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Abstract: As a representative minority language in China, Uyghur has important application value in cross-regional
communication, trade exchanges, and multilingual information services. Compared with high-resource languages, research on
sentiment analysis for Uyghur videos remains limited, especially in terms of systematically constructed multimodal sentiment
annotation datasets and highly adaptable analytical models. To address this issue, this paper investigates the task of sentiment
analysis for Uyghur videos. A Uyghur video sentiment dataset containing three modalities—text, audio, and video—was
constructed. Based on the ToxVidLM framework, the original audio and text encoders were replaced: Whisper and H-RoBERTa
were substituted with XLS-R-uyghur-cv and CINO, respectively, which are better suited to Uyghur-language scenarios, while
VideoMAE was retained as the video encoder, thereby forming an improved model. Experimental results show that the improved
model outperforms the original framework on three sentiment-related tasks, namely emotional tension, emotion intensity, and
sentiment polarity. This indicates that, in low-resource language scenarios, the combination of dataset construction and encoder
adaptation can effectively improve the performance of sentiment analysis for Uyghur videos.
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1. Introduction

With the advancement of technologies such as natural
language processing, speech understanding, and computer
vision, sentiment analysis has gradually evolved from single-
text analysis to multimodal analysis integrating text, speech,
and video information [1]. Compared with unimodal
approaches,  multimodal  sentiment  analysis can
simultaneously utilize cues such as semantic content, vocal
prosody, and facial or action expressions, and is therefore
closer to the process of emotional expression in real
communication. In recent years, the widespread application
of pretrained models has further improved the representation
capabilities of text, speech, and video features, providing new
technical support for multimodal sentiment analysis research.

However, existing studies mainly focus on high-resource
languages such as English and Chinese, while relatively little
attention has been paid to low-resource languages such as
Uyghur[2]. The main challenges faced by sentiment analysis
for Uyghur videos lie, on the one hand, in the lack of
relatively complete multimodal annotated datasets, and on the
other hand, in the insufficient adaptability of existing general-
purpose models, most of which are trained on high-resource
languages, to Uyghur text structures, speech prosody, and
video expression scenarios[3]. Existing studies have shown
that sentiment recognition for low-resource languages can
achieve certain improvements through methods such as cross-
lingual transfer and multilingual pretraining[4—5]. However,
in video scenarios, how to fully exploit the complementary
information of text, audio, and video remains a question
worthy of further study.

2. Research Status

In general, sentiment recognition research has undergone a
gradual expansion from unimodal to multimodal settings and
from high-resource to low-resource languages. In the area of
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text sentiment analysis, the research focus has shifted from
traditional feature-engineering methods to pretrained
language models represented by Transformer, with
continuous enhancement in text semantic representation
capability[6]. The development of generative models has
further expanded the application space of sentiment analysis
methods[7]. In speech emotion recognition, self-supervised
learning has significantly improved speech feature
representation. Models such as HuBERT and WavLM can
more effectively extract emotion-related information such as
intonation, rhythm, and pauses[8—9], while emotion2vec
further strengthens modeling capability for emotional
representation[10]. In video understanding, methods such as
TimeSformer and VideoMAE have promoted the
development of visual sentiment analysis from static facial
expression recognition to dynamic video understanding [11-
12].

On this basis, multimodal sentiment analysis has gradually
become an important research direction. Related studies are
no longer limited to simple feature concatenation, but place
greater emphasis on cross-modal interaction, fusion modeling,
and joint optimization[13—14]. At the same time, task design
has gradually extended from a single sentiment polarity
judgment to multidimensional joint characterization
involving emotion categories and sentiment intensity, thereby
providing a finer-grained analytical framework for describing
complex emotional states[15—16].

Overall, existing achievements have provided a solid
methodological foundation for multimodal sentiment analysis,
but most related studies are based on high-resource languages
and mature public datasets. For sentiment analysis of Uyghur
videos, what truly needs to be addressed is not merely model
transfer, but also data construction, modality representation,
and language-specific adaptation. Therefore, conducting
research on multimodal sentiment analysis for Uyghur videos
under a unified task framework still has certain research
significance



3. Method

3.1. Construction of a Multimodal Sentiment
Dataset for Uyghur Videos

To support subsequent model training and experimental
analysis, this paper constructs a multimodal sentiment dataset
for the task of sentiment analysis on Uyghur videos through
three stages: data collection and cleaning, data preprocessing,
and sentiment annotation. The final dataset contains three
modalities—text, audio, and video—and provides a unified
data foundation for subsequent model training, result
comparison, and experimental analysis.

3.1.1. Data Collection and Cleaning

The raw data mainly come from publicly accessible
Uyghur video resources, covering a variety of scenarios such
as trade, communication, conversation, news, entertainment,
education, and social interaction. This was intended to ensure,
as much as possible, diversity in topic types, expression styles,
and speaking styles, while also taking into account accent
differences and expression habits across different regions.
Since public videos vary greatly in terms of clarity,
completeness, and language purity, the original samples could
not be directly used for subsequent modeling. Therefore,
before preprocessing, unified cleaning was required. During
the cleaning process, the focus was placed on removing
duplicate uploads, corrupted files, audio-video asynchrony,
samples with severe language mixing, and samples with weak
emotional information, while retaining video clips that were
complete in content, emotionally distinguishable, and suitable
for joint analysis across three modalities. Through the above
cleaning process, the samples were initially standardized in
terms of content integrity, modality consistency, and
emotional distinguishability, thus providing a relatively stable
data basis for subsequent three-modal preprocessing and
sentiment annotation.

3.1.2. Data Preprocessing

After sample screening and cleaning, this paper further
performs unified preprocessing on the three modalities of text,
audio, and video in order to reduce differences in clarity,
subtitle quality, background noise, and temporal boundaries
among videos from different sources, and to ensure
consistency in subsequent sentiment annotation and model
input. For the video modality, natural segments that could
relatively completely express a single emotional content were
used as the basic units for segmentation and organization.
While preserving major expressions, actions, and temporal
variation information, efforts were made to avoid semantic
interruption or emotional fragmentation caused by
mechanical segmentation. The text modality was mainly
obtained from original subtitles and speech transcription
results, and was manually proofread in combination with
video context to correct obvious transcription deviations and
semantic errors. At the same time, noise information such as
invalid symbols and redundant punctuation was removed so
that the text content could be as consistent as possible with
the actual expression. The audio modality was extracted from
the original videos and segmented according to boundaries
consistent with the video modality. Through format
unification and basic denoising processing, emotion-related
cues such as intonation, speech rate, pauses, and stress were
preserved as much as possible. After the above processing, the
three modalities achieved good consistency in sample
granularity, temporal boundaries, and input form, thereby
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providing a reliable data basis for subsequent manual
annotation, structured organization, and multimodal
modeling.

3.1.3. Data Annotation and Dataset Construction

Considering that emotional expression in Uyghur videos is
not merely reflected as a simple positive or negative tendency,
but is often accompanied by changes in emotional state and
differences in expressive strength, this paper did not adopt a
single sentiment polarity label. Instead, by integrating
information from text, speech, and video modalities, it
constructed a multitask annotation system consisting of
emotional tension, emotion intensity, and sentiment polarity.
Among them, sentiment polarity is used to characterize the
overall emotional direction of a video; emotion intensity
reflects the explicit degree of emotional expression; and
emotional tension describes the sense of tension, emotional
fluctuation, and state variation during the expression process.
These three tasks complement the characterization of video
sentiment from the three aspects of direction, degree, and
state, thereby better fitting the actual characteristics of
emotional expression in Uyghur videos.

Before formal annotation, this paper first referred to
relevant task settings in existing multimodal sentiment
analysis research and, based on the characteristics of Uyghur
video corpora in linguistic expression, speech prosody, and
visual presentation, formulated unified annotation guidelines.
The category definitions, judgment criteria, and easily
confused cases for each task were clearly specified. On this
basis, a portion of representative samples was selected for
pilot annotation. Problems encountered during pilot
annotation, such as unclear category boundaries and large
discrepancies in sample judgments, were analyzed in a
concentrated manner, and the annotation rules were further
revised and refined. In the formal annotation stage, this paper
adopted a combination of independent dual annotation and
disagreement review. Samples with obvious annotation
disagreements were re-examined in order to improve the
consistency and reliability of the annotation results. After
annotation was completed, the samples were further
organized in a structured manner, with the correspondence
among text, audio, and video modalities, sample IDs, and task
labels uniformly recorded. The training set, validation set, and
test set were then split by original video units so as to avoid
potential information leakage caused by similar segments
from the same source being distributed across different
subsets. The final dataset can simultaneously support the
three tasks of emotional tension, emotion intensity, and
sentiment polarity, thus providing a unified data basis for
subsequent model training, result comparison, and
experimental analysis.

3.2. Encoder Replacement

Based on the ToxVidLM multimodal modeling framework
[17], this paper improves the sentiment analysis model for
Uyghur videos. Considering that this task involves multiple
sources of information, including textual semantics, speech
prosody, and dynamic facial expressions in videos, this paper
retains the original multimodal joint modeling idea of the
framework and takes text, audio, and video as unified inputs.
Joint prediction of emotional tension, emotion intensity, and
sentiment polarity is achieved through modality feature
extraction, representation mapping, and fusion modeling. In
the specific implementation, the focus of improvement is
placed on the adaptation of modal encoders. For the text



modality, CINO is used as the encoder to generate contextual
semantic representations of the input text. For the audio
modality, XLS-R-uyghur-cv is used as the speech encoder to
extract prosodic features such as intonation, rhythm, stress,
and pauses in speech,hereinafter referred to as XLS-R-uy. For
the video modality, VideoMAE is adopted to encode the
spatiotemporal features of video clips and extract facial
changes, local actions, and dynamic visual information from
continuous frame sequences,hereinafter referred to as VM.
After the independent encoding of the three modalities is
completed, the features of each modality are further mapped
into a unified representation space and jointly modeled using
the original multimodal fusion method, thus constructing an
improved model for the task of sentiment analysis on Uyghur
videos.

4. Experimental Results and Analysis

To verify the effectiveness of the encoder adaptation
method, this paper conducts comparative experiments under
the same task settings and a unified fusion framework,
comparing the original encoder configuration with the
adapted encoder configuration. Accuracy and F1 are used as
evaluation metrics. Accuracy and F1 are presented in Table 1
and Table 2, respectively.

Table 1. Accuracy Results

Model Emotional Emotion Sentiment
Tension Intensity Polarity
Whisper+VM+H-
RoBERTa 0.6085 0.5136 0.6282
XLS-R-
uy+VM+CINO 0.7113 0.6069 0.6596
Table 2. F1-score Results
Model Emotional Emotion Sentiment
Tension Intensity Polarity
Whisper+VM+H-
RoBERTa 0.6132 0.5095 0.5988
XLS-R-
uy+VM+CINO 0.7125 0.6054 0.6529

The experimental results indicate that, after encoder

adaptation, the model performance improves on all three tasks:

emotional tension, emotion intensity, and sentiment polarity.
Specifically, under the original encoder configuration, the
Accuracy and F1 scores are 0.6085 and 0.6132 for the
emotional tension task, 0.5136 and 0.5095 for the emotion
intensity task, and 0.6282 and 0.5988 for the sentiment
polarity task. Under the adapted encoder configuration, the
Accuracy and F1 scores for the three tasks improve to 0.7113
and 0.7125, 0.6069 and 0.6054, and 0.6596 and 0.6529,
respectively. Overall, the improved model outperforms the
original configuration on all three tasks, with more obvious
gains in the emotional tension and emotion intensity tasks,
indicating that encoder adaptation plays a positive role in
modeling emotional features in Uyghur videos.

Further analysis shows that although the general-purpose
text encoder and speech encoder in the original configuration
possess strong general representation capabilities, they still
have certain limitations in adapting to text structural features
and speech prosodic features in low-resource Uyghur
scenarios. After adopting text and speech encoders that are
more targeted to Uyghur-language scenarios, the model can
more effectively extract semantic and structural information
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from text, as well as emotional prosodic cues from speech,
thereby improving multimodal sentiment recognition
performance. This suggests that, in the task of sentiment
analysis for Uyghur videos, performance improvement
depends not only on the multimodal fusion framework itself,
but is also closely related to the degree of adaptation of the
underlying encoders to the specific language scenario.

5. Conclusion

This paper investigates the task of sentiment analysis for
Uyghur videos. To address problems such as insufficient
multimodal sentiment data and limited adaptability of
general-purpose encoders in low-resource language scenarios,
a Uyghur video sentiment dataset containing three
modalities—text, speech, and video—was constructed, along
with a multitask annotation system composed of emotional
tension, emotion intensity, and sentiment polarity. On this
basis, adaptive improvements were made to the text and
speech encoders in the original multimodal modeling
framework, and combined with spatiotemporal feature
representation of the video modality, a multimodal
recognition method for sentiment analysis of Uyghur videos
was formed. Experimental results show that, after encoder
replacement, the recognition performance of the model
improves on all three tasks, demonstrating that, in low-
resource language video sentiment analysis, language-
specific adaptation of the underlying encoders plays an
important role in enhancing multimodal representation
capability and overall recognition performance. To a certain
extent, this study verifies the feasibility of multimodal
sentiment analysis methods in Uyghur scenarios, and can also
provide a reference for sentiment recognition research on
videos in minority languages. Future work may further focus
on expanding data scale, refining fine-grained emotion
category division, and developing more effective cross-modal
fusion mechanisms, so as to improve the robustness and
generalization ability of the model in complex real-world
scenarios.
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