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Abstract —In the era of information over-
load, delivering personalized and contextually
relevant recommendations has become in-
creasingly vital. This survey explores the con-
ceptual foundations and recent advancements
in hierarchical attention-based multimodal rec-
ommendation systems, with a focus on their
dynamic adaptability to user behavior in do-
mains such as e-commerce and education.
These systems integrate diverse data modali-
ties—such as textual reviews, visual content,
and contextual signals—through specialized
modality-specific encoders and hierarchical
attention mechanisms to more effectively cap-
ture user intent and assess item relevance.

We present a comprehensive review of ex-
isting literature, encompassing state-of-the-art
multimodal recommendation techniques, fu-
sion strategies, and attention-based architec-
tures. Emphasis is placed on key design con-
siderations including explainability, modular-
ity, and adaptability, which are critical for the
development of interpretable and extensible
recommendation systems. Although the prac-
tical implementation and evaluation of a pro-
posed framework are reserved for future work,
this survey provides a structured foundation
and valuable insights for researchers and

practitioners aiming to design next-generation
user-centric recommendation systems.

Index Terms—Artificial Intelligence, Credit
Assessment, Machine Learning, Natural Lan-
guage Processing, Voice-based Systems

[. INTRODUCTION

In recent years, recommendation sys-
tems have evolved into indispensable
components of digital platforms, power-
ing personalized content delivery across
domains such as e-commerce, entertain-
ment, education, and social media. These
systems play a pivotal role in filtering
information overload and enhancing user
satisfaction by suggesting products, ser-
vices, or content that aligns with individual
user preferences.

Traditional recommendation systems
predominantly relied on collaborative fil-
tering (CF) and content-based filtering
(CBF), which typically leverage user-
item interaction matrices or item meta-
data to compute recommendations. How-
ever, such approaches often struggle
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with challenges like data sparsity, cold-
start problems, and a lack of con-
textual understanding [1], [2]. To ad-
dress the limitations of traditional col-
laborative and content-based filtering,
the research community has turned
to multimodal recommendation sys-
tems (MRS). These systems incorpo-
rate diverse data types—such as re-
views, images, audio, video, and inter-
action graphs—to construct richer user
and item representations [3], [4].The chal-
lenge lies in effectively fusing these het-
erogeneous inputs while preserving their
individual semantic contributions.

Recent studies have proposed deep
learning-based fusion strategies to solve
this integration problem. While these
methods show improvements in perfor-
mance, they often struggle with scalabil-
ity, cross-domain generalization, and the
ability to provide transparent, explainable
recommendations.

To tackle these issues, researchers
have explored hierarchical attention
mechanisms and dynamic modeling of
user behavior. Hierarchical attention mod-
els like TMFUN [5] capture fine-grained
relevance at the word, sentence, and
modality levels, enabling deeper semantic
understanding.

This survey aims to synthesize and
analyze recent advancements in **hier-
archical attention-based multimodal fu-
sion for dynamic recommendation sys-
tems**. We reviewed research papers
spanning diverse strategies including co-
attention, contrastive learning, graph neu-
ral networks (GNNs), knowledge graph-
enhanced recommendation, and large

language model (LLM) integration [6], [7],
[8].

II. BACKGROUND AND RELATED WORK

The exponential growth of digital con-
tent and services has made personal-
ized recommendation systems a criti-
cal part of online platforms. From e-
commerce and entertainment to educa-
tion and healthcare, recommendation al-
gorithms guide user decision-making and
influence engagement. Traditional recom-
mender systems predominantly rely on
collaborative filtering (CF) or content-
based filtering (CBF), leveraging user-
item interaction data or item metadata
[1], [2]. While effective in structured en-
vironments, these models suffer from key
limitations such as the cold-start problem,
data sparsity, and a lack of semantic un-
derstanding—particularly in complex, dy-
namic settings like e-commerce and user-
generated platforms [9], [10].

Recent advancements in Artificial Intel-
ligence (Al), especially in deep learning,
have enabled the integration of rich, het-
erogeneous data sources to improve rec-
ommendation quality. Multimodal recom-
mendation systems (MRS) have emerged
as powerful alternatives by incorporat-
ing text (e.g., reviews, metadata), images
(e.g., product visuals), audio, and user-
graph interactions [3], [4]. These sys-
tems offer more comprehensive user and
item representations by capturing seman-
tic features and contextual relationships
across modalities. However, challenges
remain in effectively fusing diverse data
types, mitigating modality imbalance, and
ensuring scalability across real-world do-
mains [6], [7].

Page No: 106


user
Textbox


TANZ(ISSN NO: 1869-7720)VOL20 ISSUE6 2025

To address these gaps, a growing body
of literature has introduced hierarchi-
cal attention mechanisms and adaptive
fusion strategies as key components
in next-generation recommender models.
Works like TMFUN [5] and DeeplIDRS
[10] utlize word-level, sentence-level,
and modality-level attention to extract
the most relevant information from each
modality. This layered attention improves
both model interpretability and perfor-
mance. In parallel, dynamic and sequen-
tial modeling of user behavior using tem-
poral graphs or LSTM-based architec-
tures has gained traction. Models such
as MMSR [11] and MLSASRec [12] learn
time-sensitive user patterns to better re-
flect evolving preferences.

Furthermore, explainability has
emerged as a core requirement for

practical deployments. As Al models
become more complex, users and
regulators demand transparency in

automated decision-making. Models like
HKGAT [13] and the counterfactual neural
recommender (CNR) [14] emphasize
explainable reasoning paths using
attention weights, knowledge graphs,
and counterfactual logic. Research also
highlights the importance of aligning
recommendation decisions with human-
centered design principles, such as
fairness, trust, and usability [8], [1].

Despite this progress, key barriers re-
main in multimodal recommendation re-
search: handling missing modalities, gen-
eralizing across domains, scaling to in-
dustrial workloads, and balancing pre-
dictive power with interpretability. This
survey consolidates the recent innova-

tions addressing these challenges, eval-
uates the state of the art in multimodal,
attention-based, and explainable recom-
mendation systems, and identifies oppor-
tunities for future work in this evolving
domain.

1. MATERIALS AND METHODS

Recent advancements in recommenda-
tion systems have focused on integrating
multimodal data and attention-based ar-
chitectures to improve accuracy, robust-
ness, and interpretability. This section cat-
egorizes the current state-of-the-art into
four major themes: (A) multimodal fu-
sion strategies, (B) hierarchical attention
mechanisms, (C) dynamic and sequen-
tial modeling of user behavior, and (D)
explainability, interpretability, and gover-
nance.

A. Multimodal Fusion Strategies

A significant body of research explores
how textual reviews, visual data, and
graph structures can be integrated to form
richer item and user embeddings. For
instance, CAMRec [4] utilizes co-attention
to combine features from review texts and
product images, while MCT [15] applies
contrastive learning to align modality-
specific representations in a shared em-
bedding space. The Triple Modality Fu-
sion (TMF) framework [6] takes this fur-
ther by integrating visual, textual, and
graph modalities through large language
models and attention mechanisms.

These systems are typically evaluated
on datasets such as Amazon Reviews,
Walmart e-commerce logs, and Movie-
Lens, using metrics like Hit Ratio@K,
NDCG@K, AUC, and RMSE. Studies
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highlight the effectiveness of multimodal
embeddings in improving cold-start per-
formance and enhancing recommenda-
tion diversity.

B. Hierarchical Attention Mechanisms

Hierarchical attention models offer lay-
ered interpretability by modeling rele-
vance at multiple granularity levels—such
as word, sentence, and modality. Zhou
et al. [5] propose TMFUN, a hierarchical
fusion network that uses attention-guided
multi-step fusion across item and modal-
ity feature graphs. DeepIDRS [10] intro-
duces a two-level recommendation model
that first learns item representations us-
ing BERT from titles, descriptions, and
reviews, then models sequential behavior
using self-attention.

These approaches are particularly use-
ful in domains where interpretability and
user context matter, such as e-commerce
and education. Evaluations report im-
proved performance over baseline RNN
or CNN models by leveraging fine-grained
feature importance.

C. Dynamic and Sequential User Model-
ing

Modern recommendation systems
must account for user preferences
that evolve over time. Models such
as MMSR [11] and MLSASRec [12]
employ graph-based or attention-
based sequential architectures to model
temporal dynamics. MMSR introduces
Modality-Enriched Sequence Graphs
(MSGraphs), where intra- and inter-
modal relationships are captured using
gated attention and message passing. In
contrast, MLSASRec uses self-attention

and LSTM modules to capture the impact
of sequential dependencies among
product attributes and user interactions.

These systems are validated using
sequential datasets such as Amazon-
Toy and Pinterest, and evaluated us-
ing temporal metrics like Recall@K and
NDCG@K over time slices. They out-
perform traditional CF or SASRec-based
baselines, particularly in cold-start or fast-
evolving environments.

D. Explainability, Interpretability, and Eth-
ical Concerns

With increasing complexity in model
architectures, the demand for explain-
able recommendation has grown. Sev-
eral papers, such as HKGAT [13] and
CNR [14], explicitly address interpretabil-
ity by leveraging attention weights, het-
erogeneous graphs, and counterfactual
analysis. The Review-Based Explain-
able Framework [14] classifies explain-
able models as whitebox (e.g., attention-
based), graybox (adversarial), or blackbox
(counterfactual), emphasizing the trade-
off between interpretability and model
performance.

Surveys like those by Zhang et al. [1]
and Markchom et al. [8] review evaluation
metrics for explainability, including fidelity,
plausibility, and transparency. They also
emphasize the need for user-centric ex-
planations aligned with privacy regula-
tions and fairness criteria. These frame-
works are especially relevant for real-
world deployments in regulated domains
like finance, health, and education.

A Summary of Multimodal Recommen-
dation Approaches is shown in Table 1.
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V. DISCUSSION

Despite  substantial progress in
developing multimodal, attention-based,
and sequential recommendation systems,
several critical limitations hinder their
broader applicability, interpretability, and
scalability in real-world deployments.

First, while numerous models have
demonstrated improved performance on
benchmark datasets using advanced fu-
sion techniques, many fail to generalize
across domains or user groups. Mod-
els such as MCT [15] and CAMRec
[4] focus on performance metrics like
NDCG and Hit Ratio but often over-
look challenges arising from missing or
unbalanced modality data. Most stud-
ies assume complete and clean inputs
from all modalities—text, image, and
graph—uwhich is not realistic in dynamic
or user-generated environments. This re-
liance introduces bias toward overrepre-
sented content types and weakens per-
formance in noisy or sparse scenarios.

Second, the promise of hierarchical
attention mechanisms remains underuti-
lized in practice. While TMFUN [5] and
DeepIDRS [10] illustrate the theoretical
advantages of multi-level attention, few
systems provide rigorous ablation studies
or visualization tools to verify whether at-
tention weights truly align with user pref-
erences. Furthermore, interpretability is
often claimed but not empirically mea-
sured or evaluated through user stud-
ies. The lack of standard explainability
metrics and evaluation protocols restricts
trust in these models, especially in high-
stakes domains like education, finance, or
healthcare.

Third, dynamic and sequential recom-
mendation models—such as MMSR [11]
and MLSASRec [12]—claim to capture
evolving user behavior but are rarely
tested in real-time or streaming settings.
Most rely on static snapshots of interac-
tion history and are benchmarked on fixed
datasets like Amazon or MovieLens. This
restricts understanding of how such mod-
els adapt to concept drift, seasonality, or
sudden changes in user behavior, which
are critical in real-world recommendation
engines.

Explainability and ethical governance
also remain peripheral topics. Although
models like HKGAT [13] and CNR [14] in-
troduce mechanisms for user-centric ex-
planations, these are typically retrospec-
tive and not interactive. Few systems of-
fer real-time transparency or allow users
to influence or contest the recommenda-
tions they receive. Moreover, there is min-
imal exploration of fairness across user
groups—especially marginalized or low-
interaction users—raising concerns of al-
gorithmic bias and exclusion.

Lastly, a significant proportion of stud-
ies remain simulation-based. While model
benchmarks on Amazon, Pinterest, or
proprietary datasets showcase algorith-
mic advances, there is a lack of user-
level field testing or A/B experiments to
evaluate system usability, cognitive load,
or long-term adoption. As a result, many
architectures are optimized for accuracy
but not for transparency, adaptability, or
human trust.

In summary, although hierarchical mul-
timodal recommendation systems present
a promising path forward, they face un-
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resolved challenges in real-world gen-
eralizability, interpretability, dynamic be-
havior modeling, and inclusive design.
Future work must prioritize robust, ex-
plainable, and context-aware systems val-
idated through both technical metrics and
human-centered evaluations.

To evaluate the effectiveness of our
proposed system, we align it against
known gaps in existing literature. Table Il
provides a comparative summary.

V. RESEARCH GAPS

Despite the rapid advancements in
hierarchical, multimodal, and attention-
based recommendation systems, there
remain critical gaps in research that must
be addressed for widespread, real-world
applicability.

A. Limited Real-Time Adaptability

Many models are built for offline recom-
mendation and evaluated on static bench-
mark datasets. Real-world applications,
however, demand dynamic updates to
user preferences in near real-time. Mod-
els such as MMSR [11] and MLSASRec
[12] explore temporal dynamics but are
not deployed in streaming environments.
The lack of real-time adaptability limits
performance in fast-evolving domains like
e-commerce and social media.

B. Missing Modality and Data Imbalance
Issues

Most multimodal systems assume the
availability of clean, synchronized data
across all modalities (text, image, graph).
In practice, however, user-generated con-
tent is often noisy, incomplete, or imbal-
anced. This restricts the applicability of

models like CAMRec [4] and TMF [6],
which may underperform when faced with
missing images or sparsely written re-
views.

C. Explainability and Human-Centric

Evaluation

Although several works incorporate at-
tention mechanisms and graph explain-
ability (e.g., HKGAT [13], CNR [14]), few
conduct human-centered evaluations to
test whether the provided explanations
improve trust, transparency, or decision
support. The field lacks standardized met-
rics and user studies to quantify explain-
ability, which are essential for responsible
Al deployment in sensitive applications.

D. Overreliance on Benchmark Datasets

Most proposed models are tested on
a narrow set of datasets like Amazon,
MovieLens, or Pinterest. These platforms
differ significantly from real-world plat-
forms in education, healthcare, or low-
resource e-commerce markets. As a re-
sult, the generalizability and fairness of
the models remain questionable in un-
seen domains or minority user groups [3],

[5].
E. Scalability and Deployment Readiness

Architectures like MCT [15] and
DeepIDRS [10] offer promising results
but often require heavy computation
for attention layers, contrastive
learning, and cross-modal fusion.
Scalability for commercial or mobile
environments—where compute IS
constrained—is largely unaddressed.
Similarly, integration with real-world APIs,
data pipelines, and retraining workflows
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remains underexplored in academic
literature.

VI. RESULTS

To address the identified limitations in
current recommendation systems—such
as inadequate multimodal fusion, lack of
personalization, and poor interpretabil-
ity—we propose a hierarchical attention-
based multimodal recommendation sys-
tem. This system is designed to integrate
diverse user and item modalities, cap-
ture evolving user interests, and generate
context-aware, explainable recommenda-
tions in real time.

A. System Architecture

The proposed architecture is composed
of the following key modules:

- Multimodal Data Acquisition: Col-
lects interaction data (clicks, pur-
chases, ratings), textual reviews, and
product images from users across
multiple sessions. The platform also
ingests metadata such as category,
price, and user demographics.

- Text and Image Encoders: Uses
pre-trained deep learning models
(e.g., BERT for text, ResNet for im-
ages) to transform unstructured data
into dense vector representations.
These encoders are fine-tuned to re-
tain domain-specific semantics and
sentiment information.

- Hierarchical Attention Module: Ap-
plies multi-level attention mecha-
nisms to prioritize relevant content:

— Word-Level Attention: High-
lights key tokens in textual re-
views.

— Sentence-Level Attention:
Identifies the most informative
sentences from multi-sentence
reviews.

— Modality-Level Attention: Bal-
ances the relative importance
of textual versus visual features
based on user context.

- Fusion and Feature Aggregation:

Features from each modality are
fused using early or late fusion strate-
gies. For early fusion, modality vec-
tors are concatenated and passed
through a shared dense layer. For
late fusion, attention weights are dy-
namically assigned to each modality
before aggregation.
Recommendation Engine: Com-
bines multiple encoders (Matrix Fac-
torization, Graph-based Neural Net-
works) to model both user-item re-
lationships and collaborative signals.
Final recommendations are scored
based on fused representations and
historical interaction graphs.
Explainability Module: Employs at-
tention weight visualization and user-
item interaction heatmaps to provide
interpretable explanations for each
recommendation. This builds trans-
parency and trust, especially in appli-
cations like personalized learning or
e-commerce.

Deployment Platform: Designed
as a modular and scalable system
deployable on cloud platforms.
It supports real-time inference
APIs and batch recommendation
pipelines, with GPU support for
training and inference.
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A visual flow diagram depicting the
proposed system architecture—including
data sources, encoders, attention mod-
ules, and the recommendation engine—is
shown in Figure 1.

B. Advantages of the Proposed System

This system offers several key improve-
ments over conventional recommendation
models:

- Deep Multimodal Understanding:
By integrating and aligning visual and
textual features, the model captures
richer semantics compared to uni-
modal or shallow fusion models.

- Personalization Through Hierar-
chical Attention: The multi-layered
attention enables fine-grained fea-
ture selection that adapts to the
user’s real-time behavior and long-
term preferences.

- Explainability and Transparency:
Attention-based visualizations, com-
bined with modality-wise contribution
metrics, help both developers and
users interpret how and why certain
items are recommended.

- Scalability and Modularity: Built
on microservice-friendly architecture,
the system is easy to extend or re-
train for different domains such as
media, e-learning, or retalil.

- Cold-Start Robustness: The use of
image and review-based encodings
allows the model to recommend new
or unrated items effectively, mitigat-
ing the cold-start problem.

C. Expected Outcomes

With its layered attention architecture
and multimodal integration, the proposed

system is expected to yield several mea-
surable outcomes:

- Increased Recommendation Accu-
racy: Fine-grained attention and mul-
timodal embeddings enhance preci-
sion and relevance of top-N recom-
mendations.

- Improved Engagement and Satis-
faction: By capturing the full context
of user interactions, the model pro-
vides recommendations that are not
only relevant but timely and engag-
ing.

- Interpretability for End-Users: At-
tention heatmaps and fusion expla-
nations help users understand the
reasoning behind recommendations,
thereby fostering trust.

- Domain Adaptability: The architec-
ture supports easy domain transfer to
scenarios like healthcare, education,
and social media, through minimal
retraining of modality encoders.

D. Expected Accuracy and Justification

The proposed hierarchical attention-
based multimodal recommendation sys-
tem is expected to achieve an accuracy
range of 90-95%, based on parallel find-
ings from leading studies on multimodal
deep learning and personalized recom-
mender systems. This can be justified by
the following points:

- Multimodal Feature Integration:
By combining heterogeneous data
sources such as textual reviews
and product images, the system
leverages complementary semantic
cues that enrich item representation
and user modeling [4], [16]. This
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enhances robustness and reduces
over-reliance on any single modality.

- Hierarchical Attention
Mechanisms: The use of word-
level, sentence-level, and modality-
level attention enables fine-grained
selection of relevant features across
multiple abstraction levels. This
layered attention design dynamically
focuses on the most informative
content per user—item interaction [5].

- State-of-the-Art Encoders: Lever-
aging pretrained models such as
BERT for text and ResNet for im-
ages ensures that extracted embed-
dings are context-rich and domain-
adaptive. Fusion layers and scoring
modules—including Graph Convolu-
tional Networks (GCN) and matrix
factorization techniques—further en-
hance personalization and help with
cold-start problems [15], [6].

- Modular Architecture: The sys-
tem’s design allows easy replace-
ment or tuning of components, im-
proving adaptability across datasets
and domains. It supports fine-tuning
on real-time feedback, which further
improves accuracy and recommen-
dation relevance over time.

However, the system’s effectiveness
depends on factors such as the quality of
textual and visual data, coverage of user
behavior histories, and the ability to fine-
tune attention weights based on dynamic
user preferences. Continuous evaluation
using metrics like top-N accuracy, Hit@K,
and NDCG@K will be crucial to validate
its performance in real-world scenarios.

A Proposed Hierarchical Attention-

Based Multimodal Recommendation Sys-
tem is shown in Fig.1.

VIl. LIMITATIONS AND FUTURE WORK

While the proposed system is theoret-
ically robust and architecturally scalable,
several challenges must be addressed to
ensure successful real-world deployment:

- Data Quality and Modality Align-
ment: Ensuring consistent quality
and synchronization across text, im-
age, and graph data remains a tech-
nical challenge, especially in user-
generated content.

- Interpretability vs. Performance
Tradeoff: Adding explainability often
introduces model complexity or infer-
ence overhead. Achieving a balance
between transparency and accuracy
IS non-trivial.

- Handling Multimodal Noise: Real-
world datasets contain noisy, miss-
ing, or ambiguous modalities. Devel-
oping robust attention mechanisms
that can down-weight irrelevant fea-
tures is a key area for exploration.

- User-Centric Evaluation: Current
benchmarks primarily report objec-
tive metrics. Incorporating qualita-
tive feedback and human evaluation
(e.g., trust, satisfaction) is essential
for holistic system assessment.

- Resource Efficiency: Deploying
attention-heavy multimodal systems
on edge devices or low-resource
environments (e.g., mobile) demands
model compression, pruning, or
guantization.

Future Work will include:
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- Developing lightweight variants of the
attention modules for mobile applica-
tions.

- Extending the system for streaming
data and real-time retraining in dy-
namic environments.

- Conducting user studies to assess
interpretability, perceived accuracy,
and trust.

- Benchmarking the system on cross-
lingual and cross-domain datasets.

- Exploring generative recommenda-
tion capabilities using large multi-
modal transformers.

VIIl. CONCLUSION

The rising demand for personalized,
interpretable, and context-aware recom-
mendations has accelerated research into
multimodal and attention-based recom-
mendation systems. Traditional collabora-
tive filtering and content-based methods
often struggle with issues such as data
sparsity, cold-start items, and limited con-
text understanding.

This survey reviewed recent advances
in multimodal recommendation, focusing
on hierarchical attention, fusion strate-
gies, and explainability. Synthesizing evi-
dence from over 20 key research papers,
it highlights that hierarchical multimodal
systems, especially those leveraging both
image and textual data, significantly im-
prove recommendation relevance and di-
versity. Attention mechanisms not only
enhance personalization but also promote
transparency by providing interpretable
attention weights across modalities.

Despite encouraging results,
challenges remain, including handling
incomplete  modality data, scaling

explainability, managing user feedback
loops, and optimizing latency in real-
time environments. Evaluation protocols
for multimodal explainability also lack
standardization.

The proposed hierarchical attention-
based system addresses many limitations
through modular design and explainable
outputs, making it a robust foundation for
next-generation e-commerce platforms.
Future work can extend this framework
by incorporating temporal user behavior
modeling, knowledge graphs, and multi-
lingual or multi-regional product catalogs.

With ongoing innovation and rigorous
field testing, hierarchical multimodal rec-
ommendation systems hold substantial
promise to reshape the personalization
landscape across diverse domains.
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TABLES

TABLE |: Summary of Multimodal
Recommendation Approaches

Paper

Techniques Used

Notable Contributions

Liu et al. (2020) [16]

Text-image attention
fusion

Visual-textual
alignment for
explainability

Jeong et al. (2024) [4]

Co-attention

Strong performance un-

(CAMRec) der data sparsity
Liu et al. (2023) [15] | Contrastive Improves modality
transformer alignment and

interpretability

Hu et al. (2023) [11]

Adaptive fusion graph

Robust across incom-
plete modalities

Ma et al. (2024) [6] Triple  fusion  with | Aligns visual, textual,
LLMs graph via prompts
Zhou et al. (2023) [5] | Hierarchical attention | Multi-step semantic re-
finement
Zhang et al. (2025) | Heterogeneous graph | Enhances path-aware

[13]

attention

explanations

TABLE II: Comparison of Research
Gaps and Proposed System Solutions

Identified Research Gap

Proposed System Solution

Lack of real-time personal-
ization

Incorporates session-based temporal
encoders and attention models to dy-
namically update user profiles in real-
time.

Incomplete or
modality data

missing

Uses robust fusion strategies (early,
late, and hybrid) to gracefully handle
missing image or text data while main-
taining prediction quality.

Limited explainability in deep
learning models

Provides interpretability through atten-
tion weight visualization, modality con-
tribution scores, and post-hoc explana-
tion techniques.

Dataset bias and cold-start
limitations

Leverages content-based features
from text and images to recommend
new or unrated items, overcoming
cold-start problems.

Poor scalability and general-
ization

Modular and microservice-friendly ar-
chitecture enables deployment across
domains and datasets with minimal
performance tradeoff.
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Fig. 1: Proposed Hierarchical
Attention-Based Multimodal
Recommendation System
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