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In the multimedia environment, news recommendation not only influences user behavior but also profoundly
impacts cognitive structures and the evolution of public opinion. Existing methods often treat recommendation
and public opinion analysis separately, making it difficult to depict the unified mechanism of "information
input cognitive update dissemination and diffusion." To address this issue, this paper proposes a knowledge
graph-based collaborative modeling framework for news recommendation and public opinion. This method
uses the user’s cognitive network as its core, introducing internal and external observation mechanisms to
unify the modeling of news semantic representation, cognitive evolution, and information dissemination
processes. Specifically, the knowledge graph is used to construct structured semantic relationships and capture
complex dependencies through high- and low-order relationship modeling; simultaneously, an attention-
based observation mechanism characterizes the dynamic impact of news on user cognition, thereby achieving
collaborative optimization of recommendation and public opinion. Experimental results show that the proposed
method significantly outperforms existing methods on multiple real-world datasets, improving recommendation
performance (Precision, Recall, NDCG) and achieving significant advantages in public opinion prediction (MAE,
F1) and stability and polarization control. Further analysis verifies the effectiveness of the model in terms of

diversity, interpretability, and public opinion guidance capabilities.
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1. Introduction

With the rapid development of internet technology and mo-
bile terminals, news dissemination models have gradually
evolved from traditional media to a cross-platform, multi-
source integrated multimedia ecosystem [1, 2]. Against
this backdrop, massive amounts of information flow at ex-
tremely high speeds across different media, making users’
information acquisition methods more diversified, but also
bringing problems such as information overload and cog-
nitive biases. Recommendation systems, as important tools
for information filtering, play a crucial role in improving

user experience [3]. However, in the multimedia environ-
ment, news recommendations not only influence users’
clicking behavior but also change their cognitive structures
through continuous information input, further affecting the
formation and evolution of public opinion. Therefore, how
to model user cognition and public opinion dissemination
mechanisms while achieving accurate recommendations
has become an important research problem in the field of
intelligent information systems [4].

In recent years, researchers have made significant
progress in news recommendation and public opinion anal-
ysis. In the recommendation field, deep learning-based
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methods (such as NRMS and NAML) have significantly
improved recommendation performance through atten-
tion mechanisms and multimodal modeling. Meanwhile,
knowledge graphs (KGs) have been widely introduced
into recommendation systems, achieving semantically en-
hanced recommendations by modeling entities and their
relational structures (such as KGAT and Ripple Net) [5, 6].
On the other hand, in the field of public opinion analy-
sis, research mainly focuses on sentiment analysis, trend
prediction, and propagation modeling, with some work
beginning to explore graph-based public opinion propa-
gation mechanisms. However, most of these studies treat
recommendation systems and public opinion analysis as
two independent problems, lacking a unified modeling
framework and failing to depict the complete chain of "in-
formation input cognitive update group propagation.”

Further analysis reveals that current research still faces
several key challenges. First, traditional recommendation
models typically model based on users’ historical behav-
ior or interest vectors, ignoring the dynamic evolution of
users’ cognitive structures and failing to explain how in-
formation influences changes in users’ opinions [7]. Sec-
ondly, although knowledge graphs can provide structured
semantic information, existing methods mostly remain at
the level of "semantic enhancement," failing to deeply in-
tegrate them with cognitive modeling and public opinion
dissemination mechanisms. Thirdly, existing public opin-
ion analysis methods often focus on macro-level statistics
or sequence modeling, lacking the ability to model indi-
vidual cognitive changes and their propagation paths with
fine detail. Furthermore, in multi-objective optimization
scenarios, achieving a balance between recommendation
accuracy, information diversity, and public opinion stability
remains an unresolved issue [8, 9].

2. Theory and formula

2.1. System Definition

In the multimedia environment, news recommendation sys-
tems are no longer simply a matter of matching users with
content, but a complex system involving information dis-
semination, cognitive evolution, and dynamic changes in
public opinion [10, 11]. As shown in Fig. 1, the interaction
between users and news not only affects click behavior.
As shown in Figure 1, the core of the system consists of
three parts: the User Belief Network, the News Stream, and
the Observation & Transfer mechanism. The User Belief
Network is represented as a structured graph model, where
nodes represent the user’s current viewpoints or knowl-
edge states.Different nodes are connected by relationships,
reflecting supportive or conflicting relationships between
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Fig. 1. User cognitive network and news information
interaction mechanism.

cognitions. This structured modeling approach prevents
users from being simply represented as interest vectors, but
rather as a dynamically evolving cognitive system [12].

This mechanism reflects the user’s cognitive preferences,
information filtering ability, and subjective understanding
process, leading to different impacts of the same news on
different users [13, 14].

2.2. Recommendation Task

In traditional recommender systems, the recommendation
task is typically modeled as a user interest prediction prob-
lem. However, within the framework shown in Fig. 1, rec-
ommendations not only influence user behavior but also
directly affect the user’s cognitive structure [15]. There-
fore, the recommendation task needs to be expanded from
"behavioral prediction" to a "cognitive-driven information
selection problem."

2.3. Opinion Dynamics Modeling

Based on the cognition and dissemination mechanisms
shown in Fig. 1, public opinion can be viewed as an ag-
gregate manifestation of the cognitive states of all users.
Each user’s cognitive network changes after receiving news
information, and these changes are further disseminated
through social media, thus forming a dynamic public opin-
ion landscape at the group level.
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3. Experimental setup

3.1. Knowledge Graph Construction and Representation

As shown in Fig. 2, this paper first starts with unstructured
news text and constructs a cross-media knowledge graph
through semantic parsing and entity linking.
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Fig. 2. Knowledge graph construction process based on
entity linking and representation learning.

As shown in the lower left of Fig. 2, each entity (such
as "Theme Parks," "Six Flags," etc.) is encoded as a low-
dimensional vector, which not only contains the semantic
information of the entity itself but also implicitly describes
its structural relationships within the graph.

3.2. Knowledge Graph-Driven Recommendation with
Belief-Aware Observation Mechanism

As shown in Fig. 3, the recommendation model proposed
in this paper takes user cognitive modeling as its core. In
the relationship modeling stage, the model first performs
structural modeling on the input news set, capturing local
semantic relationships and global structural dependencies
through low-order relationship models (LRM) and high-
order relationship models (HRM), respectively. Low-order
relation modeling primarily depicts the direct semantic
connections between news items is given in Eq. (1). This
process can be uniformly represented as:

H = Concat (a (Z A,XWWr> o (D! A)kxw>>

reR
M

Input Internal Observation Mechanism e
News |
|
N | Twodoldarders : Extract Features : News Features } -
;@ | relations model I | |
8 ([in -
e AN I I I
B | High-order - O | | | m
2 Relations Model Tl | | D:- -
2 | (HRM) HHE | | | £
I [ I [ H
| | | |2] =
Q|
: i i (-2 0
concat | I [§ g
[ » [ 2 Q
! ¢ e g |z
l | 18 B 2
| | | |5 H §
1 I INE 5
5 | o - IR
y Low-order - N | | [ g o g
-4 Relations odel H H o i
1 wrw Fpinmmas 12‘300,3'300,&300 ; e El
TH E
11
I Convd U Candiatoews | 3
: window_size=[2,3.4] } Feature :
= -~ I
| | |

Fig. 3. Belief-aware knowledge graph recommendation
framework with internal and external observation
mechanisms.

where, X represents the embedding representation of news
in the knowledge graph, and A, represents the adjacency
matrix corresponding to different semantic relationships.
High-order relation modelling captures multi-hop seman-
tic dependencies among distant entities, whereas low-order
relation modelling focuses on direct neighboring relation-
ships and local contextual information.

3.3. Semantic Text Encoding for News Representation

As shown in Fig. 4, this paper first performs semantic rep-
resentation learning on the input news text, transforming
the original title or body content into a structured vector
representation, thus providing a foundational input for sub-
sequent knowledge graph modeling, cognitive modeling,
and recommendation decisions.
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Fig. 4. Word embedding-based semantic representation of
news text.

Mathematically, this process can be represented as:

X = Embed (wq,ws, ..., wy) = [e1,ep,...,e] € RLxd

@)
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Where, e; € R4 represents the semantic vector of the
I th word, which can be obtained through a pre-trained
language model or word vector method. In this way, un-
structured text is mapped to a continuous semantic space,
allowing for comparison and computation between differ-
ent news articles under a unified representation is shown
in Eq. (2).

Building on this, to further model the contextual depen-
dencies between words, this paper employs a contextual
encoding mechanism to enhance the embedding matrix,
enabling it to capture word order information and semantic
combination patterns. Specifically, given the embedding
matrix X, its contextual representation is obtained through
a sequence modeling function:

H = ¢(X) = ContextEncoder (X)

3
= o (We- X+ be+ Yk =18W, + X) ©

In this representation, (*) denotes a convolution opera-
tion used to extract local semantic patterns, Wy represents
convolution kernels of different window sizes, and W, are
linear transformation parameters is given in Eq. (3).

This text representation module plays a crucial role in
the entire system. Dynamic hierarchical weighting mecha-
nisms can be incorporated within the attention observation
module to better capture the varying influence of multime-
dia information sources on user cognition. By adaptively
assigning attention weights according to contextual rel-
evance, semantic importance, and cognitive consistency,
the model can more effectively characterize information
influence and belief updating processes. Its output serves
not only as input to the knowledge graph construction
stage for entity recognition and relation extraction but also
as the foundational input features for relation modeling
(HRM/LRM) in recommendation models.

3.4. Knowledge Graph-Based News Graph Construction
and Feature Learning

As shown in Fig. 5, this paper further constructs a News
Graph from the original news text through entity alignment
and graph structure modeling, and uses a graph feature
learning mechanism to extract structured semantic rep-
resentations to support subsequent recommendation and
cognitive modeling tasks.These feature maps not only en-
code the semantic information of the entities themselves
but also capture the multi-hop relationships and structural
patterns between entities. This process can be formally
represented by a graph neural network as follows:

HIT) = ¢ <Z AHOWY 4 B(l)> @)

reR

Where, H?) represents the node representation of layer
(1), A; is the adjacency matrix corresponding to relation (r),
er are relation-specific transformation parameters, and
o(+) is a non-linear activation function is given in Eq. (4).
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Fig. 5. Knowledge graph-based news graph construction
and graph feature learning mechanism.

4. Result and discussions

4.1. Experimental Results

To verify the effectiveness of the proposed collaborative
framework for news recommendation and public opinion
analysis based on knowledge graphs and cognitive model-
ing.

The computational cost of the proposed framework is
primarily associated with high-order relation propagation,
attention fusion operations, and cognitive representation
learning. High-order propagation aggregates semantic in-
formation across multi-hop graph structures, whereas at-
tention fusion computes interactions between semantic and

cognitive representations.

4.2. Datasets

This paper constructs a cross-media news dataset, with
data sources including:

¢ News websites (such as BBC, CNN)
¢ Social media platforms (such as Twitter /Weibo)

¢ Publicly available news datasets (combined with the
Cone-KG concept)

The data includes the following information:

¢ News text (headline + content)
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e User click behavior

¢ Social media dissemination data (shares, comments,
likes)

¢ Entity and relationship information

In the data preprocessing stage, the news text was first
segmented and cleaned. Then, a news knowledge graph
was constructed using entity recognition and entity linking
methods (Fig. 5), and text representations were generated
using embedding methods (Fig. 4). Finally, the data was
divided into a training set (70%), a validation set (10%),
and a test set (20%). Entity disambiguation was performed
to resolve semantic ambiguities among entities extracted

from heterogeneous media sources.

4.3. Baselines

To comprehensively evaluate model performance, this pa-
per selects the following representative methods for com-
parison:

1) Traditional recommendation methods

* Deep FM: Integrating low-order and high-order fea-
tures

* Wide & Deep
2) In-depth news recommendation model

o NRMS (Self-Attention)

¢ NAML (multi-perspective news modeling)
3) Knowledge graph recommendation methods

e KGAT (Graph Attention Network)

* Ripple Net
4) Unaware modeling version (Ablation)

¢ Remove Belief Network

¢ Remove the Observation mechanis

4.4. Overall Performance Comparison

This Table 1 compares the proposed framework with repre-
sentative baseline and ablation models using recommenda-
tion performance metrics. The results demonstrate that the
proposed method achieves superior accuracy and ranking
effectiveness, highlighting the contribution of the belief
modeling and observation mechanisms.The results indi-
cate a noticeable decline in recommendation accuracy and
semantic representation quality when neighborhood aggre-
gation is excluded.

Table 2 shows that our proposed method also demon-
strates significant advantages in public opinion prediction

Table 1. Performance Comparison of Cross-Media News
Recommendation Models.

Model Precision@10 NDCG@10 F11
NAML 0.462 0.481 0.651
KGAT 0.506 0.529 0.694

w /o Belief 0.521 0.544 0.711
w/o0 Obs 0.533 0.556 0.723
Ours 0.562 0.587 0.751

tasks. This further validates the potential role of recom-
mender systems in public opinion regulation. Adaptive
contextual heterogeneity can further enhance the low-order
relation modeling process by assigning different aggrega-
tion importance to neighboring entities according to their
semantic relevance and contextual characteristics. Such
a mechanism enables more effective characterization of
local dependency structures and neighborhood diversity
while improving the utilization efficiency of heterogeneous
multimedia information.

Table 2. Performance comparison on opinion modeling
and propagation tasks.

Model MAE| RMSE| F11 Trend Acc?
NAML 0.254 0.331 0.651 0.683
KGAT 0.221 0.296 0.694 0.735
w/o Belief  0.209 0.281 0.711 0.752
w /o Obs 0.201 0.273 0.723 0.768
Ours 0.178 0.249 0.751 0.806

As shown in Table 3, removing any key component
leads to a noticeable performance degradation across both
recommendation and opinion modeling tasks.

Table 3. Ablation study on key components of the
proposed model.

Model Variant Precision@10 NDCG@10 F17
w/o Knowledge 0.498 0.521 0.682
Graph
w /o Belief
Network 0.521 0.544 0.711
w/o Observation 0.533 0556  0.723
Mechanism
Full Model (Ours) 0.562 0.587 0.751

As shown in Fig. 6, this paper further analyzes the im-
pact of different history lengths on recommendation perfor-
mance and reports the changing trends of MRR and Hits@K
metrics on multiple datasets (ICEWS14, ICEWS18, YAGO,
and WIKI.

As shown in Fig. 7, this paper further analyzes the im-
pact of key hyperparameters on model performance, in-
cluding structural parameters in relation modeling and
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Fig. 6. Impact of history length on recommendation
performance across different datasets.

weight coefficients (alpha and beta) in joint optimization.
Results from the ICEWS18 and YAGO datasets show that,
with changes in hyperparameters, the MRR and Hits@K
indices generally exhibit a trend of first increasing and then
stabilizing, indicating that the model has significant per-
formance sensitivity under different semantic modeling
intensities.
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As shown in Fig. 8, this paper further analyzes the re-
lationship between recommendation diversity (Div) and
sentiment novelty (Nov), and conducts a visual compari-
son on different domain datasets (Beauty, Cell Phones, and
Clothing.

As shown in Fig. 9, this paper systematically com-
pares the performance of different models on multiple real-
world datasets (MovieLens1M, Last FM, Amazon-book,
and Yelp2018) under various evaluation metrics, includ-
ing Precision, Recall, Average Diversity (AD), and Average
Recommendation Popularity (ARP).
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Fig. 8. Relationship between recommendation diversity
and opinion novelty across different domains.

5. Conclusion

This paper addresses the collaborative modeling of news
recommendation and public opinion evolution in a mul-
timedia environment, proposing a unified framework in-
tegrating knowledge graphs and user cognitive modeling.
Unlike traditional methods that focus solely on user be-
havior prediction, this paper adopts a holistic perspective
of "information input cognitive update propagation and
diffusion," introducing a user cognitive network (Belief Net-
work) and internal and external observation mechanisms to
achieve deep integration of recommendation systems and
public opinion modeling. At the methodological level, this
paper utilizes knowledge graphs to construct structured
semantic representations and captures complex semantic
dependencies through high-order and low-order relation
modeling. Simultaneously, it characterizes the dynamic
impact of news on user cognition based on attention mech-
anisms, thus forming a closed-loop modeling framework
of "recommendation cognition public opinion."
Experimental results on multiple real-world datasets
demonstrate that the proposed method significantly outper-
forms existing methods in recommendation performance
(Precision, Recall, NDCG) and public opinion modeling
metrics (MAE, F1, trend prediction), while also showing
good results in enhancing diversity and suppressing po-
larization. Further ablation experiments and visualization
analysis validated the crucial roles of knowledge graph
modeling, cognitive networks, and observation mecha-
nisms within the overall framework, and demonstrated
the model’s effectiveness and interpretability in semantic
representation and propagation path modeling.
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Fig. 9. Performance comparison across multiple datasets under different recommendation list lengths.

While our proposed method achieved good results in
several aspects, certain limitations remain. For example,
the modeling of dynamic knowledge updates and cross-
domain generalization capabilities needs further improve-
ment. Future work will further explore more efficient dy-
namic knowledge graph modeling methods and combine
causal inference and reinforcement learning mechanisms
to achieve more refined public opinion guidance and rec-
ommendation strategy optimization. Overall, this paper
provides a unified and scalable research framework for in-
telligent recommendation and collaborative public opinion
modeling in a multimedia environment. Future research
may focus on modelling temporal semantic evolution to
capture continuously changing user interests, emerging
events, and dynamic opinion trends within cross-media
environments. In addition, dynamic knowledge graph up-
date mechanisms can be investigated to support real-time
incorporation of newly generated information and evolv-
ing semantic relationships.

Acknowledgements

The author gratefully acknowledges support from the
Technical Research Program of the Ministry of Public Secu-
rity (Provincial and Ministerial Level) under the project
Theoretical Research on Demonstration Application of Typical
Scenarios in Megacities (Grant No. 2022YFC3320505-03).
The financial support provided for this research is sincerely
appreciated.

Declarations

Data Availability

Not available

Conflicts of Interest

The authors declared that they have no conflicts of interest
regarding this work.



8 Wei Lu

Funding Statement

Technical Research Program of the Ministry of Public Se-
curity (Provincial and Ministerial Level), Theoretical Re-
search on Demonstration Application of Typical Scenarios
in Megacities, Grant No. 2022YFC3320505-03.

Author Contribution

Wei Lu conceived and designed the study, performed the
research, analyzed and interpreted the data, and wrote the
manuscript. The author has read and approved the final
version of the manuscript and takes full responsibility for
the work.

Ethical Approval

This article does not contain any studies involving human
participants or animals performed by any of the authors.

Consent to Participate

Not applicable.

Consent to Publication

All authors have provided consent for publication of this
manuscript.

Competing Interests

The authors declare no competing interests.

References

[1] J. Huang, (2025) “An Information Dissemination Strat-
egy in Social Networks Based on Graph and Content Anal-
ysis” Egyptian Informatics Journal 29: 100563. DOTI:
10.1016/j.€1j.2024.100563.

[2] Y. Liu, S. Song, and H. Lv. “Identification of Key
Nodes in Public Opinion Communication by Inte-
grating Knowledge Graph”. In: Proceedings of the 9th
International Conference on Cyber Security and Informa-
tion Engineering. 2024, 109-114. DOI: 10.1145/3689236.
3689858.

[3] X.Hu, L. Chen, A. Yin, M. Li, and Y. Sun. “Multi-
Dimensional Public Opinion Risk Assessment Indi-
cator System Based on Knowledge Graph”. In: Pro-
ceedings of the 5th International Conference on Electronic
Information Engineering and Computer Science (EIECS).
2025, 1339-1346. DOI: 10.1109 / EIECS67708.2025.
11283566.

(7]

(10]

(11]

R. A. Dar, R. Hashmy, M. S. Anwar, P. Bohm, and
J. Frnda, (2025) “Semantic Knowledge Graph Fusion
for Fake News Detection: Unifying Content-Based Fea-
tures and Evidence-Based Analysis in the COVID-19
Infodemic” PLoS One 20(7): €0321919. DO1: 10.1371/
journal.pone.0321919.

C. Zhang, M. Li, and D. Wu, (2022) “Federated Mul-
tidomain Learning with Graph Ensemble Autoencoder
GMM for Emotion Recognition” IEEE Transactions on
Intelligent Transportation Systems 24(7): 7631-7641.
DOT: 10.1109/TITS.2022.3203800.

J. Wang, T. Duan, S. Yao, and Y. Wang. “Construction
and Application of a Multimodal Knowledge Graph
for Social Media Opinion Analysis Based on Large
Language Models”. In: Proceedings of the International
Conference on Artificial Intelligence, Big Data and Al-
gorithms (CAIBDA). 2025, 399—405. por: 10.1109 /
CAIBDA65784.2025.11182762.

X. Mou, Y. Xiao, W. He, R. Wang, S. Duan, and Q. Li,
(2025) “An Information Dissemination Model Based on
Rumor and Antirumor and Cognitive Game” IEEE Trans-
actions on Computational Social Systems 12(5):
2480-2493. pOI: 10.1109/TCSS.2025.3526587.

C. Duan, W. Zhang, Q. Cui, Y. Pei, B. He, and Q.
Huang, (2025) “Enhancing MOOC Recommendation
Through Preference-Aware Knowledge Graph Diffusion
and Temporal Sequence Modeling” Information 16(12):
1061. DOI: 10.3390/info16121061.

M. Zhang, Q. Dong, and X. Wu, (2024) “How Misin-
formation Diffuses on Online Social Networks: Radical
Opinions, Adaptive Relationship, and Algorithmic Inter-
vention” IEEE Transactions on Computational Social
Systems 12(5): 2047-2061. DOI: 10.1109/TCSS.2024.
3502662.

H. Li, L. Jiang, and J. Li, (2024) “Continuous-Time Dy-
namic Graph Networks Integrated with Knowledge Propa-
gation for Social Media Rumor Detection” Mathematics
12(22): 3453. DOI: 10.3390/math12223453.

Q. Zhao and Y. Wang. “Public Opinion Analysis and
Risk Prediction in International Markets by Integrat-
ing BERT and Knowledge Graphs”. In: Proceedings of
the International Conference on Computers, Information
Processing and Advanced Education (CIPAE). 2025, 914—
919. por: 10.1109/CIPAE66821.2025.00161.

H. Xu, M. Xu, X. Deng, and B. Wang, (2025) “Sen-
timent Diffusion in Online Social Networks: A Survey
from the Computational Perspective” ACM Computing
Surveys 57(12): 1-35. DOI: 10.1145/3736750.


https://doi.org/10.1016/j.eij.2024.100563
https://doi.org/10.1145/3689236.3689858
https://doi.org/10.1145/3689236.3689858
https://doi.org/10.1109/EIECS67708.2025.11283566
https://doi.org/10.1109/EIECS67708.2025.11283566
https://doi.org/10.1371/journal.pone.0321919
https://doi.org/10.1371/journal.pone.0321919
https://doi.org/10.1109/TITS.2022.3203800
https://doi.org/10.1109/CAIBDA65784.2025.11182762
https://doi.org/10.1109/CAIBDA65784.2025.11182762
https://doi.org/10.1109/TCSS.2025.3526587
https://doi.org/10.3390/info16121061
https://doi.org/10.1109/TCSS.2024.3502662
https://doi.org/10.1109/TCSS.2024.3502662
https://doi.org/10.3390/math12223453
https://doi.org/10.1109/CIPAE66821.2025.00161
https://doi.org/10.1145/3736750

Journal of Applied Science and Engineering 35 (2026) 26035009

[13] H. Xu, C. Gao, X. Li, and Z. Wang, (2025) “SIGRL:
Sociologically-Informed Graph Representation Learning
for Social Influence Prediction” IEEE Transactions on
Network Science and Engineering 12(5): 4164-4181.
DOI: 10.1109/TNSE.2025.3569545.

[14] C.Zhang, G. Shan, and B. H. Roh, (2025) “FMD-IoV:
Security and Robust Enhancement for Federated Multi-
Domain Learning-Based IoV” IEEE Transactions on In-
telligent Transportation Systems 26(9): 14225-14236.
DOI: 10.1109/TITS.2025.3527455.

[15] X. Chen, (2025) “Collaborative Causal Inference and
Multi-Agent Dynamic Intervention for 'Dual Carbon’
Public Opinion Driven by Reinforced Large Language
Models and Diffusion Models” Systems 13(8): 689. DOI:
10.3390/ systems13080689.


https://doi.org/10.1109/TNSE.2025.3569545
https://doi.org/10.1109/TITS.2025.3527455
https://doi.org/10.3390/systems13080689

	Introduction
	Theory and formula
	System Definition
	Recommendation Task
	Opinion Dynamics Modeling

	Experimental setup
	Knowledge Graph Construction and Representation
	Knowledge Graph-Driven Recommendation with Belief-Aware Observation Mechanism
	Semantic Text Encoding for News Representation
	Knowledge Graph-Based News Graph Construction and Feature Learning

	Result and discussions
	Experimental Results
	Datasets
	Baselines
	Overall Performance Comparison

	Conclusion

