is impractical or
challenging. Extensive experimental results demonstrate that our
approach achieves state-of-the-art results, surpassing previous
baselines by substantial margins in terms of both frame-level
accuracy and Fl-score. This highlights the effectiveness and
practicality of our framework in advancing the field of sign
language video alignment and translation. The code is available
at https://github.com/art-jang/sign-to-subtitle.

Index Terms—Sign language alignment, video-text alignment,
language processing.

I. INTRODUCTION

IGN language plays a crucial role in enabling commu-
Snication for deaf individuals. To foster communication
between hearing and deaf individuals, it is important to ex-
plore applications and technologies that can interpret linguistic
meanings from sign language videos. With advancements in
deep learning, recent works [1], [2], [3], [4], [S], [6] have
demonstrated promising results in automatic sign language
recognition and translation. However, these achievements have
been restricted to environments where continuous signing is
manually segmented into individual clips. A key challenge in
scaling up such tasks is the difficulty in acquiring large-scale
sign language training data consisting of pairs of sentence-
level text labels and videos.

In response to this, recent research has utilised sign lan-
guage broadcasted on TV, which provides videos with contin-
uous signing alongside the transcriptions of the corresponding
spoken audio, to construct large-scale datasets [7]], [8]. While
these datasets represent a significant improvement in scale
compared to the previous benchmarks [9]], [10], [11], their
supervision on signed content is limited in two aspects. First,
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it is noisy because the presence of a word in the subtitle does
not guarantee that the word is signed, and variations in signing
may occur for the same subtitles. Second, it is weak because
the audio content and the subtitles are not always temporally
aligned with the signs in sign language. The weak and noisy
supervision resulting from these issues ultimately leads to low
performance in automatic sign language translation tasks [8]],
(71, [2].

Interest in automatic sign subtitle annotation has recently
increased as a way to effectively utilise data collected from
TV broadcasts. Previous works [12]], [[13]], [14] have primarily
concentrated on identifying sparse correspondence between
keywords in the subtitles and the signs. To achieve dense
alignment between the subtitles and the signs, a method for
sign sentence boundary detection based on human body key-
points is proposed in [15]. Recently, [[16] introduced the task
of aligning subtitles in sign language videos and developed a
baseline model, but no further research has been published on
this task due to its inherent difficulty.

In this study, our objective is to develop a framework
capable of aligning asynchronous subtitles in sign language
videos with limited labelled data. The overall system architec-
ture is visualised in Fig. [T} We first introduce a subtitle pre-
processing technique that converts natural language sentences
into sign language-like sentences, drawing upon fundamental
grammatical rules of sign language. It is noteworthy that
previous studies in sign language research have overlooked
the substantial differences in grammatical structures between
sign languages and spoken languages [[17]. For instance, [16]
extract text features using frozen BERT [18]] model pre-trained
on a large corpus of natural language data and [12] employ
a straightforward approach of filtering out stop words from
subtitles. We reflect the grammar system of sign language,
which offers a simpler textual representation compared to
natural language, enhancing alignment performance.

We also tackle the challenges posed by the weak and
noisy supervision in datasets collected from TV broadcasts. To
compensate for the noisy supervision caused by ambiguities
between sign and subtitle, we introduce a selective alignment
loss. This loss function is designed to optimise the model
for predicting the precise temporal location of sign language
occurrences within the scene, leveraging negative text-video
pairs. By focusing on continuous frames where the sign
language matches the queried subtitle, our model can avoid
erroneous alignments that do not correspond to the intended
text queries. Additionally, to mitigate the effect of weak
supervision stemming from audio-aligned labels, we imple-
ment a self-training process. Specifically, we adopt a semi-
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Fig. 1: This work aims to align subtitles with continuous signing in sign language interpreted TV broadcast data by leveraging
the grammatical systems of British Sign Language. Using two different modalities—video and audio-aligned subtitles—our
framework encodes visual features and pre-processes the input query text based on the linguistics of BSL. The output consists
of time segments that indicate the points in time when the sign language corresponding to the text is uttered.

supervised learning approach where the model is retrained
using pseudo-labels generated by itself. This iterative process
allows the model to refine its predictions by leveraging its
own high-confidence outputs as additional supervision, thereby
improving robustness under limited or noisy annotations. Our
findings indicate that the accuracy of pseudo-labels generated
by our model — trained on audio-aligned data and fine-tuned on
manually labelled data — is 13.24% higher than that of audio-
aligned labels in frame-level alignment accuracy (75.64% vs.
62.40%). As a result, we adopt a self-training strategy where
the model is re-trained using the generated pseudo-labels.
This iterative process leads to further improvement in model
performance.

Our contributions can be summarised as follows: (1) to our
best knowledge, we are the first to introduce a subtitle pre-
processing algorithm aimed at trimming subtitles by incor-
porating the grammatical characteristics of sign language, (2)
we propose a selective alignment (SA) loss, facilitating precise
alignment with subtitle by preventing misalignment between
unrelated video segment and text query, and (3) we employ a
self-training strategy to address the weak supervision arising
from heuristic audio-aligned subtitle data. With extensive ex-
periments, we demonstrate that our proposed method achieves
state-of-the-art results in both frame-level accuracy and Fl1
scores. These findings highlight the effectiveness and practical
utility of our framework in advancing the field of sign language
video alignment and translation.

II. RELATED WORKS

Sign language spotting. The sign language spotting task
involves detecting isolated sign instances within continuous
sign language videos. Early approaches use signing gloves [19]
and hand-crafted visual elements to capture the hands, face,
and motion, integrating these elements with Conditional
Random Fields (CRFs) [20], [21], Hidden Markov Models
(HMMs) [22], and Hierarchical Sequential Patterns (HSP)
Trees [23]. Other approaches [24]], [25] try to utilise subtitles
of broadcast videos as auxiliary supervision to spot signs.

With the advancement of deep learning, more recent work
has leveraged extra cues such as mouthings [13] and visual
dictionaries [14] or attached sliding window classifiers [26]]
to localise signs in time stamps more accurately. The most
recent works [12]], [27] focus on scaling up sign-spotting with
large-scale corpora for automatic sign annotation. However,
sign-spotting primarily focuses on detecting individual signs
and does not address the broader alignment between video and
sentence.

Continuous sign language recognition. The Continuous Sign
Language Recognition (CSLR) task aims to map a given sign
video to its corresponding glosﬂ sequence. Early works design
hybrid models combining CNNs with HMMs [28], [29]. Later,
Connectionist Temporal Classification (CTC) loss [30] is em-
ployed to facilitate training of CSLR models [31], [32], [33].
As a result, it allows the CSLR task to be considered as an
alignment task between gloss sequence and sign video. From
this, one branch focuses on designing model architectures [34],
[35], [36l, [37] specialised in temporal alignment, while the
other branch [28]], [29]], [38]], [39], [40] focuses on generating
pseudo-gloss labels to propagate frame- or clip-level alignment
supervision. However, existing methods have primarily been
validated on pre-segmented sentences of signing [9]], [41]]. This
is a major obstacle to applying CSLR technology in the wild,
where sign language is continuously streamed.

Moment retrieval for video-text alignment. The Moment
Retrieval (MR) task involves identifying temporal moments
highly relevant to a given text query within a specified time-
frame. This task is typically categorised into two approaches:
proposal-based and proposal-free methods. Proposal-based
methods use a pipeline where candidate windows are generated
from the entire video, followed by ranking based on matched
scores using predefined temporal structures like sliding win-
dows [42], [43]], [44], [45] or temporal anchors [46], [47], [48]],
[49]], [50]. Proposal-free methods treat the task as a regres-
sion problem, directly regressing start and end time frames
using multimodal attention, dynamic filters, and additional

IThe smallest unit having independent meaning in sign language.
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input query. Both videos are encoded with shifted temporal boundaries of the audio-aligned subtitle, denoted as Sprior and
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features [S10, 152], [S31, 540, 1551, [S6], [57]. MR shares
similarities with sign language subtitle alignment, as both tasks
involve aligning text and video at a frame level. However, there
are distinct differences: (1) sign language content requires
fine-grained alignment due to the consistent visual appear-
ance of signing sequences across frames, necessitating precise
recognition of body dynamics. (2) unlike other alignment
tasks, each subtitle in sign language alignment has a specific
reference location, which provides prior information about its
start time and duration. In this paper, our primary focus is
on the sign language subtitle alignment task, addressing the
unique challenges and considerations inherent to this domain.

Different learning strategies of sign language. DNF [32]]
presents an iterative framework for CSLR, where an end-to-
end model is first trained to obtain temporal alignments, which
are then used to refine the feature extractor. SignBERT [58]]
proposes a self-supervised pre-training method using 3D hand
reconstruction from 2D keypoints. This enables learning of
rich structural features. SignBERT+ [59]] extends this approach
to multiple sign language tasks by slightly modifying the
sequence model while maintaining the shared backbone, show-
ing strong generalisability. SOS [33]] tackles background bias
via a teacher-student framework, where the student is trained
on background-augmented videos and the teacher on originals,
promoting background-invariant feature learning.

Alignment between audio, visual, and text modalities.
Whisper [60] is a speech recognition model that performs both
transcription and speech-text alignment. Its extension, Whis-
perX [61], further achieves word-level alignment, offering
finer temporal precision. Multimodal alignment has also been
studied in tasks such as speaker diarisation [62], [63], [64],

Using a Transformer decoder, the model predicts frame-level alignment between text and video. Note that the negative

which identifies who spoke what and when, combining audio,
visual, and textual cues. Recent efforts [65], [66] include
automating subtitle generation for film, requiring accurate
video-text alignment. Beyond audio, DVFA [67] aligns talking
face videos and transcriptions without using speech, achieving
sentence-level alignment. EVFA [68] improves on this by
leveraging global-local attention to capture both local details
and global context, enhancing visual-text alignment. These
works demonstrate the growing focus on aligning visual and
textual information, even in the absence of audio.

Sign language subtitle alignment. Early work [69] on
aligning subtitles to continuous signing combined cues from
multiple sparse correspondences. However, this work was
based on the assumption that the ordering of words in subtitles
is the same as that of signing. Since then, the sequence-
level sign language temporal localisation task has been stud-
ied using various approaches such as category-agnostic sign
segmentation [70]], [71], signer diarisation [72f, [73l], [74]],
and active signer detection [75], [76l, [77], [78]. Neverthe-
less, these studies deal with temporal granularity, such as
word boundaries or active sign segments, rather than subtitle
units. In response to this, [15] initially introduce a model
for segmenting sign language video into sentence-like units.
While the model is accurate at detecting temporal boundaries,
achieving an ROC-AUC metric of 0.87 at the frame level,
aligning these segmented units with corresponding subtitles
requires additional steps such as sign language translation [9],
[79], 171, [2], [8Q], [37] and text processing. More recently,
the sentence-level sign alignment task has been extended by
simulating real-world data acquisition scenario [16] using a
large-scale broadcast dataset [8]. However, other than this



study, research on sign language subtitle alignment in real-
life scenarios defined in [16] has not been actively conducted
due to the high entry barrier posed by the difficulty of this
task. In this paper, we present a novel task-specific framework
that significantly outperforms the baseline’s alignment perfor-
mance with a linguistic analysis of British Sign Language.

ITIT. METHOD
A. Sign to subtitle alignment framework

Our framework is illustrated in Fig. 2] For the input of the
model, we provide (1) a pseudo-gloss sequence pre-processed
by a subtitle pre-processing algorithm, (2) a positive video
aligned with the input query, and (3) a negative video not
aligned with the input query. Since guiding the model with
prior which is a temporal boundary from the audio-aligned
subtitle has a significant impact on model performance [16],
both videos are encoded with the priors denoted as Sp,ior and
Sprine- Finally, the model produces a vector of values ranging
from O to 1, indicating the relevance of each frame to the
text query. The first and last values exceeding a threshold 7
define the predicted temporal boundaries for the query subtitle.
Notably, during inference, only the positive video is inputted.

Subtitle pre-processing. With an understanding of British
Sign Language (BSL) linguistics, we transform the text query
input into a sign language-like sentence. Further details about
this process will be provided in Sec.

Text encoding. The pre-processed subtitle is encoded with a
language model. Specifically, we initialise our language model
using pre-trained BERT [18] weights, which were trained on
the BookCorpus and English Wikipedia. The language model
generates a sequence of contextualised token features, with
special tokens representing the beginning and end of each
sentence. To align with the input dimension of the Transformer
encoder, these sequence features are projected to d,oqe; USINg
a linear layer. Subsequently, the output from the linear layer is
fed into the Transformer [81] encoder to propagate token-level
correlation information for the decoding process.

Video encoder. We input a video sequence of length 7" into
the visual encoder for feature extraction. The encoded features
are projected to dy,oq4e; to be combined with the text modality
in the Transformer decoder.

Prior encoding. Following the approach in [16], we utilise
audio-aligned subtitle timings as a prior cue for subtitle
localisation. Specifically, given the temporal boundary of an
audio-aligned subtitle, denoted as S,ugio, We shift the centre
by +2.7seconds to obtain an adjusted location S;dio. This
temporal shift is motivated by observations in SAT [16]], where
shifting the prior boundary slightly forward in time was shown
to improve alignment performance.

Unlike SAT, which uses the adjusted location S;'udio di-
rectly as a narrow prior, we further extend this range by
spanning 3.2 seconds (i.e., 20 frames) on both sides, resulting
in a broader prior region, denoted as Spho. This design
encourages the model to avoid overly focusing on a narrow
segment, which can lead to misalignment—particularly for
short subtitles, where the correspondence between audio and

subtitle is often less precise. The effectiveness of this broader
prior is demonstrated by the performance improvement shown
in Table [VIIl

The prior Sprior is encoded as a binary vector of length 7',
where each element is set to 1 if the corresponding video
frame falls within the temporal span of Syior, and 0 otherwise.
This binary prior is first projected to a feature dimension of
dmodel. Since the video features are also of dimension dyodel,
the two are concatenated along the channel axis, resulting in
a combined feature of dimension 2d.4e. This concatenated
representation is then projected back to dpoge, allowing the
model to effectively incorporate the temporal prior into the
video feature representation.

Multimodal decoding. The decoder comprises Transformer
layers that process the encoded sequence to aggregate visual
and text features. Positional encoding is applied to capture
the temporal order of signing. The final layer is a linear
transformation followed by a sigmoid activation, producing
T predictions between [0, 1] for each video frame.

B. Subtitle pre-processing

The grammatical system of British Sign Language (BSL)
significantly differs from that of spoken languages [17].
However, existing deep learning-based sign language-related
studies simply adopt techniques from the Natural Language
Processing (NLP) field, such as freezing pre-trained language
models or reducing noise in the input text. In this study, we ex-
plore the impact of sign language grammar rules on alignment
performance and propose an online subtitle pre-processing
algorithm. This algorithm transforms natural language sen-
tences into sentences that mimic the grammar system of sign
language, in other words, resemble gloss representation. We
delve into the grammar of BSL based on insights from [17].
We define guidelines that characterise the unique linguistic
structure of BSL: (1) pronouns extend beyond referring to
people and also include concepts of places where people exist,
(2) negative meaning is conveyed through negative phrases,
(3) articles may be omitted in gloss representation, (4) tense
may not always be explicitly indicated, (5) ‘be’ verbs may be
omitted in gloss representation, and (6) ‘been’ word is used
to express the present perfect tense. Reflecting on these rules,
the following strategies are adopted: (1-2) we do not remove
stopwords that are considered an unimportant component
in NLP field, (3) exclude articles, (4) lemmatise verbs (5)
eliminate ‘be’ verbs, and (6) replace the auxiliary verb colour
orange ‘have’ with ‘been’. At the last stage, we analyse the role
of the word in a sentence using the Part of Speech (PoS)
tagging approach. Our experiments prove that tailoring input
queries based on the grammatical rules of BSL significantly
enhances alignment performance. This result underscores the
importance of incorporating sign language-specific linguistic
features in the subtitle alignment domain.

C. Training and fine-tuning

The sign language subtitle alignment task ultimately aims
to achieve auto-labelling while minimising the reliance on ex-
tensive human labelling. In this study, we simulate a scenario



where the amount of manually labelled data is significantly
less compared to the volume of audio-aligned labelled data.
This approach reflects real-world challenges where acquiring
large-scale manually labelled datasets for sign language align-
ment is resource-intensive and impractical.

Our training strategies are composed of three stages. Firstly,
we perform word pre-training, a task involving single sign-
spotting under the same setup of [16]]. Notably, our model can
be applied to the sign-spotting task without any modification,
except for the input data type (sentence — word), achieving
improved performance compared to the previous method.
Experimental results are detailed in Sec. Secondly, we
conduct a training stage using weak labels, specifically audio-
aligned subtitles. This stage focuses on helping the model learn
from various text corpus. Finally, to refine model predictions,
we fine-tune the model using a small amount of manually
labelled subtitle data. During these phases, the model is trained
with a binary cross-entropy loss between the predicted vector
Spr and the ground truth Sy, defined as follows:
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where ¢ denotes a frame index. This loss encourages our model
to discriminate which frames are relevant to the subtitle and
which are not.

D. Selective alignment loss

As explained in Sec. our model is trained on audio-
aligned subtitles in the training stage. In practice, Sprior iS
the timing of the temporally jittered audio-aligned subtitle.
However, this setup leads to increased dependence on prior
information. To solve this problem, this paper introduces
selective alignment (SA) loss, which is composed of negative
alignment loss and relative alignment loss.

Negative alignment loss. To reduce dependence on the prior,
we introduce negative video-subtitle pairs to simulate scenar-
ios where our model should predict non-aligned frames based
on text understanding. In our implementation, when the model
receives a negative pair as input, the ideal output should be a
zero-valued sequence vector because there is no video frame
associated with the given subtitle. We use binary cross-entropy
loss to train the model with a zero-valued sequence vector as
the label for negative video pairs. The negative alignment loss
can be formulated as follows:

m,g—fTZIOg 1-5

where S represents the model prediction when the negative
pair is given as the input. This loss function helps the model
learn to distinguish misaligned video-subtitle pairs more ef-
fectively, thereby improving its alignment capabilities.

prt

Relative alignment loss. When negative samples are given
into the model during training, a bias arises where the model
tends to output more zero-valued sequences. To address this
issue, inspired by [82]], we propose a relative alignment loss

that leverages the provided ground truth labels to differen-
tiate between probabilities of aligned frames from those of
non-aligned frames. To compute the relative importance, the
proposed loss is defined as follows:

€
ng flog neg * (3)
Z E S

gt,it =1 zlep”"'_ep”

Spr,t
Erel

Ztl

This loss function aims to mitigate the aforementioned
challenges and encourage the model to predict alignments
more effectively, reducing sensitivity to the number of aligned
frames in the ground truth. The total loss L, is as follows:

ACtot = £align + )\negﬁneg + )\relﬁreh (4)

where A,c, and A, are hyperparameters for negative align-
ment loss and relative alignment loss, respectively. In our
experiments, Ancg and A, are set to 1. Note that the model
empirically shows robust performance across a range of values
between 0.5 and 2.0, allowing us to fix both hyperparameters
to 1 throughout.

E. Semi-supervised data annotation

In this study, our model is trained using audio-aligned
subtitle temporal boundaries, which can be obtained relatively
easily, and fine-tuned with a small amount of human-labelled
data. Although fine-tuning improves alignment performance,
we revisit the limitations introduced by the weak supervision
of the initial training stage. To address this issue, we employ
self-training, a widely used semi-supervised learning approach
in which a fully trained model generates pseudo-labels for
unlabelled data and is subsequently retrained on this automat-
ically labelled data.

Our self-training framework for the alignment task consists
of two main steps. First, we compute frame-level alignment
confidence scores from pairs of sign language video clips and
text queries. Then, the peak confidence score is compared
against a predefined threshold 7, to determine whether the
sample should be included in the self-training set. Samples
with peak scores below the threshold are filtered out to ensure
pseudo-label reliability.

In addition, we analyse the relationship between data quality
and quantity by varying the confidence threshold 7.. Ex-
perimental results demonstrate that self-training effectively
enhances model performance, highlighting its usefulness under
weak supervision.

IV. EXPERIMENTS

A. Experimental setup

Dataset. Our framework is trained on the BOBSL dataset [8]],
a publicly available dataset comprising British Sign Language
interpreted BBC broadcast footage, accompanied by English
subtitles corresponding to the audio content. This dataset
consists of 1,940 episodes totaling 1,447 hours, with 1.2M
sentences covering a vocabulary of 77K words. It involves
37 signers. The experimental setup, including the dataset
split, follows the publicly available code of [16] provided



TABLE I: Performance comparison on BOBSL dataset. Our
method outperforms existing approaches across all metrics,
demonstrating its capability to align subtitles with sign videos.

Method frame-acc (%) * Fl1@.101 Fl@.251 Fl@.50 1
Saudio 40.14 46.36 33.46 14.10
di 62.40 72.79 64.09 44.60
auaro
SAT [16] 71.01 74.19 67.01 53.36
DVFA [67] 72.55 74.87 67.70 55.63
Ours 77.22 81.39 75.03 63.81

TABLE 1II: Evaluation on downstream tasks. The pseudo-
subtitles generated by our framework contribute to perfor-
mance improvement in both retrieval and continuous sign
language recognition (CSLR) tasks.

Task \ Retrieval | CSLR

Metric T2V V2T WER |
R@IT R@5t R@If R@5t

CSLR? [§4] wiSAT [16] | 27.14 4219 2625 4199 | 65.16

CSLR?2 [84] w/Ours 2859 4374 2659 4251 | 64.22

by their official repositoryﬂ We use a subset of this dataset,
specifically 16 episodes, for fine-tuning our model and 35
episodes for testing. The test set encompasses 30 hours of
video and includes 20,338 English subtitles, with a total
vocabulary of 13K words. In this research, we hypothesise
that the cost of manually labelling alignment data can be
minimised by leveraging a small amount of human-labelled
data, representing approximately 2% of the volume of heuristic
audio-aligned data available. This approach demonstrates our
strategy to efficiently utilise limited labelled data to achieve
state-of-the-art performance in sign language alignment tasks.

To further validate the generalisability of our model, we use
the SRF subset of the WMT-SLT dataset [83]], which consists
of daily national news and weather forecast episodes broadcast
by Swiss national TV and narrated in standard Swiss German.
The dataset contains 29 episodes with a total duration of 16
hours. We randomly select two episodes, assigning one to
validation and the other to testing.

Evaluation protocol. We follow the evaluation protocol pro-
posed in [16], which utilise frame-level accuracy and F1-score
to assess the performance of alignment models. For evaluating
the Fl-score, we quantify the accuracy of subtitle alignment
with sign language videos by considering hits and misses
based on temporal overlaps. Specifically, we use three tempo-
ral overlap thresholds (IoU € {0.1,0.25,0.50}, representing
F1@.10, F1@.25, and F1@.50, respectively). These metrics
compare the predicted spans S,, with ground truth subtitle
spans Sg; to measure alignment accuracy. The frame-level
accuracy is denoted as frame-acc in our tables. For evaluating
the sign-spotting task, we calculate two metrics: mean average
precision (mAP) and top-1 classification accuracy (Acc@1).

Implementation details. In subtitle pre-processing, we utilise
the pycontractions libraryE] for fixing contractions and the
Natural Language Toolkit [85] for lemmatisation and Part
of Speech (PoS) tagging. For model architecture, we follow

Zhttps://github.com/hannahbull/subtitle_align
3https://pypi.org/project/pycontractions

the architecture of SAT model. The language model is based
on the BERT architecture, featuring 12 layers, 12 attention
heads, and a model size of 768. We use a vanilla 2-layer
Transformer encoder and decoder with 4 attention heads,
where the Transformer’s model dimension d,,oqe; 1S set to
512. The video encoder leverages a pre-trained I3D [86] sign
classification model [12], producing 1024-dimensional visual
embeddings pre-extracted from sign language video segments.
For positional encodings in the input to the video encoder, we
employ 512-dimensional sinusoidal positional encodings. Dur-
ing training, we randomly select a 20-second search window
around the location of the ground truth subtitle .S;;. Within this
window, we sample video features with a stride of 4. Note
that Sy, represents an audio-aligned subtitle during training
and transitions to a sign-aligned subtitle during fine-tuning.
To ensure a fair comparison with previous methods, we use a
DTW threshold of 0.4 for global alignment in long-sequence
videos. We use the Adam [87] optimiser with a batch size
of 64 for training. During the word pre-training stage, the
learning rate is set to 107°, and for training and fine-tuning
with subtitles, we use a learning rate of 5 X 1076, The word
pre-training stage involves training the model for 7 epochs,
followed by 4 epochs of training for subsequent stages. Full-
sentence fine-tuning is conducted over 100 epochs.

B. Quantitative results

Comparison to baselines on BOBSL dataset. As shown
in Table [I] first, we evaluate two baseline approaches: using
the original, non-shifted audio-aligned subtitle Sj,q4;, and
using the shifted audio-aligned subtitle S;Ldm (shifted by
2.7 seconds). The results demonstrate significant performance
improvements by simply shifting the time of the audio-aligned
subtitle. Next, we assess the performance of the SAT [16]
model, which represents the initial work in this field. The
SAT model outperforms all baselines by leveraging subtitle
text to identify associated video segments. Although SAT is
the only prior work that explicitly performs text-based sign-
to-subtitle alignment from audio-aligned subtitles, we further
explore a stronger comparison by adapting DVFA [67], a
recent model originally designed for aligning talking face
videos with transcriptions. For a fair comparison, we replace
the talking face video with sign language video and use the
subtitle as input transcription. All training hyperparameters are
unified with our training pipeline. As a more recent model,
DVFA achieves better performance than SAT, highlighting the
benefits of deeper video-text alignment modelling. Finally,
our proposed method exhibits superior performance across all
metrics by a substantial margin. This underscores our frame-
work’s capability to align subtitles with sign videos based
on a deep understanding of BSL’s linguistic characteristics.
Note that all metric is calculated with Dynamic Time Warping
(DTW) for global alignment in long-time sequence videos with
overlapped regions removed, following the method described
in [16].

Evaluation on downstream tasks, sign language retrieval
and continuous sign language recognition. For the baseline
of both retrieval and Continuous Sign Language Recognition
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TABLE III: Sign word spotting performance. We randomly
jitter prior S,,i0r. Our model shows superior performance in
the sign spotting task.

Method mAP 1+ Acc@1 (%) 1
Random prior 7.60 4.67
SAT [16] 70.83 68.94
Ours 76.89 75.35

(CSLR) tasks, we utilise the C'SLR? model [84], which is
trained using pseudo-subtitle labels generated by the SAT
model. We train the C'SLR? model from scratch with pseudo-
subtitles automatically generated by our pipeline, which serve
as sentence-level training data within the BOBSL dataset.

Since BOBSL does not provide manually aligned sentence-
level annotations for training, these pseudo-subtitles play a
crucial role in creating sentence-level training data, directly
impacting the quality of the learning signal. For evaluation,
we use the CSLR-TEST subset of BOBSL, which contains
4,590 sentences, where BSL signing sequences are manually
aligned with their corresponding English subtitle sentences.

For retrieval task, we report both text-to-video (T2V) and
video-to-text (V2T) retrieval results using recall at rank &
(R@k) for k € {1,5}. For CSLR, we report word error rate
(WER), which quantifies transcription accuracy by calculating
the number of substitutions, deletions, and insertions needed
to convert the predicted transcription into the ground truth,
normalised by the total number of words in the ground truth.

As shown in Table the higher quality pseudo-subtitles
generated by our method contribute to improved performance
across all metrics. This demonstrates that our approach can
provide more reliable sentence-level annotations, making it
highly applicable to various sign language downstream tasks
that require robust pseudo-subtitle training data.

Sign-spotting performance. As mentioned earlier, our model
can be directly applied to the sign-spotting task without
modifying the model architecture. To use the model in this
way, we input a random prior into the model during both
the training and testing stages. The sign-spotting task aims to
localise the temporal position of a sign word given a textual
query, which requires fine-grained alignment between sign
sequences and individual words. To evaluate the model, we use
the benchmark from [88]], which provides temporal annotations
of sign-word alignments obtained through mouthings and
dictionary exemplars.

As shown in Table the random prior achieves a very
low mean Average Precision (mAP) of 7.6. In contrast, the
SAT model achieves a significantly higher mAP of 70.83 and
an accuracy at rank 1 (Acc@1) of 68.94%. Acc@1 measures
the proportion of samples in which the top-ranked prediction
exactly matches the ground truth temporal segment. Our model
outperforms both baselines, achieving an mAP of 76.89 and
Acc@1 of 75.35%.

These results highlight the effectiveness and generalisability
of our model to downstream tasks requiring a detailed under-
standing of sign language, such as sign spotting.

Comparison with gloss representation. To verify whether
the proposed subtitle pre-processing serves as an effective

TABLE IV: Comparison with gloss. We emphasise that our
subtitle pre-processing does not require any training stage or
manual labelling process, unlike gloss production.

Input | frame-acc (%) + F1@.10 + F1@.25 1 F1@.50 ©
Pseudo-gloss 72.92 78.43 71.10 57.12
Stemming 74.66 79.01 71.99 59.35
Subtitle pre-process (Ours) 75.64 80.02 73.35 61.45

representation for the sign-to-subtitle alignment task, we com-
pare it against a linguistically motivated alternative: gloss-
level supervision and stemming. Glosses represent the minimal
meaningful units in sign language, capturing its grammar
and structure more explicitly than raw subtitles. However,
for British Sign Language (BSL), there exists no publicly
available ground-truth gloss annotation or reliable text-to-
gloss conversion model. Therefore, we adopt pseudo-glosses
automatically extracted by [88], which offer an approximate
gloss-level representation.

In this experiment, we replace our subtitle pre-processing
pipeline with two alternative input representations—pre-
extracted pseudo-glosses and stemmed subtitles—while keep-
ing all other training conditions identical. This allows us to
isolate the effect of the input representation on alignment
performance. As shown in Table using pseudo-glosses
yields a frame-level accuracy of 72.92%, while applying
stemming improves it slightly to 74.66%. Our proposed sub-
title pre-processing further increases the accuracy to 75.64%,
outperforming both alternatives. These results indicate that our
approach not only preserves the semantic content necessary
for alignment but also provides a stronger learning signal for
capturing the underlying sign language structure. We attribute
this improvement to the fact that our subtitle pre-processing
retains contextual and grammatical cues that are often lost or
distorted in pseudo-gloss extraction or by simple stemming.

Importantly, unlike gloss-based approaches that require ded-
icated models or annotation pipelines for gloss generation, our
subtitle pre-processing method does not involve any learning
or model training. This makes it significantly more efficient
and scalable, as it can be directly applied to raw subtitle data
without the need for additional supervision or resources. Note
that we do not apply self-training to either of the two models
in this comparison: one trained with subtitle pre-processing
and the other with pseudo-glosses. This ensures that any
performance difference arises purely from the representational
quality of the input, rather than differences in training strategy.

Analysis of input data at inference. We create subsets from
the BOBSL test set through various filtering strategies and
explore the corresponding performance variations, as shown
in Table When evaluating only the data overlapping with
Sprior (Overlap only case), there is a significant performance
boost of 12.35 in F1@0.50. This demonstrates that a better
prior can contribute to improved performance and highlights
the importance of properly setting the prior in the training data.
Furthermore, when removing cases with insufficient language
information—specifically, subtitles with fewer words (Remove
shorter (n) cases)—we observe an overall improvement in



TABLE V: Analysis of input data at inference. All: the entire
dataset; Overlap only: cases where there is an overlap between
Sprior and the subtitle; Remove shorter (n): excludes subtitles
with fewer than n words; Remove longer (n): removes subtitles
with more than n words.

TABLE VII: Ablation study on model component. we
demonstrate that each element — subtitle pre-processing, selec-
tive alignment loss, and self-training — consistently contributes
to performance improvements.

Method \ frame-acc (%)t F1@.10 1 Fl@.25 1 F1@.50 1
Data | #sent | frame-ace (%) 1 Fl@.104 Fl@254 F1@.50 1 SAT (16! 7101 74.19 67.01 5336

Baseline (SAT + span prior) | 72.59 (+1.58)  77.04 (+2.85) 69.84 (+2.81) 56.24(+2.88)
All 20,338 7722 81.39 75.03 63.81 + subtitle pre-processing 7446 (43.45)  78.62(+4.43) 7175 (+4.74) 59.50 (+6.14)
Overlap only 15,898 80.80 91.27 86.81 76.16 + SA loss 75.64 (+4.63)  80.02(+5.83) 73.35(+6.34) 61.45(+8.09)
Remove shorter (2) | 19,204 77.55 83.71 77.95 66.64 + self-training (Ours) 77.22(+6.21)  81.39(+7.20) 75.03(+8.02) 63.81(+10.45)
Remove shorter (3) | 17,817 77.95 85.44 80.25 68.96
Remove shorter (4) | 16,406 78.48 87.02 82.44 71.22 TABLE VIII: Ablation study on effectiveness of each pro-
Remove longer (50) | 20,280 7135 81.30 74.89 63.59 cess in subtitle pre-processing. This shows incremental per-

TABLE VI: Performance comparison to baselines on WMT-
SLT dataset. Our method outperforms existing approaches
across all metrics. Ours*™ denotes the DVFA model combined
with the proposed components applied.

Method frame-acc (%) 1+ Fl@.101+ Fl@.251 Fl1@.50 1
Random prior 49.68 69.38 55.04 28.68
S+

S udio 71.38 85.77 85.77 85.77
SAT [16 Failed to train

DVFA [67] w/ Random prior 73.03 79.34 73.80 61.99
DVFA [67] w/ S’l*“dm 79.14 93.26 91.33 87.11
Ours* w/ Random prior 77.22 83.03 79.70 67.53
Ours* w/ S.F 82.07 97.79 95.20 89.30

audio

performance. This indicates that a lack of linguistic content
negatively affects model accuracy. Lastly, when removing
cases with longer subtitles (Remove longer (n) cases), perfor-
mance slightly decreases, suggesting that an excessive amount
of language information does not necessarily lead to further
improvements.

Comparison to baselines on WMT-SLT dataset. To demon-
strate the generalisability of our pipeline, we evaluate our
model on the SRF subset of the WMT-SLT dataset [83]], which
consists of approximately 16 hours of Swiss German news and
weather broadcast data. We compare two types of priors: (1)
random priors and (2) audio-aligned subtitle timings shifted by
one second (denoted as S, ;). As shown in Table[V] S ..
achieves an F1 score of 85.77 across all IoU thresholds (0.1,
0.25, 0.5), suggesting that this prior is more accurate than
those obtained from the BOBSL dataset.

The SAT model fails to converge on the SRF subset, which
indicates that the vanilla Transformer architecture requires
more data to learn effectively. In contrast, DVFA, based on
a Conformer [89], successfully learns even with the limited
dataset. When using random priors, DVFA achieves a frame-
level accuracy of 73.03%, which further improves to 79.14%
with the stronger S . prior, confirming that better priors
lead to better alignment. Furthermore, we enhance DVFA
by introducing (1) subtitle pre-processing and (2) the SA
loss during training, denoted as Ours*. These components
consistently improve performance, and when combined with
the S .. prior, Ours* achieves a frame accuracy of 82.07%,
demonstrating the effectiveness of the proposed approach.

For implementation details, we use a Video-Swin Trans-
former [90] pre-trained on the ISLR task using the BOBSL

dataset (as in CSLR2 [84]) as our video encoder to extract

formance improvements with each added process, achieving
the best performance when all processes are applied.

Method ‘ frame-acc (%) * F1@.10 © F1@.25 1 F1@.50 1
Baseline with SA loss 73.77 76.93 69.95 57.36
+ stopwords 75.23 79.57 73.02 60.72
+ remove articles 75.43 79.72 73.45 60.85

+ lemmatise 75.46 79.88 73.48 61.21

+ ‘be’ verb process (Ours) 75.64 80.02 73.35 61.45

visual features. The language encoder is initialised with pre-
trained BERT weights, which are trained on a German corpus.
Since the prior is randomly set during training, we do not
perform prior span selection. For subtitle pre-processing, we
follow the grammatical structure of German Sign Language
(DGS), performing lemmatisation on verbs without removing
stopwords.

These results demonstrate that the proposed components
can be easily integrated into different model architectures and
generalise well across languages.

C. Ablation study

Effectiveness of model component. We verify the effective-
ness of the four components comprising our framework—(1)
spanning prior, (2) subtitle pre-processing, (3) selective align-
ment (SA) loss, and (4) self-training—through various ablation
studies. As reported in Table alignment performance
improves when introducing a spanning prior, where the sub-
title boundary is extended by 3.2seconds on both sides.
This broader prior enables the model to learn more robustly
from noisy audio-aligned timings by reducing sensitivity to
temporal misalignment. Further improvements are observed
when utilising subtitle pre-processing that incorporates the
linguistic characteristics of sign language, enhancing both
frame-level accuracy and F1 scores. Additionally, the inclusion
of SA loss provides further gains by facilitating the learning
of correlations between text and video using negative pairs.
Finally, alignment is notably enhanced through a self-training
process, where the model is refined using its own predictions
instead of relying solely on weakly labelled audio-aligned
subtitles. This analysis demonstrates that each component of
our model contributes meaningfully to overall performance
improvement.

Effectiveness of subtitle pre-processing. In Table [VIII, we
investigate the impact of reflecting sign language grammar
in subtitle pre-processing on the model’s understanding of



TABLE IX: Ablation results according to the fine-tuning
strategies. Our final model freezes both Language Model and
Transformer Encoder during the fine-tuning stage to prevent
overfitting to a limited amount of labelled data.

TABLE XI: Ablation results according to the amount of
the data used in the self-training stage. The model’s perfor-
mance steadily improves with more data, which indicates that
the output of our model is reliable.

Freeze
Language  Transformer | frame-acc (%)t Fl@.101 Fl@251 FI@.50 1
Model Encoder
75.04 79.01 72.59 60.58
v 75.70 79.93 73.26 61.37
v v 75.64 80.02 73.35 61.45

TABLE X: Ablation results according to the amount of
fine-tuning data.

Fine-tuning data ratio ‘ frame-acc (%) © Fl@.101 Fl@251 Fl1@50 1
0.0% 68.93 68.23 61.11 47.61
0.5% 74.37 78.23 71.60 59.46
1.0% 74.84 78.93 72.56 60.21
1.5% 75.53 79.51 73.18 61.06
2.0% 75.64 80.02 73.35 61.45

sign language. Instead of removing stopwords (including fixed
contractions), we observe a notable performance improvement
of 1.46% compared to the baseline. This finding suggests
that stopwords carry significant meaning in sign language,
unlike in traditional NLP tasks. The removal of articles and
lemmatisation of verbs also contribute to a steady improve-
ment in performance, indicating the importance of these pre-
processing steps in enhancing the model’s comprehension
of signed language. The process of removing the ‘be’ verb
and incorporating ‘been’ proves beneficial for the model’s
understanding of sign language. This adjustment improves the
model’s ability to capture sign language grammar and nuances
effectively. Overall, these findings highlight the importance of
tailored subtitle pre-processing techniques that align with the
grammar and structure of signed language. Optimising these
pre-processing steps can significantly enhance the model’s
performance and understanding of sign language.

Fine-tuning of subtitle encoder. In this paper, we explore
the grammatical and linguistic system of BSL. This results
in a unique form of text input that significantly differs from
natural language. Therefore, we highlight the necessity of
going beyond simply using conventional models employed in
the NLP field during the text encoding process. Instead, we
emphasise the importance of developing a sign language expert
model, tailored to handle the intricacies of sign language
linguistics.

To address this, we initialise our language model using pre-
trained BERT [18]] weights, which are trained on BookCorpus
and English Wikipedia. However, unlike these conventional
corpora, our subtitle inputs are linguistically distinct due to
pre-processing tailored to sign language. To help the model
adapt to these unique characteristics, we train both the BERT-
based language model and the Transformer encoder during
the pre-training stage, where audio-aligned subtitles—although
weakly labelled—are relatively easy to obtain and cover a
large, diverse corpus. This stage allows the model to learn a
broader vocabulary and better accommodate the sign-specific
linguistic structure of the pre-processed subtitles.

Confidence .
threshold Data ratio | frame-acc (%) 1+ Fl@.107T Fl@.251 Fl@.50 1
L +
Train with S . 75.50 79.73 73.29 61.29
0 100.0% 77.22 81.39 75.03 63.81
0.5 88.0% 77.09 80.91 74.70 63.51
0.9 62.2% 76.94 80.76 74.54 63.46
0.95 49.2% 76.60 80.11 73.96 62.78

TABLE XII: Ablation study on selective alignment (SA)
loss. The best performance is achieved when both negative
alignment loss L,., and relative alignment loss L, are
applied.

Lneg Ly | frameace %)+ Fl@101 Fl@251 Fl@.50 4
74.46 78.62 7175 59.50
v 74.32 78.34 7175 59.36
v 74.94 78.23 71.49 59.19
v v 75.64 80.02 73.35 61.45

In contrast, during the fine-tuning stage, where the training
data is fully labelled but significantly smaller, we freeze the
language model and Transformer encoder to prevent over-
fitting and preserve the generalisable representations learned
earlier. We conduct ablation studies to validate this strategy,
as shown in Table Training both the language model and
Transformer encoder during fine-tuning leads to performance
degradation, likely due to overfitting. Interestingly, freezing
both modules yields similar performance to freezing only the
language model, further supporting our approach.

This result demonstrates that training the model to learn a
diverse vocabulary using large-scale audio-aligned data, while
subsequently preserving it through freezing during fine-tuning,
is an effective strategy for achieving generalisable and robust
alignment performance.

Ablation results according to the amount of fine-tuning
data. In Table we report the performance variation with
respect to the amount of labelled data used during the fine-
tuning stage. The fine-tuning data ratio indicates the proportion
of manually aligned labels relative to the entire training set. A
0% ratio corresponds to a model without any fine-tuning, and
we experiment with up to 2% of labelled data. As shown in
the results, performance consistently improves as more human-
labelled data is provided.

Although we are not able to obtain more than 2% of
labelled data, we believe that further performance gains are
likely with additional supervision. Notably, our framework
achieves a significant result even with only 0.5% of labelled
data—surpassing the performance of the SAT model trained
with the full 2% labelled data, achieving a higher frame-
level accuracy (74.37% vs 71.01%). This highlights the ef-
fectiveness and efficiency of our framework under limited
supervision.

Ablation study on the amount of data used in self-
training. We demonstrate the reliability of the fine-tuned
model’s outputs used in self-training, as detailed in Table
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Fig. 3: Qualitative results. This figure presents frame-level model predictions, showcasing the timeline of prior, the SAT model,
our model trained without the selective alignment (SA) loss, our full model, and ground truth. Our model, which incorporates
rich sign language linguistics, shows superior alignment with the ground truth compared to other baselines. In addition, the
frame-level alignment probability visualisation at the bottom of this figure illustrates our model’s clear timeline alignment,
demonstrating its effective correlation of text with video content.

To analyze the trade-off between the quality and quantity of
pseudo-labels, we systematically vary the confidence thresh-
old. Only pseudo-alignment labels exceeding the threshold are
integrated into the self-training process. When the threshold
is set to 0, all pseudo-labels generated on the training set are
included. Setting the threshold to 0.5 results in approximately
88% of the training data being used, while thresholds of
0.9 and 0.95 reduce the included data to 62.2% and 49.2%,
respectively. This setup allows us to examine how reducing the
number of pseudo-labeled examples—by increasing the thresh-
old—affects overall performance. The detailed procedure is
described in Alg. [T}

Re-training the model with heuristic audio-aligned labels
(denoted as ‘Train with Saudlo ) under the same setting with
self-training does not result in performance improvement (refer
to the performance of ‘Baseline + subtitle pre-processing +
SA loss’ in Table [VII). By systematically varying the con-
fidence threshold, we observe that self-training performance
consistently improves as the amount of pseudo-labeled data
increases, demonstrating that even lower-confidence labels
generated by our model are reliable and beneficial. These
results highlight that the pseudo-labels produced by our model,
even at modest confidence levels, are of higher quality than
heuristic audio-aligned subtitles, providing a stronger signal
for effective self-training.

Ablation study on selective alignment loss. In Table we
analyse the effects of negative alignment loss L,,., and relative
alignment loss L,.; that constitute the proposed selective
alignment (SA) loss. When using only L,.;, we observe a
slight degradation in model performance. This decrease is
expected because it unnecessarily restricts the model’s ability
to predict a balanced ratio of 0 or 1 without considering
negative samples. On the other hand, when using only £,
the model shows higher frame-level accuracy and lower F1-

Algorithm 1 Self-training with pseudo-labelling and confi-
dence filtering

Require: Trained model M,
labelled dataset Dy, = {(V*,T" S;mﬂ Se)}s
audio-aligned dataset Dy = {(V,T* Slgmr)}
confidence threshold 7,
number of self-training epochs N
1: forn=1to N do
2:  Initialise pseudo-labelled set Dp < ()
3. for each (V, T, Sprior) € Da do
4 Compute probability {Sp+}i—y < M(V, T, Sprior)
5: Generate pseudo-label Spr from S,
6 Compute confidence score ¢ <— max; Sp,
7 if ¢ > 7 then
8 DP <~ DP u {(Va T, Sprior, Spr)}
9 end if
10:  end for
11:  Fine-tune M on Dp
12:  Fine-tune M on Dy,
13: end for
14: return Final model M

scores. This is because it helps the model predict all frames
as 0 for negative pairs, thereby predicting the alignment span
more tightly. Ultimately, the combination allows the model to
benefit from the strengths of each loss component, resulting
in improved frame-level accuracy and F1-scores.

Ablation study on self-training. As shown in Table [XIII, we
conduct another round of self-training, resulting in marginal
performance improvements across most metrics. This outcome
underscores that even if the self-training process is performed
only once, it shows sufficiently saturated performance.



TABLE XIII: Ablation study on self-training. The per-
formance improvement from self-training over 2 epochs is
marginal. This demonstrates that self-training for just 1 epoch
is sufficient to achieve satisfactory performance.

Method ‘ frame-acc (%) 1 Fl@.10 ©+ F1@.251 F1@.50 1
Ours (self-training for 1 epoch) 77.22 81.39 75.03 63.81
Ours (self-training for 2 epoch) 77.39 81.27 75.19 63.96

D. Qualitative results

In this subsection, we qualitatively analyse frame-level
model predictions to verify the feasibility of the proposed
method. To do this, we visualise the predicted timeline and
alignment probability in Fig. We sequentially show the
output for the shifted audio subtitle, the SAT model, our model
without selective alignment (denoted as Ours w/o SA loss), and
our full model, including ground truth timing.

Predicted alignment timeline. In the upper part of Fig. [3
while the shifted subtitle prior provides an approximate posi-
tion, it is largely misaligned with the ground truth. The SAT
model exhibits a stronger bias towards the prior alignment,
failing to align well with the text query. In contrast, both our
model without selective loss and the full model show improved
alignment over the SAT model. This improvement stems from
a better understanding of the relationship between text queries
and video content, particularly in sign language linguistics.
Upon closer inspection, applying selective alignment loss
further improves alignment with the ground truth. This is
attributed to the model’s ability to fine-tune alignment by
reducing attention to frames unrelated to the text query.

Alignment probability visualisation. In the lower part
of Fig. 3] we further visualise the alignment probabilities to
analyse where the models focus on. The SAT model tends
to emphasise a timeline biased towards the input prior. The
model trained without selective alignment loss exhibits better
alignment performance than the SAT model but shows low
confidence for some of the positive frames. Finally, our full
model showcases reduced temporal attention for frames that
do not correspond to the text query, while increasing attention
for matching segments. This results in predictions that closely
align with the ground truth, indicating the effectiveness of
the selective alignment loss. This loss facilitates a better
understanding of the correlation between sign language and
text, particularly in accurately aligning video segments with
corresponding textual content.

V. CONCLUSION

In conclusion, this work presents a novel framework aimed
at enhancing the accuracy of sign annotations compared to
existing baselines. we address the oversight in previous re-
search regarding the distinct grammatical disparities between
sign and spoken languages. Moreover, we tackle the challenges
posed by noisy and weak supervision inherent in datasets
collected from TV broadcasts. To mitigate noisy supervision,
we introduce a selective alignment loss mechanism, penalising
misalignments unrelated to text queries and ensuring pre-
cise alignment with subtitles. Additionally, we alleviate weak

supervision by implementing a self-training strategy, which
leverages pseudo-labels generated by our model to further
enhance performance. Our findings pave the way for future
research in sign language processing and interpretation, ulti-
mately contributing to improved accessibility and inclusivity
for the Deaf and hard-of-hearing community.

Limitations. Our experiments were restricted to video inputs
of no longer than 20 seconds. Consequently, if the temporal
discrepancy between the audio-aligned subtitle labels and
the ground truth annotations exceeds this limit, our model
inevitably produces inaccurate alignment results. This con-
straint arises due to memory limitations and the difficulty
of modelling long-range temporal dependencies. Nevertheless,
we anticipate resolving this limitation in future work by
employing techniques such as sliding window inference or
chunk-based processing with overlap, which can effectively
cover longer sequences without sacrificing local context.

In addition to this, Table |V| provides an analysis of align-
ment performance with respect to the characteristics of the in-
put during inference. It shows that the model tends to fail more
frequently on samples with relatively short textual content.
When such shorter texts are excluded from the evaluation, a
noticeable performance improvement is observed. This implies
that the length and richness of input language information
significantly influence alignment quality. One plausible expla-
nation is that shorter text segments often result in less accurate
priors, as subtitle timing becomes less reliable and more
sensitive to noise at shorter durations. Furthermore, limited
textual input reduces the amount of contextual information
available for the model to disambiguate the correct alignment.

These observations highlight a fundamental limitation of
relying on subtitle-derived priors during alignment. While
the prior helps narrow down the temporal search space, its
effectiveness is contingent upon the quality and length of the
input text. As a result, the model’s robustness is undermined
when the prior is poorly aligned or the textual content is
insufficient to provide meaningful guidance.
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