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Abstract - With the rapid development of multimedia
content on digital platforms, there is more and more need for
intelligent systems to understand and describe videos in
natural language. Automatic video captioning is a task that
seeks to produce natural language descriptions of the spatial
and temporal content in visual sequences. This paper studies
the recent deep learning-based video captioning methods,
and presents a new hybrid architecture based on EfficientNet
for spatial feature extraction and Long Short-Term Memory
(LSTM) network for temporal modeling. The model also
includes analytic validation mechanisms that check for
semantic coherence, temporal order and linguistic fluency.
An extensive analysis of the state of the art from CNN-RNN
hybrids to Transformer-based models and GAN-based
models is presented with comparison results on standard
benchmarks (MSVD, MSR-VTT, ActivityNet Captions). We
investigate empirical results from previous work to
demonstrate current capabilities and limitations in spatial-
temporal learning, contextual reasoning, and caption fluency.
Experimental results of existing hybrid model yields superior
BLEU-4, CIDEr and METEOR scores to a state-of-the-art
video captioning method, which verifies its effectiveness for
context-aware and semantically rich video captioning.
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1. Introduction

The exponential growth of multimedia content across social platforms, surveillance
systems, and educational archives has intensified the need for intelligent systems
capable of describing videos in natural language. Video captioning—bridging
computer vision and natural language processing—aims to generate syntactically and
semantically coherent descriptions for visual sequences. Recent trends emphasize
multi-modal fusion to integrate complementary cues and improve caption quality,
particularly for dense or complex scenes [3], [4]. While CNN-RNN pipelines (e.g.,
CNN for spatial encoding and LSTM/GRU for temporal decoding) established early
baselines, they often struggle with long-range temporal coherence and contextual
fidelity in real-world videos [9], [10], [8].

Concurrently, transformer/ViT-based architectures have improved global dependency
modeling and language fluency, but can be computationally demanding and sensitive
to domain shifts [13], [10]. Reviews and surveys underline a shift toward hybrid
approaches that combine scalable visual encoders with attention-driven or recurrent
decoders, enhanced by semantic priors or auxiliary objectives [6], [7], [1]. Building
on these insights, this review synthesizes architectural trends, datasets, and evaluation
practices across recent deep learning approaches. It also outlines an enhanced hybrid
perspective (e.g., EfficientNet for spatial features with LSTM for temporal reasoning)
to balance semantic grounding, temporal alignment, and computational efficiency,
while highlighting open challenges such as interpretability, domain robustness, and
multilingual applicability [3], [6], [7].

2. Literature Review

Research in video captioning has evolved from CNN—RNN pipelines to attention-
based, transformer, and hybrid frameworks, with increasing emphasis on multi-modal
fusion, semantic grounding, and domain-specific deployments.

2.1 Multi-modal fusion and dense captioning

Multi-modal feature fusion (visual, audio, motion, text) has shown consistent gains
in fluency and detail. Huang et al. fuse heterogeneous features for dense captioning
and parallel generation, demonstrating more complete event coverage [3], [4].
Complementary works extend fusion to low-resource or domain-specific scenarios
(e.g., Nepali captioning, semantic-context integration), indicating the portability of
fusion pipelines beyond mainstream datasets [8], [9], [21]. A recent systematic review
further consolidates design patterns and evaluation protocols for deep and hybrid
video captioning [1].

2.2 Transformer/ViT and attention-driven models

Transformer-based designs enable robust sequence modeling and long-range
dependencies. Varma and Peter adopt a transformer encoder for end-to-end
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captioning [10], while Nakamura et al. couple a Vision Transformer with a
transformer language model for movie captioning, improving temporal coherence in
edited footage [13]. In surveillance, Captionomaly exploits transformer encoders for
anomaly description, illustrating captioning’s pivot from generic description to task-
oriented narration [2]. Conference contributions continue to expand specialized
contexts (e.g., Japanese video captioning; DRL-assisted image-text matching),
showing the flexibility of transformer pipelines [12], [14].

2.3 Hybrid/auxiliary learning strategies

Beyond pure transformers, hybrid approaches combine scalable CNN/ViT encoders
with recurrent/attention decoders and auxiliary learning to stabilize training and
improve grounding. Adaptive spatio-temporal attention improves caption diversity
and coverage [5]. Semantic-context guidance and YOLO-assisted encoder—decoder
setups enrich object/action grounding in open-world scenes [9], [18]. Semi-
supervised schemes with pseudo-labels alleviate annotation scarcity, pointing to
practical paths for domain adaptation [16]. Community reports survey knowledge
graphs for relational reasoning and dataset evolution, underscoring movement toward
concept-level video understanding [6]. At the application edge, lightweight deep
captioning toolchains, scene-focused image-caption variants, and optimization-
oriented studies broaden deployability in constrained settings [11], [15], [17], [12],
[14].

2.4 Synthesis

Across the most recent literature, three converging themes emerge: (i) fusion-first
pipelines to capture complementary signals in dense scenes [3], [4]; (ii)
transformer/ViT backbones for long-range semantics with careful cost control [10],
[13], [2]; and (iii) hybrid strategies that couple scalable visual encoders with
recurrent/attention decoders and auxiliary objectives for grounding, robustness, and
data efficiency [5], [6], [16], [18]. These directions collectively motivate enhanced
hybrid frameworks that balance performance, interpretability, and efficiency across
diverse datasets and deployment contexts.

3. Proposed Work
3.1 Overview of the Proposed Framework

The proposed framework, termed the Enhanced Hybrid Video Captioning Framework
(E-HVCF), aims to bridge the performance gap between traditional CNN—-RNN
captioning models and advanced Transformer-based architectures by leveraging the
efficiency of EfficientNet and the temporal modeling capabilities of Long Short-Term
Memory (LSTM) networks. The core design objective is to maintain a balance
between semantic accuracy, temporal coherence, and computational scalability for
real-time video caption generation.

The architecture integrates multi-stage feature extraction, temporal sequence
modeling, and analytical validation modules into a unified end-to-end trainable
pipeline. Figure 1 (to be included) illustrates the workflow, which is divided into four
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functional stages: (i) Frame Extraction and Preprocessing, (i) Feature Extraction
using EfficientNet, (iii) Temporal Modeling using LSTM, and (iv) Analytical
Validation and Caption Generation.

3.2 Feature Extraction Using EfficientNet Encoder

In the first stage, video frames are sampled uniformly to ensure temporal coverage
and diversity. Each frame undergoes normalization and resizing to 224x224x3
dimensions. The EfficientNet-B4/B6 encoder, pretrained on ImageNet, is used to
extract high-quality spatial representations with compound scaling of depth, width,
and resolution. Compared to conventional CNNs like ResNet or VGGNet,
EfficientNet offers superior parameter efficiency and hierarchical spatial encoding
[3], [4]. The extracted embeddings capture object-level semantics, motion cues, and
spatial context for each frame.

These features are then aggregated as sequential vectors representing the entire video
clip. The encoder output dimension is denoted as F' € R<sup>Txd</sup>, where T
corresponds to the number of sampled frames and d the feature dimensionality
(typically 1024). This embedding sequence forms the input to the temporal decoder.

3.3 Temporal Sequence Modeling with LSTM Decoder

The LSTM decoder processes the sequential embeddings to learn temporal
relationships and linguistic structure. Its gating mechanism allows it to preserve long-
term dependencies while mitigating vanishing gradients common in recurrent
architectures [8], [9]. The decoder generates word sequences one token at a time,
conditioned on prior hidden states and encoder outputs.

Formally, the hidden state A<sub>t</sub> and cell state c<sub>t</sub> are updated
as:

he, ce = LSTM(E, hy—1,Cc—1)

where E<sub>t</sub> denotes the EfficientNet-encoded feature vector for frame .
The generated output passes through a fully connected layer and a softmax classifier
to predict the next word in the caption sequence. This hierarchical decoding allows
the system to align visual semantics with grammatical constructs in real time.

3.4 Analytical Validation Modules

To further enhance caption coherence, contextual robustness, and interpretability, the
proposed framework incorporates five auxiliary analytical validation modules. These
modules provide structured feedback during training to ensure consistent
improvement across spatial, temporal, and linguistic dimensions.

1. Spatio-Temporal Contrastive Caption Alignment (STCCA):

This module enforces semantic consistency between temporally adjacent
frames and their corresponding caption segments by using a contrastive
alignment loss. It reduces the risk of redundant or misplaced words in fast-
motion sequences.

2.  Cross-Domain Dual Adversarial Validation (CD-DAV):
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CD-DAV introduces dual discriminators one for semantic coherence and one
for linguistic fluency trained adversarially to improve caption realism and
generalization across domains [6], [7].

3. Memory-Augmented Graph Attention Validation (MAGAYV):

A graph-attention mechanism captures relationships among detected objects
and contextual regions. This module extends the decoder memory with
cross-frame relational embeddings, enhancing the understanding of inter-
object dynamics [5].

4. Self-Supervised Temporal Perturbation Testing (SSTPT):

SSTPT applies controlled perturbations to frame sequences to assess
temporal robustness. By comparing original and perturbed outputs, it
measures model sensitivity to minor temporal shifts, ensuring stable
captioning performance [14].

5. Hierarchical Reinforcement Evaluation (HRE-HIL):

Based on reinforcement learning principles, HRE-HIL evaluates generated
captions using reward signals derived from BLEU and CIDEr scores,
rewarding both fluency and relevance [19], [20].

3.5 Training Process and Optimization

The model is trained using a cross-entropy loss for next-word prediction combined
with auxiliary losses from the validation modules. The total objective function is
expressed as:

Liotar = Lece + MLsrcca + A2Lcp-pav + A3sLmacav + AaLlssrpr — AsRuyre—niL

where A<sub>i</sub> are weight coefficients balancing the contribution of each
module. Optimization is performed using the Adam optimizer with a learning rate of
5x107* The model is trained and validated on subsets of MSVD, MSR-VTT, and
ActivityNet Captions datasets [10], [20].

3.6 Key Advantages

e Improved Temporal Alignment: LSTM effectively captures sequential
dependencies and contextual transitions.

e Parameter Efficiency: EfficientNet reduces computational load while
maintaining high feature representation quality.

¢ Robust Caption Validation: The integration of auxiliary modules ensures
consistent improvement in caption fluency and contextual relevance.

e Scalability: The modular design supports extension to multi-lingual and
domain-specific datasets [7], [8].
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The Enhanced Hybrid Video Captioning Framework combines the lightweight yet
expressive EfficientNet encoder with the LSTM decoder, guided by analytical
validation modules that ensure stability, interpretability, and domain adaptability.
This architecture provides a promising direction toward explainable and efficient
video captioning systems capable of generating accurate and contextually grounded
textual descriptions across diverse datasets and application domains.

4. Comparative Analysis
4.1 Overview

To assess the effectiveness of existing deep learning architectures for video
captioning, a comparative analysis was performed considering model architecture,
dataset, feature fusion mechanism, and evaluation metrics such as BLEU-4,
METEOR, and CIDEr.

The reviewed models include CNN-RNN pipelines, attention-based hybrids, and
Transformer-driven approaches reported between 2021 and 2024. The proposed
Enhanced Hybrid Framework (E-HVCF) integrates the efficiency of EfficientNet
with the sequential reasoning of LSTM while embedding analytical validation
modules for improved fluency and contextual alignment.

4.2 Comparative Performance of Existing Approaches

Re | Author | Model / | Dataset | Key BLE | CID | METE
f. s/ Year | Techniqu Features / | U4 Er OR
e Innovatio
n
[3] | Huang | Multi- MSVD Dense 412 | 74.6 | 30.5
et al., | modal captioning
2023 fusion via
(audio + multimoda
visual) 1 fusion
[4] | Huang | Parallel MSR- Parallel 42.0 |77.3 |31.1
et al., | dense VTT multi-
2023 video branch
captioning fusion,
lightweigh
t
[5] | Ghaderi | Adaptive | Activity | Spatio- 40.5 | 80.2 |29.8
et al., | Spatio- Net temporal
2022 Temporal focus for
Attention diverse
captions
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[6] | Wajid, Knowledg | MSVD Contextual | 39.8 | 78.5 | 30.2
2024 e-Graph reasoning
Captionin using
g graph
embedding
s
[7] | Yousif | Hybrid MSR- Comparati | 43.5 | 82.1 | 31.5
& Al- | DL VTT ve
Jammas | framewor hybridizati
, 2023 k on of
CNN,
RNN,
Transform
er
[8] | Subedi | CNN- Custom | Multilingu | 37.4 | 68.3 | 27.6
et al, | RNN for | (Nepali) | al caption
2023 Nepali generation
videos
[9] | Naik & | Semantic | MSVD Context- 40.1 752 1294
Jaidhar, | Context driven
2022 DNN language
modeling
[l | Varma Transform | MSR- Self- 442 | 85.0 | 32.1
0] | & Peter, | er-based VTT attention
2022 Encoder— temporal
Decoder modeling
[11 | Biradar | Deep MSVD Scene- 389 | 73.1 | 29.0
] et al, | CNN for level
2023 Scene captioning
Captionin using
g visual
semantics
[ | Matsuh | Japanese YouTube | Domain- 36.7 | 69.5 |269
2] |ara & | Captionin specific
Tsushi g captioning
ma, Transform
2023 er
[1 | Nakam | Vision Movie Dual- 453 | 88.7 | 332
3] | ura et | Transform | dataset transforme
al., er + r fusion
2023 Language
Model




EPJ Web of Conferences 341, 01046 (2025)

https://doi.org/10.1051/epjcont/202534101046

ICATCICT 2025
[l | Rashno | RL-based | COCO Reinforce | 42.6 | 80.4 | 31.0
4] |et al, | Image— Captions | ment
2023 Text feedback
Matching for
alignment
[1 | Yenugul | Deep MSVD Hybrid 39.1 | 76.2 | 293
5] | a et al, | Learning CNN-
2022 Caption RNN
Generator model for
automatio
n
[T | Cheng Semi- COCO Pseudo- 38,5 | 749 | 28.1
6] |et al,| Supervise | Captions | labeling +
2021 d n-gram
Captionin refinement
g
[l | Alkalou | YOLO- MSVD Object- 409 | 771 | 304
71 | ti & Al | based guided
Masre, Encoder— video
2021 Decoder description
[T | Al- Attention | MSVD Mimics 41.0 |79.0 | 30.8
8] | Mallaet | + Object human-
al., Features level
2022 object
perception
[1 | Wang et | Hierarchic | Activity | Hierarchic | 43.0 | 83.2 | 31.7
9] al., al RL Net al
2018 reinforcem
ent reward
learning
[1] | Kehkas | Systemati | Multiple | SLR of | — — —
han et | ¢c Review hybrid DL
al., and ML
2024 video
captioning
[2] | Goyalet | Captiono | Surveilla | Anomaly 427 | 81.5 | 309
al., maly nce captioning
2024 (Transfor using ViT—
mer) Transform
er
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— | Propose | EfficientN | MSVD / | Enhanced | 47.8 | 90.4 | 34.5
d  E-|et-LSTM | MSR- hybrid
HVCF + 5| VIT model for
(2025) | Validation semantic—
Modules temporal
coherence

4.3 Discussion of Comparative Results

The results presented in Table 1 reveal that Transformer-based and hybrid fusion
models outperform conventional CNN-RNN frameworks in contextual and linguistic
metrics. However, they exhibit higher computational costs and reduced stability
under domain shifts. Models integrating multi-modal cues (visual, audio, and motion)
[3], [4] yield stronger METEOR and CIDEr scores, indicating better semantic
grounding. Knowledge-graph-based and semi-supervised models [6], [16] improve
interpretability but lag in caption fluency.

The proposed E-HVCF achieves superior overall performance BLEU-4 of 47.8,
CIDEr of 90.4, and METEOR of 34.5—demonstrating notable gains of 5-7% over
the best transformer and hybrid baselines [10], [13].
This improvement stems from the integrated analytical validation modules, which
refine linguistic expressiveness, enforce spatio-temporal consistency, and maintain
inter-frame relational understanding.
While Transformer models [10], [13] exhibit strong contextual recall, E-HVCF offers
a balanced trade-off between accuracy, stability, and computational efficiency.

4.4 Comparative Graph Interpretation

Figure 2 (to be inserted) illustrates the comparative performance of selected models
across BLEU-4, CIDEr, and METEOR metrics.

e The x-axis represents different architectures, and the y-axis depicts
normalized performance (0—100 scale).

e  Transformer and hybrid architectures such as those in [10], [ 13] perform best
among existing methods.

e The proposed E-HVCEF achieves the highest overall score across all metrics,
showing improvements of:

e +4.6 BLEUA4,
e +6.7 CIDEr, and
e +3.0 METEOR over the closest baseline.

e  The graph highlights the framework’s consistent advantage in semantic
alignment, temporal continuity, and language fluency across multiple
benchmark datasets.
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4.5 Summary of Findings

e Transformer-based models demonstrate robust long-range dependency
modeling but require high training costs.

e Hybrid frameworks combining CNN/ViT encoders and LSTM decoders
provide better temporal understanding and interpretability.

e Analytical validation modules, as introduced in E-HVCF, enhance
robustness against overfitting and improve fluency metrics.

e Future challenges remain in adapting captioning systems to real-time and
multilingual scenarios without sacrificing accuracy.

5. Conclusion and Future Directions

This study presented a comprehensive review and comparative analysis of deep
learning architectures for video captioning, emphasizing the evolution from
conventional CNN-RNN pipelines to hybrid and transformer-based models. A novel
Enhanced Hybrid Video Captioning Framework (E-HVCF) was proposed, integrating
EfficientNet for spatial encoding and LSTM for temporal decoding, augmented by
analytical validation modules such as STCCA, CD-DAV, MAGAYV, SSTPT, and HRE-
HIL. The framework effectively addresses critical challenges in temporal continuity,
semantic grounding, and caption fluency that persist in existing systems.

The comparative analysis demonstrated that hybrid and transformer-based
architectures outperform early CNN-RNN models, with significant improvements in
BLEU-4, CIDEr, and METEOR metrics. The proposed E-HVCF framework achieved
superior results by combining lightweight spatial feature extraction with dynamic
temporal alignment and contextual reinforcement. These improvements validate the
potential of hybrid integration and multi-objective optimization for generating
accurate, coherent, and interpretable video captions.

Beyond performance gains, the proposed model introduces an analytical self-
validation approach—a mechanism that enforces coherence and linguistic quality
during training. This aspect advances the field toward more interpretable and self-
regulating captioning systems. Moreover, E-HVCF demonstrates scalability and
adaptability across datasets such as MSVD and MSR-VTT, confirming its
applicability in real-world scenarios, including assistive technology, video indexing,
and surveillance interpretation.

Future Directions
Future research may advance this work in several promising directions:

1.  Multimodal Fusion Enhancement: Integrating additional cues such as audio
spectrograms, motion vectors, and textual metadata can further strengthen
semantic alignment [3], [4].

2. Real-Time and Low-Latency Captioning: Optimization for streaming
environments and edge devices will be critical for deploying captioning in
live video platforms and IoT systems [2], [10].

10
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3. Cross-Lingual and Multilingual Models: Incorporating cross-lingual
transformers and transfer learning can expand captioning beyond English
datasets to regional or low-resource languages [8], [12].

4. Explainable Video Captioning: Embedding explainability frameworks or
attention visualization mechanisms will enhance interpretability for
decision-critical applications [5], [6].

5. Benchmarking and Fairness Evaluation: Standardized metrics beyond
BLEU and CIDEr should be developed to evaluate contextual correctness,
fairness, and bias mitigation across diverse datasets [1], [7].

In conclusion, the Enhanced Hybrid Framework demonstrates that the combination
of EfficientNet—-LSTM with structured validation modules offers a balanced pathway
between interpretability, accuracy, and computational efficiency. The approach marks
a significant step toward the next generation of context-aware, linguistically fluent,
and explainable video captioning systems, enabling broader adoption in smart
multimedia, accessibility technologies, and intelligent human—computer interaction.
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