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Abstract. Video generation techniques incorporate recent advances in deep learning and generative
modeling, and are widely used in film and television, education, advertising, virtual reality, and other
fields. The background lies in the growing need to generate high-resolution, dynamically consistent,
and semantically accurate videos to meet diverse scene requirements. Existing techniques,
including Generative Adversarial Networks (GANS), Variational Auto-Encoders (VAES), Transformer
and Diffusion Models, have achieved significant improvements in video quality and generation
efficiency. This paper systematically reviews the development history of video generation technology,
from model principles, application scenarios to technical advantages and shortcomings, and
analyzes the performance of the current mainstream models in detail. Combined with the
experimental results, this paper summarizes the future trends of multimodal fusion, resolution
improvement, generation efficiency optimization and 3D video generation. In the future, video
generation technology will focus on deep alignment of multimodal fusion, real-time high-resolution
generation, dynamic scene optimization and 3D modeling, which will promote its wide application in
virtual reality, scientific research, and film and television production, and open up new paths for
interactive content generation.
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1. Introduction

The advent of generative large-scale models has catalyzed a surge in the demand for video
generation technology. This nascent field, a beacon of the fusion of machine learning and deep
learning's cutting-edge capabilities, promises transformative applications across a myriad of sectors,
from cinema and entertainment to advertising, ephemeral content creation, animation, video
prediction, education, healthcare, and scientific inquiry. Bolstered by the immense computational
muscle of modern computers, video generation technology has evolved to produce video content of
exceptional quality, meticulously tailored to specific criteria, vividly realistic in its physical depiction,
and distinguished by its high resolution. It operates with agility across unimodal and multimodal data
sources, including textual descriptions, static imagery, and pre-existing video material.

The state-of-the-art in video generation technology has ushered in a paradigm shift, with a marked
improvement in both the quality and resolution of videos, an expanded array of content diversity and
flexibility, and a significant enhancement in the continuity and logical coherence of narrative flow.
The Sora model4& %! R B 5 FHIR. [1], released by OpenAl, exemplifies this progress by
generating one-minute high-fidelity videos that are not only visually crisp but also meticulously
aligned with their textual counterparts. The technology's versatility has reached a point where it can
adeptly handle videos and images with a wide range of durations, aspect ratios, and resolutions,
enabling the creation of everything from concise clips to extended high-definition productions based
on textual prompts. This rich tapestry of diversity and adaptability has opened up a plethora of
scenarios for the application of text-to-video technology. Moreover, the technology prioritizes the
narrative's internal consistency and logical progression, ensuring that the resulting videos are not only
visually fluid but also logically coherent with the textual script. This alignment of visual and logical
elements contributes to a viewing experience that is both natural and authentic, greatly enhancing
user satisfaction.
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The era of video generation technology is currently experiencing a period of exponential growth,
heralding the dawn of a new epoch focused on this innovative field. A cadre of researchers is fervently
engaged in pushing the boundaries of video generation techniques through innovative research and
optimization. As of now, prevalent methodologies encompass Generative Adversarial Networks
(GANSs), Variational Autoencoders (VAEs), Transformer, and Diffusion Models, among others[2-5].
Tulyakov proposed a video generation method based on generative adversarial networks, called
MoCoGAN [6], which achieves high efficiency and diversity in video generation by representing
motion and content separately in the latent space. It is shown that MOCoGAN is able to capture more
realistic dynamic changes and object motion in the generated video, and especially performs well in
the generation of video scenes with complex motions. Saharia proposed a diffusion model-based
video generation method called Imagen Video [7]. This method generates a video by utilizing a
diffusion model under the condition of high-quality text that is able to capture the exact alignment of
the text description with the video content. It is shown that Imagen Video can achieve very high
spatial quality and temporal consistency in the generated videos, especially in the generation and
detail rendering of dynamic scenes. Compared to other traditional methods, Imagen Video is an
important breakthrough in the field of text-to-video generation, as it improves the speed of generation
and is able to handle complex spatio-temporal dependencies.

This paper endeavors to provide a comprehensive synthesis of the advancements in video
generation technology from its inception to the present. It meticulously reviews and analyzes the
pertinent research literature, elucidating the fundamental principles and model applications of this
technology. Furthermore, it juxtaposes experimental outcomes from recent scholarly works,
delineating the strengths and weaknesses of various techniques. Ultimately, the paper addresses the
challenges and hurdles faced in the deployment of video generation technology, concurrently
exploring its future trajectory to offer insightful guidance for its continued advancement and
proliferation.

2. Primary technology

2.1. Generative Adversarial Networks (GANS)

Generative Adversarial Network (GAN), as a pioneering technology in the field of video
generation, has greatly contributed to the rapid development of the field with its unique generative
and adversarial mechanisms, from the earliest simple frame modeling to the realization of high-
quality, spatiotemporally consistent video generation in recent years. In the early stage, GAN mainly
focuses on the generation of single-frame images, and gradually extends to video sequence modeling
by introducing the time dimension, which makes the generation of dynamic scenes and object motion
possible. In recent years, with the improvement of the model architecture and the significant
improvement of training stability, GANs have become more and more realistic in the field of video
generation, not only generating short videos with complex dynamic features, but also making
breakthroughs in the modeling of long time sequences, inter-frame continuity, and so on. The
following are the more popular models of GANs in the field of video generation.

Motion and Content GAN (MoCoGAN) is a pioneering work in video generation task. A
separation of motion and content representations is proposed, where the generator generates a
sequence of video frames by independently sampling the content representation and combining it
with temporal noise, while evaluating the frame-level and video-level realism using a discriminator.
This structured design significantly improves the temporal consistency and diversity of video
generation. The ability to generate short videos of high quality with low computational resources is
an important beginning for the task of video generation. This work lays the foundation for GAN-
based video generation methods. However, it is limited by the GAN framework, and the resolution
and duration of the generated videos are restricted and the training is unstable.

StyleGAN for Video Generation (StyleGAN-V) focuses on video generation, inheriting the ability
of StyleGAN series to generate high-quality images [8], and introduces an explicit temporal modeling
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module, focusing on the generation of video sequences. StyleGAN-V generates videos with
significantly higher resolution and semantic consistency, and is capable of handling generation tasks
up to 4K. The model adopts a dynamic generation mechanism for the temporal dimension, allowing
smoother transitions between frames, and introduces a hierarchical style control mechanism for fine-
grained generation of video content. The emergence of StyleGAN-V marks a breakthrough in the
quality bottleneck of GAN in the field of video generation, and it becomes the benchmark model for
current video generation tasks.

2.2. Variational Autoencoders (VAES)

Specifically, the application of VAESs in video generation exploits their potential representation
learning capabilities on high-dimensional data. By introducing variational inference methods, VAEs
map the original video frames to a continuous low-dimensional latent space at the encoding stage and
ensure that the distribution of the latent space is close to the standard prior distribution through
regularization. In the decoding stage, VAEs can sample from the latent space and then generate
continuous, time-dependent, high-quality video frames through the decoder. The following are the
more popular models of VAEs in the field of video generation.

VideoGPT combines the discrete modeling capability of GPT with the VAE framework to enhance
video generation and encoding by discretizing the video data representation and modeling it with
GPT [9]. It proposes discretized coding strategies for video frames, enabling the generation task to
efficiently capture inter-frame dependencies, and incorporates the capabilities of autoregressive
modeling, providing a novel approach to the field of video coding and compression. The model
demonstrates the powerful combination of sequence generation techniques and video generation,
opening the path to high-quality video generation based on sequence modeling.

2.3. Transformer

Originally designed for natural language processing, the Transformer model efficiently captures
global dependencies in sequential data through a multi-head self-attention mechanism. This feature
is extended and applied in video generation tasks. Video generation involves both time series
modeling and spatial feature processing, and Transformer provides a unified way to model the
temporal dependencies between video frames as well as the spatial structure within frames. The
following are some of Transformer's more popular models in the field of video generation.

CogVideo [10], a cross-modal generation model that transforms input text descriptions into high-
quality video sequences, demonstrates the potential of Transformer for cross-modal generation. The
model incorporates a cross-modal attention mechanism, realizes efficient alignment of text and video
content, and supports the generation of complex dynamic videos, which are widely used in film and
television production, advertisement generation, etc. CogVideo is an important milestone in cross-
modal video generation, and its unique generative mechanism makes it a representative model for the
task of generating video from text.

Latent Video Transformer (LVT) is efficiently optimized for Vision Transformer (ViT) to reduce
computational complexity, and the computational overhead is reduced through structural
optimization [11,12], enabling the Transformer architecture to efficiently generate videos in resource-
constrained environments. The model is suitable for real-time video generation or mobile application
scenarios, and is an important optimization for Transformer in the generation domain.

2.4. Diffusion Models

Diffusion Models have shown significant advantages in the field of video generation in recent
years, becoming one of the important directions in generative modeling. The core mechanism is to
gradually reduce high-quality samples from random noise through gradual denoising. This generative
process is not only highly suitable for the demand of detail accuracy and dynamic continuity in video
generation, but also well adapted to complex time series and multimodal input characteristics. The
following are some of the more popular models of Diffusion Models in the field of video generation.
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Video Diffusion Models (VDMs) apply diffusion models for the first time to the task of video
generation to generate high-quality video sequences through a stepwise denoising strategy [13]. The
model introduces a temporal feature encoder in the time dimension to ensure that the model can
effectively model the dependencies between video frames, extends the traditional diffusion model
from processing still images to sequence data, and combines convolutional operations to achieve the
extraction of temporal and spatial joint features. The model maintains extremely high visual quality
and temporal coherence when generating complex, high-dynamic-range video content, provides a
powerful generative framework for high-resolution video generation, and lays the foundation for
diffusion modeling in video generation.

Imagen Video is a high-quality text-to-video generation model proposed by Google, based on a
multi-stage diffusion strategy to generate visually appealing video content. The model's multi-stage
generation strategy optimizes the temporal coherence and spatial resolution of the video. It generates
high-quality video clips through an efficient diffusion mechanism and demonstrates excellent text-
to-video content alignment.

3. Technology comparison

3.1. Dataset

3.1.1 Kinetics

The Kinetics dataset is a large-scale benchmark widely used for video generation and action
recognition tasks [14]. It contains hundreds of thousands of 10-second video clips categorized into
400, 600, or 700 action classes, ranging from everyday activities to sports actions. The dataset features
high-resolution and high-frame-rate videos, capturing dynamic temporal and spatial characteristics
essential for tasks like spatiotemporal modeling, frame-to-frame continuity, and action generation. Its
diversity and clarity make it ideal for unconditional video generation using GANs, VAEs, and
diffusion models, while the well-defined class labels facilitate supervised learning and benchmarking
for action-related tasks.

3.1.2 MSR-VTT

The MSR-VTT dataset is a multi-modal video dataset comprising 10,000 video clips [15], each
ranging from 10 to 30 seconds in length. Every video is paired with 20 detailed natural language
descriptions, offering rich semantic annotations and diverse scene content. The dataset includes a
wide range of video sources, such as real-world scenes, animations, and computer-generated content,
making it well-suited for tasks like text-to-video generation (T2V), multi-modal video retrieval, and
video understanding. As a foundational dataset for multi-modal research, MSR-VTT provides strong
alignment between video and textual modalities, making it a critical resource for evaluating
Transformer-based and diffusion-based models in conditional video generation and cross-modal
learning.

3.2. Evaluation criteria

3.2.1 Fré&het Inception Distance (FID)

The Fr&het Inception Distance (FID) is a widely used metric to evaluate the quality of generated
video frames by measuring the distributional similarity between the generated frames and real frames
[16]. It utilizes a pre-trained Inception network to extract high-level features from both real and
generated frames and then computes the Fré&het distance between their feature distributions. A lower
FID score indicates that the generated frames are closer in quality and diversity to the real frames.
FID is particularly useful for assessing the overall visual fidelity and diversity of generated videos in
both unconditional and conditional video generation tasks.
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3.2.2 Temporal Consistency

Temporal Consistency evaluates the coherence and smoothness of motion between consecutive
frames in a generated video [17]. This metric measures the alignment of temporal dynamics, often by
calculating differences in optical flow or motion fields between adjacent frames. A lower temporal
inconsistency score indicates that the motion transitions in the video are natural and seamless.
Temporal consistency is critical for video generation tasks, as even high-quality individual frames
may fail to create a coherent viewing experience without smooth temporal transitions.

3.2.3 CLIP Score

The CLIP Score assesses the semantic consistency between the generated video and a given
condition [18], such as a text prompt or an image. It leverages the CLIP model, which maps text and
visual inputs into a shared embedding space, to calculate the cosine similarity between the generated
video frames and the input condition. A higher CLIP Score signifies stronger alignment between the
generated video content and the intended semantics of the input. This metric is particularly valuable
for conditional video generation tasks, such as text-to-video or image-to-video generation, where
ensuring semantic accuracy is essential.

3.3. Model Performance Comparison

A comprehensive comparison of four representative models from different video generation
frameworks is performed using three key evaluation metrics: the Fré&het Inception Distance (FID),
Temporal Consistency and CLIP Score (Multimodal Consistency). The models analyzed include
StyleGAN-V, VideoGPT, CogVideo, and Imagen Video, representing GANs, VAEs, Transformers,
and Diffusion Models, respectively. The evaluation is based on two benchmark datasets: Kinetics (for
unconditional video generation) and MSR-VTT (for conditional video generation).

Imagen Video is the top performer in the comparison, significantly outperforming the other models
in terms of generation quality, temporal consistency, and semantic consistency. Imagen Video
demonstrates excellent performance on both datasets, proving its leadership in the field of video
generation. Especially in the task of generating high-resolution and complex dynamic scenes, Imagen
Video demonstrates its ability to generate videos that are close to real videos in terms of visual quality
and dynamic smoothness, showing high detail reproduction and realism.

CogVideo, as a representative of the Transformer architecture, performs well in multimodal
generation tasks, especially in text-to-video generation, where CogVideo's semantic consistency and
temporal consistency are at a high level. CogVideo is ideal for multimodal conditional generation
because it can generate semantically consistent videos based on input text descriptions, and CogVideo
makes full use of Transformer's powerful sequence modeling capabilities to generate videos with high
visual fidelity and excellent performance in complex semantic understanding.

StyleGAN-V performs better in short-sequence video generation, and the generated video frames
are of high quality and have more detailed visual effects. However, there are some limitations in terms
of temporal consistency and multimodal consistency. Although StyleGAN-V is capable of generating
short dynamic sequences with high visual quality, the transition between frames is not as natural and
smooth as other models when dealing with long sequences and complex scenes. Therefore,
StyleGAN-V is more suitable for generating short video clips with high visual effect requirements,
but not for generating long videos with complex scenes.

VideoGPT, as a representative of VAESs, improves the inter-frame coherence to a certain extent by
its autoregressive modeling approach, although there is a certain gap in generation quality and
temporal coherence compared with other models. Especially in the conditional generation task,
VideoGPT is able to generate videos that match the input conditions with a certain degree of
flexibility. Despite its relatively weak overall performance, due to its relatively lightweight
architecture, VideoGPT is suitable for application scenarios that require low computational resources,
especially for scenarios that require rapid prototyping or running with limited computational power.
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In summary, Imagen Video is the best choice for unconditional and conditional video generation,
especially in high-resolution and complex dynamic generation tasks, and generates videos with very
high visual quality and detail reproduction. CogVideo is also strong in multimodal tasks, especially
for text-to-video generation needs, and is capable of generating high-quality videos that conform to
complex semantics. CogVideo is also a strong performer in multimodal tasks, especially for text-to-
video generation, producing high-quality videos with complex semantics. For high-quality generation
of short dynamic sequences, StyleGAN-V is a suitable choice for scenarios that require the generation
of short videos with high fidelity. VideoGPT, on the other hand, is suitable for lightweight conditional
generation tasks, and performs well especially in resource-constrained scenarios that require
flexibility and computational efficiency. Diffusion models (especially Imagen Video) and
Transformer models (CogVideo) are the most comprehensive in the current video generation field,
and can satisfy the diversified needs of different application scenarios. From high-quality
unconditional video generation to multimodal conditional generation, these models represent the
latest advances in the field of video generation and provide powerful tools and foundations for future
research and applications.

4. Future tendency

With the wide application of generative modeling in the field of video generation, technological
advances have gradually met the users' needs for high quality, dynamic coherence and multimodal
adaptability. Video generation technology has huge room for expansion in terms of quality, efficiency,
flexibility and application areas. In the future, the development of video generation technology will
advance along the following major trends.

4.1. Multimodal fusion

Multimodal fusion video generation has been initially realized, such as text-to-video and image-
to-video tasks, relying on cross-modal attention mechanisms and conditional generation models, but
there is still room for improvement in terms of semantic consistency and dynamic fluency.
Multimodal generation will achieve higher semantic accuracy and dynamic coherence by optimizing
cross-modal alignment, self-supervised learning and multi-stage generation strategies. The model will
support dynamic combinations of multimodal inputs, and be applied to advertising, education, film
and television to provide a more natural and intelligent interactive video generation experience.

4.2. Resolution Enhancement

Current video generation technology has supported high-resolution generation, mainly relying on
GAN, diffusion models, etc. to optimize resolution and details through multi-stage generation, but
there are still efficiency and consistency problems in long sequences and complex scenes. Future
technologies will focus on real-time high-resolution generation, using latent space modeling and
distributed training to improve efficiency; combined with dynamic modeling to optimize long time
sequence generation. More applications include 8K video generation, virtual reality and scientific
simulation scenarios, promoting high-quality generation in more fields.

4.3. Generation efficiency optimization

The current video generation efficiency optimization focuses on lightweight architectures (e.g.,
sparse attention, latent space modeling) and distributed computing frameworks, which have
supported some of the real-time generation needs, but high-resolution and complex scene generation
is still facing a resource bottleneck. Generation efficiency optimization will achieve real-time
generation through more efficient lightweight design, potential space diffusion and parallel reasoning.
Combined with large-scale pre-training and migration learning, future models will be more adaptable
to resource-constrained scenarios, such as mobile and embedded devices.
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4.4. 3D Video Generation

3D video generation is an important branch of video generation technology, aiming at generating
dynamic content with depth information and spatial sense. With the continuous innovation of new
technologies such as diffusion modeling and Transformer, 3D video generation will meet the needs
of the fields of Virtual Reality (VR), Augmented Reality (AR), meta-universe, gaming, and film and
television production. Compared with traditional video generation, 3D video generation focuses more
on modeling spatial geometry, dynamic scenes, and perspective consistency, and faces higher
technical challenges.

5. Conclusion

This paper systematically presents the technological history of the video generation field, detailing
the methodologies of various techniques along with their respective advantages and disadvantages. It
also offers insights into the future development trends of video generation technologies. Video
generation technology is in a stage of rapid development, from GANs, VAEs, Transformer and
Diffusion Models, all kinds of technologies continue to promote the improvement of generation
quality, dynamic consistency and multimodal adaptability. Current technologies have been able to
efficiently generate high-resolution, diverse, and semantically and logically coherent videos, and have
initially realized the deep integration of multimodal inputs and generation.

Despite the significant progress, video generation techniques still face challenges such as long
time sequence modeling, multimodal conditional alignment, real-time generation capability and high
resolution generation efficiency. The future development of the technology will focus on the
following aspects: optimizing the semantic consistency and dynamic smoothness of multimodal
fusion; developing real-time high-resolution generation methods; improving efficiency through
lightweight architecture and potential space generation; and promoting the application of 3D video
generation in virtual reality, meta-universe, and scientific simulation. With technological
breakthroughs and the expansion of application scenarios, video generation will become an important
tool in the fields of film and television production, education and training, virtual reality and scientific
exploration, bringing far-reaching impacts to the society and the industry. The future of this field is
full of potential and deserves continuous attention and exploration.
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