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Abstract

Multimodal video understanding (MVU) has emerged as a fast-growing research frontier,
driven by major advances in video-language pre-training and large multimodal models
over the past decade. MVU aims to synergistically integrate visual, audio and textual
modalities to interpret complex video semantics, supporting widespread downstream
tasks including cross-modal retrieval, dense captioning, video question answering, event
analysis and intelligent assistance. Despite the rapid proliferation of specialized MVU
models, the community still lacks a unified capability-centric framework to systematically
clarify the hierarchical competency architecture and evolutionary trajectory of state-of-the-
art approaches. To address this issue, this paper presents a structured, comprehensive
survey of the latest MVU progress, establishing a novel three-tier taxonomy that categorizes
existing studies into cross-modal alignment, multi-granularity semantic expression and
multimodal reasoning. Along this pipeline, we further systematically synthesize core
modality fusion strategies, mainstream benchmark datasets and standardized evaluation
protocols. Through a fine-grained analysis of representative published results, we highlight
the critical impact of inconsistent evaluation settings, cross-experiment comparability
bottlenecks and inherent methodological trade-offs between performance and efficiency.
Finally, we identify and dissect three key open challenges: ultra-long video scalability,
performance degradation from modality noise and missing data, and factual reliability
risks in generative MVU systems. This capability-oriented systematic reference clarifies the
methodological evolution logic of MVU, and provides actionable guidance for developing
next-generation robust, high-performance multimodal video understanding systems.

Keywords: multimodal video understanding; large multimodal models; text-video
retrieval; video captioning; video question answering

1. Introduction

The proliferation of the mobile internet and social media has led to an exponential in-
crease in short video content, which is characterized by frequent uploads, rapid editing, and
parallel information delivery across multiple channels. In this context, manual methods for
retrieving, filtering, and semantically summarizing large-scale video content are inefficient
and cannot meet the requirements of real-time and large-scale applications. Therefore, it is
essential to develop models that can automatically extract high-level semantics from videos
and support a broad range of video understanding tasks.
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Video understanding spans multiple levels, from perception to cognition. Early studies
mainly focused on fundamental tasks such as action recognition, which aims to determine
“what happened in the video” [1,2]. Subsequent research extended this line of work to
temporal boundary modeling and sequence localization, further addressing “when it
happened” and “in which segment of the video” [3]. In real-world applications, category
recognition and localization alone are often insufficient for satisfying complex information
needs. Consequently, recent research has increasingly emphasized semantic generation
and high-level reasoning, including tasks such as video captioning and video question
answering [4,5]. These directions are not mutually exclusive; rather, they have developed
in parallel within a unified framework of video representation learning and temporal
modeling. In recent years, they have also become closely integrated with large-scale
pretraining and generative modeling paradigms.

Unlike static images or plain text, videos inherently contain a temporal dimension
and are often accompanied by multiple sources of information, including speech, back-
ground music, on-screen text, bullet-screen comments, and captions. As a result, video
semantic representations strongly depend on cross-modal complementarity and alignment.
Traditional video analysis methods primarily rely on visual signals, using convolutional
backbones and temporal modeling modules to extract spatio-temporal features for clas-
sification and localization [2,3,6]. However, in short video scenarios, semantic cues are
often distributed across non-visual channels such as audio content, subtitle text, and music-
induced affective cues. Relying solely on visual information can therefore lead to systematic
gaps in understanding event motivations, dialogue content, and emotional tendencies.

1.1. Related Work

Existing studies have reviewed multimodal video understanding and related topics
from different perspectives. As summarized in Table 1, several studies focus on general
multimodal learning or video-language modeling. Xu et al. [7] reviewed multimodal
learning with Transformers, covering representative architectures, pretraining paradigms,
and task-specific applications. Nguyen et al. [8] surveyed video-language understanding
from the perspectives of model architecture, training strategies, and data construction.
Tang et al. [9] further examined video understanding with large language models, focusing
on recent Vid-LLM architectures, training strategies, datasets, and evaluation protocols.
These surveys provide valuable methodological or large-model-oriented perspectives.
However, they do not explicitly organize multimodal video understanding from a func-
tional capability perspective that spans cross-modal matching, semantic generation, and
evidence-based reasoning.

Table 1. Comparison of representative surveys related to multimodal video understanding.

Venue/ Primary .
Survey Year Mod. Scope Main Coverage
Xu et al. [7] TPAMI V+A+T Multimodal Transformers Transforr.ner-.based multimodal modeling, pretraining,
2023 and applications.
Zhu et al. [10] IMIR V4T Video-text retrieval Retrieval 'models, cross-modal matching, benchmarks,
2023 and metrics.
Zhang et al. [11] TPAMI V+T Temporal sentence grounding Language-ba.sed temporal localization and video
2023 moment retrieval.
Agrawal CSET V+T Visual question answering VQA methods, tools, datasets, and evaluation settings.
etal. [12] 2023
Abdar et al. [4] Tg OAZIZH V+A+T Video captioning Captioning models, datasets, metrics, and applications.
Nguyen ACL Findings V4T Video-language understanding Model architectures, training strategies, data construction,
etal. [8] 2024 and tasks.
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Table 1. Cont.

Survey V\e{r;::/ Mod. Is’g)lgzl’y Main Coverage
Jeshmol and JVCIR V4T Video question answering VideoQA methods, datasets, evaluation settings, and
Kovoor [5] 2024 state-of-the-art results.
Qasim et al. [13] ACM CSUR V4T Dense video captioning Feature extraction, event localization, caption generation,
2025 and protocols.
Tang et al. [9] TCSVT V+A+T Video understanding with LLMs Vid-LLM athltectures, training strategies, datasets,
2025 and evaluation.

Note: V, A, and T denote vision, audio, and text, respectively.

Other surveys focus on specific task families. For alignment-oriented tasks, Zhu et al. [10]
reviewed video-text retrieval, while Zhang et al. [11] focused on temporal sentence grounding.
For expression-oriented tasks, Abdar et al. [4] reviewed deep learning methods for video
captioning, and Qasim et al. [13] provided a dedicated survey of dense video captioning tech-
niques, datasets, and evaluation protocols. For reasoning-oriented tasks, Agrawal et al. [12]
summarized methods and datasets for visual question answering, while Jeshmol and
Kovoor [5] focused specifically on video question answering. Although these studies provide
detailed analyses of individual subfields, they typically treat retrieval, grounding, caption-
ing, and question answering as separate research directions. In contrast, this survey pro-
poses a capability-oriented framework that categorizes multimodal video understanding into
alignment, expression, and reasoning. From this unified perspective, this survey analyzes
representative tasks, models, datasets, metrics, benchmark comparability, and engineering
considerations, thereby providing a cross-task perspective that complements existing surveys.

1.2. Literature Search and Selection Strateqy

In preparing Section 3, the literature search was conducted primarily in Web of Science
and IEEE Xplore, with arXiv used as a supplementary source for recent preprints and
conference-related works. The search focused on studies published or publicly available
between 2021 and 2025. The main search terms included broad queries such as “video”
and “video understanding”, combined with multimodal or cross-modal terms such as
“multimodal”, “cross-modal”, “video-language”, and “multimodal video understanding”.
To capture task-specific studies, these terms were further combined with task keywords
including “captioning”, “retrieval”, “matching”, “question answering”, and “VideoQA”.
Several earlier works were retained when necessary to introduce classical models, datasets,
evaluation metrics, or background concepts, but they were not counted as part of the recent
core corpus.

Candidate papers were first screened by reading their titles, keywords, and abstracts,
and full texts were further checked when relevance was not immediately clear. For the core
corpus, studies were included if they focused on multimodal video understanding and
addressed at least one capability layer in the proposed framework: alignment, expression,
or reasoning. Eligible studies were required to involve video together with textual, audio,
speech-transcript, subtitle, OCR, or natural-language information, and to provide sufficient
methodological and experimental details for analysis. Among eligible studies, priority
was given to representative methods that were widely used in benchmark comparisons,
reflected major technical trends, or appeared in major journals and conferences.

Studies were excluded if they focused only on static images, pure text, pure audio,
or unimodal video recognition; if they did not address cross-modal video understanding;
if their objectives were unrelated to alignment, expression, or reasoning; if they lacked
sufficient methodological or experimental details; or if they were duplicate versions of
already included studies. Based on this process, 57 representative studies published
or publicly available between 2021 and 2025 were selected and organized in Section 3.
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Figure 1 presents a keyword co-occurrence visualization of these 57 selected studies. The
bibliographic information of the selected papers was imported into VOSviewer (version
1.6.21), and the keyword co-occurrence function was used to identify frequently associated
research topics.
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Figure 1. Keyword co-occurrence network of the selected studies on multimodal video understanding.
Nodes represent keywords, node size indicates occurrence frequency, links denote keyword co-
occurrence, and colors represent clusters of related research topics.

The keyword co-occurrence network shows that the field is organized around a strong
central cluster formed by task analysis and training, which both have high connectivity
with other terms. This indicates that current work is still largely driven by task design
and model optimization rather than by a clear separation of conceptual problems. Around
this center, video question answering, cross-modal visual reasoning, and cognition-related
terms form a closely linked group, reflecting increasing attention to reasoning-oriented
video understanding. In parallel, video captioning and video retrieval are positioned
closer to transformer-related terms, suggesting that alignment and generation tasks are
increasingly built on shared transformer-based architectures rather than developed as
independent modeling directions. The structure of the network suggests a clear research
trend toward unified transformer-based modeling. At the same time, reasoning-oriented
video understanding is becoming a main research focus, while alignment and generation
tasks are being gradually absorbed into a common modeling framework.

To further clarify the meaning of representativeness, the 57-paper core corpus was not
intended to be an exhaustive collection of all publications on multimodal video understand-
ing. Instead, it was constructed to provide structured coverage of the main capability layers,
task families, modeling paradigms, modality combinations, and evaluation protocols that
are necessary for building the taxonomy and conducting trend analysis in this survey. From
a methodological perspective, the corpus covers contrastive video-language pretraining,
CLIP-based transfer, cross-modal attention, hierarchical temporal modeling, memory-based
modeling, multimodal large language models, and evidence-aware reasoning. Table 2 sum-
marizes the structural coverage of the selected core corpus. This structured coverage
was used as an additional criterion when organizing the selected studies. Therefore, the
term “representative” in this survey refers to coverage of the major methodological and
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task-oriented dimensions of multimodal video understanding, rather than to a complete
enumeration of all relevant studies.

Table 2. Coverage of the core corpus.

Capability Covered Task Covered Modeling Typical Evaluation

Layer Families

Paradigms Focus

Video-text retrieval, video—text
matching, temporal grounding,

Contrastive video-language pretraining,
dual-encoder retrieval, CLIP-based transfer, Recall@K, median rank,

Alignment cross-modal global-local matching, hierarchical average precision, temporal
. cross-modal interaction, robust retrieval localization accuracy
correspondence learning - -
under noisy supervision
Transformer-based captioning, end-to-end
Video captioning, dense video dense captioning, hierarchical event BLEU, METEOR, ROUGE-L,
Expression captigning, video su.mrparization, organization, non—autoregr.essive geper.ation, CIDEr, .event cpverage,
emotion-aware captioning, memory-based and streaming description, = semantic consistency,
domain-specific video description knowledge- temporal coherence

enhanced generation

Video question answering,

temporal reasoning, causal
Reasoning reasoning, multi-hop reasoning,

evidence-based long-

Spatio-temporal graph reasoning,
question-guided attention, semantic
decoupling, causal intervention,
counterfactual reasoning, multimodal LLMs,
modular and tool-

Answer accuracy,
causal/temporal reasoning
consistency, evidence
localization, robustness

video understanding to shortcuts

assisted reasoning

Notably, this core corpus does not include all references cited in this survey. Earlier
foundational studies on video representation learning, multimodal fusion, and vision-
language pretraining are additionally cited to introduce background concepts and trace
historical development. Dataset papers, metric papers, and existing survey articles are also
included where necessary to support the discussion of benchmarks, evaluation protocols,
and related work. Therefore, the 57-paper corpus specifically refers to recent research stud-
ies used for method taxonomy and trend analysis, rather than the complete bibliography of
this survey.

All figures in this paper are original illustrations created by the authors, except
Figure 1, which was generated using VOSviewer based on the selected corpus and properly
attributed in its caption.

1.3. Contributions

To systematically organize research progress and technical frontiers in multimodal
video understanding, the contributions of this survey are summarized as follows:

1.  Unified classification framework: This survey proposes a progressive framework
based on key capabilities in multimodal video understanding. This framework inte-
grates existing methods into a unified analytical structure, thereby facilitating cross-
task comparison and the identification of research gaps.

2. Technological lineage synthesis: This survey systematically reviews and compares rep-
resentative approaches along the evolution of representation learning and modeling
paradigms, and summarizes their key design choices and applicable conditions.

3. Resource and evaluation consolidation: This survey aggregates mainstream datasets
and commonly used evaluation metrics for multimodal video understanding, dis-
cusses comparability issues across different evaluation settings, and establishes a
reusable reference framework.

4. Performance and trend analysis: Based on publicly available benchmark results, this
survey summarizes the performance evolution of representative models and further
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identifies major challenges and future directions in this field, including long-video
modeling, cross-modal alignment, and generative reasoning.

1.4. Structure of the Survey

The remainder of this survey is organized as follows. Section 2 introduces the back-
ground and key concepts of multimodal video understanding. Section 3 organizes these
concepts hierarchically according to the progressive structure of core capabilities in multi-
modal video understanding and summarizes representative methods for different tasks.
Section 4 presents mainstream datasets, evaluation metrics, and representative benchmark
results. Section 5 discusses the limitations of current approaches, application scenarios, and
future research directions. Section 6 concludes the survey.

2. Background
2.1. Evolution of Video Understanding

The evolution of video understanding has progressed from low-level handcrafted
features to deep spatio-temporal representation learning and, more recently, multimodal
foundation models. Early studies primarily relied on manually designed descriptors to cap-
ture motion and appearance patterns. With the development of deep learning, CNN-based
two-stream networks and 3D convolutional architectures became dominant approaches
for learning visual video representations. Subsequently, self-attention architectures, Vi-
sion Transformer variants, and video-language pretraining paradigms further shifted the
field from purely visual recognition toward scalable multimodal modeling and stronger
semantic generalization. Figure 2 illustrates this developmental trajectory.

( Phase 1: Pre-2012 W

Main Paradigm:
Hand-crafted
Spatiotemporal Features

Representative Methods: Representative Methods: Representative Methods: Representative Methods:
STIP Two-Stream Networks R(2+1)D TimeSformer
HOG/HOF C3D Non-local Networks ViViT
Dense Trajectories LRCN TSM VideoMAE
HMMs 3D SlowFast VideoCLIP
X-CLIP
InternVideo
J L J . J/

e N

Phase 2: 2012-2017 ( Phase 3: 2018-2020 W Phase 4: 2021-Now

Main Paradigm:
Deep Spatiotemporal
Representation Learning

Main Paradigm:

Efficient Spatiotemporal
Modeling and Long-range
Dependency Learning

Main Paradigm:

Video Transformers,
Multimodal Pretraining,
and Foundation Models

Timeline of Video

Understanding

! b

hand-crafted

features

efficient temporal
modeling

deep spatiotemporal
learning

video-language pretraining and
foundation models

Figure 2. Historical evolution of video understanding. The timeline summarizes representative
stages from handcrafted features to deep spatio-temporal learning, efficient temporal modeling, and
video-language foundation models, with representative methods listed for each stage.

Early video understanding primarily relied on handcrafted spatio-temporal represen-
tations and shallow sequence models. Representative methods include spatio-temporal
interest points (STIP) [14], Cuboids [15], dense trajectories [16], and hidden Markov models
for temporal dependency modeling [17]. Although these methods are computationally
efficient and interpretable, their representational capacity is limited, making them difficult
to scale to large and diverse video datasets.
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With the rise of deep learning, convolutional networks became the dominant paradigm
for visual video understanding. Karpathy et al. demonstrated large-scale video classifica-
tion using CNNs on Sports-1M [1], while two-stream networks modeled RGB appearance
and optical-flow-based motion through separate streams [2]. Later, C3D [6] and I3D [18]
further enhanced spatio-temporal modeling through 3D convolutions. These methods es-
tablished the foundation for learning visual video representations and provided important
encoders for subsequent multimodal systems.

Recent studies have increasingly adopted self-attention architectures and large-
scale pretraining to improve global dependency modeling and generalization across
datasets. Representative models include TimeSformer [19], ViViT [20], Video Swin [21], and
VideoMAE [22]. In multimodal video understanding, these models often serve as visual
backbones or video token generators. However, purely visual modeling still struggles to
capture speech semantics, background sounds, and on-screen text, highlighting the need
for multimodal joint modeling.

2.2. Modalities and Representations

Multimodal video understanding typically involves jointly modeling visual, audio,
and textual information within a unified learning or reasoning system. These modalities
provide complementary cues at different semantic levels: visual signals describe objects,
scenes, actions, and interactions; audio signals provide cues related to speech, music, and
environmental sounds; and textual signals offer explicit semantic information from ASR
transcripts, subtitles, captions, or OCR-recognized text.

The visual modality is the primary source of information for video understanding.
It captures both spatial cues, such as object appearance and scene layout, and temporal
dynamics, such as motion patterns and human-object interactions. Visual representation
learning has evolved from 2D CNNSs for frame-level spatial encoding [23] to 3D CNNs
for joint spatio-temporal modeling [18] and, more recently, to Vision Transformer-based
architectures that capture long-range dependencies through self-attention [20].

Audio provides important non-visual information, especially when visual content
is blurred, occluded, or semantically ambiguous. Speech can reveal dialogue content and
communicative intent, while music and environmental sounds can indicate emotional
tone, scene context, or sudden events. In representation learning, audio waveforms are
often converted into spectrograms and processed by CNN- or Transformer-based en-
coders, such as VGGish [24], PANNSs [25], and AST [26]. For speech-related information,
self-supervised models such as Wav2Vec 2.0 are also widely used to extract semantic
representations [27].

Textual information usually comes from ASR transcripts, manually captioned content,
subtitles, or OCR-recognized screen text. Compared with visual and audio signals, text
provides more explicit and abstract semantic descriptions, making it important for dialogue
analysis, plot understanding, and entity reference. Text representation learning has shifted
from static word embeddings and recurrent networks to Transformer-based language
models. BERT and its variants learn contextual representations through bidirectional
self-attention [28], while CLIP-like text encoders are commonly used to align textual
semantics with visual representations in a shared embedding space [29].

2.3. Fusion and Cross-Modal Interaction

Multimodal fusion is a central component of multimodal video understanding.
It aims to integrate and coordinate heterogeneous visual, audio, and textual informa-
tion for more comprehensive semantic analysis. Compared with unimodal modeling,
fusion enables models to exploit complementary information across modalities and
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improve robustness under noisy or ambiguous conditions. However, because different
modalities vary in data distribution, temporal granularity, and semantic abstraction,
effective fusion requires not only feature integration but also cross-modal alignment and
interaction modeling.

Existing fusion strategies are commonly categorized into early, late, and hybrid fusion.
Early fusion integrates modality-specific features before prediction, typically through con-
catenation, summation, or weighted aggregation. This strategy is simple and can capture
low-level correlations, but it often requires strict temporal alignment and may suffer from
high-dimensional representations or modality dominance [30,31]. Late fusion combines
the predictions of independently trained modality-specific models through averaging,
voting, or a learnable decision module. This strategy is flexible and robust to missing
modalities, but it limits deep cross-modal interaction during representation learning [30,31].
Hybrid fusion introduces modality interaction within intermediate network layers, often
through lateral connections, tensor fusion, or cross-attention mechanisms. It has become
a prevalent paradigm in modern Transformer-based multimodal systems because it pre-
serves modality-specific information while enabling fine-grained semantic interaction [7,32].
Figure 3 summarizes these three fusion strategies.

Late Fusion
Decision-level Fusion

Hybrid Fusion
Intermediate Fusion

Task Output
L Video- Prediction [T 1
m —»  specific S =»| Encoder
Model L
Task Output Video Task Output Video Prediction Head
v 1 !
Unified Text- Prediction Decision Atfm;s— , Joint
Prediction —>  specific Score Aggregation Encoder || Aftention / Multimodal
Model Model Repr i
Text Transforme

Text

4

Q- {me)—

Audio

Audio-
specific
Model

Prediction
Score

59_1" _

Audio

Enables fine-grained cross-modal interaction, but usually
incurs higher computational cost.

Flexible and relatively robust to missing modalities, but
limited in modeling deep cross-modal interactions.

Figure 3. Comparison of fusion strategies for multimodal video understanding. Early fusion
integrates modality features before prediction, late fusion combines modality-specific decisions, and
hybrid fusion supports interaction within intermediate representation layers.

Despite advances in fusion mechanisms, cross-modal interaction remains challenging.
First, modality heterogeneity makes it difficult to directly compare visual frames, acoustic
signals, and discrete text tokens within a shared feature space. Second, semantic alignment
is non-trivial because different modalities describe the same event with different informa-
tion densities and levels of abstraction. For example, text may provide explicit semantic
descriptions but omit visual details, while audio may contain contextual or event-related
cues that are not strictly synchronized with visual content [33]. Third, modality missingness
frequently occurs in practical scenarios, such as missing audio tracks, unavailable ASR
transcripts, or failed OCR results. These issues challenge the robustness and generalization
ability of multimodal video understanding systems.

These fusion-related issues also motivate a capability-oriented view of multimodal
video understanding. Rather than treating multimodal modeling merely as a feature
combination, it is necessary to examine how models align information across modalities,
express video semantics in structured or generative forms, and support evidence-based
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reasoning over complex video content. This consideration motivates the hierarchical
framework adopted in the following sections.

3. Multimodal Methods for Video Understanding

The introduction of multimodal approaches has significantly improved video under-
standing by enhancing performance on existing tasks and enabling new forms of video
comprehension. The core capabilities of multimodal video understanding can be summa-
rized as three capability layers: first, establishing computable semantic correspondences
between heterogeneous modalities; second, organizing video evidence into readable
semantic representations; and finally, performing problem-oriented reasoning over mul-
tiple pieces of evidence and temporal dependencies. The theoretical justification for this
framework is that these layers correspond to different computational roles in processing
multimodal evidence, rather than to superficial differences in task names or benchmark
formats. This hierarchy describes capability dependencies rather than chronological evo-
lution. Therefore, this survey categorizes multimodal video understanding methods into
three capability layers: alignment, expression, and reasoning. The proposed framework
is not intended as a simple renaming of existing task categories such as video-text re-
trieval, video captioning, and video question answering. These conventional categories
are mainly task-based: they organize studies according to benchmark settings and output
formats. In contrast, the present framework is capability-based: it organizes methods
according to the underlying computational role required for multimodal video under-
standing. Alignment refers to the establishment of computable and temporally grounded
correspondences across heterogeneous modalities; expression refers to the selection and
externalization of video evidence into faithful semantic descriptions; and reasoning
refers to the integration of distributed multimodal evidence to support query-specific
judgments or conclusions. From this perspective, retrieval, captioning, and VideoQA
are representative task instances rather than the conceptual basis of the taxonomy. This
distinction is necessary because modern MVU systems, especially large multimodal
models, often blur task boundaries: captioning may require grounding, VideoQA may
rely on retrieval or generated descriptions, and dense video understanding may involve
alignment, expression, and reasoning simultaneously. A capability-based view therefore
enables cross-task analysis of shared bottlenecks, such as weak temporal grounding,
modality dominance, hallucination, missing modalities, and unsupported language
priors, which are difficult to capture through isolated task buckets. It should be noted
that this hierarchy does not imply a fixed pipeline of methods. This survey categorizes
approaches based on primary research objectives, main output formats, and primary
evaluation protocols. Methods that span multiple capability categories are assigned
based on their primary contributions and main experimental settings. Figure 4 illustrates
these three capability layers and their representative subtasks.

Although the three categories in Figure 4 are separated for clarity, they are not
intended to be mutually exclusive. Some tasks involve multiple capabilities. For example,
dense video captioning includes temporal localization, but it is categorized as expression
because its final output is a set of event descriptions. Similarly, video question answering
may rely on alignment or generated descriptions, but it is categorized as reasoning
because its goal is to produce a question-specific answer or judgment. Thus, ambiguous
tasks are assigned according to their dominant capability rather than all intermediate
operations involved.
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Figure 4. Taxonomy of multimodal video understanding tasks. The taxonomy groups representative
tasks into alignment, expression, and reasoning layers according to their primary objectives, output
formats, and evaluation protocols.

3.1. Alignment

The alignment layer focuses on establishing stable and computable semantic corre-
spondences across heterogeneous modalities, such as visual, textual, and auditory signals.
Its central role is to map information from different modalities into comparable representa-
tion spaces or explicit correspondence structures, thereby supporting matching, retrieval,
grounding, and synchronization. In this layer, the primary objective is not to generate read-
able descriptions or infer final answers, but to determine whether two pieces of multimodal
evidence are semantically consistent and where such consistency occurs. In other words,
alignment-oriented methods address the following question: given a query in one modality,
which content in another modality is most relevant to it, and where can this correspondence
be localized? Accordingly, this survey regards a method as belonging to the alignment layer
when its primary task centers on cross-modal matching, ranking, or alignment; its main
outputs are structured results, such as similarity scores, ranked lists, matching matrices, or
temporal grounding boundaries; and its evaluation mainly follows retrieval or alignment
protocols, including Recall@K, average precision, or overlap-based localization metrics.
Representative tasks include text-to-video retrieval, video-to-text matching, text-based
temporal segment localization, and cross-modal synchronization.

The main difficulty in alignment is not merely combining video and text features, but
learning a representation that is simultaneously transferable, temporally sensitive, and
robust to noisy real-world supervision. Early Transformer-based retrieval studies therefore
moved beyond feature concatenation toward contrastive and end-to-end representation
learning. VATT and VideoCLIP showed that large-scale contrastive objectives could build
shared video-language spaces from tri-modal or loosely paired data [34,35], while Frozen-
in-Time improved scalability by unifying image and video encoders within an end-to-end
training framework [36]. Once this shared-space paradigm became dominant, the technical
focus shifted to the granularity of matching: T2ZVLAD introduced global-local retrieval,
and GPO improved sequence-level aggregation for more stable semantic matching [37,38].
Studies such as SEA and MDMMT further indicate that alignment models must also handle
text-side variation and domain shift, rather than assuming a clean correspondence between
captions and video clips [39,40].

The emergence of CLIP changed the alignment problem from training a video-text
model from scratch to adapting strong image-text priors to temporal video semantics.
CLIP itself established a transferable dual-tower vision-language paradigm through large-
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scale contrastive learning [29]; CLIP4Clip then demonstrated that this prior could be
reused for video retrieval through lightweight temporal aggregation and fine-tuning [41].
However, direct transfer from images to videos leaves two unresolved gaps. The first is
temporal degradation: methods such as X-CLIP, X-Pool, and VIOLET attempt to recover
temporal or fine-grained correspondence through multi-granularity comparison, text-
conditioned pooling, or masked visual-token modeling [42—44]. The second is supervision
noise and system scalability: robust learning for partially mismatched pairs reduces the
damage caused by noisy video-text pairs, while deep semantic hashing compresses retrieval
representations for large-scale search [45,46]. These studies show that CLIP-style transfer
is effective, but it does not remove the need for video-specific temporal modeling and
deployment-aware retrieval design.

Recent large-model-based studies further extend alignment in two directions.
One direction increases the capacity and openness of the representation foundation: In-
ternVL scales vision-language representations and aligns them with large language models,
while Open-VCLIP++ uses language-model-generated descriptions to strengthen open-
vocabulary video retrieval [47,48]. The other direction models ambiguity more explicitly.
Geometric Matching treats cross-modal semantics as regions rather than single embedding
vectors, HCMI builds hierarchical interactions from frame-word relations to video-sentence
relations, and GLSCL uses global-local semantic completion to reinforce both contextual
and detailed alignment [49-51]. Therefore, the alignment layer has evolved from learn-
ing a common embedding space toward modeling fine-grained, uncertain, and scalable
correspondence structures.

Alignment-oriented methods have effectively solved the problem of making hetero-
geneous video and language signals comparable for retrieval, matching, and grounding.
Dual-encoder and CLIP-based models are especially useful in large-scale applications
because they support offline indexing and efficient similarity search, while cross-attention
and hierarchical interaction models provide finer semantic correspondence. However, high
retrieval performance often reflects global semantic similarity rather than verified temporal
evidence. These methods also remain sensitive to noisy captions, weak video-text pairing,
domain shift, and missing modalities. Future research should therefore prioritize tempo-
rally grounded and uncertainty-aware alignment, enabling models to distinguish general
relevance from evidence-level correspondence while balancing accuracy, robustness, and
computational cost.

3.2. Expression

The expression layer focuses on transforming multimodal video evidence into readable
and communicable semantic representations. Positioned between alignment and reasoning,
this layer does not merely measure cross-modal similarity, nor does it primarily aim
to answer a specific query. Instead, it requires models to select salient visual-temporal
evidence, organize events or segments, and externalize video content through natural
language or structured semantic descriptions. Compared with alighment-oriented methods,
expression-oriented methods place greater emphasis on what should be described, how
event boundaries should be organized, and whether the generated representation remains
temporally coherent. This survey considers a method to belong to the expression layer
when its primary task centers on generative semantic externalization; its main outputs
are captions, event descriptions, summaries, or related textual representations; and its
evaluation focuses on generation quality, semantic consistency, event coverage, redundancy
control, or temporal coherence. Representative tasks include video captioning, dense video
captioning, emotional or domain-specific captioning, and semantic summarization from
video to text.
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The central tension in expression-oriented methods is between end-to-end genera-
tion and controllable event organization. End-to-end models reduce the dependence on
hand-designed detection or proposal pipelines, but they may also lose fine-grained tem-
poral details or produce descriptions with weak event structure. PDVC established an
end-to-end dense captioning framework, and SwinBERT showed that pure Transformer
architectures could directly model sampled video patches densely while controlling se-
quence cost through sparse attention [52,53]. Subsequent work did not simply abandon
structure; instead, it reintroduced structure where generation needed stronger temporal
coherence. Hierarchical scene-event-frame or video-shot-frame designs improve long-range
organization, linguistic modularization and long-short-term relationship graphs strengthen
relational modeling, and dynamic semantic grouping reduces redundant inter-frame in-
formation [54-58]. Efficiency and coverage form another constraint: non-autoregressive
generation and compressed domain features accelerate inference, while external knowledge
graphs help mitigate limitations of long-tail vocabulary [59-61]. Thus, expression mod-
els develop through a recurring balance between architectural simplification and explicit
semantic control.

Generative pretraining and multimodal large models shift the expression layer from
task-specific captioning toward unified sequence generation and long-video semantic ex-
ternalization. Vid2Seq treats dense event localization and description as a specialized
sequence-generation problem, demonstrating that large-scale weak supervision can par-
tially shift the localization burden onto autoregressive modeling [62]. For longer videos,
however, the main bottleneck is memory rather than caption quality alone. MA-LMM
introduces online memory to extend existing multimodal LLMs without linearly increas-
ing context length, while Streaming-DVC combines streaming decoding with clustering
memory, enabling event descriptions to be produced incrementally rather than only after
offline processing [63,64]. Image-Text Transfer further suggests that pretrained image
foundation models can support video description with lightweight adaptation or frame
concatenation [65]. These methods collectively indicate that expression is moving from
sentence-level description to temporally sustained semantic transformation under compu-
tational and context constraints.

At the same time, large general-purpose models do not eliminate the need for task-
specific guidance. Emotion-aware and vertical-domain captioning require the model to
select subtle cues that are often underrepresented in generic pretraining data. ECPA uses
prompt learning to guide frozen models toward facial microexpressions and emotional
semantics, while emotion-state guidance improves the coverage and consistency of af-
fective descriptions [66,67]. In domain-specific scenarios, EIKA combines explicit player
knowledge with visual scene knowledge for sports description, and ST-GIN models spatio-
temporal teacher-student interactions in classroom videos [68,69]. Memory-based modeling
and image-composite enhancement further improve semantic richness and robustness in
complex scenes [70,71]. Therefore, the expression layer should be understood not as generic
caption generation, but as grounded semantic externalization: models must decide what ev-
idence is worth expressing, how events should be organized, and how domain knowledge
should constrain the generated text.

Expression-oriented methods have advanced video understanding from recognition
and retrieval to human-readable semantic generation. They are useful for captioning, dense
video description, summarization, and domain-specific reporting. End-to-end captioning
models simplify short-video description, whereas dense, hierarchical, memory-based, and
streaming methods are more suitable for long or complex videos. Nevertheless, expression
methods still face a major tension between fluency and grounding. Common metrics
such as BLEU, METEOR, ROUGE-L, and CIDEr mainly measure textual overlap, but
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they do not fully evaluate factual correctness, temporal coherence, or event coverage.
Future work should focus on evidence-grounded expression, where models identify salient
events, generate temporally consistent descriptions, and reduce hallucinated or weakly
supported content.

3.3. Reasoning

The reasoning layer focuses on producing query-specific answers or evidence-
supported judgments by integrating temporal, relational, and multimodal cues. Unlike the
expression layer, which emphasizes the generation of descriptive passages, the reasoning
layer is primarily concerned with whether a model can identify question-relevant evi-
dence, integrate information across temporal segments or entity relationships, and derive
a correct conclusion. This process often requires multi-step evidence aggregation rather
than direct recognition of visible objects or actions. Accordingly, this survey regards a
method as belonging to the reasoning layer when its primary task centers on question
answering or conclusion-oriented judgment; its main output is an answer, decision, or
evidence-supported response rather than a ranked list or open-ended narrative descrip-
tion; and its evaluation mainly focuses on answer correctness, reasoning consistency, and,
when applicable, the reliability or interpretability of evidence localization. Representative
tasks include video question answering, temporal reasoning, causal reasoning, multi-hop
reasoning, and evidence-based long-form video question answering.

Reasoning-oriented methods first need to solve an evidence organization problem:
before a model can answer a question, it must identify which objects, actions, temporal
segments, and modality cues are relevant. Early studies therefore emphasized explicit
spatio-temporal dependency modeling. Bridge to Answer represents appearances and
actions as heterogeneous graph nodes, CoVGT uses a Video Graph Transformer to capture
dynamic object interactions, and TASTA applies text-assisted spatio-temporal attention
to suppress irrelevant background information [72-74]. These approaches differ architec-
turally, but they share the assumption that reasoning quality depends on making video
evidence more query-aware and relationally organized. Later work extends this idea
by separating static and dynamic semantics or by selecting evidence iteratively in long
videos. Semantic decoupling aligns noun-related static frames with verb-related motion
features, while MIST reduces long-video information overload by iteratively selecting key
segments [75,76]. This line of research shows that VideoQA is not only a language-
answering problem but also a problem of evidence filtering and temporal abstraction.

Another line of reasoning questions whether high benchmark accuracy actually reflects
causal understanding. NExT-QA exposed the weakness of existing models in causal action
reasoning and pushed evaluation from describing visible content toward explaining why
events occur [77]. Subsequent causal and counterfactual methods target spurious dataset
correlations more directly. IGV uses causal intervention to separate critical scenarios from
environmental bias, causal-diagram-based modeling decouples visual confounders from
textual keyword bias, and cross-modal contrastive learning constructs negative pairs to
reduce linguistic shortcut learning [78-80]. The same principle also extends beyond stan-
dard VideoQA: counterfactual reasoning in multimodal speech anxiety detection suggests
that eliminating spurious correlations can improve the reliability of multimodal judgment
in domain-specific settings [81]. Compared with alignment and expression, the reasoning
layer therefore places stronger emphasis on robustness, interpretability, and whether the
model’s answer follows from valid evidence rather than dataset regularities.

Large language models have recently changed the implementation form of video rea-
soning, but they have not removed the core need for evidence control. CLIPBERT showed
that sparse visual sampling and end-to-end visual-language learning could support effi-
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cient question answering, MERLOT introduced self-supervised event-order learning to
acquire script-like knowledge, and Frozen BiLM demonstrated the value of frozen lan-
guage models for zero-shot VideoQA [82-84]. Data scaling through the Just Ask paradigm
further improves generalization by generating large-scale QA supervision from narrated
videos [85]. In the LLM era, the dominant challenges become long-context management
and multi-step controllability: LongVLM compresses long videos through hierarchical
token merging, MoReVQA uses an LLM as a controller for modular tool-based reasoning,
and prompt-based strategies guide frozen models toward fine-grained clues without full
fine-tuning [86-88]. Nevertheless, empirical analysis of Video-LLMs shows that fluent gen-
eration can coexist with weak temporal reasoning and limited adversarial robustness [89].
Thus, future reasoning systems must combine the flexibility of large models with explicit
evidence grounding, temporal verification, and hallucination control.

Reasoning-oriented methods address the need to produce query-specific answers or
judgments from temporally distributed multimodal evidence. Graph-based, attention-
based, causal, counterfactual, modular, and large-model-based approaches have improved
evidence organization and flexible question answering. However, high VideoQA accuracy
does not necessarily indicate genuine temporal or causal reasoning, because models may
exploit language priors, answer biases, short-term visual cues, or dataset shortcuts. Large
multimodal models may also produce fluent but weakly grounded answers. Future research
should prioritize evidence-controlled reasoning, enabling models to locate supporting
visual, audio, or textual evidence, distinguish causal inference from correlation, and provide
reliable uncertainty estimates when evidence is insufficient.

4. Datasets and Benchmarks
4.1. Datasets
Table 3 summarizes representative datasets used in multimodal video understanding,

covering alignment, expression, and reasoning-oriented tasks.

Table 3. Summary of representative datasets for multimodal video understanding.

Dataset Mod. Scale Typical Tasks Key Characteristics/Usage Notes
10 K clips; about Lo . Open-domain benchmark with standard captioning
MSR-VTT [90] VT 200 K sentences Retrieval; captioning and 1 K retrieval settings.
41.3 K clips; about . L Bilingual English/Chinese captions over
[¢ .
VATEX [91] V+T 826 K captions Multilingual captioning; MT 600 action categories.
HowTol00M[92] V+T 122M Vl'dEOS; about Pret.rammg; Large-scale ASR supervision with noisy
136 M pairs retrieval transfer temporal pairing.
1970 videos; about . I Classic short-video captioning benchmark; common
MSVD [93] VT 80 K sentences Video captioning 1200/100/670 split.
ActivityNet About 20 K videos; Dense captioning; Long-video benchmark with temporally grounded
. V+T . . L
Captions [94] 100 K event captions grounding event descriptions.
CMU-MOSEI[95] V+A+T 23,453 utterance clips Sentiment; emotion analysis Ahgn.e d text, visual, and audio signals with
affective labels.
MELD [96] V4A+T 1433 dialogues; about D1alogg.e emotion Mul’n—spgaker dialogue benchmark with emotion
13 K utterances recognition and sentiment labels.
About 72 K GIFs; 165 K . . . Short dynamic clips for repetition, state transition,
TGIF-QA [97] V+T QA pairs VideoQA; counting and FrameQA.
NEXT-QA [77] V+T gﬁop\;ﬁ:os’. about 52 K VideoQA; causal reasoning Focuses on causal, temporal, and descriptive questions.

Note: V, A, and T denote vision, audio, and text, respectively. Sizes and splits follow commonly reported settings
and may vary across preprocessing or evaluation protocols.

MSR-VTT, VATEX, MSVD, and ActivityNet Captions are widely used for video-text
retrieval, captioning, dense captioning, and temporal grounding [90,91,93,94]. MSR-VTT
and MSVD mainly support short-video retrieval and captioning, VATEX extends video-
language evaluation to bilingual captioning and translation-oriented settings, and Activi-
tyNet Captions emphasizes temporally grounded event description in longer videos. These

https:/ /doi.org/10.3390/app16147154


https://doi.org/10.3390/app16147154

Appl. Sci. 2026, 16, 7154

15 of 29

datasets provide useful benchmark anchors, but they differ substantially in annotation
density, temporal granularity, language source, and evaluation split, which limits direct
cross-dataset comparison.

For large-scale pretraining, HowTol00M provides weakly aligned video-text su-
pervision from narrated instructional videos [92]. Its scale and diversity make it valu-
able for representation learning, but its ASR-based supervision also introduces noisy
temporal pairing and incomplete language descriptions. For affective and dialogue-
oriented understanding, CMU-MOSEI and MELD provide tri-modal emotion or sentiment
annotations [95,96]. These datasets are useful for studying audio-visual-text interaction, but
their results should be interpreted with attention to annotation subjectivity, class imbalance,
speaker or domain bias, and context segmentation.

For reasoning-oriented evaluation, TGIF-QA and NExT-QA focus on dynamic, tem-
poral, and causal question answering [77,97]. TGIF-QA emphasizes short dynamic clips
and repetitive or state-transition questions, whereas NEXT-QA shifts evaluation toward
causal and temporal reasoning. However, both remain bounded benchmark settings,
and performance on them does not necessarily imply robust long-video reasoning in
open-world scenarios.

4.2. Metrics and Performance Comparison

The benchmark results summarized in this section are collected from the original
publications and should be interpreted as reported results rather than as a unified leader-
board. Even on the same dataset, results may be affected by differences in data splits,
pretraining corpora, modality inputs, backbone architectures, fine-tuning strategies, and
evaluation protocols. Therefore, comparisons are most meaningful within the same task,
dataset setting, and evaluation protocol.

4.2.1. Benchmark Analysis of Alignment Methods

In alignment-based tasks, the model’s core objective is to measure semantic consis-
tency between videos and text and to perform matching, ranking, or alignment based on
this consistency. Consequently, its evaluation metrics primarily focus on retrieval rank-
ing quality and discrimination capability in matching, rather than generation quality or
inference accuracy. The most commonly used metric is Recall@K, which measures whether
correct matches appear among the top-K candidates returned by the model for a given
query. For example, let the query text set be Q. For each text g4 € Q, the model ranks all
candidate videos by similarity. If the corresponding true video appears within the top-K
positions, it is counted as a hit [10]. Recall@K is defined as:

=S Y I(rank(v,) < K) (1)

R@K =

Here, I(-) denotes the indicator function, and rank(v,) represents the position of the
ground-truth video corresponding to query g in the ranked results. The computation of
video-to-text retrieval is fully symmetric, with only the query and candidate sets swapped.
R@1, R@5, and R@10 are the most commonly reported configurations, with R@1 being the
most sensitive to model discrimination capability.

In addition to Recall@K, Median Rank (MdR) is often used as a supplementary metric
to characterize the overall stability of a model’s ranking performance [10]. MdR is defined
as the median rank of all ground-truth matches:

MdR = median{rank(v,) | 4 € Q} ()
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Compared with Recall@K, MdR is more sensitive to ranking errors in the long tail; a
smaller value indicates better overall retrieval quality.
Table 4 reports representative alignment results.

Table 4. Reported performance of representative alignment methods.

Year Method

Evaluation Setting R@1 R@5 R@10 MdR |

MSR-VTT (1k-A)

2021  VATT [34] MSR-VTT (1k-A) - - 23.6 67
Frozen in Time [36] MSR-VTT (1k-A) 31.0 59.5 70.5 3
MDMMT [40] MSR-VTT (1k-A) 38.9 69.0 79.7 2
SEA [39] MSR-VTT (1k-A) 23.8 50.3 63.8 5
T2VLAD [37] MSR-VTT (1k-A) 29.5 59.0 70.1 4
VideoCLIP [35] MSR-VTT (1k-A) 30.9 55.4 66.8 -

2022  CLIP4Clip [41] MSR-VTT (1k-A) 445 71.4 81.6 2
VIOLET [44] MSR-VTT (1k-A) 34.5 63.0 73.4 -
X-Pool [43] MSR-VTT (1k-A) 439 72.5 82.3 2
X-CLIP [42] MSR-VTT (1k-A) 49.3 75.8 84.8 2

2023  RCL [45] MSR-VTT (1k-A) 17.7 442 57.2 7

2025 HCMI[50] MSR-VTT (1k-A) 55.0 80.4 86.8 1
Geometric Matching [49] MSR-VTT (1k-A) 24.5 52.5 64.2 -

Other reported settings

2021  VSEceo (GPO) [38] MSR-VTT 6573/2990/497 split 8.7 25.3 35.9 -

2025 GLSCL [51] MSR-VTT, setting not specified 43.2 76.0 86.7 -

Note: The downward arrow () indicates that lower values are preferred for MdR. Results are grouped by
evaluation setting. The MSR-VTT (1k-A) block is the main relatively comparable subset, but even within this
block, methods may differ in pretraining data, backbone architecture, CLIP or language-model initialization,
retrieval direction, and fine-tuning settings. Results outside this setting are included only as references and should
not be interpreted as strict head-to-head comparisons. VSEco (GPO) is listed outside the MSR-VTT (1k-A) block
because the original paper reports it on the MSR-VTT standard split for text-to-video retrieval, rather than the
1k-A setting.

4.2.2. Benchmark Analysis of Expression Methods

In expression-based tasks, the model’s objective is to generate natural-language de-
scriptions that capture the primary semantic content of a video. Consequently, its evaluation
metrics primarily measure the similarity between generated text and reference captions
in terms of lexical overlap, semantic consistency, and content coverage. The evaluation
paradigm has shifted from ranking-based metrics to generative quality assessment metrics.

BLEU was the earliest widely adopted generative evaluation metric, focusing on
statistical measurement of exact n-gram matches between generated and reference captions.
It reflects local word order and phrase consistency but is sensitive to synonym substitutions
and semantically equivalent expressions, often undervaluing linguistic diversity [98]. BLEU
is defined as:

N
BLEU = BP - exp ( Y wy - ln(pn)> (3)
n=1

pn denotes n-gram precision, w;, represents the corresponding weight, and BP signifies
the brevity penalty. This metric emphasizes local word order matching and is insensitive to
semantically equivalent expressions.

METEOR explicitly balances precision and recall on top of BLEU and mitigates the
issue of “literal inconsistency but semantic equivalence” through stemming and synonym
matching. It is generally considered to correlate more strongly with human judgments [99].
METEOR is defined as:
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METEOR = F, - (1 — Penalty) 4)

F, represents the weighted F-score; this metric places greater emphasis on semantic
consistency and typically correlates more closely with human evaluation.

ROUGE-L measures the consistency between generated captions and reference cap-
tions in overall syntactic structure based on the longest common subsequence. It is sensitive
to sentence-order preservation and is often used to address the shortcomings of n-gram
metrics in modeling long-sentence structures [100]. ROUGE-L is defined as:

LCS(C,R
fie g%l) 5)
LCS(C, R
Ra = S5 ©)
2
ROUGE-L = Fy = Lt ) RiesPles -

Rlcs + ﬁzplcs

where C and R denote the generated caption and the reference caption, respectively.
LCS(C, R) denotes the length of their longest common subsequence. R and P rep-
resent the LCS-based recall and precision, and  controls the relative weight between recall
and precision.

CIDEr represents captions as TE-IDF-weighted n-gram vectors and emphasizes “hu-
man consensus descriptions” through multi-reference consistency modeling. It is regarded
as one of the most representative metrics for content coverage and semantic adequacy in
video caption generation and has become a core reporting metric on multiple mainstream
benchmarks [101]. CIDEr is defined as:

1 ¥ gory
R R ©

Here, g represents the generated caption vector, and r,, denotes the mth reference
caption. This metric emphasizes content coverage aligned with human consensus, serving
as a primary indicator in video caption generation.

In addition to traditional lexical-overlap metrics, recent evaluation protocols have
increasingly considered learned semantic and vision-language metrics, such as BERTScore
and CLIPScore [102,103]. BERTScore evaluates the semantic similarity between a generated
caption and reference captions using contextual token embeddings. Given a candidate
sentence C = {¢;}" ; and a reference sentence R = {rj}]’-’zl, their token embeddings are
first extracted from a pretrained language model. The BERTScore precision, recall, and F1
score can be written as:

1 m
Pgerr = — )y max cos(c;, 1), )
i=1
1 n
Rpgrt = " Zml;ax cos(rj, ¢;), (10)
j=1
2P R
Fgry = — DERTTBERT (11)

Pgerr + Rpert

Compared with n-gram overlap metrics, BERTScore is less sensitive to surface-form
variation and can better capture semantic equivalence between different expressions. How-
ever, it is still reference-dependent and does not directly verify whether the generated
caption is grounded in the visual content.
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CLIPScore evaluates cross-modal compatibility by measuring the similarity between
visual and textual embeddings extracted from a pretrained vision-language model. Given
a visual input V and a generated caption C, CLIPScore can be defined as:

CLIPScore(V,C) = w - max(cos(Ey(V),Er(C)),0), (12)

where Ey (-) and E7(-) denote the visual and textual encoders of CLIP, respectively, and w
is a scaling factor. Unlike reference-based metrics, CLIPScore can be used as a reference-free
metric when human captions are limited or unavailable. Nevertheless, it may inherit
biases from the pretrained vision-language encoder and may be insensitive to fine-grained
temporal errors in videos. Therefore, future MVU evaluation should combine lexical-
overlap metrics, learned semantic metrics, cross-modal grounding metrics, and human or
evidence-based assessment.

Table 5 summarizes representative expression-oriented methods. Since VC, DVC, and
EVC correspond to different generation objectives, the results are organized by task type
and dataset setting.

Table 5. Reported results of representative expression-oriented methods.

Year Method

Task Dataset Setting BLEU-4 METEOR ROUGE-L CIDEr

Video Captioning (VC) on MSVD

2021 O2NA [59]
SGN [58]
2022 LSRT [57]
SwinBERT [53]
HMN [56]
2023 Compressed [60]
2024 MAN [70]
GLG [104]

Video Captioning (VC) on MSR-VTT

2024 IcoCap [71]
2025 PIT [65]

vC MSVD 55.4 374 74.5 96.4
VC MSVD 52.8 35.5 72.9 94.3
VC MSVD 55.6 37.1 73.5 98.5
VC MSVD 66.3 42.4 80.9 149.4
vC MSVD 59.2 37.7 75.1 104.0
vC MSVD 60.1 414 78.2 121.5
VC MSVD 59.7 37.3 74.3 101.5
VC MSVD 63.6 424 80.8 107.8
vC MSR-VTT 47.0 31.1 64.9 60.2
VC MSR-VTT 524 34.2 68.3 79.5

Video Captioning (VC) on other datasets

2023 TextKG [61] vC YouCooklIl 11.7 18.4 40.2 133.0
2024 MA-LMM [63] VC YouCookII - 17.6 - 131.2
2025 EIKA [68] vC VC-NBA-2022 36.7 29.5 56.8 140.7
Dense Video Captioning (DVC)
2021 PDVC [52] DvVC ActivityNet 3.12 11.26 - 53.65
ECHR [54] DVC ActivityNet 1.96 10.58 - 39.73
2023  Vid2Seq [62] DVC YouCooklII - 9.3 - 47.1
2024 Streaming DVC [64] DVC ActivityNet - 9.0 - 41.2

Emotional Video Captioning (EVC) on EmVidCap

2024 VEIN [67]
2025 ECPA [66]

EVC EmVidCap 27.1 21.6 46.8 394
EVC EmVidCap 21.73 21.6 38.53 20.33

Note: VC, DVC, and EVC denote video captioning, dense video captioning, and emotional video captioning,
respectively. Comparisons should be made only within the same task, dataset, split, and evaluation protocol.
Captioning scores are sensitive to tokenization, reference captions, decoding strategy, localization protocol for DVC,
and evaluation scripts; therefore, the table summarizes reported trends rather than providing a unified ranking.
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4.2.3. Benchmark Analysis of Reasoning Methods

In reasoning tasks, the model aims to generate verifiable answers to given questions
using spatio-temporal evidence from videos. Consequently, VideoQA evaluation metrics
center on answer correctness, leading to two mainstream paradigms that differ in answer
space and annotation formats. First, discrete discriminative evaluation within a closed
answer space primarily measures consistency between predicted and ground-truth answers.
Second, consensus evaluation of open-ended textual answers accounts for natural-language
diversity by assigning soft scores to plausible answers based on multi-annotator agree-
ment. Unlike subtitle generation, which emphasizes lexical overlap and content coverage,
VideoQA metrics prioritize task-oriented correctness and may include supplementary
measures such as top-K tolerance and exact matching when required.

Table 6 summarizes representative reasoning-oriented VideoQA methods.

Table 6. Reported results of representative video question answering methods.

Year Method Dataset Setting Accuracy (%)

MSR-VTT-QA

2021 CLIPBERT [82] MSR-VTT-QA 374
MERLOT [83] MSR-VTT-QA 431

2025 LongVLM [86] MSR-VTT-QA 59.8

MSVD-QA

2021 BTA [72] MSVD-QA 37.2
Just Ask (ICCV) [105] MSVD-QA 46.3

2022 IGV [78] MSVD-QA 40.8
FrozenBiLM [84] MSVD-QA 33.8

2025 Just Ask (TPAMI) [85] MSVD-QA 47.5

TGIF-QA

2023 TASTA [74] TGIF-QA 58.1

NEXT-QA

2023 MIST [76] NEXT-QA 57.18
CoVGT [73] NEXT-QA 60.73
MCR [79] NEXT-QA 52.35

2024 DRV [75] NEXT-QA 57.05
MoReVQA [87] NExT-QA 69.2
CCRL [80] NEXT-QA 51.8

2025 HeurVidQA [88] NExT-QA 60.9

Note: Results are reported from the original papers for each dataset setting. Comparisons should be made only
within the same dataset and protocol because accuracy depends on question type distribution, answer space,
multiple-choice or open-ended format, data split, modality inputs, use of subtitles or ASR, external pretraining
data, and large-model components.

Accuracy is the most commonly used primary metric in closed-domain VideoQA,
measuring a model’s discriminative correctness within a discrete answer space. This metric
treats each question as a classification decision, counting predictions as correct only when
they perfectly match the labeled answer and as incorrect otherwise. Its advantages include
clear semantic interpretation and direct reflection of task success rates. However, it may
be overly stringent when answer categories are highly imbalanced or when labels contain
multiple acceptable expressions. Accuracy is defined as:

1 N
Acc = N ;H(ai = a;) (13)
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N denotes the number of questions. 4; and 4; represent the predicted answer and the
ground-truth answer for the i-th question, respectively. I(-) is the indicator function.

5. Discussion
5.1. From Task-Specific Optimization to Capability-Oriented Understanding

Across alignment, expression, and reasoning tasks, multimodal video understanding
has moved from task-specific neural architectures toward capability-oriented modeling.
Earlier systems mainly optimized a single objective, such as retrieval ranking, caption gen-
eration, or answer classification. Their architectural designs therefore tended to emphasize
one dominant component, such as cross-modal embedding learning in retrieval models,
encoder-decoder generation in captioning models, or attention-based evidence aggregation
in VideoQA models. Recent methods increasingly reuse pretrained image-text or video-
language representations and then adapt them to video-specific temporal structure, as
illustrated by CLIP-based retrieval models, Transformer-based captioning models, and
large-model-based VideoQA systems [41,42,53,82,87].

This trend does not imply that the three capability layers have become identical. Align-
ment, expression, and reasoning still impose different neural computation requirements.
Alignment requires discriminative representations that preserve fine-grained correspon-
dence between visual, textual, and sometimes audio cues. Expression requires models
to select events, organize temporal information, and generate faithful natural-language
descriptions. Reasoning further requires evidence aggregation across clips and the sup-
pression of dataset shortcuts or unsupported language priors. Therefore, the proposed
capability-based view should be understood not only as a task taxonomy, but also as a way
to separate the computational roles of representation learning, semantic generation, and
evidence-based inference.

5.2. Cross-Modal Representation and Temporal Evidence Modeling

The central technical difficulty in multimodal video understanding is the joint model-
ing of heterogeneous modalities under temporal constraints. Visual frames, audio signals,
subtitles, ASR transcripts, and OCR text differ in their sampling rates, semantic densities,
and noise levels. Fusion strategies such as early, late, and hybrid fusion, as well as cross-
attention, offer different trade-offs between modality-specific preservation and cross-modal
interaction [7,30-32]. However, simple fusion is insufficient when the relevant evidence is
sparse, temporally delayed, or distributed across multiple modalities.

Temporal evidence modeling is therefore a more specific bottleneck than generic
multimodal fusion. Retrieval models must distinguish global semantic similarity from
moment-level correspondence; captioning models must decide which events are salient
enough to describe; and VideoQA models must identify evidence that supports a particular
answer rather than relying on question priors. Long-video methods such as MA-LMM,
Streaming-DVC, LongVLM, and MoReVQA address this issue through memory mecha-
nisms, streaming or hierarchical processing, and modular reasoning strategies [63,64,86,87].
These approaches suggest that future progress will depend less on merely increasing the
number of sampled frames and more on learning when to preserve, compress, retrieve, or
discard temporal information.

5.3. Applications and Engineering Considerations

At the application level, the three capability layers of multimodal video understanding
correspond to different engineering functions and deployment requirements. Alignment-
oriented tasks, including text-to-video retrieval, video-to-text matching, temporal ground-
ing, and cross-modal matching, mainly support systems that require fast access to large-
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scale video content, such as short-video search engines, media asset management, surveil-
lance review, and enterprise video archives. In such systems, video embeddings are often
precomputed offline and stored in a vector database, while user queries are encoded on-
line and matched through approximate nearest-neighbor search. Representative methods
such as VideoCLIP, CLIP4Clip, and X-CLIP improve semantic matching by aligning visual
and textual representations in a shared embedding space [35,41,42]. However, practical
deployment should not be evaluated solely by retrieval accuracy. Indexing cost, query
latency, storage overhead, update frequency, robustness to domain shift, and privacy-
preserving handling of faces, speech transcripts, license plates, or OCR text are also central
system-level concerns.

Expression- and reasoning-oriented tasks extend this engineering perspective from
content access to semantic transformation and evidence-based assistance. Video captioning,
dense video captioning, summarization, and emotional captioning can support subtitle
generation, lecture summarization, sports highlight description, meeting analysis, and
accessibility services, but they require different trade-offs between generation quality, tem-
poral coverage, memory usage, and inference efficiency [53,62-64]. Reasoning-oriented
tasks, including VideoQA, video dialogue, event explanation, and action anticipation, im-
pose stricter requirements on reliability and interpretability because systems are expected to
provide not only fluent answers but also traceable evidence from video content [76,86,87,89].
Therefore, deployable multimodal video systems should report system-level indicators
such as P95 latency, throughput, GPU memory, indexing and storage costs, model update
frequency, privacy-sensitive modality handling, confidence estimation, and failure-mode
attribution. Such attribution is especially important when errors arise from missing modal-
ities, ASR or OCR failures, corrupted audio, camera motion, domain shift, misleading
content, or unsupported language priors.

Computational cost and sustainability should also be considered when deploying
MVU systems. Recent models often improve performance by increasing parameter scale,
using more video frames or tokens, introducing larger language decoders, or adding
memory and tool-based modules. These designs may improve retrieval, captioning, or
VideoQA accuracy, but they also increase GPU memory usage, inference latency, storage
demand, and energy consumption. Therefore, practical evaluation should not compare
models only by task performance, but should also report cost-related indicators such as
parameter count, FLOPs or processed tokens, number of sampled frames, GPU memory,
latency, throughput, and indexing or storage overhead. Since different studies may count
parameters differently, for example by including or excluding frozen visual encoders,
audio encoders, or large language models, these indicators should be reported with clear
boundaries. Future benchmarks should encourage performance—cost analysis, such as
accuracy or Recall@K under comparable computational budgets, to identify models that
offer better trade-offs between effectiveness, efficiency, and sustainable deployment.

5.4. Algorithmic Bias and Ethical Implications in Emotion Interpretation

When MVU systems are applied to surveillance review, workplace monitoring, or
corporate video archives, emotion interpretation should be treated with particular caution.
Unlike retrieval or object recognition, emotion-related outputs infer latent affective states
from facial expressions, speech prosody, body movement, dialogue content, and contextual
cues, which are inherently ambiguous and may vary across individuals, cultures, languages,
and recording conditions. Algorithmic bias may arise from imbalanced training data,
simplified emotion annotations, acted or domain-specific datasets, ASR/OCR errors, facial
occlusion, lighting conditions, accents, dialects, or the dominance of a single modality
during fusion. In such scenarios, inferred emotion labels may affect security review,
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employee evaluation, customer profiling, or risk assessment, even when the underlying
evidence is uncertain. Therefore, emotion-related MVU outputs should be presented as
uncertain and context-dependent interpretations rather than objective measurements of
mental states, and should not be used as the sole basis for high-stakes decisions. Responsible
deployment should include human review, uncertainty reporting, dataset and annotation
documentation, robustness checks across relevant conditions, purpose limitation, data
minimization, access control, retention limits, and auditability.

5.5. Evaluation Reliability and Benchmark Comparability

The reported progress of multimodal video understanding should be interpreted with
caution because datasets, splits, metrics, and supervision settings are highly heterogeneous.
Retrieval performance is usually reported with Recall@K and median rank, but these
metrics do not directly measure whether the model localizes the correct temporal evidence.
Captioning metrics such as BLEU, METEOR, ROUGE-L, and CIDEr quantify lexical or
n-gram overlap to different degrees, but they may fail to fully capture factual grounding,
event coverage, or temporal coherence. VideoQA accuracy is intuitive, but it can be affected
by answer-space design, question type distribution, and language bias. These limitations
are consistent with the metric analysis and the task-specific performance tables summarized
in this survey.

Benchmark comparability is especially challenging for survey-level analysis. The
same dataset name may correspond to different evaluation splits or task variants, and
methods may differ in whether they use zero-shot transfer, task-specific fine-tuning,
external pretraining data, or large language model components. Consequently, the
performance tables in this survey should not be read as a single universal ranking
across all methods. A more reliable evaluation practice is to report results within
clearly specified dataset settings and to separate perception, alignment, generation, and
reasoning errors whenever possible. For large multimodal models, this decomposition is
particularly important because fluent language output can mask failures in temporal
grounding or visual evidence selection [89].

For future evaluation of Video-LLMs, it is important to move beyond conventional
text-overlap metrics and answer accuracy, because fluent responses may still be tempo-
rally misplaced or unsupported by video evidence. For temporal alignment, tloU-based
Recall@K and mean IoU, which are widely used in temporal sentence grounding and
moment retrieval, can be adopted to evaluate whether the model grounds its output in the
correct video segment [106]. For evidence fidelity and hallucination analysis, video-specific
benchmarks such as VidHalluc provide a useful reference by evaluating hallucinations
related to actions, temporal sequences, and scene transitions in multimodal large language
models [107]. Therefore, future Video-LLM benchmarks should explicitly incorporate
these or similar evidence-grounded metrics, especially for long-video question answer-
ing, dense video captioning, and generative reasoning tasks, so as to distinguish models
that merely produce plausible language from those that generate temporally aligned and
evidence-faithful responses.

5.6. Challenges and Future Directions

Several research directions follow from the above analysis. First, long-video under-
standing requires temporally efficient and evidence-sensitive neural computation. Instead
of simply extending context length or uniformly increasing the number of sampled frames,
future models should learn event-centric memory, adaptive frame or clip selection, and
hierarchical temporal abstraction. A key bottleneck in current architectures is that global
attention mechanisms tend to dilute fine-grained temporal boundaries when video length
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increases. This is particularly important because sparse or uniform sampling may miss short
actions, fast transitions, and causally important moments, thereby weakening temporal
grounding even when the final language response appears plausible. We hypothesize that
boundary-preserving temporal compression can improve long-range reasoning stability
under fixed computational budgets.

Second, multimodal video understanding should give greater attention to audio-
aware modeling. Many recent video-language systems still rely primarily on visual frames
and text, while audio is often used only indirectly through ASR transcripts or omitted
from the main modeling pipeline. A structural limitation is that most fusion architectures
align modalities at a coarse temporal resolution, which makes it difficult to preserve fine-
grained acoustic events such as prosody shifts or overlapping sound cues. However, speech
prosody, speaker emotion, music, environmental sounds, and non-speech acoustic events
can provide semantic and affective cues that are not always recoverable from visual frames
or transcripts alone. Future models should therefore treat audio as a first-class modality and
develop mechanisms for aligning acoustic events with visual actions, textual semantics, and
temporal evidence. We hypothesize that explicit audio-visual event alignment improves
robustness under partial modality missingness.

Third, generative video understanding needs stronger control over hallucination and
evidence grounding. Large language decoders improve the fluency and flexibility of cap-
tions, summaries, and answers, but a key failure mode is the weak coupling between
generated tokens and intermediate visual evidence representations. This risk is especially
serious when relevant frames are not sampled, audio cues are ignored, or temporal evi-
dence is ambiguous. Future systems should jointly localize visual, textual, and acoustic
evidence, distinguish observed content from inferred or uncertain content, and provide
calibrated confidence when evidence is incomplete or contradictory. A plausible direction
is to explicitly constrain generation with retrieval or grounding modules that operate on
structured temporal evidence.

Fourth, robustness under signal degradation should be more explicitly considered
when comparing recent video understanding models. Real-world videos may contain
visual noise, frame dropping, temporal truncation, ASR or OCR errors, subtitle mismatch,
missing modalities, or audio—video desynchronization. A key bottleneck is that most
current benchmarks evaluate models under clean and synchronized conditions, which hides
sensitivity to modality-level corruption. These degradations may affect model families
differently: video Transformers are vulnerable to corrupted or missing frames, video-
language pretraining models may suffer from weakly aligned text-video pairs, Video-LLMs
may hallucinate when fine-grained evidence is lost, and memory- or tool-augmented
systems may propagate errors from retrieval, ASR, OCR, or external tools. Therefore, future
benchmarks should report not only clean-set performance but also performance retention
under degraded visual, temporal, textual, and cross-modal evidence, for example using
relative robustness retention defined as Pyegraded / Pelean-

Finally, evaluation should become capability-level and decomposable. A benchmark
should enable asking whether an error arises from visual perception, audio understand-
ing, temporal localization, cross-modal alignment, semantic generation, hallucination, or
reasoning. A key limitation of current evaluation protocols is that they conflate these
failure sources into a single score, making it difficult to diagnose model weaknesses. Such a
decomposable evaluation framework would naturally align with the alignment-expression-
reasoning structure proposed in this survey and would make reported progress across
tasks more interpretable.
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6. Conclusions

The development of multimodal video understanding remains fragmented across di-
verse task-specific directions and isolated benchmark settings. To overcome this limitation,
this survey systematically analyzes state-of-the-art models and proposes a capability-based
framework organized around alignment, expression, and reasoning. By organizing rep-
resentative tasks, models, datasets, evaluation metrics, and benchmark results under this
framework, the survey clarifies the internal relationship among cross-modal matching,
semantic externalization, and evidence-based inference, thereby revealing the broader
transition from task-specific architectures to large multimodal models. The comparative
analysis indicates that recent progress is mainly driven by large-scale pretraining, fine-
grained cross-modal interaction, temporal evidence modeling, and large-model-based
generation, which jointly enhance the ability of models to represent complex video seman-
tics and support flexible multimodal understanding. Future research should consider not
only benchmark gains, but also scalable temporal modeling, robust multimodal fusion,
evidence-grounded generation, and decomposable capability-level evaluation, thereby fur-
ther improving the systematic development and practical evaluation of large multimodal
video models.
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