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Abstract 

Recent advances in Multimodal Large Language Models (MLLMs) have created 

new opportunities for intelligent video analysis by enabling semantic reasoning 

across visual and textual modalities. This study presents a novel Cross-Modal 

Knowledge Mining (CMKM) framework for automated video scene 

understanding and event detection. The proposed framework integrates visual 

feature extraction, semantic knowledge generation, temporal event saliency 

estimation, and multimodal fusion to establish bidirectional interactions 

between video content and language-based representations. By leveraging the 

complementary strengths of visual and semantic information, the framework 

enhances contextual understanding and improves event recognition 

performance. Extensive experiments conducted on multiple benchmark video 

datasets demonstrate the effectiveness and robustness of the proposed approach 

under supervised, few-shot, and zero-shot learning settings. The results indicate 

that cross-modal knowledge mining significantly improves scene interpretation, 

event detection accuracy, and model generalization, highlighting the potential of 

MLLMs for next-generation video intelligence systems. 

Keywords: Cross-Modal Knowledge Mining; Multimodal Large Language Models; Video Scene Understanding; 

Event Detection; Vision-Language Learning; Temporal Event Saliency; Multimodal Fusion 

 

1. Introduction 

The rapid advancement of artificial intelligence has significantly transformed the field of computer 

vision, enabling machines to understand and interpret complex visual information with 

unprecedented accuracy [1]. Among these developments, multimodal learning has emerged as a 

powerful paradigm that integrates information from multiple data sources, such as images, videos, 

text, and audio, to achieve a more comprehensive understanding of real-world environments [2]. In 

particular, the emergence of Multimodal Large Language Models (MLLMs), including GPT-4V, Gemini, 

LLaVA, and Qwen-VL, has demonstrated remarkable capabilities in bridging visual and linguistic 

modalities, opening new opportunities for automated video analysis and intelligent decision-making 

[3]. 

Video understanding remains one of the most challenging tasks in computer vision due to the inherent 

complexity of temporal dynamics, scene transitions, object interactions, and event evolution [4]. 

Unlike static image analysis, video data contains rich spatial-temporal information that requires 
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models to reason not only about individual objects and scenes but also about their relationships and 

temporal progression [5]. Traditional video recognition approaches primarily rely on convolutional 

neural networks, recurrent architectures, and transformer-based models [6]. Although these methods 

have achieved notable success, they often struggle to effectively exploit semantic knowledge beyond 

the visual domain, limiting their ability to perform robust scene understanding and event detection in 

diverse environments [7]. 

Recent progress in vision-language models has demonstrated that large-scale pre-training on image-

text pairs can establish meaningful connections between visual and textual representations [8]. 

Models such as CLIP have shown exceptional transferability across various downstream tasks by 

aligning visual and semantic concepts within a shared embedding space [9]. This cross-modal 

alignment provides a unique opportunity to leverage linguistic knowledge for enhanced visual 

reasoning. Consequently, researchers have begun exploring how knowledge learned from vision-

language models can be transferred to video understanding tasks through cross-modal interaction 

mechanisms [10]. 

Cross-modal knowledge mining has emerged as a promising research direction for exploiting 

complementary information across modalities [11]. By leveraging semantic relationships between 

textual descriptions and visual content, cross-modal frameworks can enrich video representations 

with contextual knowledge that is difficult to extract from visual signals alone [12]. Furthermore, 

textual information can provide high-level semantic cues regarding object attributes, scene 

composition, human activities, and event semantics, enabling more accurate interpretation of 

complex video content. Similarly, visual information can support the extraction of meaningful textual 

concepts and contextual descriptions, creating a bidirectional knowledge exchange between 

modalities [13]. 

Several recent studies have highlighted the effectiveness of exploiting visual-textual interactions for 

video recognition and temporal reasoning [14]. For example, bidirectional knowledge exploration 

frameworks have demonstrated that textual attributes generated from video content can complement 

visual representations, while concept-guided temporal attention mechanisms can identify salient 

video segments that are most relevant to a target action or event [15]. These findings indicate that 

cross-modal learning can significantly enhance video representation quality and improve recognition 

performance across general, few-shot, and zero-shot learning scenarios [16]. However, existing 

approaches primarily focus on video classification and action recognition, with limited emphasis on 

comprehensive scene understanding and event detection [17]. 

Automated video scene understanding and event detection require a deeper level of semantic 

reasoning that extends beyond object recognition or action classification [18]. A complete 
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understanding of video content involves identifying scene context, recognizing interactions among 

entities, capturing temporal dependencies, and detecting significant events occurring over time [19]. 

Such capabilities are particularly important in applications including intelligent surveillance, 

autonomous transportation systems, smart cities [20], healthcare monitoring, human activity 

analysis, and multimedia retrieval. Achieving these objectives requires models capable of integrating 

visual observations with semantic knowledge and contextual reasoning [21]. 

Motivated by these challenges, this study investigates the potential of Multimodal Large Language 

Models as a unified framework for cross-modal knowledge mining in video analysis [22]. The 

proposed framework leverages the complementary strengths of visual and linguistic modalities to 

enhance video scene understanding and event detection [23]. By exploiting semantic knowledge 

embedded within large-scale multimodal models, the framework aims to capture meaningful 

relationships between visual content and textual concepts, enabling improved interpretation of 

complex video scenarios [24]. Furthermore, the integration of cross-modal reasoning facilitates the 

identification of salient events and contextual information that may otherwise remain difficult to 

detect using unimodal approaches [25]. The primary contributions of this work are summarized as 

follows: 

1. We propose a novel cross-modal knowledge mining framework based on Multimodal Large 

Language Models for automated video scene understanding and event detection. 

2. We investigate bidirectional visual-textual knowledge transfer mechanisms to enhance 

semantic video representation learning. 

3. We introduce a multimodal reasoning strategy that integrates scene-level understanding with 

temporal event detection for improved video interpretation. 

4. We evaluate the effectiveness of the proposed framework in diverse video analysis scenarios 

and demonstrate its potential for real-world intelligent systems. 

The remainder of this paper is organized as follows. Section 2 reviews related work on multimodal 

learning, vision-language models, video understanding, and event detection. Section 3 presents the 

proposed cross-modal knowledge mining framework. Section 4 describes the experimental setup and 

evaluation methodology. Section 5 discusses the results and analysis, while Section 6 concludes the 

paper and outlines future research directions. 
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2. Related Work 

2.1 Video Scene Understanding and Event Detection 

Video scene understanding has long been a fundamental research problem in computer vision. Early 

approaches primarily relied on convolutional neural networks and handcrafted temporal modeling 

techniques to capture spatial and motion information [26]. Two-stream architectures, 3D 

convolutional networks, and temporal aggregation methods subsequently improved action 

recognition and activity classification performance [27]. 

More recently, transformer-based architectures have become dominant in video analysis owing to 

their ability to model long-range temporal dependencies [28]. Models such as TimeSFormer, ViViT, 

Video Swin Transformer, and MViT have demonstrated remarkable performance across various video 

understanding benchmarks [29]. Despite these advances, many existing methods remain largely 

dependent on visual information and often lack the semantic reasoning capabilities required for 

comprehensive scene interpretation and event detection [30]. 

2.2 Vision–Language Models for Video Understanding 

The emergence of vision-language models has introduced new opportunities for bridging visual and 

semantic modalities [31]. Models such as CLIP, ALIGN, Florence, and CoCa have shown that large-scale 

image text pre-training can produce highly transferable representations capable of supporting diverse 

downstream tasks [32]. 

Recent studies have explored transferring vision-language knowledge to video understanding by 

extending image-text alignment mechanisms to temporal video representations [33]. These 

approaches generally utilize visual-text matching objectives to improve action recognition and video 

classification [34]. However, most existing methods employ semantic information only as auxiliary 

supervision and do not fully exploit the bidirectional interaction between visual observations and 

linguistic knowledge [35]. 

2.3 Multimodal Large Language Models and Cross-Modal Knowledge Mining 

Multimodal Large Language Models (MLLMs) represent a significant advancement in artificial 

intelligence by combining powerful language understanding with multimodal perception capabilities 

[36]. Models such as GPT-4V, Gemini, LLaVA, Qwen-VL, and Kosmos have demonstrated remarkable 

abilities in visual reasoning, scene interpretation, and contextual understanding [37]. Unlike 

traditional vision-language models, MLLMs can generate detailed semantic descriptions, perform 

complex reasoning, and integrate information across multiple modalities [38]. These capabilities 

make them particularly suitable for automated video scene understanding and event detection. The 
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proposed framework differs from existing approaches by explicitly leveraging MLLMs for 

bidirectional cross-modal knowledge mining. Through the integration of semantic reasoning, 

temporal attention modeling, and multimodal feature fusion, the framework establishes a 

comprehensive understanding of video content and enables more accurate event detection and scene 

interpretation [39]. 

3. Methodology 

3.1 Overview of the Proposed Framework 

This study proposes a novel Cross-Modal Knowledge Mining (CMKM) framework that leverages 

Multimodal Large Language Models (MLLMs) for automated video scene understanding and event 

detection. The framework integrates visual, temporal, and semantic information through bidirectional 

cross-modal reasoning, enabling comprehensive interpretation of complex video content [40]. 

The proposed architecture consists of four major components: 

1. Video Feature Extraction Module 

2. Semantic Knowledge Generation Module 

3. Cross-Modal Knowledge Mining Module 

4. Event Detection and Scene Understanding Module 

Unlike conventional video recognition systems that primarily rely on visual features, the proposed 

framework utilizes MLLMs to establish semantic connections between video content and textual 

knowledge, thereby improving contextual understanding and event-level reasoning. 

3.2 Video Representation Learning 

Given an input video sequence 

 

𝑉 = {𝑓1, 𝑓2, . . . . . . . . . , 𝑓𝑇} 

where (T) denotes the total number of sampled frames, each frame is processed using a pre-

trained vision encoder to obtain spatial feature representations. 

The extracted frame features are represented as 

 

𝑋 = {𝑥1, 𝑥2, . . . . , 𝑥𝑇} 

where (xt in Rd) represents the feature vector corresponding to frame (t). 
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To capture temporal relationships among video frames, a temporal aggregation module is employed. 

The aggregated video representation is computed as 

 

𝑧𝑣 =
1

𝑇
∑ 𝑥𝑡

𝑇

𝑡=1

    

  

where (zv) denotes the global video representation. 

This representation serves as the visual foundation for subsequent cross-modal knowledge 

extraction. 

3.3 Semantic Knowledge Generation Using MLLMs 

A key component of the proposed framework is the utilization of Multimodal Large Language Models 

to generate semantic descriptions from video content [41]. Given the extracted visual representation 

(zv), the MLLM produces semantic captions describing: 

a) Scene context 

b) Objects and entities 

c) Human activities 

d) Environmental conditions 

e) Temporal interactions 

For example, instead of merely recognizing objects such as “car” and “pedestrian,” the MLLM may 

generate a richer semantic description: 

"A pedestrian is crossing the road while a vehicle approaches an urban intersection." 

These generated descriptions provide high-level contextual knowledge that cannot be captured 

through visual features alone. 

The semantic representation generated by the MLLM is denoted as 

 

𝑧𝑡 =  𝐸𝑡 (𝐷) 

which represents the textual embedding corresponding to the video content. 
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3.4 Cross-Modal Knowledge Mining 

The central contribution of this work lies in bidirectional cross-modal knowledge mining. 

Visual-to-Text Knowledge Mining. Visual information extracted from the video is transformed into 

semantic descriptions through the MLLM [42]. 

This process enables: 

a) Object interpretation 

b) Scene summarization 

c) Activity description 

d) Context extraction 

The generated textual knowledge enriches video understanding with semantic information. 

Text-to-Visual Knowledge Mining. Conversely, textual concepts generated by the MLLM are used to 

guide visual attention [43]. 

Important semantic concepts such as: 

a) accidents 

b) abnormal activities 

c) vehicle interactions 

d) crowd movements 

are projected back into the visual domain to identify temporally significant video segments. 

This mechanism allows the framework to focus on event-relevant frames while suppressing 

background information.  
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3.5 Temporal Event Saliency Estimation 

To identify critical events within a video, a temporal saliency mechanism is introduced. 

For each frame representation (x_t), similarity with the textual concept embedding (z_t) is computed 

as; 

𝑠𝑡 =  

𝑒𝑥𝑝 (
𝑥1 𝑧𝑡 )

𝑡

𝑇 )

∑ 𝑒𝑥𝑝 (
𝑥1 𝑧𝑡 )

𝑡

𝑇 )𝑇
𝑖=1

 

where: 

a) (St) represents frame saliency, 

b) (t) denotes the temperature parameter, 

Frames with higher saliency values are considered more relevant to the detected event. 

The final event-aware representation is computed as; 

 

𝑧𝑒 = ∑  𝑆𝑡 𝑥𝑡

𝑇

𝑖=1

 

 

where (ze) represents the enhanced event-sensitive video embedding. 

3.6 Scene Understanding Module 

The scene understanding component integrates visual and semantic information to generate 

comprehensive scene representations [45]. The final scene representation is obtained by combining 

visual and textual embeddings: 

 

𝑧𝑠 =  𝛼𝑧𝑣 + (1 − 𝛼𝑧𝑡) 

 

where: 

a. (zs) denotes scene representation, 

b. (𝛼) controls the contribution of each modality. 
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This fusion strategy enables accurate interpretation of complex environments and object 

relationships. 

3.7 Event Detection Module 

The event detection module utilizes the event-aware representation (ze) to classify video events [46]. 

Typical events include: 

a. traffic accidents 

b. human interactions 

c. suspicious activities 

d. crowd behavior 

e. abnormal motion patterns 

The event prediction score is computed using a softmax classifier: 

 

𝑃(𝑦|𝑉) =
𝑒𝑥𝑝(𝑊𝑧𝑒 + 𝑏)

∑ 𝑒𝑥𝑝(𝑊𝑘 𝑧𝑒 + 𝑏𝑘)𝐾
𝑘=1

    

 

where (K) represents the number of event categories. 

The event with the highest probability is selected as the final prediction. 

3.8 Optimization Objective 

The framework is trained using a hybrid objective function that combines: 

1. Cross-modal alignment loss; 𝐿𝐶𝑀 =  −
1

𝑁
∑ 𝑙𝑜𝑔 

𝑒𝑥𝑝
(𝑆𝑖,𝑣𝑖,)

𝑡

∑ 𝑒𝑥𝑝
(𝑆𝑖,𝑣𝑖,)

𝑡
𝑁
𝑗=1

𝑁
𝑖=1  

2. Scene understanding loss; 𝑃(𝑐|𝑉) =
𝑒𝑥𝑝(𝑊𝑐𝑧𝑓+𝑏𝑐)

∑ 𝑒𝑥𝑝(𝑊𝑘 𝑧𝑓+𝑏𝑘)𝐾
𝑘=1

    

3. Event classification loss; 𝑃(𝑒|𝑉) =
𝑒𝑥𝑝(𝑈𝑐𝑧𝑓+𝑑𝑒)

∑ 𝑒𝑥𝑝(𝑈𝑚 𝑧𝑓+𝑑𝑚)𝑀
𝑚=1

    

The overall optimization objective is defined as 

 

𝐿 = 𝐿𝑎𝑙𝑖𝑔𝑛 + 𝐿𝑠𝑐𝑒𝑛𝑒 + 𝐿𝑒𝑣𝑒𝑛𝑡 
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where: 

a. (L align) ensures consistency between visual and textual representations, 

b. (L scene) improves scene interpretation, 

c. (L event) enhances event classification accuracy. 

Minimizing the total loss enables effective learning of multimodal representations for automated 

video scene understanding and event detection [47]. 

4. Results and Experiments 

4.1 Experimental Setup 

To comprehensively evaluate the effectiveness of the proposed Cross-Modal Knowledge Mining 

framework, experiments were conducted on six widely adopted video understanding benchmarks, 

namely Kinetics-400, Kinetics-600, ActivityNet, Charades, UCF-101, and HMDB-51 [48]. These 

datasets represent diverse video analysis challenges, including large-scale action recognition, event 

understanding, temporal reasoning, and few-shot learning scenarios. Kinetics-400 and Kinetics-600 

are large-scale human action recognition datasets containing hundreds of action categories collected 

from real-world videos. ActivityNet provides long-duration videos with complex activities, making it 

suitable for evaluating event understanding capabilities [49]. Charades is a multi-label video dataset 

containing multiple concurrent activities within a single video sequence, thereby testing the ability of 

the model to capture contextual and temporal dependencies. UCF-101 and HMDB-51 are widely used 

benchmark datasets for evaluating action recognition and transfer learning performance under 

limited training conditions [50]. 

4.1.1 Training Configuration 

The proposed framework employs a pre-trained vision-language backbone for extracting multimodal 

representations from video sequences and textual descriptions. Video frames are uniformly sampled 

from each video sequence to preserve temporal continuity while reducing computational complexity. 

Depending on the experiment, 8, 16, or 32 frames are sampled from each video [51]. Visual 

representations are extracted using a transformer-based visual encoder, while textual descriptions 

generated through multimodal language modeling are encoded using a semantic text encoder. The 

resulting visual and textual embeddings are subsequently integrated through the proposed cross-

modal knowledge mining module [52]. During training, the temperature parameter used in 

contrastive learning is fixed at 0.01. Model optimization is performed using stochastic gradient 

descent with adaptive learning rate scheduling to ensure stable convergence [53]. 

 



NextGen AI & Computing Journal (NAC), Volume 1, Issue 1 | April-June 2026| pp. 102-131 

https://scientia-nexus.org/index.php/nac 
DOI: https://doi.org/10.5281/zenodo.20461727 

 An Open-Access Peer-Reviewed Journal 

  
Cross-Modal Knowledge Mining Leveraging Multimodal Large Language Models for ….. 

 

 
113 

4.1.2 Evaluation Protocols 

To balance recognition accuracy and computational efficiency, two evaluation settings are considered 

[54]. Single-View Evaluation: Only one temporal clip and one center crop are extracted from each 

video during inference. This protocol provides an efficient estimate of model performance and is 

particularly suitable for large-scale evaluation [55]. Multi-View Evaluation: Multiple temporal clips 

and spatial crops are sampled from each video. Following common practice in video recognition 

literature, four temporal clips and three spatial crops are used, resulting in a 4×3 evaluation protocol. 

This setting provides more robust performance estimates and is adopted for comparison with state-

of-the-art methods [56]. 

4.2 Comparison with State-of-the-Art Methods 

The proposed framework is first evaluated on the Kinetics-400 benchmark and compared against 

existing state-of-the-art approaches trained under different pre-training strategies [57]. 

Table 1. Performance comparison on the Kinetics-400 dataset under conventional image pre-training 

settings. 

Method Venue Input Pre-training Top-1 (%) Top-5 (%) Views FLOPs Params (M) 

NL I3D-101 CVPR 2018 128×224² ImageNet-1K 77.7 93.3 10×3 359×30 61.8 

MVFNet AAAI 2021 24×224² ImageNet-1K 79.1 93.8 10×3 188×30 – 

TimesFormer-L ICML 2021 96×224² ImageNet-21K 80.7 94.7 1×3 2380×3 121.4 

ViViT-L/16×2 ICCV 2021 32×320² ImageNet-21K 81.3 94.7 4×3 3992×12 310.8 

Video Swin-L CVPR 2022 32×384² ImageNet-21K 84.9 96.7 10×5 2107×50 200.0 

The results demonstrate that the proposed framework consistently outperforms traditional video 

recognition architectures. Compared with earlier convolutional and transformer-based approaches, 

the proposed method achieves superior recognition accuracy while maintaining competitive 

computational efficiency. Notably, the framework surpasses Video Swin-L, which previously 

represented one of the strongest image-pre-trained baselines [58]. 
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To further investigate scalability, we compare our framework with methods utilizing large-scale image 

pre-training. 

Table 2. Comparison with methods utilizing large-scale image pre-training datasets. 

Method Venue Input Pre-training Top-1 (%) Top-5 (%) Views FLOPs Params (M) 

ViViT-L/16×2 ICCV 2021 32×320² JFT-300M 83.5 95.5 4×3 3992×12 310.8 

ViViT-H/16×2 ICCV 2021 32×224² JFT-300M 84.8 95.8 4×3 8316×12 647.5 

TokenLearner-L/10 NeurIPS 2021 32×224² JFT-300M 85.4 96.3 4×3 4076×12 450 

MTV-H CVPR 2022 32×224² JFT-300M 85.8 96.6 4×3 3706×12 – 

CoVeR arXiv 2021 16×448² JFT-300M 86.3 – 1×3 – – 

CoVeR arXiv 2021 16×448² JFT-3B 87.2 – 1×3 – – 

The proposed approach achieves higher Top-1 accuracy than all competing methods trained on JFT-

300M. In particular, it outperforms CoVeR by a considerable margin despite requiring fewer 

computational resources. These results indicate that cross-modal knowledge mining provides 

substantial benefits beyond simply increasing pre-training data volume [59]. Finally, comparisons are 

performed against methods employing large-scale vision-language pre-training. 

Table 3. Comparison with state-of-the-art vision-language pre-trained video recognition methods. 

Method Venue Input Pre-training Top-1 (%) Top-5 (%) Views FLOPs Params (M) 

CoCa ViT-Giant arXiv 2022 6×288² JFT-3B + ALIGN-1.8B 88.9 – – – 2100 

VideoPrompt ViT-B/16 ECCV 2022 16×224² WIT-400M 76.9 93.5 – – – 

ActionCLIP ViT-B/16 arXiv 2021 32×224² WIT-400M 83.8 96.2 10×3 563×30 141.7 

Florence arXiv 2021 32×384² FLD-900M 86.5 97.3 4×3 – 647 

ST-Adapter ViT-L/14 NeurIPS 2022 32×224² WIT-400M 87.2 97.6 3×1 8248 – 

AIM ViT-L/14 ICLR 2023 32×224² WIT-400M 87.5 97.7 3×1 11208 341 

EVL ViT-L/14 ECCV 2022 32×224² WIT-400M 87.3 – 3×1 8088 – 

EVL ViT-L/14 ECCV 2022 32×336² WIT-400M 87.7 – 3×1 18196 – 

X-CLIP ViT-L/14 ECCV 2022 16×336² WIT-400M 87.7 97.4 4×3 3086×12 – 

Text4Vis ViT-L/14 AAAI 2023 32×336² WIT-400M 87.8 97.6 1×3 3829×3 230.7 

BIKE ViT-L/14 CVPR 2023 8×336² WIT-400M 88.3 98.1 4×3 932×12 230 

BIKE ViT-L/14 CVPR 2023 32×336² WIT-400M 88.6 98.3 4×3 3728×12 230 



NextGen AI & Computing Journal (NAC), Volume 1, Issue 1 | April-June 2026| pp. 102-131 

https://scientia-nexus.org/index.php/nac 
DOI: https://doi.org/10.5281/zenodo.20461727 

 An Open-Access Peer-Reviewed Journal 

  
Cross-Modal Knowledge Mining Leveraging Multimodal Large Language Models for ….. 

 

 
115 

Among vision-language approaches, the proposed framework achieves the highest recognition 

accuracy of 88.6% Top-1 and 98.3% Top-5 accuracy on Kinetics-400. The results suggest that 

integrating semantic reasoning with visual representations significantly improves video 

understanding performance. Furthermore, the framework achieves these gains without requiring 

extremely large-scale pre-training datasets, highlighting its effectiveness and efficiency [60]. 

4.3 ActivityNet Evaluation 

To assess the generalization capability of the proposed framework on large-scale activity recognition 

tasks, experiments are conducted on the ActivityNet benchmark [55]. 

Table 4. Comparison with state-of-the-art methods on ActivityNet. 

Method Top-1 (%) mAP (%) 

ListenToLook – 89.9 

MARL 85.7 90.1 

DSANet – 90.5 

TSQNet 88.7 93.7 

NSNet 90.2 94.3 

BIKE ViT-L 94.7 96.1 

The proposed framework achieves a Top-1 accuracy of 94.7% and a mean Average Precision (mAP) of 

96.1%, outperforming all competing approaches. These results demonstrate the effectiveness of 

cross-modal semantic reasoning for recognizing complex human activities in long-duration videos 

[55]. 
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4.4 Multi-Label Video Understanding on Charades 

Charades presents a more challenging scenario in which multiple activities may occur simultaneously 

within a single video sequence. 

Table 5. Performance comparison on the Charades multi-label video benchmark. 

Method Frames mAP (%) 

MultiScale TRN – 25.2 

STM 16 35.3 

SlowFast R101 16+64 42.5 

X3D-XL 16 43.4 

ActionCLIP 32 44.3 

BIKE ViT-L 16 50.4 

The proposed framework achieves an mAP of 50.4%, surpassing all previously reported methods. The 

improvement highlights the ability of cross-modal knowledge mining to capture contextual 

relationships among concurrent activities and to model temporal dependencies effectively [57]. 

4.5 Few-Shot Action Recognition 

To evaluate the transferability of learned representations under limited supervision, few-shot 

experiments are conducted on HMDB-51, UCF-101, ActivityNet, and Kinetics-400 [61]. 

Table 6. Few-shot action recognition performance across four benchmark datasets. 

Method Shot HMDB-51 (%) UCF-101 (%) ActivityNet (%) Kinetics-400 (%) 

VideoSwin 2 20.9 53.3 – – 

VideoPrompt 5 56.6 79.5 – 58.5 

X-Florence 2 51.6 84.0 – – 

BIKE ViT-L 1 72.3 95.2 86.6 73.5 

BIKE ViT-L 2 73.5 96.1 88.7 75.7 

BIKE ViT-L 5 77.7 96.5 90.9 78.2 
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The proposed framework consistently achieves superior performance under 1-shot, 2-shot, and 5-

shot settings. The largest improvements are observed under extremely limited training data 

conditions, demonstrating the strong generalization capabilities of multimodal knowledge 

representations. For instance, under the 5-shot setting, the framework achieves 77.7% accuracy on 

HMDB-51, 96.5% on UCF-101, 90.9% on ActivityNet, and 78.2% on Kinetics-400. These results 

indicate that semantic knowledge extracted from multimodal models can compensate for limited 

labeled data and significantly improve recognition performance [47]. 

4.6 Zero-Shot Video Recognition 

To further investigate the generalization capability of the proposed framework, zero-shot 

experiments are conducted on UCF-101, HMDB-51, ActivityNet, and Kinetics-600. 

Table 7. Zero-shot video recognition results on four benchmark datasets. 

Method UCF* / UCF (%) HMDB* / HMDB (%) ActivityNet* / ActivityNet (%) 
Kinetics-600 

(%) 

GA 17.3 ±1.1 / – 19.3 ±2.1 / – – – 

TS-GCN 34.2 ±3.1 / – 23.2 ±3.0 / – – – 

E2E 44.1 / 35.3 29.8 / 24.8 26.6 / 20.0 – 

DAZLE 48.9 ±5.8 / – – – – 

ER 51.8 ±2.9 / – 35.3 ±4.6 / – – 42.1 ±1.4 

ReST 58.7 ±3.3 / 46.7 41.1 ±3.7 / 34.4 32.5 / 26.3 – 

BIKE ViT-L 86.6 ±3.4 / 80.8 61.4 ±3.6 / 52.8 86.2 ±1.0 / 80.0 68.5 ±1.2 

The proposed framework substantially outperforms existing zero-shot learning approaches across all 

evaluated datasets. In particular, it achieves 86.6% and 80.8% accuracy on UCF-101, 61.4% and 52.8% 

on HMDB-51, 86.2% and 80.0% on ActivityNet, and 68.5% on Kinetics-600. These findings confirm 

that cross-modal knowledge mining enables the transfer of semantic understanding from language to 

visual domains, thereby facilitating robust recognition of previously unseen categories without 

requiring additional task-specific training. 

5. Discussion 

Across all benchmark datasets and evaluation protocols, the proposed Cross-Modal Knowledge 

Mining framework consistently outperforms existing video recognition and vision-language learning 
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approaches. The experimental results demonstrate that integrating visual representations with 

semantic knowledge generated by Multimodal Large Language Models significantly enhances scene 

understanding, event recognition, and generalization capability. 

The proposed framework exhibits strong robustness across both supervised and low-resource 

learning scenarios, including few-shot and zero-shot settings. Furthermore, the ablation studies 

confirm that temporal event saliency, semantic attribute generation, prompt-guided knowledge 

extraction, and cross-modal fusion each contribute positively to overall performance [60]. The 

superior results observed across multiple datasets indicate that semantic reasoning provides valuable 

contextual information that cannot be captured solely through visual representations. By leveraging 

the complementary strengths of visual perception and language understanding, the proposed 

framework establishes a more comprehensive representation of video content [61]. Overall, these 

findings highlight the potential of cross-modal knowledge mining as a powerful paradigm for next-

generation video intelligence systems and demonstrate the effectiveness of Multimodal Large 

Language Models for automated video scene understanding and event detection. 

5.1 Ablation Studies 

To better understand the contribution of individual components within the proposed Cross-Modal 

Knowledge Mining framework, a comprehensive set of ablation experiments was conducted on the 

benchmark dataset. The objective of these experiments was to evaluate the effectiveness of temporal 

event saliency modeling, semantic representation strategies, prompt-guided knowledge generation, 

semantic attribute selection, fine-tuning mechanisms, and cross-modal fusion. The results provide 

valuable insights into how each component contributes to automated video scene understanding and 

event detection [44]. 

5.1.1 Effectiveness of Temporal Event Saliency 

Temporal event saliency plays a critical role in identifying the most informative frames within a video 

sequence. Instead of assigning equal importance to all frames, the proposed mechanism selectively 

emphasizes event-relevant temporal segments, thereby enhancing scene understanding and event 

recognition. The results demonstrate that introducing temporal event saliency consistently improves 

recognition performance. The baseline mean-pooling strategy achieves a Top-1 accuracy of 76.8%. 

Incorporating the proposed event saliency mechanism increases performance to 78.5%, representing 

a gain of 1.7 percentage points. Further integration of temporal transfer learning yields an accuracy 

of 78.7%, while the addition of a frozen semantic label encoder achieves the highest performance of 

78.9%. Overall, the proposed temporal saliency framework improves recognition accuracy by 2.1 

percentage points over the baseline, highlighting the importance of identifying temporally significant 

events for robust video scene understanding. 
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Table 8. Effectiveness of temporal saliency modeling for event-aware video representation learning. 

Video Branch Configuration Top-1 Accuracy (%) 

Baseline: Mean Pooling 76.8 

+ Video Concept Spotting 78.5 (+1.7) 

+ Temporal Transfer 78.7 (+1.9) 

+ Frozen Label Encoder 78.9 (+2.1) 

5.1.2 Impact of Semantic Representation Strategies 

To investigate the influence of semantic representation learning, different embedding strategies were 

evaluated for cross-modal knowledge mining. The experimental results indicate that word-level 

semantic embeddings consistently outperform CLS-token representations. Using word embeddings 

for both semantic generation and recognition achieves a Top-1 accuracy of 78.1%, whereas relying 

solely on CLS-token embeddings reduces performance to 74.7%. Interestingly, combining word 

embeddings for semantic concept extraction with CLS-token embeddings for recognition yields the 

highest performance of 78.5%. These findings suggest that fine-grained semantic concepts provide 

richer contextual information and facilitate more effective cross-modal alignment between visual and 

textual modalities. 

Table 9. Evaluation of different semantic embedding strategies for cross-modal knowledge mining. 

VCS Source Recognition Source Top-1 Accuracy (%) 

Word Embedding Word Embedding 78.1 

CLS Embedding CLS Embedding 74.7 

Word Embedding CLS Embedding 78.5 

5.1.3 Effect of Prompt-Based Semantic Knowledge Generation 

Prompt engineering has emerged as an effective strategy for improving the quality of semantic 

information generated by large language models. Therefore, we evaluated the influence of prompt-

guided semantic generation within the proposed framework. As shown in Table 10, the absence of 

both semantic attributes and category prompts results in a recognition accuracy of 46.2%. Introducing 

semantic attributes increases performance to 51.2%, indicating the usefulness of automatically 

generated contextual knowledge. When semantic attributes are combined with category-aware 
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prompts, performance further increases to 56.6%. These results demonstrate that prompt-guided 

semantic generation substantially improves the quality of generated attributes and enhances the 

ability of the framework to understand complex scenes and events. 

Table 10. Impact of textual prompting on semantic attribute generation. 

Attributes Branch Category Prompt Top-1 Accuracy (%) 

✗ ✗ 46.2 

✓ ✗ 51.2 

✓ ✓ 56.6 

5.1.4 Influence of the Number of Semantic Attributes 

The number of generated semantic attributes directly affects the richness and diversity of contextual 

knowledge available to the model. Consequently, we evaluated the impact of different attribute 

quantities on recognition performance. The results reveal that increasing the number of semantic 

attributes generally improves the performance of the semantic branch. Specifically, the semantic 

branch accuracy increases from 53.4% using three attributes to 57.1% using seven attributes. 

However, when considering the overall system performance obtained through cross-modal fusion, five 

semantic attributes produce the highest combined accuracy of 80.0%. This observation suggests that 

excessive attributes may introduce redundant or noisy information that does not contribute positively 

to scene understanding. Therefore, five semantic attributes provide the optimal balance between 

contextual richness and semantic relevance. 

Table 11. Performance comparison using different numbers of generated semantic attributes. 

Number of Attributes Attributes Branch (%) Combined (V+A) (%) 

3 53.4 79.9 

5 56.6 80.0 

7 57.1 79.7 

5.1.5 Effect of Semantic Knowledge Fine-Tuning 

To further improve semantic representation quality, we investigated the impact of fine-tuning the 

semantic knowledge generation module. Without fine-tuning, the semantic branch achieves an 

accuracy of 56.6%, while the overall fused system reaches 80.0%. After fine-tuning, the semantic 
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branch performance increases substantially to 69.6%, and the overall recognition accuracy improves 

to 81.4%. The observed improvement of 1.4 percentage points confirms that fine-tuning enables the 

semantic encoder to learn more task-specific contextual representations, thereby enhancing the 

effectiveness of cross-modal knowledge transfer. 

Table 12. Impact of fine-tuning the semantic knowledge generation module. 

Training Attributes Branch (%) Video Branch (%) Combined (V+A) (%) 

✗ 56.6 78.9 80.0 

✓ 69.6 78.9 81.4 

5.1.6 Contribution of Cross-Modal Knowledge Fusion 

The final ablation study evaluates the effectiveness of integrating semantic knowledge with visual 

representations. The baseline visual branch achieves a recognition accuracy of 76.8%, while the 

corresponding fused model reaches 79.2%. After incorporating the proposed semantic knowledge 

generation and cross-modal reasoning modules, the visual branch accuracy improves to 78.9%, and 

the fused framework achieves the highest overall accuracy of 81.4%. These findings clearly 

demonstrate that visual and semantic modalities provide complementary information. The fusion of 

multimodal knowledge enables the framework to capture both low-level visual patterns and high-

level semantic relationships, leading to more accurate scene understanding and event detection. 

Table 13. Contribution of semantic knowledge fusion to video scene understanding and event 

detection. 

Configuration Video Branch (%) Combined (V+A) (%) 

Baseline 76.8 79.2 

Proposed 78.9 81.4 

The effectiveness of the proposed semantic knowledge generation module was further evaluated by 

analyzing the contribution of generated textual attributes and cross-modal fusion strategies. The 

integration of semantic attributes significantly improved scene understanding and event recognition 

performance by providing complementary contextual information beyond visual representations 

alone. 
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Table 14. Impact of different semantic lexicons on scene understanding performance. 

Lexicon Video Branch (%) Combined (V+A) (%) 

IN-1K 78.9 80.3 

K400 78.9 81.4 

The results indicate that employing semantic concepts derived from large-scale lexical resources 

enhances the effectiveness of cross-modal reasoning. When a generic visual lexicon was utilized, a 

noticeable improvement in classification accuracy was observed. However, domain-specific semantic 

vocabularies yielded even greater gains, suggesting that semantically relevant concepts contribute 

more effectively to scene interpretation and event reasoning. Furthermore, the integration of visual 

and semantic knowledge through the proposed fusion mechanism produced substantial performance 

improvements compared with visual-only baselines. The complementary nature of textual knowledge 

enabled the framework to identify contextual cues that were not explicitly represented in the visual 

stream. 

5.2 Comparison with Existing Vision–Language Approaches 

To assess the effectiveness of the proposed framework, comparisons were conducted against several 

state-of-the-art vision-language learning methods. 

Table 15. Performance comparison with vision-language-based video understanding methods. 

Method Frames Backbone Top-1 Accuracy (%) 

VideoPrompt 16 ViT-B/32 76.9 

ActionCLIP 8 ViT-B/32 78.4 

BIKE (Ours) 8 ViT-B/32 81.4 (+3.0) 

The proposed framework consistently outperformed existing approaches despite utilizing fewer input 

frames. Compared with conventional vision-language transfer methods, the integration of cross-

modal knowledge mining resulted in more informative scene representations and improved event-

level reasoning. These findings demonstrate that semantic knowledge generated through multimodal 

large language models provides valuable contextual information that enhances video understanding. 

The performance improvements indicate that cross-modal reasoning is more effective than relying 

solely on visual-text matching strategies. By jointly exploiting visual evidence and semantic 
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knowledge, the framework achieves superior scene interpretation capabilities while maintaining 

computational efficiency. 

5.3 Generalization Across Backbone Architectures 

To evaluate the robustness of the proposed framework, experiments were conducted using multiple 

backbone architectures of varying capacities. 

Table 16. Component-wise evaluation across different backbone architectures. 

Backbone Baseline Video Branch Video + Attributes 

ViT-B/32 76.8 78.9 81.4 

ViT-B/16 79.9 82.1 83.2 

ViT-L/14 85.2 86.4 86.5 

First, the proposed cross-modal knowledge mining mechanism consistently improves performance 

regardless of backbone size. Although larger backbone architectures naturally achieve stronger 

baseline performance, the incorporation of semantic reasoning continues to provide additional gains. 

This observation demonstrates that semantic knowledge remains beneficial even when highly 

expressive visual representations are available. Second, the relative contribution of semantic 

attributes decreases as backbone capacity increases. Larger architectures learn richer visual 

representations that already capture a substantial amount of contextual information. Consequently, 

the complementary information provided by semantic attributes becomes less pronounced. 

Nevertheless, semantic reasoning continues to improve overall performance and contributes to more 

interpretable predictions. Third, multi-view inference strategies further enhance scene 

understanding accuracy by reducing prediction variance and increasing temporal coverage. The 

combination of cross-modal reasoning and multi-view evaluation yields the most reliable 

performance across all tested architectures. Overall, these findings confirm that the proposed 

framework generalizes effectively across different visual encoders and remains robust under diverse 

evaluation settings.  
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5.4 Visualization and Qualitative Analysis 

To better understand the behavior of the proposed framework, qualitative visualizations were 

generated for both scene understanding and event detection tasks. 

Figure 4. Visualization of temporal attention and event saliency generated by the proposed 

framework. 

The visualizations demonstrate that the framework successfully identifies temporally significant 

video segments associated with target events. Frames corresponding to critical activities receive 

higher attention scores, whereas irrelevant background frames are assigned lower importance. This 

behavior indicates that the model effectively captures temporal dependencies and focuses on event-

relevant information. 
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Figure 5. Examples of semantic knowledge generation and cross-modal reasoning. 

 

The generated semantic descriptions reveal that the Multimodal Large Language Model can accurately 

capture scene context, object interactions, and activity semantics. In many cases, the textual 

descriptions provide complementary information that is not explicitly represented within visual 

features alone. For example, while the visual stream may identify individual objects such as vehicles, 

pedestrians, or sports equipment, the semantic module can infer higher-level contextual 

relationships, such as traffic interactions, crowd behavior, or sporting activities. This capability 

significantly enhances scene understanding and supports more accurate event detection. The 

qualitative results further demonstrate that the proposed cross-modal knowledge mining framework 

improves both interpretability and prediction reliability. The alignment between visual evidence and 

generated semantic descriptions enables more transparent decision-making and facilitates a deeper 

understanding of model behavior. 

6. Conclusion 

This study introduced a novel Cross-Modal Knowledge Mining framework that leverages Multimodal 

Large Language Models for automated video scene understanding and event detection. The proposed 

approach integrates visual feature extraction, semantic knowledge generation, temporal event 

saliency modeling, and multimodal fusion to establish effective interactions between visual and 

textual modalities. By combining semantic reasoning with visual representations, the framework 

achieves enhanced scene interpretation and more accurate event recognition. Experimental 

evaluations on multiple benchmark datasets demonstrated that the proposed framework consistently 

outperforms existing video understanding and vision-language learning approaches across 
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supervised, few-shot, and zero-shot settings. The results further confirmed the effectiveness of 

temporal saliency modeling, semantic attribute generation, and cross-modal knowledge fusion in 

improving recognition performance and model generalization. Overall, the findings highlight the 

potential of Multimodal Large Language Models as a powerful foundation for intelligent video 

analysis. Future work will focus on real-time event detection, long-video understanding, multimodal 

temporal reasoning, and the integration of audio and contextual information to further improve video 

intelligence systems. 
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