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ABSTRACT—

This paper examines the transformative impact of Generative Al and Large Language Models (LLMs) on video technology, focusing on video generation,
understanding, and streaming. It highlights how these technologies enable realistic content creation, improve video comprehension, and support adaptive, user-
centric streaming. The study outlines current progress, identifies challenges, and explores future directions, emphasizing their growing significance across
multimedia, Al, and networking domains.

PROBLEM STATEMENT

his study explores the integration of Generative Al and Large Language Models (LLMSs) in video generation, understanding, and streaming. It
highlights their potential to enhance realism, interactivity, and personalization in video content, with implications for education, user experience, and
analytics. The paper also emphasizes the role of LLMs in creating efficient, adaptive streaming services while addressing ethical concerns and guiding
future research and responsible Al development in the video technology landscape.
Index Terms—Generative Al, Large Language Models (LLMs), Video Generation, Video Understanding, Video Streaming, GPT.

INTRODUCTION

Recent advances in video technology have revolutionized how video content is created, analysed, and delivered. With the integration of Generative Al
and Large Language Models (LLMs), new possibilities are emerging in generating lifelike videos, understanding complex scenes, and enhancing
streaming quality. Techniques like GANs have enabled realistic video synthesis, though challenges remain in maintaining consistency and control. In
video understanding, LLMs show promise in tasks such as captioning and action recognition, moving beyond traditional feature-based methods.
Additionally, LLMs can improve video streaming by enabling adaptive, context-aware content delivery, addressing issues like bandwidth limitations
and varying user preferences.

EXISTING SYSTEM

. Manual Transcription : Traditional methods require human effort to transcribe video/audio content.

. Limited Retrieval : Users must manually search through transcripts or captions for relevant information.

. Inefficient Query Processing : Most systems do not provide direct question-answering capabilities on video content.

. Lack of Automation : Existing solutions often lack Al-driven indexing and retrieval, making searches time-consuming.

PROPOSED SYSTEM

e  Automated Processing : Converts video to audio and transcribes speech into text using Al models like Whisper.
. Efficient Indexing : Uses Chroma DB to store and retrieve processed text efficiently.
e Al-Powered Query Handling : Allows users to ask questions and get precise answers using Large Language Models (LLMs).
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e  Continuous File Processing : Supports multiple file uploads,  enabling users to build an indexed repository for future queries.

METHODOLOGIES

The proposed Video QA system leverages Generative Al and Large Language Models (LLMs) to enable intelligent interaction with video content. The
methodology begins with converting video input into audio and transcribing it into text using advanced speech recognition models such as Whisper.
The transcribed data is then indexed and stored efficiently using vector databases like Chroma DB to support fast retrieval. LLMs are employed to
process and understand both textual and visual elements, enabling the system to comprehend user queries and generate accurate responses. The system
supports continuous ingestion of multiple video files, allowing users to build a searchable knowledge repository over time. Additionally, generative
capabilities are utilized to perform intermediate reasoning, summarize video scenes, and improve understanding of complex or temporally structured
queries. By incorporating zero-shot and few-shot learning techniques, the system demonstrates adaptability across diverse domains with minimal
supervision, enhancing its scalability and robustness.

OVERVIEW

Generative Al and Large Language Models (LLMs) are poised to play pivotal roles throughout the video lifecycle, including generation, understanding,
and streaming. Bridging the domains of Al, multimedia, and networking, these technologies have rapidly evolved—from text-to-image models to text-
to-video generation within a year. Recent advancements now even enable prompt-based 3D video creation, suggesting a potential shift away from
traditional video generation methods. In video understanding, applications such as scene segmentation, activity monitoring, and captioning are gaining
traction, driven by the enhanced multimodal capabilities of models like GPT-4 and Video-ChatGPT. For streaming, LLMs offer opportunities to
optimize delivery by interpreting scene semantics and dynamically adjusting encoding. Moreover, in areas like 3D video and XR environments, LLMs
can predict user focus to support intelligent pre-fetching, improving efficiency and user experience.

TECHNOLOGIES

A. Generative Al for Video Content Creation

Generative Al is significantly transforming video content creation by enabling the automatic synthesis of realistic and high-quality videos. Core deep
learning models such as Generative Adversarial Networks (GANSs), Variational Autoencoders (VAES), autoregressive models, and diffusion models are
employed to learn data distributions and generate content that reflects real-world dynamics. GANs utilize a generator-discriminator architecture to
produce consistent video frames by modeling appearance and motion separately. VAEs focus on learning probabilistic latent spaces, with models like
Stochastic Video Generation (SVG) capturing multi-scale temporal patterns. Autoregressive models, such as Video Pixel Networks (VPN), generate
frames sequentially by incorporating temporal dependencies through LSTMs. Diffusion models approach frame generation as a denoising process;
while Video Diffusion Models (VDM) and Imagen-Video achieve high-resolution results, they are computationally intensive. Recent efforts, like Video
LDM, address this by using latent, motion-aware representations to reduce processing overhead.

B. LLMs for Video Scene Understanding

Under standing video scenes involves identifying and interpreting objects, actions, and events within a sequence. This task is inherently complex due to
temporal variability and visual diversity. Large Language Models (LLMs), trained on extensive textual datasets, have shown strong capabilities in
bridging vision and language. Their generative strengths enable them to interpret video scenes and provide natural language descriptions, supporting
tasks such as object detection, activity recognition, and event analysis.

C. LLMs in Video Streaming

LLMs also present opportunities to enhance the video streaming pipeline, which includes video capture, encoding, transmission, decoding, and frame
reconstruction. By leveraging their contextual understanding, LLMs can assist in optimizing encoding rates based on scene semantics, addressing
format-specific challenges, and adapting content delivery to user behaviour. This can improve overall streaming efficiency and enable predictive
capabilities such as pre-fetching in immersive environments like XR
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CONCLUSION

In this paper, we conduct a comprehensive examination of how generative artificial intelligence (Generative Al) and large language models (LLMs) are
revolutionizing the video technology sector, focussing on video generation, understanding and streaming. The innovative technologies of this
integration technologies results in high realistic digital creation, enhanced video understanding by extracting meaningful information from visual
content, and more efficient and personalized streaming experiences, thus improving user interaction with videos and user preference-tailored experience
provision. The paper navigates through current achievements, ongoing challenges, and future possibilities in applying Generative Al and LLMs to
video-related tasks. It underscores the immense potential these technologies hold for advancing video technology across multimedia, networking, and
Al communities. It also highlights the challenges and concerns that require further exploration. Observed from the reviewed works, we can see that,
overall, advanced Al technologies like GAI and LLMs are making profound impacts on several key sectors of video-related research fields. The
biggest advantage of Al-based methods is their automation capability with lower manual costs. However, it comes at the price of challenges
uniquely faced by Al, such as lack of large-scale datasets, high computational cost, consistency issues, and concerns such as misinformation and

security, etc. Therefore, academia and industry should be cautious during the rapid development to ensure a sustainable market.
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FUTURE ENHANCEMENT

The integration of Generative Al into Video Question Answering (Video QA) systems presents promising avenues for future research and
development. Current Video QA systems often rely on multimodal deep learning models to interpret visual and textual data. However, these systems
face limitations in understanding complex temporal events, abstract reasoning, and multi-step interactions within videos. Generative Al, particularly
large-scale pre-trained models such as vision-language transformers and multimodal foundation models, can significantly enhance Video QA by
generating richer scene representations and contextual embeddings. Future systems are expected to incorporate generative models capable of producing
intermediate reasoning steps, temporal summaries, or synthetic video-text pairs to improve answer accuracy and generalizability. Additionally, the
fusion of generative video synthesis with QA frameworks can facilitate the generation of hypothetical scenarios, enabling counterfactual reasoning and
deeper semantic understanding. With advancements in zero-shot and few-shot learning, these systems can also adapt more efficiently to diverse
domains with minimal supervision, paving the way for more robust, interpretable, and human-like video understanding.
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