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Abstract 
The rapid evolution of deep learning has transformed the field of computer vision, particularly in image and 

video synthesis. Techniques such as Generative Adversarial Networks (GANs), Variational Autoencoders 

(VAEs), and Diffusion Models have revolutionized content creation, enabling realistic and controllable 

generation of multimedia data. This paper presents a comprehensive review of the major developments, 

architectures, and applications of deep learning in image and video synthesis. It explores how these 

technologies are applied in creative industries, healthcare, entertainment, and data augmentation. 

Furthermore, the paper examines challenges including ethical implications, computational demands, and 

data biases, and outlines future research directions toward sustainable and trustworthy generative models. 
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I. Introduction 

In recent years, the field of computer vision has 

undergone a paradigm shift with the rise of deep 

learning-based generative models. The ability to 

synthesize realistic images and videos from random 

noise or structured data has opened new horizons 

for artificial intelligence (AI). Applications now 

range from art creation and visual effects to virtual 

reality (VR), medical imaging, and simulation 

environments. 

Image synthesis refers to generating new visual 

content that resembles real-world images, while 

video synthesis extends this capability to temporal 

data, maintaining spatial and temporal coherence. 

The development of deep architectures like GANs 

[1], VAEs [2], and Diffusion Models [3] has 

provided models capable of learning complex data 

distributions, enabling AI systems to “imagine” 

realistic visual content. 

This review paper aims to explore key methods, 

compare architectures, analyze applications, and 

discuss ongoing challenges and future opportunities 

in the synthesis of images and videos through deep 

learning. 

 

II. Literature Review 

A. Foundations and the GAN breakthrough 

Generative modeling prior to deep learning relied 

on explicit probabilistic models and tractable 

densities (mixture models, autoregressive methods). 

The generative modeling landscape changed 

radically with the introduction of Generative 

Adversarial Networks (GANs), which framed 

generation as a two-player minimax game between 

a generator and a discriminator. This adversarial 

objective enabled implicit density modeling that 

could produce higher-fidelity samples than many 

contemporaneous approaches, because the 

discriminator provides rich, learned feedback about 

visual realism instead of relying solely on explicit 

likelihoods. Goodfellow et al.’s original GAN 

paper established this framework and became the 

cornerstone for a large family of GAN variants and 

improvements.  

B. GAN variants and architectural advances 

After the original GAN formulation, a steady 

stream of architectural and training-stability 

innovations made GANs practical for high-

resolution image synthesis. Key developments 

include: 

 DCGAN (Deep Convolutional GAN): 
introduced convolutional 

generator/discriminator design patterns that 

stabilized training for images and became the 

default “recipe” for many vision GANs. 

 Progressive Growing / BigGAN: strategies for 

progressively increasing resolution during 

training (and large-scale BigGAN training) led 

to dramatic fidelity gains on complex datasets. 

 StyleGAN family: Style-based generator 

architectures (StyleGAN / StyleGAN2 / 

StyleGAN3) decoupled “style” at different 

scales in the synthesis pipeline, enabling 

unprecedented control over attributes, latent 

interpolations, and near-photoreal face 

generation. StyleGAN’s changes to generator 

design and mapping networks are widely used 
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in conditional editing and synthetic face 

datasets.  

These improvements addressed two major 

weaknesses of early GANs—mode collapse and 

unstable training—by modifying architectures, loss 

functions, and training schedules. The GAN 

literature also contributed many techniques useful 

beyond GANs (spectral normalization, adaptive 

discriminator augmentation, feature matching 

losses, etc.).  

C. Probabilistic latent models: VAEs and 

hybrids 

Parallel to adversarial approaches, Variational 

Autoencoders (VAEs) provided a sound 

probabilistic framework for learning latent variable 

models with an explicit likelihood lower bound. 

VAEs trade some sample sharpness for principled 

inference and smooth latent spaces that support 

interpolation, disentanglement research, and semi-

supervised learning. Many later works explored 

hybrids that combine VAE reconstruction terms 

with adversarial losses or perceptual losses to 

balance realism and latent interpretability (e.g., 

VAE-GAN hybrids). The VAE line remains 

important for tasks needing reliable posterior 

inference or controlled generation.  

D. The rise of diffusion models — a new state of 

the art 

A major recent shift in generative modelling came 

from diffusion (score-based) models. Denoising 

Diffusion Probabilistic Models (DDPMs) showed 

that progressively denoising a sample from 

Gaussian noise via learned score functions yields 

very high-quality images. Subsequent work 

demonstrated that diffusion models can beat GANs 

on image synthesis metrics when carefully 

engineered (improved architectures, classifier 

guidance and sampling strategies). Diffusion 

models have several desirable properties: stable 

training (no adversarial minimax), strong mode 

coverage, and flexible conditioning (text, class 

labels, masks). These models underpin many of the 

latest text-to-image breakthroughs.  

E. Latent diffusion and computational efficiency 

Although diffusion models achieve excellent 

fidelity, early pixel-space diffusion is 

computationally heavy. Latent Diffusion Models 

(LDMs) address this by applying diffusion in a 

compressed latent space (learned by an 

autoencoder) which drastically reduces compute 

and memory while preserving output quality. 

LDMs enabled practical, high-resolution text-

conditioned generation (and are the technical 

foundation for systems like Stable Diffusion), 

making diffusion approaches far more accessible 

for researchers and practitioners.  

F. Video synthesis: temporal coherence and 

motion/content factorization 

Generating videos compounds the complexity of 

image synthesis with the need for temporal 

consistency, motion dynamics, and object 

permanence. Early video-GAN efforts adapted 

spatial image generators to temporal data using 

recurrent structures, 3D convolutions, or 

decomposed latent factors. A significant idea in 

video generation is motion/content factorization 

(separating static scene content from dynamic 

motion components), as exemplified by 

MoCoGAN, which models a content latent and a 

separate motion latent to generate coherent short 

clips. Other lines of work explore autoregressive 

frame prediction, flow-guided synthesis, and 

learnable temporal attention mechanisms. Despite 

progress, long-range coherence, physically 

consistent object behavior, and fine-grained control 

remain active research problems.  

G. Multimodal and text-conditioned synthesis 

(text→image, text→video) 

A transformative thread is the integration of large 

language or multimodal conditioning signals with 

generative vision models. Text-to-image systems 

(DALL·E, Imagen, Stable Diffusion) combine 

strong text encoders with diffusion or transformer 

decoders to generate photorealistic images aligned 

to semantic prompts. Recently, text-to-video 

models (e.g., Sora and contemporaries from 

multiple labs) have extended conditioning and 

temporal modelling to produce coherent video clips 

from textual descriptions. These models 

demonstrate emergent abilities—like maintaining 

object identity across frames and modeling simple 

physical interactions—but they also surface safety 

and copyright concerns around training data and 

misuse.  

H. Evaluation metrics and benchmarks 

Evaluating generative models is notoriously tricky. 

Common automatic metrics include Fréchet 

Inception Distance (FID) for distributional realism, 

Inception Score (IS) for diversity and quality, and 

PSNR/SSIM for reconstruction tasks. However, 

these metrics can be gamed and do not fully capture 

human perceptual judgments, semantic fidelity to 

conditioning prompts, or temporal coherence in 

videos. Consequently, papers increasingly 

accompany automatic metrics with human 

evaluations and task-specific measures (e.g., object 

permanence, action accuracy for generated videos). 

Standardized datasets—ImageNet, COCO, FFHQ 

for faces, and large video corpora—provide 

benchmarks, but domain bias in these datasets 

remains a limitation. (See cited primary works for 

dataset details and metric analyses.)  



Vidyabharati International Interdisciplinary Research Journal (Special Issue)                                ISSN 2319-4979 

 

National Conference on Multidisciplinary Perspectives In Artificial Intelligence                                   

(NCMPAI-2025) November 11, 2025                                    378 

I. Trends, applications and ethical 

considerations in the literature 

The literature shows clear application-driven 

trends: image editing, inpainting, super-resolution, 

medical imaging augmentation, virtual production, 

and creative tools. At the same time, ethical and 

societal issues—deepfakes, copyright and data 

provenance, demographic biases, and 

environmental costs of large-model training—

feature prominently. Recent technical responses 

include watermarking, deepfake detection research, 

dataset auditing, and model-safety policies from 

major labs. The literature calls for interdisciplinary 

approaches (policy, law, human factors) to 

accompany technical progress.  

Short synthesis for review 

1. GANs launched the era of adversarial 

generation and established many practical 

engineering patterns for realistic image 

synthesis.  

2. Diffusion models rapidly matured into the 

dominant approach for high-fidelity conditional 

generation due to stable training and strong 

coverage of data modes. 

3. Latent diffusion unlocked scalability to high 

resolution with practical compute costs, 

powering accessible systems like Stable 

Diffusion.  

4. Video synthesis remains harder than single-

image generation due to temporal consistency 

requirements; promising approaches 

decompose motion/content and adapt 

diffusion/transformer ideas to time.  

5. Multimodal models (text→image/video) 

represent the current frontier, combining 

language understanding with generative priors 

while raising new safety and provenance 

questions.  

 

III. Methodology / Framework 

Deep learning-based image and video synthesis 

typically follows a structured framework 

comprising the following stages: 

A. Data Collection and Preprocessing 

Large-scale datasets such as ImageNet, MS-COCO, 

and YouTube-8M provide the foundation for model 

training. Preprocessing includes normalization, 

resizing, augmentation, and in the case of videos, 

frame extraction and temporal alignment. 

B. Model Architecture 

The architecture depends on the synthesis task: 

 GAN-based: Two competing networks 

(Generator G and Discriminator D) trained 

adversarially. 

 VAE-based: Encoder-decoder framework with 

probabilistic latent space representation. 

 Diffusion-based: Sequential denoising of 

random noise guided by learned diffusion 

processes.

 

 
C. Training Procedure 

Models are trained using optimization algorithms 

like Adam or RMSProp. The loss functions vary: 

adversarial loss in GANs, reconstruction and KL-

divergence losses in VAEs, and noise prediction 

losses in diffusion models. 
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D. Evaluation Metrics 

Common metrics include: 

 Fréchet Inception Distance (FID): Measures 

realism of generated images. 

 Inception Score (IS): Evaluates image diversity 

and quality. 

 Peak Signal-to-Noise Ratio (PSNR) and 

Structural Similarity Index (SSIM) for 

reconstruction accuracy. 

 User Studies for subjective assessment. 

 

IV. Key Applications 

A. Generative Adversarial Networks (GANs) 

GANs have been pivotal in high-resolution image 

generation, super-resolution, inpainting, and facial 

animation. StyleGAN and CycleGAN enable 

domain transfer and attribute editing, allowing 

synthesis of realistic faces, art, and objects [5], [6]. 

B. Variational Autoencoders (VAEs) 

VAEs excel in representation learning and 

conditional generation tasks. They are applied in 

semi-supervised learning, data compression, and 

medical image reconstruction [2]. Their ability to 

encode latent spaces supports smooth interpolation 

between generated samples. 

C. Diffusion Models 

Diffusion models, such as DDPMs and Stable 

Diffusion [3], [9], have surpassed GANs in fidelity 

and controllability. They sequentially refine 

random noise into structured images guided by 

learned gradients, achieving state-of-the-art 

performance in text-to-image synthesis. 

D. Video Synthesis 

Deep video synthesis applications include motion 

prediction, human action generation, and video 

frame interpolation. Models like MoCoGAN [8] 

and Video Diffusion Transformers [12] enable AI-

driven cinematic generation and visual 

storyboarding. 

E. Cross-Domain and Multimodal Synthesis 

Modern systems integrate text, audio, and visual 

modalities. Text-to-video models (e.g., Pika, Sora) 

synthesize coherent video sequences from prompts. 

Audio-driven lip-synchronization and avatar 

animation represent real-world applications in 

communication and entertainment. 

 

V. Challenges and Future Directions 

A. Computational Complexity 

Training large generative models demands 

extensive computational resources, high memory, 

and energy consumption. Future work should focus 

on optimizing model efficiency through 

quantization, distillation, and lightweight 

architectures. 

 

B. Ethical and Societal Implications 

Deepfakes and synthetic media raise serious ethical 

concerns regarding misinformation, privacy, and 

digital identity theft. Developing watermarking and 

detection tools remains critical. 

C. Data Bias and Fairness 

Biases in training datasets lead to unfair or skewed 

outputs, especially in human image synthesis. 

Incorporating bias-aware training and diverse data 

curation is essential for responsible AI. 

D. Evaluation and Interpretability 

Current metrics may not fully reflect perceptual 

realism or semantic coherence. Improved 

interpretability and explainable AI techniques are 

required to ensure transparency in generative 

modeling. 

 

E. Future Research Trends 

Future directions include: 

 Real-time synthesis for virtual environments 

and gaming. 

 Hybrid generative-discriminative models for 

enhanced control. 

 Physics-informed synthesis for simulation and 

robotics. 

 Ethical AI frameworks ensuring responsible 

deployment of synthetic media. 

 

VI. Conclusion 

Deep learning has dramatically advanced image 

and video synthesis, blurring the boundary between 

real and artificial content. With innovations in 

GANs, VAEs, and diffusion models, AI systems 

can now generate realistic, high-quality visual data 

with semantic control. However, challenges related 

to computational demand, bias, and ethical misuse 

persist. Sustainable progress will depend on 

balancing innovation with responsibility. Future 

research should emphasize interpretability, energy-

efficient architectures, and trustworthy AI to ensure 

that generative technologies continue to empower 

creative and scientific domains. 
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