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ABSTRACT

Automatic Video Captions are increasingly important to use in applications
in the accessibility, search, education, and content moderation areas.
Generating accurate and context-aware captions is difficult for lengthy and
complex videos. Recent surveys focus more on language models than on
the vision side. This means that the contribution of visual feature extraction
towards the performance of the model is not studied properly. Here we

attempt to fill this gap by conducting reviews of video captioning literature
from the vision viewpoint, comparing CNN-based and transformer-based
feature extraction, and detecting trends, pros, and cons. Approximately 100
Video feature extraction papers published between 2017 and 2025 were reviewed and analyzed based
Vision-Language Models on the base vision, dataset, and evaluation metrics. The review classified the
CNN selected papers into CNN-based pipelines and transformer-based
techniques. Moreover, it compared their rank measured by application
popularity, dataset usage, and performance scores across popular
datasets/benchmarks. The review shows that CNNs were dominated before
2021, but transformer-based approaches now lead due to their ability to
capture long-range temporal dependencies and multimodal interactions.
However, CNNs continue to perform well for short videos. As for Dataset
usage, patterns show that ActivityNet Captions and YouCook2 are suited
for long-form reasoning because of timely manner captioning, while MSR-
VTT and MSVD are effective for short clips (one sentence caption). In
terms of Special semantic quality metrics, CIDEr and METEOR are more
semantically appropriate compared to n-gram quality metrics like BLEU.
This review emphasizes transformer-based architecture, particularly
multimodal models, which will be the future of video captioning. However,
challenges remain in handling lengthy videos, adapting across domains and
languages, and ensuring efficient deployment (small, optimized model).
Addressing these gaps will add value by making video captioning systems
more reliable, interpretable, and broadly usable in real-world contexts.
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1. Introduction

Automatic video captioning (AVC), or video (visual actions or activities) to text generation. It is one
of the methods of teaching computers to describe moving images in natural language. Image captioning,
when models describe the event only out of one frame, because of that, it occasionally misinterprets the
surrounding area or even. But AVC is not such. It breaks down each moment frame by frame, and then
describes the moment or event incredibly precisely of the video, since this time model can see more
surrounding areas and establish more connection between events. The uses are not hard to imagine.
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Hours of video could be scanned by search engines within a few seconds, moderators would do their job
more efficiently, and teachers could make the summaries of lectures without making an effort.

In comparison to the modern day, the primitive machines were cumbersome. They used manually
chosen features or inflexible templates, and this resulted in almost monotonous and monosyllabic
descriptions. The retrieval techniques were slightly better by copying the caption in a similar-looking
clip, but when something was changed (either a change of color or a change of shape), the system did
not find any match, and the system failed. It changed with the entrance of deep learning. CNNs [1] were
selected as the default to extract spatial and short-term motion features (previously CNN was the most
effective at extracting features in images), typically combined with RNNs such as LSTMs to chain those
features into text. These pipelines served well with short clips, but when videos became longer or the
action more complicated, the models lost track of what had already transpired. In essence, it forgot the
past action that occurred many years ago.

Transformers [2] changed the landscape again. They had already proven themselves in natural
language processing, and soon vision researchers adapted them into models like Vision Transformer [3],
TimeSformer [4] and Video Swin. Unlike RNNs, Transformers could connect events across distant
frames without grinding step by step through every image. On benchmarks, they began overtaking the
older CNN-RNN pipelines. More recently, multimodal large language models such as BLIP-2 [5],
Flamingo [6], Video-LLaVA [7] have pushed the idea further by trying to combine visual and linguistic
reasoning inside a single Transformer-based framework. They are still new and not yet the standard, but
the field seems to be moving in their direction. Even so, most surveys [8], [9], [10], [11], [12], [13],
[14], [15] of video captioning still lean heavily toward the language side: attention mechanisms, datasets,
or decoder design. The visual part of the pipeline, the step that decides what the model “sees” before it
ever speaks, often gets little more than a paragraph. And while MLLMs are sometimes mentioned, they
rarely receive a proper slot in existing taxonomies or side-by-side comparisons.

This review tries to shift the focus back toward vision. We look at CNN-based and Transformer-
based feature extraction, track how their roles have changed between 2017 and 2025, and examine the
datasets and evaluation metrics most researchers rely on. Our survey covers about 100 peer-reviewed
papers. The goal is not to deliver the final word, but to sketch where vision-focused strategies have
brought the field so far, where they continue to fall short, and which directions, though uncertain, seem
most promising for the years ahead.

The earliest systems for video captioning were built on two basic tricks: templates and retrieval [16].
This approach tried to find exact moments or kind of similar moments and describe them as fixed
sentences. A typical output might be something like “A person is walking in a park.” It was easy to
implement, but the captions quickly started to sound repetitive and flat. Retrieval-based methods tried
a different angle. Instead of filling in templates, retrieval methods tried to play matchmaker by scouring
a database for a video that looked roughly similar and then reusing its caption. This at least produced
grammatical sentences, but the moment a video showed something unusual or new, the system had no
clue what to do. Both of these approaches also leaned heavily on handcrafted features like SIFT [17],
HOG [18], or dense trajectories. Looking back, those features were never really built to capture the
messy, overlapping events you get in real-world video. At least it produced grammatical sentences, but
the moment a video showed something unusual or new, the system had no clue what to do. Both of
these approaches also leaned heavily on selected features like SIFT, HOG, or dense trajectories. Looking
back, those features were never really built to capture the messy, overlapping events you get in real-world
video.

DL (deep learning) redefined the entire process so it does not depend on pre-selected features, but
is trained to find the features automatically. The generic recipe was a CNN for vision, an RNN for text.
Using 2D CNN-RNN models, one can extract image features with pre-trained ImageNet [19] backbones
like VGG [20] or ResNet [21], average or pool them across time, and input them into an LSTM or
GRU decoder. This was further expanded with three-dimensional CNNs, eg., C3D [22] and I3D [23],
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which can extract features in a temporal manner. Hybrid models attempted to integrate the fine spatial
detail of 2D CNNs with the motion modeling of 3D CNNs. Other researchers added audio encoders to
record background noise or voice. The CNN-based models were better than the previous handcrafted
era. Nonetheless, these systems continued to prefer to work on fixed-length clips and frequently lost
long-range dependencies, such as attempting to recall the beginning of a movie having only watched the

middle.

Attention mechanism [2], which allow models to determine where and when to look. Temporal
attention [24] enables the decoder to pay attention to certain frames or moments; spatial attention to
particular regions or objects. In this potent model, scientists have started to add additional modalities:
the audio characteristics of models such as VGGish, or object localisations of Faster R-CNN [25] and
DETR. This attention mechanism helps to build a more accurate language model. It is enhanced by
future researchers to extract visual features. This multimodal combination frequently enriches captions,
particularly in dense video captioning, when you are describing several events in one, unedited sequence.
Attention still, however, was not a magic bullet to the problem of extracting information over very long
and complex videos. The assisting hand of the self-attention mechanism transformed everything.
Recurrence was substituted with self-attention, which enabled the models to correlate events occurring
in the beginning and the end of a sequence. Spatial encoding with Vision Transformers (ViT) [3] and
hierarchies like Swin Transformer [26] became popular, whereas temporal Transformers like
TimeSformer [26] became popular for spatial encoding, while temporal Transformers such as
TimeSformer [4] and Video Swin directly used spatiotemporal inputs. Soon, fully Transformer-based
encoder—decoder systems came in the field, blending video and text into a single modeling space. After
2021, the shift became noticeable. Nowadays, most researchers are using transformer-based encoders
rather than CNN-based visual feature extraction, supported by the growing availability of large-scale
pretraining datasets.

Most recently, Multimodal Large Language Models (MLLMs) such as BLIP-2 [5], Video-LLaVA
[7], Video-LLaMA [27], Ma-LMM (28], and others have pushed the idea further, aiming for unified
vision-language reasoning. These models used transformer-based vision encoders. Training these models
needed massive image-text or video-text datasets. Where decoder models that can handle richer text
generation and even follow instructions. They've shown surprisingly strong zero-shot and few-shot
results, meaning they can generate captions without much (or any) fine-tuning. We classify MLLMs
under the transformer umbrella, as their visual backbones almost always rely on transformer encoders.
However, this model is not well known because it was introduced recently. Their rapid growth indicates
that they are likely to become a more visible presence in future research.

Several survey papers have explored AVC and related vision-language tasks. Most of these works
describe or review the visual as well as the language side, or focus only on the language side, such as
decoder designs, attention mechanisms, and evaluation metrics. While these aspects are important, the
visual feature extraction stage tends to receive less attention, even though video feature extraction or
encoding the video is one of the most important parts. In many surveys, visual processing is often treated
as an initial step rather than a central component of the system. Because of this, there is limited in-
depth discussion on how different visual encoders, including CNNs and transformer-based models, affect
performance across various datasets and applications. At the same time, the recently developed MLLMs
have not yet been fully discussed in most survey frameworks. Although some studies mention MLLMs,
they are usually discussed separately and are not compared directly with earlier approaches in a consistent
way.

In order to overcome these limitations, we concentrated on the video feature extraction part. Which
models are most recently used? What kind of video encoder will be suitable for what purpose? Moreover,
we unite CNN-based and transformer-based models. The MLLMs framework on which we are based is
also based on transformers, thus simplifying the comparison of the various types of approaches. Table 1
clearly indicates how this work is different from previous surveys. It offers a systematic comparison along
some of its requirements, such as the research focus, design of taxonomy, integration of MLLMs, and
the degree of analysis of visual features. This survey offers a narrower and more systematic vision, as it
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focuses more on visual processing, has a better taxonomy, and offers a more coherent analysis of existing
solutions. This helps address several gaps that remain in the current literature.

Table 1. Comparison of Existing Video Captioning Surveys.

MLLMs iS00 .
Survey Year Focus Taxonomy Analysis Key Limitation
Included
Depth
Islam 2021 Video CNN-RNN-based No Low Focuses mainly on
et captioning architectures architecture, limited
al.[8] (deep analysis of visual feature
learning) extraction
Akhare 2022 Query-focused Task-based taxonomy No Low Focus on summarization
and video rather than caption
Shinde summarization generation
[9]
Liuet 2023 Video Task-specific taxonomy No Low Not focused on captioning;
al. [10] moment limited relevance to feature
localization extraction for captions
Abdar 2024  Deep learning General deep learning Partial Medium  Emphasis on models and
et for video taxonomy pipelines rather than
al.[11] captioning detailed vision analysis
Zhang 2024 Vision- VLM-based taxonomy Yes Medium  Broad scope across vision
et language tasks, not specific to video
al.[12] models captioning
Qasim 2025 Dense video Task-based taxonomy No Low Focus on temporal
et captioning localization and dense
al.[13] captions, limited
comparison of visual
encoders
Liu 2025  Dense video Dataset and task-oriented No Low Emphasis on resources and
and captioning taxonomy datasets rather than model-
Song level analysis
[14]
Liet 2025  Large vision- Transformer-based Yes Medium Focus on large models,
al.[15] language taxonomy limited discussion of
models classical approaches and
comparisons
This 2025  Vision feature CNN vs Transformer vs Yes High -
Work extraction in MLLMs +
video spatial/temporal/multimodal
captioning
2. Method

2.1. Study Selection Process

The review is semi-systematic to ensure that methodological rigor is maintained, as well as coverage
of new developments in the area of video captioning. The search of the literature was performed with
the help of several databases, such as Scopus, IEEE Xplore, Springer Nature Link, and arXiv. At the
search phase, the filters were applied to select only open-access and English-language publications.

A total of 890 records were initially identified. Then we found out the duplicate papers. We found
180, and we removed them. And 20 papers we didn’t consider for other reason. After removing we had
690 records for screening. During the title and abstract screening stage, 390 records were excluded based
on relevance, we studied them but those were not full fill our goal. After that we only had 300 reports
for full-text retrieval. Of these, 20 reports were not accessible, and 280 reports were assessed for
eligibility. After applying the inclusion and exclusion criteria (like some researcher using different metrics
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for evaluate their model or some are using unknown dataset), 97 studies were selected for final analysis.
The study selection process is illustrated using a PRISMA flow diagram (Fig. 1).

[ Identification of studies via databases and registers ]
Records removed before
£ Records identified from™: screening:
.‘ﬂ- Scopus (n = 255) Duplicate records removed (n
E IEEEXplore (n = 89) - = 180)
= Springer Mature Link (n = " Records marked as ineligible
g 241) by automation tools (n = 0)
Y
2 Arxiv (n = 308) Records removed for other
reasons (n = 20)
¥
Records screened Records excluded™
L »
(n= E.QI:I"J I[r'l = SQU}
Y
Reports sought for retrieval Reports not retrieved
@ in = 300) {n=20)
E
@
: '
@
N Reports excluded:
REE:résgassessed for eligibility . Not directly related to video
(n = 183) captioning (n = 78)
Focused mainly on
summarization, action
recognition, or retrieval rather
than caption generation (n =
42)
— v Insufficient methodological
R detail (n = 33)
T Studies included in review Did not report standard
T in=97) evaluation metrics or
< Reports of included studies benchmark results (n = 301
= in=497)

Fig. 1. PRISMA Flow Diagram of the Study Selection Process.

2.2. Inclusion and Exclusion Criteria

The studies were also incorporated in case they concentrated on automatic video captioning and
offered adequate methodological and experimental information. The papers that covered related yet
different tasks, like video summarization, action recognition, or video retrieval without caption
generation, were avoided. Other exclusion criteria were the lack of technical detail, the absence of
standard evaluation measures, and the research that was not in line with the scope of this review. A
study was only included if:

e  The study needed to be specifically on captioning videos (not summarization, not just action

recognition [29] ).

e It needed to describe in detail its vision feature extraction method.

e At least one standard set of captioning metrics (BLEU [30], METEOR [31], CIDEr [32],

ROUGE [33] ) had to be reported.
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e It used a dataset that was publicly available.

We filtered out papers that were either only on the language-modeling side or were not in English
or those that applied existing models without modification. After the process of screening full text, we
had around 100 papers and these were the established baselines as well as more experimental state of the
art systems.

2.3. Data Extraction and Organization

For each study, we documented some data:

e bibliographic information (authors, year, venue),

e the vision backbone (CNNs such as VGG, ResNet, C3D, I3D, or transformers like ViT, Swin,
TimeSformer).

e datasets utilized (with special emphasis on ActivityNet, YouCook2, MSR-VTT, and MSVD, as they
were the most frequent to be mentioned).

e evaluation metrics (BLEU, METEOR, ROUGE-L, CIDEr).

e the reported results for each dataset—metric pair.

This information was collected into a master table, which allowed us to compare methods without
constantly going back to the original papers.

2.4.Limitations of the Review

Though numerous efforts were done to guarantee the thorough and systematic analysis, there are
several restrictions that should be noted. The review contains only English-language and that paper
which can be accessed in free (open-access publications) first. Which may cause selection bias and leave
out other studies that were published in other languages or limited-access journals. Second, the addition
of preprint papers of arXiv and peer-reviewed publications can bring variability to the quality and
maturity of the methods analysed.

In addition, the chances of publication bias that can affect the results are also present because the
results of studies that reported positive or improved results are more likely to be published. The
heterogeneity of datasets and evaluation protocols applied in the studies is another important limitation.
Variations in benchmark datasets, preprocessing methods, and evaluation measures complicate to
compare methods directly and can impinge the applicability of the conclusions in general.

Finally, the review is a semi-systematic review; thus, it does not purport to cover all literature that is
available especially due to the fast-paced development of the video captioning field.

2.5. Classification Framework

To facilitate the understanding of the impact of the visual encoder influences on the performance,
the reviewed studies will be categorized according to the used visual feature extraction mechanisms
instead of the type of language model used. This perception underscores the role played by visual
encoding in development of downstream caption generation. Two main types are differentiated:

CNN-based methods: CNN-based models are based on 2D or 3D convolutional operations to
identify spatial and short-term temporal features on video frames. Hybrid methods (using CNN as
encoders and RNN as decoders) are variants.

Transformer-based methods: These models use self-attention mechanisms, such as vision
transformers or spatio-temporal transformers. Can learn long-range dependencies and more intricate
interactions in video sequences. Since there are numerous methods that can be classified under this
classification, the methods that use transformer are further divided as follows:

e Vision Transformer-based models: These approaches use transformer encoders primarily for visual
feature extraction, replacing traditional convolutional backbones.
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e Spatio-temporal transformer models: These are the models which are an explicit model of the
temporal relationship between the frames, using attention mechanisms in order to gain a better
understanding of the sequence of motion and events.

e Multimodal Large Language Models (MLLM): These methods are based on extending transformer
models to incorporate visual, audio and textual modalities within a single model. Which allows
models to have complex reasoning.

This hierarchical structure is a reflection not only of the architectural development of the discipline
but also of the growing focus on the time-based modeling and multimodal thinking. Although CNN-
based ones were dominant before 2021, transformer-based models have taken over as they are much
more capable of capturing long-range dependencies and cross-modal interactions.

2.6. Analytical Approach

We analyzed the selected studies in three ways:

e Popularity evolving over time: how the share of CNN-based vs. transformer-based approaches shifted,
particularly before and after 2021.

e Usage of datasets: what were the most common datasets used, and what they told us about the kind
of videos the researchers cared about (short videos, long unedited videos, instructional videos, etc.).

e Performance comparison: average metric scores across method categories and datasets, to highlight
where CNNG or transformers tended to perform better or worse.

We also examined the metrics themselves. Others, such as BLEU, are convenient, but restricted to
word overlap. These others, like CIDEr or METEOR, are more prone to capture semantic richness.
Based on these observations, we make suggestions about which evaluation tools may be more reliable in
future work.

3. Results and Discussion

3.1. Overview of Collected Literature

The final corpus analyzed in this review consists of 100 peer-reviewed studies published between 2017
and 2025. These works show how video captioning methods have evolved over the past decade, moving
from convolutional vision encoders to transformer-based architectures. For every study, bibliographic
details (Year), the specific vision feature extraction method (how each paper analyzed the vision part of
the paper), the datasets employed (In Table 2 we represent the dataset as roman number, such as
(Activity Net Caption [34]: i, YouCook2 [35]: ii, MSR-VTT [36]: iii, MSVD [37]: iv, ViTT: v, VATEX
[38]: vi, Flickr30k [39]: vii, CharadesEgo [40]: viii, NoCaps [41]: ix, Ego4D [42]: x, Charades: xi, M-
VAD [43]: xii).), and quantitative evaluation scores across standard metrics (Evaluation metrics we
collect BLEU@4, METEOR, ROUGE-L, CIDEr ) were recorded. This information was consolidated
into a comprehensive master Table 2, which serves as both a reference for the breadth of literature
covered and the empirical foundation for the subsequent trend, performance, and dataset analyses
presented in this section.

Table 2. Summary of Reviewed Video Captioning Papers (2017-2025) with Vision Methods, Datasets, and
Evaluation Results.

= on F [a4
.. . . S v © ® o =) s
Vision Feature Extraction/Following = & 5 5 s T
Year Ref. 5>~ =@ = ~ =) a
Method E = =3 =3 = o) @)
=) M p= &,
2025  [44]() TB 457 255 865 13.62 12.82
[45](0) TB 0.13 014 0.5
46] (i 2. . 4.92
60 - 68 9.05 34.9
[46] (if) 204 653 36.09
47](i . . .
O Ava-NEXT-7B TB 62,132 1.6
[47] (i) 17.1 23.0 24.0
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[ —
9 g ) & - -
Year  Ref. Vision Feature Extraction/Following _% “é_: % % é (E‘ 8
Method s B3 3 = 3 5
G M ) &

[48] (i) TB 192 751 39.06
SO 9.0 412
0 encoder. The f , q 4.0 18.5

[49] (11) isual encoder. € Hrst Step 1S to encode 36 15.4

——————————————————————— the video into features f = F(V), f€ RN «D , TB

[49] (i) 10.0 37.8

"""""""""""" where N is the feature resolution

5.8 25.2

7.1 32.9

48.0 294 637 521

TB
30.5 23.6 435 409
27.9  49.87

B
31.46 63.51
33.4 74.6
TB 51.0 179.1
17.6 131.2
2.38 8.55 33.01

TB
1.63 6.08 31.66
TB 0.284 0.387 0.589 1.738

32.8 26.7 554 889

21.0 239 495 331

TB 44.4 299 60.6 1114

18.4 19.0 40.8 33.8

35.3 28.6 572 1208

17.0 28.0
24.0 50.1
TB
145  17.97 3656 31.13
94  17.94 3455 487
21 773 28.9
TB
092 453 23.21
TB 206 822
TB 375 187 833
B 12.75 16.01 29.35
[60] (i 099 481 24.11
C[61]G) 3D 4 TSP + 3D - 11.7 16.35 33.33
[61](ii) 1.04  5.01 26.52
[62]G) TB 3.1 0.63 634
(63]G) CNN + DETR TB 1.88  8.61 29.97
2023 oG 1D TB 413 18 1054 30.62
(65]() CB 11.36 16.56 26.16
e 2D-CNN + 3D-CNN
[65] (i) CB 778 16.56 33.92
[66] () 2.7 7.5
——————————————————————— CLIP TB
[66] (i) 2.1 4.9
[67]G) 13D + C3D + VGGish CB 403 191 1024 32.82
. Audio - VGGish, Visual - I3D, Textual -
(68] () Word Embeddings CB 427 206  10.09
[69] () C3D CB 1.08  9.05 27.92
[70]() 098  4.85 23.87
——————————————————————— TB
[70]ii) 214 8.17 31.26
[71] (iii) 439 302 626 508
"""""""""""" 3D + C3D CB
[71](iv) 569 37.6 734 93.1
[
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on i a4 —
Year Ref Vision Feature Extraction/Following -_é 'é: % % % (E g
Method 20 =3 = = QS ®
M M p= &
[72](i) CNN + Transformer TB 0.87  11.99 2325 0.86
[73]G)  C3D and TSN CB 11.01
(74])  CLIP TB 1338 1748 350 31.29
[75](i) R(2+1)D and SA-TSP + I3D CB 11.5
[76](1) """" ResNet-200 + BNInception TB 13.2 17.55 331 28.32
[76] (if) 1676 9.82 1823 3732 49.18
[77]1(G) VGGish + I3D + HOI + GloVe CB 10.91 9.45 16.36
[78](iv) EfficientNet B7 network CB 77.8 75.0 34.7
[79](ii) TB
[80](1) ResNet200 + BN-Inception CB 12.45 16.43 30.08
[81]G)  Bi-SST + C + IIC (C3D features) CB 401 191 789 192 11.01
1821(9) TB 1031 1578 23.72
2022 [83]G)  C3D CB 9.25
84](3) 358 168 791 23.02
I B 0.89  4.94 19.7
[8516) . 384 210  9.64 188
85](ii) 1049 0.96
860 cp 558 389 1289 2537 265
[86] (if) 109 431 1051 9.07
[87] Giii) . 435 290 627 515
e fee InceptionResnetV2 + C3D + Faster-RCNN CB
187](iv) 592 377 751 1040
[881Gii) 469 313 647 612
[88] (iv) 457 309 643 607
L B 42 303 626 574
[88] (iv) 565 392 769 1127
[891G) g 22 12 582 10.87
[89] (if) 2.43 4.88
[90] (i) C3D + TSN + Faster R-CNN CB 2.84 9.74 28.09
[91](1) """" MART feature extraction (local & global) TB 1021 17.38 23.66
[91] (if) 787 165 347
[921(9) TB 133 271 7.06 14.25
[931(9) TB 2045 158 10.24
[94](3) TB 604 278 11.79
[95](i) ResNet + C3D CB 15.8 12.6
[96](1) ResNet + R3D CB 9.45 16.36 19.4
[971G) TB
[98]G)  C3D CB 133 278 749 13.02 2121
2021 [99](1) ResNeXt-101 + ImageNet CB 18.51 1439 193
[100] () , 521 247 1093 2232 14.68
——————————————— 7 R-CNN + Bi-RNN CB
[100] (id) 13 402 1028 3.08
[101]Gv)  Inception-v4 + R(2+1)D + Faster-RCNN CB 0.504 0.342 0.708 92.43
[102](iii) 408 283 608 495
——————————————————————— CB
[102] (iv) 528 355 729 943
[103](xi)  residuals-assisted encoder (RAE) for video CB 16.5 18.0 21.0
[103](iii)  feature extraction 42.8 29.3 48.7
[104]Gii)  CLIP TB 472 312 648 600
VGG16, seq2seq(VGG16 (fc7 layer) for visual
feature extraction,time-distributed FC layer,
[105)v) two bidirectional LSTM layers with Stacied cB 0-3961 0.1886
Attention and Spatial Hard Pull)
B
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" o & =5
Year Ref Vision Feature Extraction/Following E §.: % % é (E g
Method SU =3 = = Q o
) =) p= &,
[106]G) . 153 1104 213 282
[106] (if) 164 122 2797 41.44
e o 5,74 1129
[107] i) 3.7
[108]G) TSN CB 285 1149 49.34
[109]G)  CNN Feature CB 287 135 621 13.82
[110](3) Resnet200 + I3D CB 291 5.32 11.28 14.03
2020 L1110 C3D+ 3D CB 26 107 731 15.3
[112]G) 13D CB 384 188 844
B0 oD and 53D CB 1204 1382 3905 38
[113] Gid) TB 1243 331 09
51223) R(2+1)D + T5 + finetune CB 45137 fii
[115]Gii) Encoder (CNN + LSTM) CB 390 341 285 62.0
[116](111) InceptionResNet-v2+ C3D CB 399 275 599 403
[116] iv) 472 343 709 72.1
[117]G)  C3D CB 10.71 31.41
[118]G)  C3D + PCA CB 263 519 954 2298 15381
[119]G) 3D CNN + 3D Segment-of-Interest pooling TB 1.63 4.06 8.81 19.63 19.88
[1201G)  C3D CB 082 169 478 96  10.53
[121G)  C3D CB 294 093 882 30.68
[122]()  NaN CB 9.9
VFE Not addressed
 VideoBERT TB 68 404 1101 275 049
2019 [123](3) VFE Not addressed
VideoBERT s S3D TB 7.59 4.33 11.94  28.8 0.55
[124] (i) , 0.404 027 061 0483
"""""""" . Inception-Resnet-v2 CNN + LSTM CB
[124] (i) 048 0336 0705 0.865
IESICO NN B 414 282 46.9
[125] (iv) 569 362 90.6
2610 g pNer 4 GoogLLeNet CB By 324 T80 94
[126] (iv) 500 343 866 702
[127]G) CNN TB 447 223 9.56
[128]G)  CLIP TB 584 1352 1475 25.88
[129]G) 3D CNN CB 441 23 96 191 1628
[130]G)  C3D CB 227 074 693 13.21
[131]G) GRU CB 262 127 63 1255 1877
[132]) CB 40 1244 311
[133](111) Inception-V4 + SA-LSTM + Reconstructors 39.1 26.6
[133]Giv)  (Global) CB 52.3 34.1
2018 [133](111) Inception-V4 + SA-LSTM + Reconstructors 59.3 42.5
[133]Giv)  (Local) 69.8  80.3
Faster-RCNN + Bi-directional LSTM +
[134] (iv) LSTM with Attention CB 0.554 0.438 0.326 0.693 0.522
IJ6D o BiLsTM cp 204 188
[135](iii) 41.3 28.7 617  48.0
[136] () ResNet + C3D(CGN only (visual features 265 264
only)) CB
[136] Giv) ResNet. + C3D(DSN + CGN (dynamic 35.9
semantic features only))
[ S
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on i a4 —
Year Ref Vision Feature Extraction/Following -_é “é: % % é é‘l g
Method 2" | | =) o O
) 2] p= &,
.. ResNet + C3D (DSN + SSN + CGN
[136](iii) (SeFLA)) 41.8 60.1
. ResNet + C3D (DSN + SSN + CGN
136160 g ey Ay 50.0 94.3
[136](iv)  ResNet + C3D (SSN + CGN ) 41.4
GoogLeNet and Inception-v4 (Multi-Task
Video Captioning with Entailment CB 54.4 359 727 83.0
Generation)
. GoogLeNet and Inception-v4 (Multi-Task
[137]v) Video Captioning with Video Prediction) B >4 356729 88l
GoogLeNet and Inception-v4 (Multi-Task
Video Captioning with Video Prediction + TB 526 350 715 844
Entailment Generation)
2017 [34]()  C3D CB 845 552 10.03 29.92
[138](v) C3D 567 469 314
[138](xi) C3D + VGG CB 6.9
[138]Giv)  C3D + VGG 60.1 51.1 32.6
[139] (iii) CB 442 294 626 505
2-D/3-D CNN to extract visual features
. from selected video frames/clips, producing
[140] (iv) CB 628 528 335 74.0

video representations through mean pooling

over these visual features

3.2. Popularity Trends in Vision Feature Extraction Methods

The year-by-year breakdown (Fig. 2(1a,1b) & Fig. 3): CNN-based vision models dominated the field
in early period. But transformers have been steadily catching up and after 2021, overtaking them. Early
papers almost universally relied on 2D CNN + temporal modeling (LSTM, GRU) [141] or 3D CNN
variants, because at that time CNN was the best visual feature extraction model layer. Transformers were
mostly used for encoding and decoding text. In total (Fig. 2(a)), across 2017 to 2025, 57.4% of the
papers we reviewed used CNN-based mode for video analysis. In contrast, 42.6% of the papers used
transformer-based methods. Before 2021, transformers barely registered in the vision feature extraction
slot. From 2021 onward, the transformer line in the plot tilts sharply upward, crossing the CNN line
and staying ahead.

Popularity of Methods in Research Papers Method Type Distribution

56 [ Transformer-based
56 — —_ /

43

42.6%

Popularity

CNN-based Transformer-based

Method Type Msei

(a) Popularity of Methods (b) Method Distribution

Fig. 2. Method popularity and distribution over (2017-2025).
|
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Method Type Popularity Before and After 2021

Before 2021
2021 & After

Mumber of Unique Papers
= ] %]
< =] +
1 1 1

=
%]
|

T T
CNN-Based Transformer-Based
Method Type

Fig. 3. Method trend before and after 2021.

This is not a coincidence. The multi-head self-attention mechanism has been around since 2017, but
it wasn’t until models like CLIP [142] appeared in 2021. CLIP shows that text and image alignment
could work on a scale. That helps vision-language transformers gain serious traction. Nowadays hardware
is advanced and there are many open sources, free to access large pretrained checkpoints are available
online, which lowered the entry barrier. Video captioning researchers followed the broader computer
vision shift toward transformer-based encoders.

Even though transformers became more popular after 2021, CNNs are still widely used in many
research papers. This demonstrates that CNNs can still be utilized in some scenarios, especially when
computing power is limited or when there isn’t enough training data (video captioning data) for
transformers. Transformers usually need strong hardware to compute and train with large datasets to
perform well. On the other hand, CNNs can also be effective despite having fewer resources. So, while
the shift toward transformers is clear, it’s not a complete replacement. CNNs continue to play an
important role, making the change more like a gradual handover than a full takeover.

3.3. Dataset Usage Patterns

The choice of dataset plays a critical role in the development and evaluation of video captioning
models. Different datasets vary in size, domain coverage (like some datasets for action detection, some
for only cooking item description), video length, annotation style, and degree of temporal segmentation.
For video captioning, there are many datasets, but commonly used ones include ActivityNet, YouCook2,
MSR-VTT, MSVD, ViTT, VATEX, Flickr30k, CharadesEgo, Ego4D, Charades, and M-VAD. In the
papers we collected, most researchers like to use ActivityNet Captions, YouCook2, MSR-VTT, and
MSVD datasets (Fig. 4).

Few researcher used multiple datasets to train their models. Some researchers combine the datasets
so that the model can perform well. Table 3 summarizes four of the most widely used caption datasets
in current research: ActivityNet Captions, YouCook2, MSR-VTT, and MSVD. ActivityNet Captions
dataset is designed for dense video captioning. That means models must write several short descriptions
for different parts of the same video. Built on the ActivityNet v1.3 dataset, it contains over 100,000
sentence descriptions paired with approximately 20,000 untrimmed YouTube videos. This dataset is
particularly suited for tasks requiring an understanding of long-form video content and detecting
transitions between semantically distinct events. It is widely used to test how well models can describe
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videos and find the right time for each sentence. YouCook2 dataset focuses on the cooking domain. It
comprises more than 2,000 long untrimmed instructional videos. Each video is segmented into a
sequence of cooking steps with annotated temporal boundaries and step-specific captions. This makes it
valuable for evaluating models’ ability to handle procedural narratives and follow multi-step instructions.
Due to its domain specificity, YouCook2 is often employed in research on recipe understanding and
instructional video summarization. MSR-VTT dataset is a large-scale, general-purpose resource
containing 10,000 short video clips sourced from the web. Each video is paired with 20 human-written
captions. This variety helps the model learn to describe the same video in different ways. Covering a
broad range of topics, from news and sports to music and movie trailers. This dataset serves as a robust
baseline for evaluating caption generation in open-domain scenarios.

ActivityNet

66

Fig. 4. Dataset Usage in Papers.

Table 3. Summary of Benchmark Datasets Commonly Used in Video Captioning.

Dataset Video Captions Temporal Domain Primary Purpose
Length  per Video Segmentation
ActivityNet -2 min -3-4 Yes General Dense video captioning,
Captions [26] activities temporal event localization
YouCook2 [27] -5-10 -7-15 Yes Cooking Procedural understanding,
min procedures instructional video captioning
MSR-VTT [28] 10-30 sec 20 No General web General-purpose captioning,
videos text-video retrieval
MSVD [29] 10-25 sec -40 No General web Small-scale captioning, model
videos prototyping, multilingual
studies

MSVD (Microsoft Video Description Corpus) dataset is comparatively smaller, with 1,970 short
YouTube videos. Each of them is accompanied by roughly 40 English captions and additional
multilingual translations. Its smaller size makes it ideal for quick testing and experiments without heavy
computing needs. Furthermore, its multilingual annotations have supported research in cross-lingual
and multilingual video captioning. In Fig. 5, we plot the dataset video average length and the zone of
the dataset. Here, the domain generality scale is 1 to 10. 1 means highly specific or limited zone; on the
other hand, 10 means highly general. If the score is near 10, it means we can use this dataset for every
sector.

The scatter plot highlights how different video captioning datasets vary in average video length and
domain generality, guiding their optimal use. MSR-VTT and MSVD are short and cover many subjects,
making them great for general tasks and quick testing. MSVD also has several languages. ActivityNet
Captions has longer videos and more intensive annotations, which are better suited to tasks involving
localization of sentences in time and comprehension of intricate event transitions. YouCook2, on the
other hand, is most suitable for domain applications. The latter, e.g., instructional video summarization
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and procedural reasoning, is due to its long-form cooking videos and lack of generality. The selection of
the appropriate dataset is contingent on the scale of the task: MSR-VTT or MSVD are good general-
purpose models, whereas the structured or instructional tasks require ActivityNet or YouCook2.

10 Video Captioning Datasets Landscape

S MSRATT

a8t ActivityNet Captions

X MsvD

4t ><Y0uC00k2

Domain Generality (1 = highly specific, 10 = very general)

00 1 2 3 4 5 6

Average Video Length (minutes)

Fig. 5. Dataset Comparison by Average Video Length and Domain Generality.

3.4. Evaluation Metric Analysis

A video captioning system is not so easy to evaluate its effectiveness compared to a leaderboard (Table
4). Such common evaluation systems as BLEU, METEOR, ROUGE-L, and CIDEr were initially
designed to handle machine translation or summarization. And they each have their own peculiarities
when applied to image and video captions. BLEU is quick and replicable across studies, yet laser-focused
on the exact n-gram matches that fail to consider the actual meaning. It implies it can reinforce robotic-
sounding captions. METEOR attempts to fill in that gap by identifying synonyms and paraphrases, but
requires lexical support, such as WordNet, and is slower. ROUGE-L is sensitive to sequence structure.
It may be practical when the textual flow of the sentence is more important than the use of words,
though it’s still blind to meaning. CIDEr is designed for captioning and rewards rare, informative words,
but is only effective when captions of good references have been made that can be compared.

Table 4. Summary of Benchmark Datasets Commonly Used in Video Captioning.
Metric Primary Core Strengths Limitations Recommended
Objective Computation Use in Video
Captioning
BLEU Checks how Counts matching  Quick to Overly focused ~ Large-scale
(Bilingual many words and n-grams (1-4) compute, easy to  on exact word benchmarking
Evaluation short phrases in and applies a compare across matches; where speed and
Understudy) the candidate brevity penalty. papers, well- ignores reproducibility
match the established in synonyms and matter more than
references, with a benchmarks. deeper nuance.
penalty for being meaning.
too short.
METEOR Try to capture Uses a weighted ~ Better correlation ~ Slower to Research tasks that
(Metric for meaning, not just  precision—recall with human compute; value semantic
Evaluation of wording, by score with a judgment than depends on accuracy and
Translation with  considering penalty for word ~ BLEU; external lexical ~ human-like
Explicit synonyms, stems,  reordering. recognizes resources like language use.
Ordering) and paraphrases. WordNet.
[
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Metric Primary Core Strengths Limitations Recommended
Objective Computation Use in Video
Captioning
alternate
phrasings.
ROUGE-L Measures how Finds the longest  Good at catching  Still surface- When preserving
(Longest similar the common sentence-level level; doesn’t sentence structure
Common sequence of subsequence and  structure and account for is important,
Subsequence) words is between  normalizes by narrative flow. synonyms or storytelling
candidate and recall and meaning. captions.
reference. precision.
CIDEr Rewards captions ~ Uses TF-IDF- Built specifically ~ Needs several Main metric for
(Consensus- that align with weighted n-gram  for captioning; high-quality assessing
the consensus of  similarity across favors references; informativeness

based Image

multiple human-

all references.

informative, less

scores drop

and overall

Description

Evaluation) written common words; with noisy or alignment with
references. correlates well inconsistent human
with human data. descriptions.
scoring.

Comparing CNN-based and Transformer-based methods in these metrics (Fig. 6) we found a number
of trends. In this case, it is possible to observe that transformer-based models were more likely to give a
high median score on BLEU and CIDEr. What is accentuating their capability to portray bigger contexts
and deliver more informative captions. Nonetheless, there was also heavier variance in their scores,
indicating that they tend to perform well, but occasionally they may fail badly.

Box plot of Evaluation Scores by Method Type

Evaluation Metric
BLEU@1
BLEU®@2
BLEU@3
BLEU®@4
METEOR
ROUGE-L

E CIDEr

T .

CNN-Based

150

ooEm

100

Evaluation Score

8

Transformer-Based

Method Type

Fig. 6.Box plot comparing evaluation scores across CNN-based and Transformer-based methods using

BLEU®@1-4, METEOR, ROUGE-L, and CIDEr.

CNN-based models remained competitive in lower-order BLEU scores (BLEU-1, BLEU-2) but
performed worse than those that consider more informative semantics, e.g., CIDEr and METEOR. That
disparity is not that unexpected; Transformer is better able to capture long-range dependencies and
incorporate context of other sections of a video. Simpler, surface-level descriptions still may be done
using CNNG. Selecting the appropriate measures of evaluation and knowing how they interplay with the
other model types is key to making an unfair but valuable evaluation in the video captioning study.

3.5. Comparative Performance by Method, Dataset

Fig. 7 shows a comparison of average evaluation scores between CNN-based and transformer-based
methods. These four widely used datasets (ActivityNet Captions, MSR-VTT, MSVD, and YouCook2)
are benchmark datasets used to show which types of models are doing well in all kinds of situations.
Across all metrics, transformer-based models outperform CNN-based counterparts. This confirms
transformer-based models’ stronger ability to capture temporal dependencies and semantic relationships
between image and text. The difference in performance can be best observed in the MSVD and
YouCook2 datasets.
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Fig. 7. Average evaluation scores for CNN-based and Transformer-based methods across four commonly used
video captioning datasets.

MSVD consists of short video captioning. This dataset consists of well-structured video clips with
several captions written by humans. Models are able to achieve high BLEU, METEOR, and CIDEr
scores due to the large number of reference descriptions, which match a wider range of possible
phrasings. YouCook2, on the other hand, contains lengthy videos with complex event sequences. The
high performance of transformers on this dataset indicates that they are strong at modeling long-term
temporal dynamics compared with CNN-based encoders, which are based on fixed-length feature
aggregation.

However, this advantage should be interpreted with caution. Those datasets of shorter clips have
more linguistic annotations, such as MSVD. On the other hand, lengthy video datasets such as
ActivityNet Captions are more realistic in terms of their real-world characteristics, as events are longer-
lasting and annotations are less common. Its captions are based on time, like subtitles, not like a full
summary. Consequently, high scores on short and well-annotated datasets may not directly translate to
similar accuracy in open-domain, real-world video captioning scenarios. The observations highlight the
importance of balanced benchmarking that takes into consideration clip length as well as linguistic
diversity in determining model performance.

4. Challenges and Insights

This part unites the key findings of the reviewed literature, outlines the main issues, existing gaps,
the new tendencies, and potential future outlines of automatic video captioning.
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4.1. Key Challenges

Although it has made tremendous improvements, there are still a number of challenges facing the
development of video captioning systems. The representation of long-range temporal dependencies in
video sequences is one of the key problems. Despite the enhanced temporal reasoning, transformer-
based architectures are expensive in terms of computation and may not be as effective in ensuring the
continuity of longer video stretches. Multimodal alignment is another important matter. Multimodal
information integration, combining visual and textual messages and, in certain cases, audio, remains a
challenge. A lot of models cannot represent small-grained associations between visual happenings and
linguistic explanations. That is the reason why at times it generates the partial or not quite precise
captions. Also, quality full dataset is another factor. Some datasets are not properly captioned; even if
they caption or describe it properly, the number of captions for each video is not sufficient.
Generalization across domains is another challenge. In case a dataset is built on the basis of a small
number of actions or a single type of event, training a model with such a dataset will lead to a biased
model. Moreover, the growing complexity of new architectures, especially transformer-based and
MLLM models, that will be required to satisfy high computational demands and be challenging to
implement such models in real-time or with limited resources.

4.2. Limitations of Existing Approaches

The critique also indicates that there are various constraints in current research practices. The
characteristics of datasets greatly influence model performance. In case a model is trained on domain-
specific data, it is hard to apply findings to other benchmarks. Popular evaluation measures, such as
BLEU, METEOR, ROUGE, and CIDEr, are not without limitations. Such measures are not necessarily
effective in capturing semantic meaning and contextual relevance. This causes differences between
automatic assessment scores and human judgment. The other significant limitation is the absence of
standardized evaluation protocols. The datasets, preprocessing procedures, and experimental design of
various studies differ, and it is not easy to compare the findings of different studies fairly. Additionally,
although MLLMs have shown promising capabilities, their integration into video captioning systems is
still inconsistent, and their performance hasn't been thoroughly evaluated on standard benchmarks.

4.3. Trends and Insights

The study can be observed to have several significant trends. One of the significant changes is the
transition from CNN-based feature extractors to transformer-based architectures, especially since 2021.
Transformers have facilitated this change by their ability to better capture long-range dependencies and
deal with complex multimodal interactions. Meanwhile, MLLMs also exhibit a strong movement
towards cohesive vision-language systems that can generate captions more flexibly and context-awarely.
At the same time, a temporal-aware model was also important. The other important point is that the
performance of the models can frequently be highly dependent on the data used. These notes point to
the increasing necessity of better guidelines in the choice of suitable models, depending on the
requirements of the application, and the characteristics of the data.

4.4. Future Research Directions

Resting on the outlined challenges and trends, it is possible to determine numerous significant
directions of further research. Creating low-cost, efficient techniques for captioning long videos.
Another area of concern is the enhancement of multimodal fusion methods. Since it can be done more
precise matching of visual, textual and audio information. Improving the strength and generalization
ability of models, which are able to comprehend all domains (all types of events). And, how we will
assess models, most important research. If the evaluation metrics are unable to evaluate all the aspects
of the video, then it will be a disaster. Thus, more sophisticated assessment systems that are more
indicative of semantic meaning and human judgment are urgently needed. Future research must also
focus on the ways of enhancing the integration of multimodal large language models in video captioning
systems. This involves putting them to the test on various datasets and in the field. Lastly, the
development of light and resource-efficient model designs is also a significant issue, especially when it
comes to real-time and edge deployment.
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4.5. Practical Guidelines for Model Selection

According to our analysis, we can give several practical recommendations (Table 5) which could assist
in the selection of the appropriate video captioning models in various situations. In the case of short
videos, CNN-based models tend to perform well. They do well at deriving spatial features and cost
significantly less in computing resources. Transformer-based models, on the other hand, can be used in
longer or time-varying videos. They are preferable since they are able to represent long-range
dependencies and temporal relationships in a better way.

Table 5. Guidelines for Model Selection in Video Captioning.

Application Scenario Recommended Model Type
Short-duration video captioning tasks CNN-based approaches
Long-video understanding and temporal reasoning Transformer-based architectures
Multimodal reasoning and context-aware generation Multimodal Large Language Models (MLLMs)
Real-time or resource-constrained deployment Lightweight CNN-based models

Multimodal large language models (MLLMs) are more effective when the task demands more
semantic processing or multimodal reasoning, e.g., context-sensitive captioning. Nevertheless, they are
more computationally demanding and thus might not suit real-time applications or resource-constrained
devices. Lightweight CNN-based models can also be used as an effective alternative in such situations.
Thus, to choose a proper model, the complexity of tasks, the time requirements, and at-hand
computational resources should be taken into account carefully.

5. Conclusion

In recent years, video captioning has evolved. It shifted to more dynamic deep learning systems, rather
than the more rigorous CNN-based systems of template and retrieval. Older systems operated on CNN-
RNNs. Next, there were Transformers and then multimodal large language models (MLLMs). An
analysis of 100 publications of 2017-2025 indicates evident tendencies. Nevertheless, these tendencies
are not necessarily as simple as they can be displayed in a chart. CNN-based architectures prevailed before
2021. They replaced Transformers, particularly when they were multimodal. This is not merely a change
brought by a single architectural invention. Transformers are renowned for long-range interactions and
subtle interactions between visual and textual inputs. The patterns of using databases have a different
story. ActivityNet Captions, YouCook2, MSR-VTT, and MSVD continued to appear as the benchmarks
of choice, but not all of them evaluate the same capabilities. Smaller datasets that are well captioned are
likely to give inflated metric scores, whereas long-form video sets will always reveal the weakness in a
model. High BLEU or CIDEr scores can also be readily interpreted as evidence of improvement, but
measures based on n-gram overlap tend to favor superficial overlap over true semantic accuracy. In other
cases, a model can be overheard to be so sure in describing something that was not occurring on screen.
Despite this, recent years have brought momentum; there are still big challenges to overcome, like
dealing with multiple minutes or hours of content without losing the thread, switching domains, and
switching between languages (and doing so in a graceful manner), maintaining less biased datasets, and
maintaining computational requirements at a lower level to be used more widely. Such aspects as
hierarchical temporal modeling, retrieval-augmented generation, domain-aware pretraining, bias-aware
dataset design, and more methods of evaluation that can measure what we actually care about in a caption
are possible solutions. In perspective, it is reasonable to expect that the future generation of advancement
will be built on a combination of trimmer Transformer-type frameworks, MLLMs and systems which
are able to access external knowledge as it is required. Assuming these components can be coordinated,
then maybe we will have captioning systems that not only pass the test but actually stand up in the
slipstream of the real-world context, ranging from assisting somebody in a cooking tutorial in their own
language to marking objectionable content on a social media platform. The speed or slowness with which
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we arrive at it will be less due to the pursuit of the next metric score of higher rank and more to creating
models that people themselves have confidence in to explain what they observe.
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