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Abstract: With the rapid advancement of mobile internet technologies, short video platforms have
swiftly risen to prominence, attracting hundreds of millions of users worldwide. At the heart of
these platforms, recommendation algorithms serve as essential tools for mitigating information
overload and enhancing user engagement and satisfaction. This paper provides a systematic and
comprehensive review of the development of recommendation algorithms tailored for short video
platforms, tracing their evolution from traditional recommendation methods to deep learning tech-
niques and, more recently, to multimodal fusion strategies. A detailed analysis is conducted on the
strengths, limitations, and application scenarios of different approaches. First, the fundamental con-
cepts and evaluation metrics related to short video recommendation are introduced. Next, the ap-
plications and shortcomings of traditional recommendation algorithms in this domain are examined
thoroughly. Subsequently, deep learning-based methods, including deep neural networks and se-
quence modeling, are explored extensively, followed by an in-depth investigation of the most recent
advances in multimodal fusion for short video recommendation. Finally, the paper discusses cur-
rent challenges and outlines potential future research directions. By presenting these in-depth dis-
cussions and critical comparisons, this work aims to provide researchers and practitioners with a
panoramic perspective on short video recommendation algorithms and to foster further academic
progress and practical innovation in this rapidly evolving field.

Keywords: short video platform; recommendation algorithm; deep learning; multimodal fusion;
sequential behavior modeling; data sparsity

1. Introduction

In recent years, with the rapid advancement of mobile internet technologies and the
increasing fragmentation of user attention, short video platforms have swiftly emerged
as a dominant form of online content consumption, attracting hundreds of millions of
users worldwide. The exponential growth of short video content is largely driven by users’
preference for instant gratification and their limited attention spans [1]. Platforms such as
Douyin and Kuaishou rely heavily on advanced recommendation algorithms to effec-
tively capture user interests and preferences, thereby consolidating their role as primary
channels for online information and entertainment [2].

As the core technological backbone of short video platforms, recommendation sys-
tems are indispensable for alleviating information overload and enhancing user experi-
ence. With the explosive increase in video content, users often face intensified information
overload and find it difficult to identify content aligned with their preferences [1]. At the
same time, short video recommendation systems encounter several unique challenges.
First, the production of content vastly exceeds its consumption, forcing recommendation
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systems to handle massive and continuously expanding data streams. Second, user inter-
actions are relatively limited, often restricted to likes, comments, and shares, which makes
it challenging to capture fine-grained user preferences. Third, recommendation algo-
rithms must meet extremely high demands for real-time responsiveness, matching users
with suitable content within milliseconds. Finally, the widespread application of these al-
gorithms can exacerbate the “information cocoon” effect, exposing users to homogeneous
content and thereby narrowing their perspectives and reducing content diversity [2].

Unlike traditional long-form video, short videos are inherently multimodal, integrat-
ing visual, auditory, and textual modalities. Prior studies have shown that effectively ex-
ploiting multimodal information can substantially improve the accuracy of recommenda-
tions and overall user satisfaction [1]. For instance, by combining video frames, audio fea-
tures, and text descriptions, recommendation systems are able to achieve a more compre-
hensive understanding of both video content and user preferences, thus delivering more
precise and personalized recommendations.

This review systematically explores the evolution of recommendation algorithms for
short video platforms, moving from traditional methods to deep learning approaches and,
more recently, multimodal fusion strategies. A comparative analysis of the strengths, lim-
itations, and application scenarios of each type of algorithm is provided. Specifically, we
begin by introducing the basic concepts and evaluation metrics of short video recommen-
dation. We then examine the applications and limitations of traditional recommendation
algorithms in this domain, followed by an in-depth exploration of deep learning—based
methods, including deep neural networks and sequence modeling. Subsequently, we an-
alyze the latest advances in multimodal fusion strategies for short video recommendation.
Finally, we discuss the major challenges and outline promising directions for future re-
search. Through these comprehensive discussions, this paper seeks to provide researchers
and practitioners with a panoramic overview of recommendation algorithms for short
video platforms and to stimulate further academic progress and technological innovation
in this rapidly evolving field.

2. Overview of Short Video Recommendation System

As a core component of modern social media platforms, short video recommendation
systems are typically organized into a layered architecture consisting of a data collection
layer, a feature extraction layer, a model training layer, and a recommendation generation
layer. Unlike traditional recommendation systems, which usually operate on relatively
static datasets, short video platforms must process vast amounts of real-time user behav-
ior data, including viewing duration, likes, comments, shares, and other interactive sig-
nals [3]. To handle this dynamic environment, many systems adopt incremental multi-
window scanning methods, which enable continuous feature extraction and facilitate the
simultaneous modeling of both short-term user interests and long-term preference pat-
terns.

A notable characteristic of short video recommendation is the sequential nature of
user interactions. In contrast to conventional methods that rely on user—item rating matri-
ces, modern systems take users’ historical interaction sequences as input and apply se-
quence-aware recommendation algorithms to predict the next video a user is likely to en-
gage with during the current session [4]. By incorporating temporal dynamics, these al-
gorithms are better able to capture the rapid evolution of user interests, thereby enhancing
both the accuracy and responsiveness of recommendations.

Short video recommendations differ considerably from traditional long-form video
recommendations. First, short video content typically ranges from 15 seconds to several
minutes, and users consume it at a much higher frequency, necessitating extremely high
real-time responsiveness from recommendation systems. Second, the evaluation metrics
used for short video platforms are more diverse. In addition to conventional click-through
rates (CTR), they incorporate refined engagement indicators such as completion rates, like
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rates, and comment rates [3]. Furthermore, such systems prioritize immediate user feed-
back, which requires rapid adaptation of recommendation strategies to accommodate
fast-changing user interests.

Short video recommendation systems also face a number of distinctive challenges. A
key difficulty lies in the sequential nature of user behavior: viewing patterns often display
both strong short-term correlations and long-term evolutionary trends, which require al-
gorithms to capture immediate interests while also modeling persistent preferences [4].
Another critical factor is the influence of social dynamics. On short video platforms, users
not only interact with content but also form social connections with other users, and these
relationships exert a substantial impact on recommendation effectiveness [5]. Conse-
quently, the integration of social recommendation mechanisms has opened up new pos-
sibilities. By leveraging network connections and user similarities, such systems can en-
hance recommendation quality and mitigate the data sparsity problem prevalent in tradi-
tional methods. This integration accounts not only for user—content interactions but also
for mutual influences between users, thereby producing recommendations that are more
personalized and socially aware.

Short video recommendation systems also confront significant challenges related to
data sparsity and the cold start problem. Due to the rapid pace of content creation and the
continual emergence of new videos, accurately matching novel content with suitable au-
diences presents a major difficulty. Similarly, new users joining the platform lack histori-
cal behavioral data, making the provision of personalized recommendations particularly
challenging.

To mitigate these issues, modern short video recommendation systems employ a va-
riety of techniques. Hierarchical modeling of user interaction behaviors enables richer in-
formation capture while simultaneously reducing computational overhead. Transfer
learning allows knowledge acquired from other datasets to be adapted to the current plat-
form, enhancing generalization performance. In addition, ranking-based ensemble meth-
ods, especially when optimizing AUC metrics, have proven effective in improving recom-
mendation accuracy [3].

In summary, as a sophisticated, multi-layered framework, short video recommenda-
tion systems must integrate multiple factors—including user behavior sequences, social
relationships, and content characteristics—to deliver accurate and personalized recom-
mendations in environments characterized by information overload. These distinctive
characteristics and technical challenges lay the groundwork for a detailed exploration of
algorithmic developments in subsequent chapters, highlighting both the complexity and
the potential of modern short video recommendation technologies.

3. Recommendation Algorithms in Short Video Platforms
3.1. Traditional Recommendation Algorithms and Their Application in Short Video Platforms

Traditional recommendation algorithms form the foundation of short video recom-
mendation systems, primarily comprising collaborative filtering (CF) and matrix factori-
zation techniques. CF, one of the most widely adopted methods, identifies user interests
and preferences based on historical interaction data, thereby enabling the recommenda-
tion of similar short video content [6]. Through analysis of user interactions, including
views, likes, comments, and shares of micro-videos, a user—video interaction matrix is
constructed, and CF algorithms are applied to generate personalized recommendations.
CF methods are typically classified into user-based and item-based approaches: the for-
mer recommends items preferred by similar users, while the latter suggests items similar
to those already liked by the target user [7].

Matrix factorization effectively addresses the challenges of data sparsity and large-
scale interaction data by decomposing the high-dimensional user—item interaction matrix
into low-dimensional latent feature vectors, thereby capturing latent patterns of user pref-
erences and video characteristics [8]. This dimensionality reduction enables more efficient
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and accurate recommendations on short video platforms, facilitating the modeling of both
user and video representations in a compact latent space.

However, traditional recommendation algorithms face several limitations when ap-
plied to short video platforms. First, data sparsity is particularly severe: the large volume
of short videos combined with limited user interactions results in an extremely sparse
user—video interaction matrix, leading to suboptimal performance of traditional collabo-
rative filtering methods. Second, such algorithms struggle to capture the multimodal na-
ture of short videos, which contain rich visual, auditory, and textual information. Depend-
ence solely on user-video interaction data constrains recommendation quality and limits
the system’s ability to fully understand video content. In addition, user behavior on short
video platforms exhibits prominent sequential characteristics, which traditional collabo-
rative filtering and matrix factorization methods find challenging to model. This makes it
difficult to effectively capture users’ dynamic interest changes and sequential behavior
patterns[6]. Finally, the cold start problem is exacerbated in short video scenarios: new
users or new videos often lack sufficient historical interaction data, hindering the system’s
ability to generate effective personalized recommendations [7].

To adapt to the unique needs of short video scenarios, traditional recommendation
algorithms have undergone a series of improvements. On one hand, researchers have at-
tempted to integrate content information into collaborative filtering frameworks by lev-
eraging content features, such as video titles, tags, and cover images, to alleviate data
sparsity [8]. For example, the Collaborative Embedding Regression (CER) model com-
bines individual content features with user—video interactions, effectively recommending
videos in both in-matrix and out-of-matrix scenarios. On the other hand, given the se-
quential nature of user behavior, traditional Markov chain models have been used to cap-
ture short-term changes in user interests. However, these methods often compress all his-
torical records into a fixed hidden representation, making it difficult to model long-term
dependencies [9].

As the data scale of short video platforms continues to expand and user demand
grows, traditional recommendation algorithms are gradually evolving toward deep learn-
ing approaches. Deep learning, with its powerful feature-learning and nonlinear model-
ing capabilities, has effectively addressed many limitations of traditional methods. Auto-
encoders, as an unsupervised deep learning technique, excel at dimensionality reduction,
feature extraction, and data reconstruction, enabling a more comprehensive understand-
ing of user needs and item characteristics, thereby improving recommendation quality
[10]. In the context of short video recommendations, sequential recommendation methods
based on deep learning outperform traditional Markov chain models by more effectively
capturing user sequential behavior. For instance, combining the Transformer architecture
with collaborative filtering, employing self-attention mechanisms to capture the multi-
modal features of micro-videos, and learning user preferences from historical interactions
through multi-head attention substantially enhances the accuracy of next-video predic-
tions.

3.2. Short Video Recommendation Algorithm Based on Deep Learning

The application of deep learning technology in short video recommendation has
achieved significant progress. With its powerful nonlinear feature learning and complex
pattern recognition capabilities, deep learning has effectively enhanced both recommen-
dation system performance and overall user experience. These methods can automatically
learn effective feature representations from massive amounts of user behavior and content
data, overcoming the limitations of traditional recommendation algorithms in handling
high-dimensional and sparse data [7].

Deep neural networks, as the core architecture of deep learning, play a crucial role in
short video recommendations. By performing multi-layered nonlinear transformations,
deep neural networks can capture complex interaction patterns between users and videos.
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Studies have shown that deep neural network models are capable of learning feature rep-
resentations directly from raw data without relying on hand-crafted features, thus better
adapting to the diverse and dynamic nature of short video content. When processing his-
torical user behavior sequences, deep neural networks effectively capture both long-term
and short-term user interests and preferences, providing a foundation for more accurate
recommendations.

As an unsupervised deep learning model, autoencoders are primarily employed for
feature dimensionality reduction and representation learning in short video recommen-
dation. Autoencoders learn compact representations of data through an encoder-decoder
architecture, effectively addressing the data sparsity problem in short video recommen-
dation systems. In particular, during cold-start scenarios, autoencoders can generate
meaningful user and video representations from limited behavior data, enabling reason-
able recommendations for new users or newly uploaded videos [7]. Furthermore, variants
of autoencoders, such as denoising autoencoders and variational autoencoders, have
demonstrated promising performance in enhancing the robustness of recommendation
systems and generating more diverse recommendations. In the context of short video rec-
ommendation, attention mechanisms can capture dynamic changes in user interests, iden-
tify key elements within video content, and model complex interactions between users
and videos [11]. Research has indicated that deep recommendation models incorporating
attention mechanisms substantially improve both the accuracy and interpretability of rec-
ommendations when processing user behavior sequences alongside video content fea-
tures.

The application of deep learning technology in recommendation systems not only
enhances performance but, more importantly, enables automatic learning of feature rep-
resentations from raw data, thereby reducing reliance on manual feature engineering. By
utilizing deep neural networks, recommendation systems can simultaneously process
user—video interaction data and multimodal video content, allowing for more accurate
personalized recommendations [8]. Furthermore, deep learning models exhibit strong
generalization capabilities, making them more effective at addressing the cold-start prob-
lem commonly encountered on short video platforms [7].

Multimodal deep learning methods have demonstrated unique advantages in short
video recommendation. Studies have shown that features extracted from video content
using deep learning —including visual appearance, audio, and motion information—can
significantly outperform traditional hand-crafted features. In particular, deep learning au-
dio features and action-centric features have been shown to surpass conventional MFCC
and iDT features in recommendation performance [12]. Multimodal representation learn-
ing methods can fully exploit the complementary information among different modalities
by converting content from each modality into vectors within an embedding space and
employing appropriate fusion strategies. For example, one study proposed concatenating
multimodal content vectors as input to a multilayer perceptron and introducing a key—
value memory mechanism to map dense real-valued vectors, achieving a more compre-
hensive nonlinear semantic representation. Experimental results indicate that this multi-
modal representation learning approach significantly enhances recommendation system
performance, achieving superior outcomes in short video understanding and recommen-
dation tasks [11].

Notably, combining various deep learning—extracted features with traditional hand-
crafted features and text metadata can further improve recommendation system perfor-
mance. Research has indicated that this hybrid feature fusion strategy fully leverages the
complementary information among different feature types, resulting in substantial im-
provements in short video recommendation tasks [12]. Furthermore, to address the
unique challenges of short video recommendation—such as the timeliness of content and
the rapid evolution of user interests —researchers continue to explore new deep learning
models and training strategies to enhance the real-time responsiveness and adaptability
of recommendation systems.
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3.3. Application of Multimodal Fusion in Short Video Recommendation

As an emerging content format, the multimodal nature of short videos presents both
opportunities and challenges for recommendation systems. Multimodal fusion technol-
ogy effectively compensates for the limitations of single-modal information by integrating
multiple sources—including video content, audio, text, and user behavior —thereby sig-
nificantly improving the accuracy of short video recommendations and enhancing user
experience [13].

In short video recommendations, multimodal information primarily includes three
categories: visual, auditory, and textual. Visual information encompasses video frame se-
quences, image features, and other visual elements; auditory information includes back-
ground music, voice, and sound effects; and textual information covers titles, descriptions,
tags, and comments [11]. These multimodal elements form a complex and complementary
relationship—for instance, visual information conveys video content intuitively, audio
provides emotional context, and text offers explicit semantic descriptions [14]. Research
has shown that effectively integrating these multimodal cues can bridge the semantic gap
between items and provide users with more accurate recommendations [13].

Multimodal feature extraction is a fundamental step in short video recommendation.
Current research mainly employs pre-trained models to obtain feature representations for
each modality, such as convolutional neural networks (CNNs) for extracting visual fea-
tures, recurrent neural networks (RNNs) for processing audio sequences, and natural lan-
guage processing (NLP) models for analyzing textual content [15]. However, simple con-
catenation of these features cannot fully capture the complex relationships among modal-
ities. To address this, researchers have proposed various multimodal representation learn-
ing methods, such as key—value memory networks, which map dense real-valued data
into vectors to generate more comprehensive semantic representations in a nonlinear
manner [11]. Additionally, the multi-level multimodal feature fusion (MLMF) method
projects each modality into both shared and specific feature spaces, enhances feature rep-
resentations based on inter-modality similarity, and produces fused features that preserve
the unique characteristics of each modality while emphasizing their similarities [16].

Multimodal fusion plays a crucial role in enhancing the effectiveness of short video
recommendation. By fully leveraging the complementary information across modalities,
it enables a more comprehensive understanding of video content. Studies have shown
that incorporating nonlinearly guided cross-modal signals and maintaining temporal con-
sistency can significantly improve the performance of multimodal machine learning mod-
els, achieving excellent results on large-scale datasets such as YouTube-8M [14]. Moreover,
multimodal fusion facilitates the discovery of latent video categories and better aligns rec-
ommendations with user interests. By interactively learning user—item representations,
hidden video categories can be identified, and user preferences can be modeled at multi-
ple levels [13].

Multimodal fusion technology also demonstrates great potential in practical applica-
tions, such as video advertising. By learning the multimodal similarities between adver-
tisements and video content, it enables more natural in-video ad insertion, significantly
improving user experience and advertising effectiveness. Experimental results indicate
that ad matching methods based on multimodal modeling not only enhance objective
evaluation metrics but also receive favorable recognition from user subjective evaluations
[15].

In the future, the application of multimodal fusion in short video recommendation
will face both challenges and opportunities. On one hand, efficiently processing large-
scale multimodal data and reducing computational complexity remain important re-
search directions. On the other hand, exploring more effective cross-modal interaction
mechanisms, improving model interpretability, and combining multimodal fusion with
techniques such as reinforcement learning and graph neural networks will further ad-
vance the development of short video recommendation systems.
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4. Key Issues and Solutions in Short Video Recommendation
4.1. Cold Start Problem

The cold start problem is one of the core challenges facing short video recommenda-
tion systems. It can be categorized into two scenarios: new user cold start and new content
cold start. When a new user joins the platform, the system lacks historical behavioral data,
making it difficult to accurately capture their interests and preferences. Similarly, when
new short video content is uploaded to the platform, the system struggles to assess its
quality and potential audience due to insufficient user interaction data. Content cold start
is a core issue in the recommendation field. By addressing the content cold start problem,
service providers can tap into the potential value of content that most users have yet to
discover and provide users with more accurate, personalized services [17]. The cold start
problem is particularly prominent in short video recommendation scenarios. Short video
platforms generate a large amount of new content daily, along with many new users join-
ing the platform, posing significant challenges to recommendation systems. Short videos
are characterized by diverse content formats, short duration, and rapid updates. This
makes traditional collaborative filtering methods perform poorly in cold start scenarios
due to their heavy reliance on user-item interaction data. Therefore, researchers have pro-
posed a variety of solutions, including content-based, popularity-based, and transfer
learning-based approaches, to address this challenge.

In recent years, deep learning and multimodal fusion techniques have made signifi-
cant progress in addressing the cold start problem of short video recommendation. Re-
search has shown that deep learning features excel at handling cold-start scenarios for
new items. In particular, deep learning features, such as visual appearance, audio, and
motion information extracted from video content, outperform traditional hand-crafted
features [12]. For example, deep learning audio features and action-centric deep learning
features achieve better recommendation performance than MFCC and state-of-the-art iDT
features. In short video recommendation, content-based methods can quickly analyze the
visual, audio, and textual features of newly uploaded videos to provide preliminary rec-
ommendations even without user interaction data. Multimodal meta-learning (MML)
methods incorporate multimodal auxiliary information, such as text and images, into the
meta-learning process, designing a set of multimodal meta-learners corresponding to each
modality, along with an adaptive, learnable fusion layer to integrate predictions based on
different modalities [18]. For short video recommendation, multimodal fusion can simul-
taneously leverage multiple information sources from a video, including visual, audio,
text, and user comments, to comprehensively understand the video content and provide
more accurate recommendations in cold-start situations.

In summary, the cold start problem in short video recommendation is a complex and
significant challenge. Deep learning and multimodal fusion technologies provide new in-
sights and approaches for addressing this issue. By leveraging multimodal information
and transfer learning, recommendation performance in cold start scenarios can be signif-
icantly improved. With the further development of deep learning and multimodal tech-
niques, it is expected that the cold start problem in short video recommendation will be
more effectively mitigated in the near future.

4.2. Data Sparsity Problem

One of the core challenges facing short video recommendation systems is data spar-
sity. To address this challenge, researchers have proposed various solutions. Matrix com-
pletion techniques enhance data density by predicting missing user—item interactions. For
example, one study proposed integrating linked open data (LOD) into a matrix factoriza-
tion model (MF-LOD), leveraging external knowledge bases to supplement missing infor-
mation and significantly improve recommendation accuracy [19]. Similarly, predictive
network methods based on network science extract hidden structures between users
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through link prediction and apply information diffusion techniques to enhance the rating
matrix, effectively alleviating sparsity issues [20].

Deep learning technology provides new solutions for mitigating data sparsity.
Deeper graph neural networks predict links on bipartite user—item graphs through infor-
mation propagation and introduce attention mechanisms to handle variable-size inputs
for each node, effectively extracting more information about interaction behaviors. How-
ever, these approaches also face challenges. For instance, stacking multiple network layers
can lead to oversmoothing, causing all nodes to converge to similar values [21]. Further-
more, the high complexity of user-group networks poses difficulties. User interests within
the same group can vary significantly, especially in large groups. Indiscriminate use of
high-order neighbor information can introduce negative signals during embedding prop-
agation [22].

Overall, different strategies offer advantages in alleviating data sparsity in short
video recommendation, but they also have limitations. Matrix completion methods are
simple to implement but depend on external data quality; feature augmentation effec-
tively improves representation capabilities but entails high computational complexity;
knowledge transfer can provide rich information but faces domain adaptation challenges;
and deep learning methods offer superior performance but encounter oversmoothing and
efficiency issues. In practical applications, it is essential to select an appropriate method
or combine multiple strategies based on the specific scenario and data characteristics to
achieve optimal recommendations under data sparsity conditions.

4.3. Sequential Behavior Modeling

Sequential behavior modeling is a core issue in short video recommendation systems,
aiming to capture user behavior patterns and evolving interests on the platform. Tradi-
tional sequence modeling methods often struggle to effectively capture users' dynamically
changing interests. To address this issue, researchers have proposed various improve-
ments. Among these, the introduction of time-aware and content-aware controllers sig-
nificantly enhances the performance of RNNs in user modeling, enabling them to better
utilize contextual information for controlling state transitions [23].

In recent years, Transformer-based sequence modeling methods have shown signifi-
cant advantages in short video recommendation. In particular, the concept of a "Behavior
Pathway" has been proposed. Recognizing that only a few key actions in a user's behavior
sequence influence their future actions, the Recommender Transformer (RETR) dynami-
cally plans each user's specific behavior path through a path attention mechanism, effec-
tively filtering out the interference of trivial behaviors [24].

When modeling user interests, distinguishing short-term interests from long-term
preferences is crucial for improving recommendation effectiveness. Research has shown
that combining collaborative filtering (CF) with user-video sequence interactions can
more comprehensively capture user interests [6]. Moreover, attention-based frameworks
can adaptively integrate users' long-term and short-term preferences to generate user rep-
resentations in specific contexts [23]. Hierarchical memory networks, through a multi-
scale feature memory mechanism, not only consider preferences at the item level but also
capture preferences at the user feature level, further enhancing the accuracy of sequence
modeling [25].

The advantages of deep learning in sequential behavior modeling are reflected in
three main aspects. First, deep learning models can automatically learn complex sequen-
tial patterns without manual feature design; second, the attention mechanism enables the
model to dynamically focus on key parts of historical behavior; and third, multimodal
fusion capabilities allow the model to comprehensively leverage multiple information
sources, including video content, user interactions, and social relationships. These
strengths have enabled deep learning-based sequence models to achieve notable success
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in short video recommendation, with experiments showing that they outperform tradi-
tional methods across multiple real-world datasets [6,23-25].

4.4. Real-Time Recommendations and Dynamic Updates

Short video recommendation systems face significant real-time and dynamic chal-
lenges. To address these issues, researchers have proposed a variety of online learning
and incremental update techniques.

In the context of multimodal feature fusion, multi-view active learning methods pro-
vide new insights for real-time recommendation. By learning a mapping from visual
views to textual views, this approach reduces reliance on manually annotated metadata.
An active selection strategy based on prediction inconsistency and viewing frequency ef-
fectively identifies the most important videos for metadata queries, substantially lowering
annotation costs [26]. This method is particularly well-suited for handling the large vol-
ume of newly uploaded content that lacks complete metadata on short video platforms,
thereby enhancing the system's real-time adaptability.

4.5. Evaluation and Dataset of Short Video Recommendation System

The evaluation of short video recommendation systems is a crucial step in measuring
the performance of recommendation algorithms. It not only determines the practical value
of the algorithm but also provides researchers with guidance for improvement. The eval-
uation process requires comprehensive consideration of multiple dimensions, including
accuracy, diversity, and novelty, as well as the representativeness and reliability of the
evaluation dataset [27]. Evaluating short video recommendation systems presents unique
challenges. First, short video content is multimodal, encompassing visual, audio, and tex-
tual information, which complicates the evaluation process [28]. Second, user preferences
for short videos may be influenced by various factors, such as content timeliness and so-
cial influence, which are difficult to fully capture using traditional evaluation metrics. Fur-
thermore, short video platforms typically rely on implicit feedback (such as viewing time,
likes, and comments) rather than explicit ratings, which adds additional complexity to the
evaluation [29].

To address these challenges, researchers have proposed the Framework for Evalua-
tion of Recommender Systems (FEVR), which classifies the recommendation system eval-
uation space and emphasizes that a comprehensive evaluation of a recommendation sys-
tem typically requires considering multiple aspects and perspectives across different di-
mensions. This multifaceted evaluation approach provides a structured and systematic
foundation for the evaluation of short video recommendation systems and facilitates the
adoption of appropriate evaluation configurations that comprehensively encompass the
required multifacetedness. In terms of data processing, researchers have proposed a
method for determining user preferences using the concept of resolution sets, which al-
lows user preferences to be inferred even from very limited ratings. In addition, they have
studied methods for providing recommendations when user ratings are imprecise, incon-
sistent, or incomplete, and for handling situations where users may not consider the val-
ues of certain item attributes [30]. These methods are of great reference value for effec-
tively addressing the data sparsity, incompleteness, and uncertainty problems commonly
encountered in short video recommendation systems.

In summary, evaluating short video recommendation systems is a complex and mul-
tifaceted process that requires thorough consideration of multiple evaluation metrics and
dataset characteristics. Future research should focus on developing more comprehensive
and reliable evaluation methods, along with datasets that more accurately represent real-
world user behavior, in order to promote the effective development and practical appli-
cation of short video recommendation systems.
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5. Future Research Directions and Development Trends
5.1. Future Research Directions

The issue of fairness has become a major concern in recommender system research.
As one of the most widespread applications of machine learning, recommender systems
increasingly have a critical impact on society, as their use by a growing number of users
shapes information acquisition and decision-making [31]. Therefore, it is essential to ad-
dress potential unfairness, which may undermine user satisfaction, content provider in-
terests, and overall platform effectiveness. Current research has proposed various fairness
definitions and evaluation frameworks. However, balancing the fairness needs of differ-
ent stakeholders in short video recommendation while maintaining recommendation ac-
curacy remains an open challenge. In particular, in multimodal content environments, en-
suring fair exposure opportunities for diverse content creators and preventing algorith-
mically induced information cocoons require further investigation.

The reproducibility and practical progress of recommender system research face sig-
nificant challenges. In recent years, deep learning—based methods (neural networks) have
dominated the literature on recommender systems, with many studies claiming to surpass
the state of the art. However, a concerning analysis revealed that 11 of 12 reproducible
neural recommendation methods published at prominent scientific conferences between
2015 and 2018 could be outperformed by conceptually simpler approaches, such as near-
est neighbor heuristics or linear models [32]. This suggests that despite the proliferation
of publications, common issues in current research practices may hinder progress. These
challenges are particularly pronounced in short video recommendation systems, where
complex deep learning models and multimodal fusion methods are often difficult to rep-
licate and compare.

Scalability and data sparsity represent additional key challenges for short video rec-
ommendation systems. Recommender systems are widely applied across domains such
as movies, news, and music, aiming to provide users with the most relevant recommen-
dations from a diverse set of items. Although memory-based nearest neighbor methods
are typical collaborative filtering approaches and are popular due to their high recom-
mendation accuracy, their performance suffers in commercial applications with large user
and item bases and limited ratings, a situation known as data sparsity [33]. Short video
platforms feature large user bases and rapidly updating content. Consequently, designing
recommendation algorithms capable of effectively handling high-dimensional sparse data
while ensuring real-time responsiveness remains an urgent challenge.

Future research needs to achieve breakthroughs in several directions:

1) Explainable Recommendations: With the growing application of deep learning
and multimodal fusion technologies in short video recommendations, model
complexity has increased, making the results difficult to interpret. Developing
recommendation algorithms that provide clear explanations not only enhances
user trust and acceptance but also helps content creators understand recommen-
dation mechanisms and optimize content creation. In particular, in multimodal
fusion scenarios, explaining the contribution of different modal features to rec-
ommendation results is a research direction worth pursuing.

2)  Privacy Protection: Short video platforms collect large amounts of user behavior
data and multimedia content. Protecting user privacy while delivering person-
alized recommendations remains a major challenge. Future research should ex-
plore the application of privacy-preserving technologies, such as federated
learning and differential privacy, in short video recommendation systems, as
well as methods to achieve effective multimodal feature extraction and fusion
without compromising user privacy.

3) Cross-Platform Recommendations: Users frequently engage across multiple
short video and social media platforms. Integrating data and user behavior pat-
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terns across these platforms to provide personalized cross-platform recommen-
dations represents a promising research direction. This approach involves key
technical issues, including data-sharing mechanisms, cross-domain user model-
ing, and multi-platform collaborative optimization.

5.2. Future Development Trends of Deep Learning and Multimodal Fusion Technology

First, the use of self-supervised learning in short video recommendations is expected
to become more widespread. By leveraging large volumes of unlabeled data to learn ef-
fective representations, it is possible to alleviate data sparsity and improve recommenda-
tion performance. In multimodal scenarios, designing effective self-supervised tasks that
capture correlations across different modalities represents a key research direction.

Second, the application of graph neural networks in recommendation systems will
be further expanded. User—content interactions on short video platforms can naturally be
represented as graph structures, and graph neural networks can effectively capture high-
order connections and complex patterns. Future research will focus on incorporating mul-
timodal information into graph neural networks and designing algorithms capable of han-
dling large-scale, dynamic graphs.

Third, multi-task learning frameworks are expected to become more mature. Short
video recommendation systems often need to optimize multiple objectives simultane-
ously, such as click-through rate, viewing time, and user retention. Designing effective
multi-task learning frameworks that balance these objectives while fully leveraging mul-
timodal information remains a critical research focus.

Finally, real-time recommendation technology will receive increasing attention.
Short video content is highly time-sensitive and updates rapidly. Developing recommen-
dation algorithms that can respond to changes in user interests and content updates in
real time, while ensuring low latency and high throughput, remains a significant chal-
lenge.

In summary, short video recommendation systems face multiple challenges, includ-
ing fairness, reproducibility, scalability, and data sparsity. Future research needs to
achieve breakthroughs in explainable recommendations, privacy protection, and cross-
platform recommendations, while also promoting innovative developments in deep
learning and multimodal fusion technologies. Such research has both theoretical signifi-
cance and broad practical value, ultimately enabling short video platforms to provide
more intelligent, fair, and efficient recommendation services.

6. Conclusion

This paper reviews the current research on short video recommendation systems,
focusing on deep learning, multimodal fusion, cold start, data sparsity, sequential behav-
ior modeling, real-time adaptability, and evaluation methods. While significant progress
has been made, challenges remain in fairness, reproducibility, scalability, and privacy pro-
tection. Future research directions include explainable recommendations, cross-platform
personalization, self-supervised learning, graph neural networks, multi-task learning,
and real-time recommendation technologies. Advancements in these areas will not only
improve recommendation accuracy and user satisfaction but also provide theoretical
guidance and practical value for the development of more intelligent, fair, and efficient
short video recommendation systems.
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