
Volume 9, Issue 12, December – 2024                              International Journal of Innovative Science and Research Technology                                                 

                                                   ISSN No:-2456-2165 

 

IJISRT24DEC207                                                               www.ijisrt.com                     104 

Automatic Video Generator 
 

K Tresha1; Kavya2; Medhaa PB3; Pragathi T4 

Department of Information Science RNS Institute of Technology, Bengaluru  

 

 

Abstract:- Text-to-video (T2V) generation is an 

emerging field in artificial intelligence, gaining traction 

with advances in deep learning models like generative 

adversarial networks (GANs), diffusion models, and 

hybrid architectures. This paper provides a 

comprehensive survey of recent T2V methodologies, 

exploring models such as GAN-based frameworks, 

VEGAN-CLIP, IRC-GAN, Sora OpenAI, and 

CogVideoX, which aim to transform textual descriptions 

into coherent video content. These models face 

challenges in maintaining semantic coherence, temporal 

consistency, and realistic motion across generated 

frames. We examine the architectural designs, 

methodologies, and applications of key models, 

highlighting the advantages and limitations in their 

approaches to video synthesis. Additionally, we discuss 

benchmark advancements, such as T2VBench, which 

plays a crucial role in evaluating temporal consistency 

and content alignment. This review sheds light on the 

strengths and limitations of existing approaches and 

outlines ethical considerations and future directions for 

T2V generation in the realm of generative AI. 
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I. INTRODUCTION 

 

Text-to-video (T2V) generation represents a cutting-

edge area in multimedia content creation, where generative 

models aim to translate textual descriptions into dynamic, 

visually coherent videos. Unlike static image generation, 

video synthesis involves not only creating realistic visuals 
but also ensuring temporal coherence across frames, which 

adds considerable complexity to the task. Recent advances 

in generative models, including Generative Adversarial 

Networks (GANs), Variational Autoencoders (VAEs), and 

diffusion models, have enabled significant progress in 

generating high-quality, realistic videos from textual 

prompts. 

 

The rise of deep learning has transformed content 

creation across media, positioning generative AI as a 

powerful tool for video synthesis. This task is challenging as 
it requires models to capture both spatial and temporal 

features, translating a single textual prompt into a sequence 

of visually consistent and contextually accurate frames. 

Models like VQGAN-CLIP, Temporal GANs Conditioning 

on Captions (TGANs-C), and hybrid VAE-GAN 

architectures have been designed to address these unique 

challenges, focusing on semantic coherence, smooth 

transitions, and realistic motion. 
 

Despite these advancements, T2V generation faces 

several limitations. Models often struggle with maintaining 

high resolution, stable frame quality, and semantic 

alignment with input captions across sequences. High 

computational costs further constrain the scalability and 

accessibility of these methods. Nonetheless, new models 

such as IRC-GAN, Sora OpenAI, and CogVideoX have 

made strides in improving video coherence and alignment 

with input prompts. Benchmarks like T2VBench have 

emerged to provide a standard for evaluating temporal 

consistency and content alignment, both crucial for 
producing realistic video content. 

 

This paper surveys recent methodologies in T2V 

generation, analyzing their architectures, strengths, and 

limitations. By exploring advancements in T2V models and 

the emerging trends in this field, we aim to highlight the 

current capabilities of generative AI in video synthesis and 

identify areas for future improvement. 

 

II. LITERATURE SURVEY 

 
 Introduction to Text-to-Video Generation: 

Text-to-video (T2V) generation is an evolving field 

that translates textual descriptions into video outputs, 

bridging the gap between linguistic and visual information. 

Advances in generative AI, especially in generative 

adversarial networks (GANs) and diffusion models, have 

been instrumental in addressing the challenges of 

maintaining temporal coherence and scene consistency 

across frames. 

 

 Generative Models for T2V Synthesis: 

The main generative models facilitating T2V synthesis 
include GAN-based architectures, vector quantized GANs 

combined with CLIP (VEGAN-CLIP), and diffusion 

models. Each model addresses the unique demands of video 

generation, such as maintaining spatial features across 

frames and ensuring temporal continuity. Notable 

approaches include: 

 

 TiVGAN: Generates frames sequentially from a single 

image, focusing on evolving visual coherence through an 

iterative process. 

 TGANs-C: Introduces multi-discriminator GANs for 
text-aligned temporal coherence. 

 Tune-A-Video: Leverages pre-trained text-to-image 

models fine-tuned with single text-video pairs for 

efficiency. 

 

http://www.ijisrt.com/


Volume 9, Issue 12, December – 2024                              International Journal of Innovative Science and Research Technology                                                 

                                                   ISSN No:-2456-2165 

 

IJISRT24DEC207                                                               www.ijisrt.com                     105 

 Evaluation and Benchmarking: 

To ensure quality in T2V generation, benchmark 

systems like T2VBench evaluate models on temporal 

consistency, alignment accuracy, and narrative flow. 

T2VBench assesses models such as ZeroScope and Pika on 

16 performance dimensions, helping highlight each model's 

specific strengths, such as sequencing and movement 

dynamics. 
 

 Key Challenges and Future Directions: 

Despite promising advancements, challenges such as 

maintaining semantic coherence and producing high-

resolution outputs persist. Future research directions include 

incorporating multimodal data, such as audio, and enhancing 

spatio-temporal consistency to improve narrative flow and 

fidelity in generated videos. 

 

This overview integrates methodologies, benchmarks, 

and future insights based on recent research 

developments in text-driven video generation. 
 

 Objectives 

 

 Develop Advanced Generative Models: 

To create robust generative models, particularly 

leveraging GANs, VAEs, and diffusion models, capable of 

translating textual descriptions into realistic and coherent 

video sequences. The focus is on achieving high-quality 

synthesis that respects temporal coherence across frames 

and aligns accurately with input text. 

 

 Enhance Temporal and Spatial Coherence: 

To improve the temporal consistency and spatial 

fidelity of generated videos, ensuring smooth transitions 

between frames and realistic motion. Techniques such as 

multi-discriminator frameworks, spatio-temporal attention, 

and structure-guided sampling are explored to maintain 

object and motion continuity across sequences. 

 

 Benchmark and Evaluate T2V Models: 

To establish comprehensive evaluation benchmarks, 

like T2VBench, for assessing T2V models across multiple 
dimensions including event sequencing, narrative flow, and 

alignment accuracy. This enables a structured comparison of 

models and identification of areas needing improvement. 

 

 Reduce Computational Requirements: 

To optimize the efficiency of T2V models by 

developing methods that reduce computational costs, such 

as one-shot tuning and efficient fine-tuning of pre-trained 

text-to-image models. This is crucial to make T2V 

generation accessible and practical for broader applications. 

 

 Broaden Application Scope and Real-World Relevance: 
To explore applications beyond synthetic datasets, 

such as real-world scenarios that demand high interactivity, 

semantic understanding, and multimodal data integration. 

This includes adapting T2V models for use in entertainment, 

education, and personalized content creation. 

 

 

 Proposed System 

The proposed systems from the documents cover 

various advanced generative models for text-to-video 

synthesis. Here's a summary: 

 

 TiVGAN (Text-to-Image-to-Video Generative 

Adversarial Network) - TiVGAN generates videos 

through an evolutionary process, creating an initial high-
quality frame from a text input and sequentially evolving 

it to ensure coherence across frames. Its staged training 

stabilizes frame quality but can struggle with complex, 

dynamic scenes. 

 

 TGANs-C (Temporal GANs Conditioning on Captions)- 

TGANs-C uses a multi-discriminator GAN framework to 

ensure temporal and semantic coherence with text 

captions. It leverages video, frame, and motion 

discriminators to maintain smooth transitions and 

realistic content but has high computational demands. 

 

 Tune-A-Video - This model extends pretrained text-to-

image models for video generation by finetuning them 

on a single text-video pair, making it computationally 

efficient. However, its one-shot tuning approach limits 

generalization without additional data. 

 

 IRC-GAN (Introspective Recurrent Convolutional GAN) 

- This model combines a recurrent generator with LSTM 

and convolutional layers for better alignment with text 

and is suited for high-resolution tasks but lacks 

scalability for real-time applications. 
 

 Sora OpenAI - Designed for democratized video 

creation, Sora uses a transformer-based diffusion 

model, enabling high-resolution, complex scene 

generation. Ethical concerns around misuse highlight the 

need for safeguards. 

 

 CogVideoX - Featuring a 3D VAE and a diffusion 

transformer, CogVideoX generates long, coherent videos 

with high dynamic object realism but is limited by 

computational demands. 
 

These models demonstrate progress in aligning video 

content with text inputs while balancing quality and 

efficiency. Challenges remain, particularly with temporal 

coherence, resolution, and ethical use. 

 

 Advantages of Proposed System 

The proposed systems for text-to-video generation 

offer several advantages, each designed to enhance the 

quality, coherence, and efficiency of generated videos: 

 

 TiVGAN (Text-to-Image-to-Video Generative 

Adversarial Network) 

 

 Enhanced Temporal Coherence: By generating each 

frame sequentially, TiVGAN improves coherence across 

frames, maintaining smooth transitions. 
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 Stability in Training: The stepwise frame-generation 

approach helps stabilize training, reducing issues like 

mode collapse common in GANs. 

 

 TGANs-C (Temporal GANs Conditioning on Captions) 

 

 Robust Semantic and Temporal Alignment: TGANs-C 

uses a multi-discriminator setup to ensure that each 
frame aligns with the text input while maintaining video 

continuity. 

 Smooth Transitions: Its use of motion and video 

discriminators allows for more realistic transitions, 

improving the fluidity of generated motion. 

 

 Tune-A-Video 

 

 High Efficiency: Tune-A-Video is highly efficient, 

leveraging pretrained text-to-image models and requiring 

only one-shot tuning, which reduces computational costs 

significantly. 
 Object Consistency Across Frames: By focusing on 

spatio-temporal attention, it maintains object 

consistency, resulting in more stable and coherent 

videos. 

 

 IRC-GAN (Introspective Recurrent Convolutional GAN) 

 

 High-Resolution Output: IRC-GAN’s architecture 

supports high-resolution output, making it suitable for 

applications demanding quality detail. 

 Improved Frame Alignment with Text: The introspective 
mechanism ensures that frames are closely aligned with 

textual inputs, which is crucial for applications needing 

precise semantic fidelity. 

 

 Sora OpenAI 

 

 Complex Scene Handling: Sora’s transformer-based 

diffusion model enables it to handle complex, minute-

long videos with consistent frame quality, suitable for 

industries like entertainment and education. 

 Democratized Access to Video Creation: Designed with 
accessibility in mind, it allows more users to create 

high-quality videos from text prompts, making it useful 

for diverse fields. 

 

 CogVideoX 

 

 Long-Form, Coherent Video Sequences: CogVideoX 

excels at generating long sequences with dynamic object 

tracking and scene realism, ideal for creating extended 

content. 

 Advanced Resolution and Detail: With multi-resolution 

frame packing and progressive training, it produces 
detailed, high-quality video output. 

 

These models push the boundaries of text-to-video 

generation by enhancing the realism, coherence, and 

efficiency of video synthesis, making them suitable for 

applications in entertainment, marketing, education, and 

beyond. 

III. PROPOSED METHODOLOGY 

 

The proposed methodology for these advanced 

generative models combines several novel and creative 

approaches to tackle the complex challenges of text-to-video 

generation. Here’s an outline of the main methodologies 

used by each model: 

 
 TiVGAN (Text-to-Image-to-Video Generative 

Adversarial Network) 

 

 Sequential Frame Generation: TiVGAN initiates the 

video by generating a high-quality single frame based on 

text input, then incrementally adds frames. This 

evolutionary approach allows the model to stabilize its 

output progressively, focusing first on visual accuracy 

and later on achieving temporal consistency across 

frames. 

 

 TGANs-C (Temporal GANs Conditioning on Captions) 
 

 Multi-Discriminator Architecture: TGANs-C employs a 

video, frame, and motion discriminator to enforce both 

spatial and temporal coherence in the generated video. 

These discriminators work together to assess frame-by-

frame realism and the overall sequence continuity, 

ensuring the video aligns with text input in a seamless, 

continuous flow. 

 

 Tune-A-Vide 

 

 One-Shot Tuning with Pretrained Text-to-Image Models: 

Tune-A-Video reuses pretrained text-to-image models, 

tuning them with a single text-video pair. It employs a 

diffusion-based sampling method with spatio-temporal 

attention, which is a lightweight way to expand text-to-

image capabilities into video, maintaining consistency 

while using minimal data and computation. 

 

 IRC-GAN (Introspective Recurrent Convolutional GAN) 

 

 Recurrent Convolutional and LSTM Layers: By 
integrating recurrent layers (LSTM) with 2D 

convolutions, IRC-GAN enhances frame quality and 

enforces temporal coherence. Its introspective 

mechanism maximizes mutual information between 

frames, aligning them effectively with textual prompts. 

This makes it particularly effective for high-

resolution tasks where detail and frame alignment are 

crucial. 

 

 Sora OpenAI 

 

 Transformer-Based Diffusion Model: Sora uses a 
transformer model to structure high-quality, complex, 

minute-long videos that retain frame consistency and 

detail. By incorporating feedback loops for continuous 

refinement based on user input, it adapts to different 

video types, making it versatile for various applications, 

like marketing and education. 
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 CogVideoX 

 

 Diffusion Transformer with 3D VAE: CogVideoX uses a 

3D Variational Autoencoder (VAE) in combination with 

a diffusion transformer model. This method allows 

for long-form generation with high realism, using 

a multi-resolution frame-packing approach to produce 

detailed, coherent scenes while progressively training the 
video sequence for quality enhancement. 

 

Together, these methodologies showcase creative uses 

of GANs, transformers, VAEs, and one-shot tuning to 

generate videos that are semantically aligned, temporally 

consistent, and computationally efficient. The blend of 

stepwise generation, multi-discriminator setups, and 

progressive training strategies marks a breakthrough in AI-

driven video generation, opening up vast new applications 

and possibilities. 

 

 System Architecture 
 

 
Fig 1 System Architecture 

 

IV. CONCLUSION 

 
Models like TiVGAN, TGANs-C, Tune-A-Video, IRC-

GAN, Sora OpenAI, and CogVideoX have addressed 

challenges in generating realistic, coherent videos from text, 

each contributing unique solutions to improve temporal 

coherence, semantic alignment, and resolution. 

 

While these models exhibit significant strengths—such 

as efficient training, semantic consistency, and handling 

complex scenes—limitations still exist. High computational 

costs and challenges in maintaining long-term coherence and 

quality, especially in dynamic scenes and high resolutions, 

remain hurdles to broader adoption. 
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