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Video recommender systems shape content discovery, user engagement, and information access across digital
platforms such as YouTube, Netflix, and TikTok. Although recent advances in deep learning, graph-based models,
and multimodal recommendation have improved personalization, key challenges remain, including limited di-
versity metrics, weak geometric analysis of embedding spaces, inadequate multimodal datasets, and insufficient
integration of fairness and transparency. This review synthesizes recent research on diversity-aware video
recommender systems through a structured literature review. The screening process identified 572 records from
six scholarly sources; after title-abstract screening and full-text eligibility assessment, 101 studies were included
in the qualitative synthesis. The findings show that diversity is often treated as a narrow, one-dimensional
objective, while broader system-level, user-centered, and societal perspectives remain underdeveloped. The re-
view therefore argues for multidimensional and human-centered recommendation frameworks that incorporate
geometric diversity modeling, multi-objective optimization, long-term user satisfaction, and user-controllable
design. The study provides a conceptual basis for developing more robust, fair, transparent, and sustainable
video recommender systems.

1. Introduction

Video recommender systems are central to digital platforms because
they shape what users watch, how they access information, and which
creators gain visibility. While these systems achieve high personaliza-
tion accuracy and engagement, they also raise concerns about limited
diversity, algorithmic bias, unfair exposure, echo chambers, and broader
societal effects. This study examines these issues through the lens of
multidimensional diversity.

Existing research has addressed diversity through classical rerank-
ing, graph-based models, deep learning, generative approaches, and
optimization techniques. However, many studies still rely on narrow
metrics, give limited attention to embedding-space geometry, use
datasets that poorly reflect real-world short-video platforms, and treat
ethical issues such as fairness and transparency as secondary concerns.
These limitations suggest that future recommender systems should move
beyond accuracy-driven ranking and support broader, fairer, and more
sustainable information distribution.

Video recommender systems are widely used on platforms such as
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YouTube, Netflix, and TikTok (Wei et al., 2023), and they also support
education, online learning, and sports-related applications (Ma, 2025;
Yang & Zhao, 2023). Given the amount of time users spend in digital
environments (Clayborne et al., 2025; Frielingsdorf et al., 2025; Yang
et al., 2025), these systems should be viewed not only as technical
tools but also as mechanisms that influence social and informational
structures (Niu et al., 2025; Tran et al., 2025).

Most recommender systems optimize engagement signals such as
clicks, watch time, and repeated interaction (Afreen et al., 2025; Beynon
et al., 2024). Although collaborative filtering, content-based filtering,
and deep learning models improve personalization, they can also
intensify familiarity bias, popularity bias, filter bubbles, misinformation
exposure, and creator-level inequality (Gao et al., 2023). Addressing
these challenges requires both technical and societal perspectives.

This paper makes four contributions. First, it organizes fragmented
diversity-related concepts into a multidimensional framework covering
popularity, content, producer, viewpoint, temporal, and semantic di-
versity. Second, it compares this framework with established concepts
such as novelty, serendipity, fairness, exposure diversity, and echo
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chamber mitigation. Third, it synthesizes recent work on reranking,
debiasing, Large Language Model (LLM)-based reranking, deep and
generative models, graph-based approaches, and multimodal systems.
Finally, it identifies future directions in geometric diversity modeling,
multi-objective optimization, long-term user satisfaction, and human-
centered recommendation design.

2. Review methodology

This review followed a structured evidence-synthesis procedure
inspired by PRISMA 2020 transparency principles. Because the included
studies vary in datasets, metrics, architectures, and objectives, the study
does not conduct a quantitative meta-analysis. Instead, it provides a
qualitative and conceptual synthesis of methodological patterns, limi-
tations, and future directions in diversity-aware video recommender
systems.

The literature search covered six resources (ACM Digital Library,
IEEE Xplore, Scopus, Web of Science, Google Scholar, and arXiv) for
studies published between 2020 and early 2026. Older studies were
included only when they introduced foundational concepts directly
relevant to diversification or reranking. Reference lists of influential
surveys and highly cited studies were also screened to identify addi-
tional work.

The search strategy combined three keyword groups using Boolean
operators: recommendation domain terms (video recommendation,
video recommender system, micro-video recommendation, short-video
recommendation, and multimodal recommendation); diversity-related
terms (diversity, novelty, serendipity, popularity bias, fairness, expo-
sure fairness, echo chamber, filter bubble, and viewpoint diversity); and
methodological terms (reranking, learning to rank, debiasing, graph
neural network, embedding, multimodal fusion, transformer, diffusion
model, generative recommendation, and large language model rerank-
ing). Search strings were adapted to each database while preserving
these core concepts.

The final database search was conducted between 10 January 2026
and 25 January 2026. Duplicate records and clearly irrelevant records
were removed before title-abstract screening through a combination of
reference-manager duplicate detection, DOI/title matching, and manual
verification. Two reviewers independently screened the records and
coded the eligible studies; disagreements were resolved through dis-
cussion until consensus was reached. Complete database-specific search
strings are provided in the supplementary material to support
reproducibility.

Studies were included if they focused on video, short-video, or micro-
video recommendation; evaluated a general recommendation method in
a video-like or multimodal setting; or made a substantive contribution to
diversity, fairness, bias mitigation, reranking, or exposure control.
Studies were excluded if they addressed only advertising optimization,
general information retrieval without recommendation, non-
recommender video analysis, or purely accuracy-oriented recommen-
dation with no link to diversity, fairness, bias, novelty, or exposure. Non-
scholarly sources were used only for background context.

e Recommendation context: short-form video, long-form video,
micro-video, multimodal recommendation, or general
recommender-system context with clear relevance to video
recommendation.

Model family: classical reranking, debiasing/familiarity-bias miti-
gation, LLM-based reranking, deep or generative models, graph-
based approaches, or multimodal recommendation.

Diversity construct: the specific form of diversity, fairness, novelty,
bias mitigation, exposure control, or echo-chamber reduction
addressed by the study.

Evaluation basis: datasets, modalities, metrics, baselines, and
whether temporal dynamics or real-world platform characteristics
were considered.
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Table 1
Literature sources.

Stage Count

Records identified through database searching (ACM, IEEE, Scopus, WoS, 572
Google Scholar, arXiv)

Records removed before screening (duplicates, non-scholarly records, and 352
clearly irrelevant records)

Records screened (title/abstract) 220

Records excluded at title/abstract screening (not recent or not aligned with 119
the diversity perspective)

Full-text articles assessed for eligibility 101
Studies included in the qualitative synthesis 101
Table 2

Literature sources according to their categories.

Model family Primary focus Num  Reference IDs

Post processing diversity 10
constraints (e.g., maximal
marginal relevance style)

Classical reranking
approaches

(Carraro & Bridge,
2024; Karo et al.,
2024; Kelly &
Bridge, 2006)

Learning to Bias correction at scoring/ 16 (Jin et al., 2025; Liu,
alleviate ranking stage; Diversity- 2023; Ren et al.,
familiarity bias aware recommendation; 2026; Yang & Geng,
(LAFB) / Exploration vs 2026)
debiasing Exploitation; Debiasing

techniques; Contrastive
Learning

LLM based Prompted list refinement / 12 (Carraro & Bridge,

reranking controllable constraints 2024; Ding, 2025;

Liu et al., 2026;
Martina et al., 2025)

Deep learning and Representation learning; 12 (Gu et al., 2026;
generative diffusion/generative Yang & Zhao, 2023;
models diversity Yang et al., 2025;

Zhao et al., 2023)

Graph and graph Echo chamber / 15 (Liu et al., 2025; Niu
network-based polarization analysis and et al., 2025; Rawka
approaches mitigation & Jadeja, 2022;

Tran et al., 2025)

Multimodal video Joint use of text/image/ 14 (Li et al., 2024; Liu
recommender audio/video signals et al., 2024; Ma,
systems 2025; Ni et al.,

2023; Wang et al.,
2024; Yang & Zhao,
2023; Yang et al.,
2025)

e Ethical and societal considerations: whether the study explicitly
discussed fairness, transparency, privacy, safety, creator exposure,
misinformation, or broader social impact.

Titles and abstracts were screened first, followed by full-text review
of the remaining records. Each study was coded using the categories
listed above. If a study contributed to multiple areas, it was assigned to
its primary category, while secondary contributions were noted for
synthesis.

Quality and relevance were assessed according to four criteria:
clarity of the research objective, relevance to diversity-related con-
structs, adequacy of datasets and evaluation metrics, and explicit dis-
cussion of limitations or ethical considerations. Because the review
synthesizes heterogeneous conceptual and technical studies, no single
risk-of-bias score was calculated; methodological strengths and limita-
tions were evaluated qualitatively.

The synthesis was thematic. Studies were grouped into six model
families: classical reranking, familiarity-bias mitigation and debiasing,
LLM-based reranking, deep learning and generative models, graph- and
network-based approaches, and multimodal video recommender sys-
tems. They were then compared across diversity modeling, data repre-
sentation, evaluation methodology, and ethical or societal framing. The
recurring limitations informed the literature gaps in Section 5 and the
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future research agenda in Section 6.

Table 1 summarizes the screening flow. In total, 572 records were
identified through database searching across ACM Digital Library, IEEE
Xplore, Scopus, Web of Science, Google Scholar, and arXiv. Before
title-abstract screening, 352 records were removed because they were
duplicates, non-scholarly sources, or clearly irrelevant to the review
scope. The remaining 220 records were screened by title and abstract. At
this stage, 119 records were excluded because they were not recent, not
aligned with the diversity perspective, outside the recommender-system
scope, or insufficiently connected to video, multimodal, or platform
recommendation settings. The remaining 101 full-text articles were
assessed for eligibility, and all 101 studies were included in the quali-
tative synthesis.

Table 2 provides representative examples for each category. The
categories are not mutually exclusive, and a single study may contribute
to more than one model family, such as multimodal deep learning or
LLM-based and classical reranking.

3. Comparative framework for diversity dimensions in video
recommender systems

Diversity in video recommendation is a multidimensional construct
rather than a single list-level property. It concerns not only whether
recommended videos differ from one another, but also whether
recommendation systems distribute attention across content types,
creators, viewpoints, popularity levels, semantic regions, and time. This
section therefore defines the main diversity dimensions used in the re-
view and positions them within a unified evaluation framework.

3.1. Operational dimensions

For user set U, video catalog V, and recommendation list R,
generated for user u, diversity can be operationalized through comple-
mentary dimensions. Intra-list diversity measures dissimilarity among
items in the same list; novelty captures the extent to which recom-
mended items are unfamiliar or less popular; serendipity combines un-
expectedness with relevance; calibration evaluates whether the
recommendation list reflects the user’s historical preference distribu-
tion; provider fairness concerns the distribution of exposure across
creators; exposure fairness examines quality disparities across user
groups; viewpoint diversity measures the breadth of stances or per-
spectives; and temporal diversity captures how recommendations evolve
across sessions.

These dimensions are related but not interchangeable. Traditional
diversity and ILD (Intra-List Diversity) focus on item dissimilarity;
novelty focuses on user unfamiliarity; serendipity requires both unex-
pectedness and usefulness; fairness-oriented dimensions concern the
allocation of exposure; and viewpoint and temporal diversity address
broader informational and longitudinal effects. Multidimensional di-
versity integrates these perspectives into a common framework for
evaluating whether a video recommender system is relevant, varied,
fair, and sustainable over time.

Intra-list diversity measures the average dissimilarity among videos
in a recommendation list. Higher values indicate broader content
spread, but the result depends strongly on the underlying similarity
measure and item representation.
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In video recommendation, ILD is useful for detecting repetitive lists,
but it does not guarantee meaningful semantic, viewpoint, or provider-
level diversity.

Novelty captures the degree to which recommended videos are un-
familiar to the user or less dominant in the system. Popularity-based
novelty is simple to compute, but it is only an approximation of
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genuine user-level unfamiliarity.

Novelty(L,) = <|£—u|) Z

i€ Ly

— log,P(i)

where P(i) is the marginal popularity of item i, typically estimated as the
proportion of interactions received by i relative to all item interactions.
Higher novelty values indicate that the recommendation list contains
less popular and potentially less familiar items. Popularity-based nov-
elty is computationally lightweight and widely used, though it is an
imperfect substitute for genuine user-level unfamiliarity.

Serendipity refers to recommendations that are both unexpected
and relevant. It is valuable for discovery-oriented experiences, but its
evaluation often requires user feedback or reliable proxies for
unexpectedness.

Seren(i, u) = Rel(i, u)- 1 [sim (¢, (i) $(Hy)) < 7]
where ¢(H,) is the centroid of the user's historical interaction embed-
dings and 7 is a dissimilarity threshold. The binary indicator ensures that
only items sufficiently distant from past behavior are counted, while the
relevance term Rel(i, u) filters out items that are merely random.
Calibration (Cal) evaluates whether the distribution of recom-
mended categories is proportionally aligned with the user's observed
preferences. It prevents diversity-oriented ranking from drifting too far
from user interests.

Cal(L,) = 1 — KL (p, || qr)

where p, is the empirical category distribution derived from the user's
interaction history H, and ¢, is the category distribution of L,. Cali-
bration is especially important when ILD is optimized aggressively, a
highly diverse list may inadvertently overrepresent categories the user
rarely engages with, reducing perceived quality.

Provider fairness (PF) concerns the distribution of exposure across
content creators or providers. It is particularly important on video
platforms where recommendation visibility directly affects creator reach
and platform-level inequality.

PF =1 -Gini ({e},,)

where e, = 3" cu> i, 1 | [i € .7, is the total exposure accumulated by
provider p. A Gini coefficient near zero indicates near-equal exposure
distribution; values approaching one signal that exposure is concen-
trated among a small number of dominant providers.

Exposure fairness evaluates whether different user groups receive
recommendation lists of comparable quality. Its use requires careful
attention to privacy, group definitions, and the ethical handling of
sensitive attributes.

NDCG(Lg,) — NDCG(Lg,) <€, VG,,G, C %

The threshold e defines acceptable disparity. Exposure fairness is
closely related to broader algorithmic fairness literature, but its appli-
cation to recommendation introduces unique challenges, particularly
around the availability and appropriateness of protected attribute data.

Viewpoint diversity measures the range of stances or perspectives
represented in a recommendation list. It is central to reducing filter
bubbles and echo chambers in informational or opinion-driven video
domains.

=H ({Vi}ieLu)

where v; € V is the viewpoint or stance label of item i and H(.) denotes
Shannon entropy. Low viewpoint diversity is associated with filter
bubble and echo chamber formation, phenomena of significant concern
in the context of algorithmic content curation.

Temporal diversity captures whether recommendations change

VD(Ly)
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Table 3

Comparative overview of diversity dimensions in video recommender systems.
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Dimension Primary Metrics Representative Datasets Relevant Model Families Key Limitations
Intra-List ILD, a\a-NDCG, ERR-IA MovieLens-20 M, YouTube-8 MMR, DPP, GNN-RS Embedding-sensitive; coarse genre taxonomy may be
Diversity M, KuaiRec insufficient for video
Novelty MSI, Long-tail rate, EPC Netflix Prize, ML-1 M, MIND Popularity-debiased MF, May reduce short-term satisfaction; amplifies cold-
Causal RS start for niche content
Serendipity EILD, Unexpectedness@K MovieTweetings, TikTok Contextual Bandits, VAE-CF, Subjective ground truth; human annotation required
dataset RL-RS at scale
Calibration KL-Calibration, JS Divergence MovieLens-20 M, Amazon Post-hoc re-ranking, Requires predefined taxonomy; sensitive to interaction
Video Constrained MF sparsity
Provider Gini of exposure, NDCE KuaiRec, Amazon Product Fairness-constrained ranking, Conflicts with relevance; provider identity often
Fairness ILP re-ranking unavailable in public data
Exposure A\ANDCG, Demographic Parity ML-1 M (w/ demographics), Adversarial debiasing, Protected attributes raise privacy concerns; group
Fairness Last.fm Counterfactual RS definitions are context-dependent
Viewpoint Fragmentation index, RBS, Echo AllSides, PolitiFact-Video Knowledge-graph RS, Stance- Viewpoint labeling requires domain expertise; mixed-
Diversity Chamber Score aware NLP-RS stance content is difficult to classify
Temporal LTC, Inter-session Jaccard, Repeat ~ KuaiRand, Netflix Prize SASRec, BERT4Rec, RL-RS Session boundary definitions vary; high turnover can
Diversity Rate (temporal) undermine personalization stability

meaningfully across sessions. It complements list-level measures by
evaluating whether users are exposed to a broader range of videos over
time.
Lt N Lt+l
TD(L,, L) =1 -+
w ~u Z @] LZ+1
This Jaccard-based formulation captures ‘session-level’ list turnover.
Complementary measures can track coverage across a broader temporal
window, evaluating how much of the catalog a user is exposed to over an
extended period.

3.2. Comparative framework

Table 3 consolidates these dimensions into a compact comparative
framework. It links each dimension to common metrics, representative
datasets, relevant model families, and practical limitations, thereby
supporting consistent comparison across studies.

3.3. Relationships and trade-offs among dimensions

The dimensions are mutually dependent and often involve trade-offs.
Increasing ILD may reduce calibration; promoting novelty can conflict
with short-term relevance; provider fairness may require exposure
constraints that alter ranking utility; viewpoint diversity can affect
engagement; and temporal diversity must balance exploration with
recommendation stability. These tensions indicate that diversity-aware
recommendation should be treated as a multi-objective design prob-
lem rather than a single-metric optimization task.

These relationships can be jointly formalized as a constrained multi-
objective optimization problem:

mltlleRel(n, (W u) s.t. ILD(z(u)) > &, EFOACal(n(u)) < 85, PF(r) > &

ue#

where 7 is the recommendation policy and the threshold parameters
define acceptable levels of diversity, fairness, and calibration. Because
these thresholds depend on platform goals, user expectations, and so-
cietal context, no universal optimum exists.

Classical Reranking Approaches

Learning to Alleviate
Familiarity Bias (LAFB)

LLM-Based Reranking

o MMR, redundancy reduction

o Accuracy-diversity trade-off « Debiasing

o Exposure balance

o Familiarity correction

» Prompt constraints
« Semantic list refinement
e Controllable diversity

!

Multidimensional Diversity:

* Relevance
¢ Novelty
* Fairness
e Coverage

o Temporal Adaptation

g

™~

Graph-and Network-Based Approaches

Deep Learning & Generative Models

Multimodal Video Recommender Systems

 Embeddings
e Transformers
e Diffusion

e User-item graph
» Homophily
o Echo chamber mitigation

 Latent interests

« Text, Image
¢ Audio, Video Fusion

Fig. 1. Overview of current video recommendation models contributing to multidimensional diversity.
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These trade-offs connect the framework to recurring challenges in
recommender systems, including the accuracy-diversity trade-off,
popularity bias, cold start, feedback loops, and echo chambers (Deldjoo
& Di Noia, 2025; Hassani Saissi et al., 2025; Klimashevskaia et al., 2024;
Ma et al.,, 2024; Yuan & Hernandez, 2023; Zhao et al., 2023). The
framework therefore provides a structured basis for linking technical
diversity metrics with broader platform-level concerns.

3.4. Limitations of the framework

The framework has three main limitations. First, most metrics are
list-level, whereas users experience diversity longitudinally across
repeated sessions. Second, many measures are sensitive to the embed-
ding function or metadata used to represent videos, which limits
comparability across studies. Third, several dimensions require provider
identities, viewpoint labels, or group attributes that are rarely available
in public datasets. These limitations show that the framework should be
understood as an organizing structure rather than a complete mea-
surement solution.

4. Current video recommendation models contributing to
diversity

Current diversity-oriented video recommendation approaches can be
grouped into six main categories: classical reranking, familiarity-bias
mitigation, LLM-based reranking, deep and generative models, graph-
based approaches, and multimodal systems. Fig. 1 presents this cate-
gorization in detail.

4.1. Classical reranking approaches

Reranking introduces diversity after a base recommender has
generated candidate items (Carraro & Bridge, 2024). It reorders the list
to reduce redundancy while preserving relevance, making it a practical
post-processing strategy for existing collaborative filtering or deep
learning pipelines. Maximal Marginal Relevance (MMR) is a widely used
reranking method that balances relevance with dissimilarity to already
selected items. By penalizing redundancy, it produces recommendation
lists that remain relevant but less repetitive, as shown in the equation:

MMR(v) = . Rel(v) — (1 — 4). maxyycsSim(v, V)

Here, Rel(v) denotes the relevance of an item to the user, Sim(v, V)
represents the similarity between recommended items, S denotes the
current recommendation set, and A € [0,1] is a parameter that controls
the accuracy-diversity trade-off. Specifically, A — 1 prioritizes accuracy,
whereas A — 0 prioritizes diversity. Beyond MMR, reranking methods
reduce redundancy, balance exposure, and improve complementarity
after relevance-based candidate generation. These methods are espe-
cially useful in short-video platforms, where similar and popular content
can dominate top-ranked results (Li et al., 2024; Ren et al., 2026; Wang
etal., 2024; Yang & Geng, 2026). Recent work further extends reranking
through contextual distillation, conversational refinement, and
coverage-oriented ranking for ambiguous queries (Liang et al., 2025; Li
et al., 2024; Martina et al., 2025). Similar redundancy-reduction prin-
ciples are also used in text summarization, showing the robustness of
MMR-style diversification (Karo et al., 2024).

4.2. Learning to alleviate familiarity bias (LAFB)

Familiarity bias occurs when users are repeatedly exposed to already
known content, reducing the visibility of novel or less popular items
(Liu, 2023). Learning to Alleviate Familiarity Bias (LAFB) addresses this
problem through a lightweight, model-agnostic correction mechanism
applied at the post-ranking stage (Liao et al., 2022). The base recom-
mender first produces a relevance score s(u, v). A familiarity vector f(u,
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v), derived from historical interactions such as exposure frequency,
subscriptions, watch time, and recency, then estimates how familiar the
user is with the item.

This vector is transformed into a personalized debiasing factor
through a learned function, expressed as:

d(u,v)= g(f(u,v)

Here, g(-) produces an item-specific correction coefficient that sup-
presses overly familiar content while preserving the visibility of less
familiar or novel items. The correction factor is then combined with the
base score to generate a calibrated final ranking. Its main advantage is
that it improves diversity without changing the recommender archi-
tecture. By operating on output scores, LAFB maintains personalization
while reducing repetitive content and increasing exposure to new or less
visible creators.

Recent studies frame familiarity and popularity bias as ranking-stage
problems shaped by repeated exposure, feedback imbalance, and biased
sampling (Chen et al., 2023). Score calibration and post-ranking
correction therefore offer practical tools for reducing overexposure
while maintaining recommendation quality. Debiasing is also linked to
exploration, fairness-aware recommendation, selection-bias mitigation,
and contrastive learning, all of which support broader discovery and
more equitable exposure (Dong et al., 2024; Li et al., 2025; Lin et al.,
2024; Liu et al., 2024; Shang et al., 2024; Shi et al., 2023; Wu et al.,
2024; Yang et al., 2023; Yang et al., 2025; Zhang et al., 2025).

4.3. LLM-Based reranking

LLM-based reranking improves recommendation lists through
natural-language prompts rather than manually designed rules (Liu
et al., 2026). Candidate items can be reordered according to objectives
such as reducing repetition, increasing coverage, or avoiding similar
consecutive items (Gao et al., 2025; Jin et al., 2025; Ren et al., 2025;
Sharifymoghaddam et al., 2025). This approach is relevant for video
recommendation because textual and multimodal descriptions can help
LLMs distinguish items semantically (Ni et al., 2023). However, it also
faces limitations related to computational cost, calibration, noisy inputs,
and possible recency bias (Dehghankar & Asudeh, 2025; Fang et al.,
2025; Xiong et al., 2025).

Unlike classical reranking, LLM-based reranking treats ranking as a
language-based reasoning task. The candidate list and prompt are pro-
vided to the model, which generates a revised ranking that considers
relevance and diversity (Ding, 2025). Video embeddings can further
enrich this process by adding semantic content information (Zhao et al.,
2023). Formally, a conventional recommender first generates a candi-
date set, which is converted into a textual representation and passed to
the LLM with diversity constraints, as shown in the equations below.
Here, C denotes the candidate item set, and Il represents the
LLM-generated ranking:

I = LLM(C, Prompt)

Q

I arg max (Relevance + 1 - Diversity)

The formulation indicates that LLM-based ranking does not explicitly
optimize a well-defined objective function; rather, it implicitly approx-
imates this objective through diversity constraints expressed in natural
language within the prompt. The key distinction is that diversity is
encoded through prompt instructions rather than explicit similarity
penalties. This makes LLM-based reranking flexible and interpretable,
but less directly optimized for ranking than methods such as MMR or
greedy reranking.

4.4. Deep learning and generative models

Deep learning and generative models support diversity by learning
complex user-item patterns in high-dimensional representation spaces
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(Chaudhari et al., 2024). They can model multiple latent interests,
temporal dynamics, and multimodal signals more effectively than
traditional methods. Their main contribution is richer representation
learning: user, item, and contextual embeddings capture broader pref-
erence patterns, which is especially valuable for video recommendation
with behavioral, semantic, and multimodal signals (Martins et al., 2020;
Wang & Zhao, 2022; Wu et al., 2022). Generative and diffusion-based
models further broaden recommendation by modeling multiple
possible user interests rather than a single deterministic outcome,
improving coverage and reducing repetition while preserving relevance
(Gu et al., 2026; Li et al., 2024; Liu, 2025; Liu & Zhang, 2025; Treuillier
et al., 2026).

In Neural Collaborative Filtering, user and video embeddings are
combined through a neural network to estimate a prediction score. This
allows the model to capture nonlinear interaction patterns and multiple
latent interests, indirectly supporting diversity. Transformer-based
sequential models represent user behavior as a time series and use
self-attention to capture dependencies across past interactions. This
supports both short- and long-term interest modeling.

As a result, recommendations can reflect evolving interests rather
than repeatedly reinforcing a single preference profile. Diffusion-based
models such as DimeRec reconstruct meaningful representations from
noise and can generate multiple plausible recommendation outcomes (Li
et al., 2024). The forward noising process is shown as:

X =/a Xo+ 1 —a,

e ~ N(O, I

Here, xo is the original data sample, x: is the noisy state, and ¢ is
Gaussian noise. By learning the reverse denoising process, diffusion
models represent user preferences as a distribution over possible content
directions, which naturally supports diversity. Overall, Neural Collab-
orative Filtering (NCF), transformer-based models, and diffusion models
contribute to diversity by learning nonlinear interactions, temporal
preference shifts, and distributed preference representations.

4.5. Graph- and network-based approaches

Graph-based approaches model users, content, and interactions as
networks G=(V,E). Nodes (V) represent users or items, while edges (E)
capture interactions such as comments, replies, or co-engagement.
Community detection and graph neural networks help identify echo
chambers, polarization, and concentrated exposure patterns in video
recommendation environments (Gao et al., 2023; Rawka & Jadeja,
2022).

These methods reveal community structures, repeated exposure, and
restricted information flow (Avalle et al., 2024; Khanam et al., 2023;
Maghsoudi et al., 2025). They are especially relevant for short-video
platforms, where algorithms may reinforce homogeneous viewing
behavior (Du et al., 2025; Gao et al., 2023). Graph-based mitigation
strategies include heterogeneous graph modeling, graph contrastive
learning, multi-view representation learning, graph reconstruction, V
and sequential graph modeling (Amara et al., 2025; Han et al., 2022; He
et al., 2023; Kim et al., 2024; Li et al., 2024; Liu et al., 2022; Liu et al.,
2025).

Two common metrics are homophily and selective exposure.
Homophily captures the tendency of similar users to connect or interact,
as expressed:

P(connection|similar attribute)>P(connection|different attribute)

When this condition holds, strong homophily indicates a higher
likelihood of echo chamber formation. Selective exposure measures
repeated exposure to content aligned with a user’s existing views.
Together, these metrics quantify community homogeneity and network-
level polarization, making graph-based analysis useful for evaluating
and mitigating echo chambers.
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Graph-based video recommendation systems represent users, videos,
creators, tags, comments, and co-engagement patterns as heterogeneous
networks. After interaction and similarity signals are integrated into the
graph, graph neural networks and message-passing methods learn low-
dimensional node embeddings that preserve both structural and
contextual information. These embeddings are then used to generate
Top-K recommendations that balance relevance with diversity, expo-
sure, and fairness constraints.

4.6. Multimodal video recommender systems

Multimodal video recommender systems move beyond user—item
interactions by incorporating text, images, audio, and raw video. These
signals provide richer content representations and help systems under-
stand what a video is about, not only how popular it is.

Text captures explicit topics, visual frames provide scene and style
information, audio captures speech or music, and video streams capture
temporal content dynamics (Liu et al., 2024; Liu et al., 2024; Lubos
et al., 2023; Malitesta et al., 2025; Mu & Wu, 2023). Multimodal
fusion combines these signals into shared representations, improving
personalization, robustness, and context-aware diversity (Lei et al.,
2023; Pomo et al., 2025; Ye et al., 2025).

MicroLens is a representative large-scale dataset for this paradigm,
containing approximately 9 million interactions, 1 million users, and
91,000 micro-videos, with title, thumbnail, audio, and raw video in-
formation (Ni et al., 2023). It enables models to learn from content-level
signals rather than relying only on IDs or pre-extracted features.

Beyond accuracy and diversity, multimodal systems also raise trust
and privacy considerations. Recent work therefore links multimodal
recommendation with safer, more transparent, and ethically aligned
system design (Wang et al., 2024).

5. Gaps in the literature

Despite progress in reranking, deep learning, graph-based, and
multimodal approaches, video recommender systems still face impor-
tant gaps in how diversity is measured, modeled, and aligned with
ethical concerns. These gaps concern three main areas: diversity metrics,
datasets, and ethical integration. Fig. 3 summarizes their relationship
with future research directions.

Insufficiency of Diversity Metrics: Most studies measure diversity
through simple list-level or category-based metrics. These measures are
useful but insufficient for capturing producer, viewpoint, semantic, and
temporal diversity. A more expressive approach is to model diversity
continuously in the embedding space by computing the average pairwise
distance between recommended items, as shown in the equation below:

. . 1
dlver51ty(8> =NN-1) ;d (v.vy)

This treats diversity as a continuous property of the representation
space rather than as a discrete category count. However, this formula-
tion should be interpreted cautiously: large embedding distances do not
necessarily imply meaningful topical, viewpoint-level, or fairness-
related diversity.

Lack of Geometric Diversity Modeling: Embedding-based geo-
metric approaches remain underused, even though modern recom-
mender systems rely heavily on learned user, item, and multimodal
representations. The spatial distribution of recommended items there-
fore provides a natural way to evaluate diversity. Without geometric
analysis, recommendation lists may appear diverse by category while
remaining concentrated in a narrow semantic region. Diversity should
therefore be evaluated both at the list level and within the embedding
space.

Data Limitations: Many studies still rely on movie-centric datasets
such as MovieLens and Netflix, which do not reflect the multimodal,
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Table 4
Future research directions.
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Research Directions Core Approach

Formalization / Metric

Key Idea

Geometric Diversity Embedding space analysis of video

Modeling representations
Multi-Objective Balance between accuracy, diversity, and
Optimization fairness fairness, and novelty
Long-Term User Reinforcement learning and MDP-based
Satisfaction sequential recommendation
Multimodal Diversity Joint modeling of text, visual, audio, video,
Modeling and interaction signals fusion
Human-Centered Human-in-the-loop and user-controllable
Design recommendation systems accuracy—diversity trade-off

Pairwise distance, cluster entropy, manifold
structure, and optimal transport

Weighted objective over accuracy, diversity,
Discounted long-term utility objective

Modality-specific embeddings and cross-modal

User-adjustable control parameter « for the

Diversity as spatial dispersion in representation space

Balances competing recommendation objectives rather
than optimizing accuracy alone

Optimizes sustained user benefit rather than short-term
clicks or watch time

Captures diversity across content modalities rather than
relying only on user-item interactions

Allows users to actively tune recommendation behavior
and exploration level

fast-changing, and highly interactive nature of short-video platforms
such as TikTok, YouTube Shorts, and Douyin. Future datasets should
better capture text, visual, audio, video, temporal, and interaction sig-
nals. Without such datasets, proposed methods remain difficult to vali-
date in realistic recommendation settings.

Ethical and Societal Issues: Ethical and societal concerns remain
weakly integrated into engineering-oriented recommendation frame-
works. Key issues include bias, over promotion of popular content, echo
chambers, misinformation, privacy, and transparency. Thus, diversity
should be treated not only as an optimization goal but also as part of a
broader framework for fairness, safety, transparency, and privacy.

6. Future research directions

Accordingly, next-generation recommender systems should optimize
multiple objectives simultaneously, including accuracy, diversity, fair-
ness, and novelty, while also supporting user control and promoting the
long-term health of the information ecosystem. This shift calls for
recommendation frameworks that are multidimensional, geometry-
aware, temporally adaptive, and human-centered.

Taken together, these research directions indicate a shift from
recommendation systems that primarily answer, “What should the user
watch?” toward multi-objective systems that also address “What infor-
mation distribution is most beneficial for users and society?” Achieving
this goal requires redefining recommendation as more than a user—item
matching problem. Future systems should jointly optimize the geometric
distribution of recommendations in embedding spaces, long-term user
satisfaction, and interactive decision-making that aligns with user
preferences while promoting a healthier and more balanced information
ecosystem.

Table 4 summarizes these future research directions by presenting
each direction, its core approach, its main formalization or metric, and
its key conceptual contribution.

6.1. Geometric modeling of diversity

Future studies should move beyond categorical notions of diversity
and investigate the geometry of recommendation spaces. Building on the
average pairwise-distance formulation introduced in Section 5, geo-
metric diversity can be further extended through cluster entropy,
manifold coverage, and optimal transport. Instead, it explains how
geometric analysis can be extended through complementary measures
such as cluster entropy, manifold coverage, and optimal transport.

Here, the item embedding vectors are compared using a distance
metric such as cosine or Euclidean distance. When item embeddings are
normalized, cosine distance is commonly used to measure dissimilarity,
whereas Euclidean distance is sensitive to embedding scale and there-
fore typically requires normalization or metric learning. However,
average pairwise distance captures only one aspect of diversity. Future
research should therefore consider richer geometric measures, including
cluster entropy, manifold structure, and optimal transport.

Cluster entropy can measure how evenly recommended videos are

distributed across semantic clusters. Low entropy would indicate that
recommendations are concentrated in a small number of clusters,
whereas high entropy would suggest broader semantic coverage.

Manifold-based diversity can evaluate whether recommendations
cover multiple regions of a latent semantic manifold rather than
remaining confined to a narrow area of user interest.

Optimal transport-based diversity can compare the recommendation
distribution with a desired target distribution and quantify the cost of
transforming one distribution into the other. This may help identify
whether the recommendation list is overly concentrated in particular
semantic or popularity regions.

Therefore, geometric modeling enables diversity to be understood
not only as the presence of different categories but also as balanced
coverage of the representation space. This perspective can support more
robust evaluation and optimization of recommendation lists. Diversity-
aware recommendation should also be formulated as a multi-objective
optimization problem:

mlef/ = MRace + 22Raiv + A3Rgair + AaRnover

where Rg: accuracy (relevance / Click-Through Rate (CTR)); Rg: di-
versity; Rg,;: fairness (e.g., content creator equity) and Rpoye: novelty /
exploration rate.

Potential future research directions include generating Pareto-
optimal recommendation lists, developing dynamic weighting schemes
that adapt objectives according to user and temporal context, designing
gradient-based multi-objective learning-to-rank models, and integrating
LLM-based reranking into multi-objective optimization frameworks.
Combining methods such as LAFB, diffusion models, and LLM-based
reranking within this formulation may lead to more balanced and
robust recommendation systems.

6.2. Long-Term user satisfaction

Most existing recommender systems are optimized for short-term
signals such as clicks and watch time. However, this optimization
paradigm can reinforce echo chambers, filter bubbles, and excessive
specialization. Future recommender systems should therefore prioritize
long-term user knowledge development rather than immediate
engagement alone. This problem can be formulated as a time-dependent
optimization objective, as shown below:

T

max > Ul w)

t=0

where v is the temporal discount factor, T is the time set, and U is the
long-term user utility function .

Future research directions include modeling user behavior as a
Markov decision process (MDP), applying reinforcement learning-based
recommender systems, defining information diversity gain as an explicit
reward signal, incorporating echo chamber mitigation directly into
reinforcement learning reward functions, and optimizing the user
learning curve as a long-term objective.
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This perspective shifts recommender systems from click-
optimization mechanisms toward information-ecosystem optimization
systems.

6.3. Human-centered design

Future recommender systems should not rely solely on algorithmic
optimization. Instead, human-in-the-loop and user-in-the-loop archi-
tectures that provide explicit user control will become increasingly
important. In this context, the recommendation policy can be parame-
terized as shown below:

7" = arg max (a-Rgec + (1 — @)-Rayy)

Here, a represents a user-controllable parameter that enables direct
adjustment of the trade-off between accuracy and diversity. Like rein-
forcement learning paradigms, user feedback can continuously refine
recommendation quality, diversity, and balance.

Potential research directions include diversity sliders, user-
adjustable exploration modes, explainable recommendation interfaces,
active learning from user feedback, and personalized diversity policies.
These approaches would allow users not only to receive recommenda-
tions but also to shape the recommendation process itself.

7. Contributions of the study

This study provides a systematic review of diversity in video
recommender systems from a unified and multidisciplinary perspective.
Its main contributions can be summarized as follows:

First, the study conceptualizes diversity in video recommender sys-
tems as a multidimensional construct that includes content, producer,
viewpoint, semantic, temporal, and popularity-related dimensions. This
provides a broader framework than traditional list-level or category-
based diversity measures.

Second, it synthesizes recent research on classical reranking,
debiasing methods, LLM-based reranking, deep learning, generative
models, graph-based approaches, and multimodal systems, highlighting
how each contributes to diversity from a different methodological angle.

Third, the review identifies key gaps in existing studies, particularly
the lack of geometric diversity modeling, limitations of available data-
sets, and insufficient integration of ethical and societal issues.

Based on these gaps, it proposes future research directions centered
on geometric diversity, multi-objective optimization, long-term user
satisfaction, and human-centered recommender-system design.

8. Discussion

Diversity in video recommendation is multi-dimensional rather than
monolithic. The comparative framework introduced in this work clar-
ifies eight operationally distinct dimensions—Intra-List Diversity, Nov-
elty, Serendipity, Calibration, Provider Fairness, Exposure Fairness,
Viewpoint Diversity, and Temporal Diversity, and situates each within a
coherent analytical structure. By supplying formal definitions, primary
metrics, representative datasets, suitable model families, and explicit
limitations, the framework moves beyond the terminological conflation
that has long characterised the literature.

Several practical insights follow. First, optimising a single dimension
in isolation is rarely sufficient and often counterproductive. Aggressive
maximisation of Intra-List Diversity, for example, can distort category
proportions and thereby degrade Calibration; popularity-driven Novelty
improvements tend to concentrate exposure among dominant providers,
harming Provider Fairness. These tensions are not merely empirical
observations but structural trade-offs that can be expressed as a con-
strained multi-objective problem. The appropriate balance among ob-
jectives is inherently platform-specific and must be negotiated according
to the system’s goals and values rather than treated as a universal
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optimisation target.

Second, metric choice remains highly sensitive to representation.
Nearly all quantitative measures depend on the underlying item
embedding function ¢. Changes in video representation can alter re-
ported diversity scores without any corresponding change in user
experience, rendering cross-study comparisons unreliable unless
embedding details are carefully controlled and reported.

Third, evaluation remains incomplete. Most available metrics oper-
ate at the list level, yet users experience diversity longitudinally across
sessions and over time. Temporal Diversity partially addresses this gap,
but richer longitudinal measures are still needed. Likewise, dimensions
such as Viewpoint Diversity and Provider Fairness require structured
metadata (stance labels, provider identities) that are scarce in public
benchmarks, creating a systematic mismatch between societally
important criteria and those that can be readily evaluated.

From a methodological perspective, the reviewed approaches differ
in their practical strengths and limitations. Reranking methods are
practical and model-agnostic but can be limited by shallow similarity
metrics; debiasing methods directly address popularity and familiarity
bias but may affect relevance; graph-based approaches better capture
exposure and echo-chamber structure but require richer interaction
data; multimodal methods improve semantic diversity but increase
computational and privacy costs; and LLM-based reranking improves
controllability but remains expensive and less directly optimized.

As summary, these observations underscore that diversity-aware
recommendation is not a purely algorithmic problem. It is a design
problem that requires explicit prioritisation among competing objec-
tives, careful attention to representation choices, and evaluation pro-
tocols that capture both immediate list properties and longer-term
exposure patterns. The framework presented here is intended as a
practical reference that enables more deliberate, reproducible, and
balanced system design.

Recent studies in broader machine intelligence further illustrate the
relevance of architecture optimization, federated learning, multimodal
perception, and resource-constrained deployment for designing scalable
intelligent systems (Agarwal & Gupta, 2026; Agarwal et al., 2025;
Aggarwal et al., 2025; Arya et al., 2026; Bai et al., 2026; Bmotra et al.,
2025; Garg, 2025; Gupta et al., 2025; Khan & Singh, 2025; Khan et al.,
2025; Kumar et al., 2026; Kumar & Lehal, 2026; Kumar, 2025; Malik &
Habib, 2025; Myakala et al., 2025; Pereira et al., 2025; Ranjit et al.,
2026; Sarvakar & Rana, 2025; Singh et al., 2025; Sharma et al., 2025;
Tiwari et al., 2025; Wang & Zhao, 2026). These developments provide
methodological context for future diversity-aware recommender-system
research.

9. Conclusion

This study reviewed diversity in video recommender systems
through a multidimensional perspective that connects content, pro-
ducer, viewpoint, temporal, semantic, and popularity-related
dimensions.

Although existing approaches (reranking, deep learning, graph-
based models, and multimodal methods) have achieved significant
progress, they remain insufficient to fully capture this multidimensional
structure. The study further identifies key gaps in the literature,
including insufficient diversity metrics, lack of geometric modeling,
limited availability of realistic multimodal datasets, and inadequate
integration of ethical considerations into system design. These limita-
tions highlight the need to reconsider recommender systems not only
from a technical performance perspective but also in terms of their so-
cietal impact.

Based on the proposed future research directions, it is emphasized
that recommender systems should evolve toward multi objective opti-
mization frameworks, geometric modeling of diversity in embedding
spaces, long term user satisfaction objectives, and human centered
design paradigms. This transformation redefines recommender systems
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as a unifying lens for designing fairer, more transparent, and more
sustainable video recommender systems.
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