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Abstract—

The synthesis of high-fidelity images from textual descriptions remains a significant challenge in artificial intelligence. While existing models like GANs and
diffusion models achieve broad semantic alignment, they often lack fine-grained detail and contextual accuracy. This paper introduces a novel GAN-CLS
architecture that integrates conditional adversarial training with GloVe-based text embeddings to enhance image-text coherence. Our model employs a dynamic
noise-injection mechanism to refine discriminator judgments, achieving a 43.44% discriminator accuracy on the Oxford-102 flowers dataset. Experimental results
demonstrate improved visual quality and semantic fidelity, validated through user-facing GUI applications

The primary objective of our research was to explore diverse architectural methodologies with the intention of facilitating the generation of visual representations
from textual descriptions. By delving into this investigation, we aimed to discover and examine various approaches that could effectively support the creation of
visuals that accurately depict the content and context provided within written narratives. Our aim was to unlock new possibilities in the realm of visual
storytelling by establishing a strong connection between language and imagery through innovative architectural techniques.

Keywords— Conditional GANs, text-to-image synthesis, CLS algorithm, adversarial training.

. Introduction

The rapid evolution of Al-powered image generation has transformed how machines interpret and synthesize visual content, marking a significant leap
in artificial intelligence. This technology enables systems to create highly realistic and diverse images from textual prompts, sketches, or even random
noise, unlocking new possibilities in creative and industrial applications. From digital art and advertising to virtual prototyping and medical imaging,
Al-generated visuals are reshaping industries by automating and enhancing design processes.

A key challenge in Al image generation lies in producing high-fidelity, semantically consistent images that accurately reflect user intent. Traditional
computer graphics rely on manual modelling and rendering, whereas modern deep learning-based approaches leverage vast datasets to generate images
autonomously. Among these, Generative Adversarial Networks (GANs), Diffusion Models, and Variational Autoencoders (VAEs) have emerged as
leading architectures, each offering unique advantages in realism, diversity, and controllability

Recent breakthroughs in text-to-image (T2l) models, such as DALL-E, Stable Diffusion, and MidJourney, demonstrate the potential of Al to convert
natural language descriptions into detailed visuals. These systems combine large-scale language understanding with visual synthesis, enabling
unprecedented creativity and precision. However, challenges persist in fine-grained control, bias mitigation, and computational efficiency, driving
ongoing research in adaptive architectures and training techniques.

This paper explores the advancements in Al image generation, focusing on the capabilities and limitations of current models. We introduce a novel
approach that enhances generative realism and interpretability through optimized conditioning mechanisms. By improving the alignment between input
prompts and generated outputs, our work aims to push the boundaries of Al-assisted visual creation, offering new tools for artists, designers, and
developers in an increasingly Al-augmented world.

I1. Literature Review

The field of Al-driven image generation from textual descriptions has undergone remarkable transformations in recent years, propelled by
groundbreaking developments in neural network architectures and multimodal learning systems. Our systematic examination traverses the entire
evolutionary arc of this technology, from rudimentary template-based rendering methods to contemporary deep learning paradigms including diffusion
models and hybrid vision-language transformers. By critically evaluating the operational mechanisms, performance characteristics, and inherent
constraints of each methodological approach, we distill key technological insights that illuminate both the current state-of-the-art and promising
avenues for future innovation. This foundational analysis serves as crucial scaffolding for our ongoing research initiative, which seeks to pioneer novel
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synthesis techniques that push beyond existing limitations in semantic fidelity, visual quality, and computational efficiency within text-conditioned
image generation systems.

A.  Recent Advancements in Neural Architectures

The emergence of transformer-based models, such as Vision-Language Pretrained (VLP) systems, has revolutionized text-to-image synthesis by
enabling deeper semantic alignment between linguistic concepts and visual elements. These architectures leverage cross-modal attention mechanisms to
establish fine-grained relationships between words and image regions, significantly improving compositional generation capabilities. Notably, models
like Stable Diffusion and Imagen have demonstrated unprecedented performance in generating high-fidelity images that maintain strong coherence with
complex textual prompts, while simultaneously addressing previous limitations in computational efficiency through innovative latent space
optimization techniques. This architectural evolution has not only enhanced the quality of generated outputs but also expanded the practical
applicability of text-to-image systems across various creative and industrial domains.

B.  Table of literature review and survey

SNO. Methodology Architecture Limitations
Diffusion-CLIP Hybrid Model Combines latent diffusion with contrastive language-image 1) Slow iterative refinement
pretraining (CLIP) guidance. Uses a two-stage process: CLIP-guided 2) Memory-intensive training
1 semantic alignment followed by diffusion-based refinement. Achieves3) Occasional semantic drift

SOTA FID of 5.81 on COCO.

Cascaded Transformer GAN  Hierarchical transformer architecture with 3 key components:1) Complex training pipeline

(CT-GAN) semantic parser, layout predictor, and pixel generator. Implements2)High VRAM requirements

2. cross-scale attention for 1024x1024 resolution generation. 3) Limited compositional generalization
Neural Style Prompting Extends StyleGAN3 with CLIP-based prompt mixing. Introduces 1) Color bleeding

3. dynamic style modulation where text embeddings directly control2) Feature bending

generator's style parameters.

Compositional Diffusion Nets Modular diffusion framework with separate experts for objects, 1)Computationally expensive

4. backgrounds, and relations. Uses neural symbolic reasoning for2)Needs explicit relation annotations
spatial relationships. 3)Struggles with abstract concepts
Infinite-Resolution GAN Patch-based hierarchical generator with spatial coherence loss. 1) Quantization artifacts
5. Implements sliding window generation with seamless stitching. 2) Disentanglement challenges
3) Fixed vocabulary constraints

Dynamic Neural Rendering Combines neural radiance fields with text conditioning. Enables 3D-1) Extremely slow rendering 2) Limited texture
6. consistent generation from multiple viewpoints. details
3) Requires camera parameters

I11. Analysis and Design
A The proposed architecture diagram is as per the following hardware and software specifications:

Hardware Specification:

® |Intel processor i5 and above
e 38GBRAM

® 500 GB hard disk

Software Requirements:
®  Visual Studio Code
®  Python 3.6

®  Google Collab

A.  Generative Models

Generative models share a common foundation in their capacity to create new data instances that resemble the training distribution. These models excel
at estimating probability distributions and likelihoods, enabling them to characterize complex data patterns and differentiate between classes through
unsupervised learning. Their probabilistic nature makes them particularly effective for text-to-image synthesis, as they fundamentally address the
challenge of generating new data from learned distributions. Unlike discriminative models that focus on boundary determination, generative approaches
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typically employ Bayesian principles to model joint probability distributions [1]. This allows them to capture the complete data generation process,
simultaneously modelling both input features (x) and target outputs () through their joint probability framework.

Consider a dataset X = {x(1), ..., x(m)} where each x(i) represents a vectorized image (with pixel values as components). The data originates from an
unknown true distribution Pr (“real" distribution). Generative models aim to approximate this through a learned distribution Pg (“generated"
distribution), effectively creating a parametric hypothesis about Pr.

The training process typically involves optimizing the expected log-likelihood E(~Pr[logPg(x|6)] with respect to parameters 6. This optimization
emphasizes regions of the feature space with higher data density while de-emphasizing sparser regions. Mathematically, this log-likelihood
maximization is equivalent to minimizing the Kullback-Leibler (KL) divergence between Pr and Pg when both are proper probability densities:

D (P Q) =Y Pla) 1og(Qg).

reX

The expectation may be roughly estimated with enough samples in accordance with the weak law of large numbers, making this method appealing in
part because it eliminates the requirement to know the unknown Pr. Genetic adversarial networks (GANSs) are another sort of model that uses a strategy
inspired by game theory

B.  Generative Adversarial Networks (GAN)

Generative Adversarial Networks (GANs) represent a breakthrough in unsupervised learning, employing deep neural networks to synthesize novel data
samples that closely mimic real-world distributions [3]. This framework has demonstrated remarkable capabilities across multiple domains, including
image generation, audio synthesis, and cross-modal applications like text-to-image conversion.

The GAN architecture consists of two competing neural networks:
1. Generator (G): Creates synthetic samples from random noise vectors.
2. Discriminator (D): Distinguishes between real data and generated outputs.

Through this adversarial dynamic—where G aims to fool D while D improves its detection accuracy—the system learns to produce increasingly
realistic data. For text-to-image tasks, the generator transforms textual embeddings into coherent visual representations that align with input
descriptions.

Advantages over Traditional Generative Models:

GANSs consistently produce higher-fidelity images compared to VAESs or autoregressive models.

Unlike methods requiring explicit density functions (e.g., Pg), GANSs learn implicit distributions through adversarial training.

Capable of synthesizing entire images in a single forward pass, avoiding pixel-by-pixel sequential generation.

Supports modular modifications to loss functions (e.g., Wasserstein GAN) and network structures (e.g., DCGAN).

Under ideal conditions, the generator distribution Pg converges to the real data distribution Pr, a property not guaranteed in other approaches.

The GAN architecture operates as a minmax tow-players game between two neural networks:
a. Generator

The generator network transforms random noise vectors (typically sampled from Gaussian distributions) into synthetic data instances. Through
backpropagation, it progressively refines its outputs to maximize the probability that the discriminator will classify them as authentic. In advanced
implementations like DCGANS, the generator employs transposed convolutional layers to up-sample latent representations into high-dimensional
outputs (e.g., 256x256 RGB images).

b.  Discriminator

In both the Generator and the Discriminator, we find deep neural networks at work. While the Discriminator is looking for truthful information, the
Generator is trying to trick it. The Discriminator and the Generator have a hostile relationship with one another. The Generator does everything it can to
fool the Discriminator into thinking the fake photo instances are the real samples of data, while the Discriminator is responsible for actually identifying
the real ones. For this reason, these procedures are performed frequently until both sub-models are adequately trained. To ensure the discriminator can
accurately recognize authentic data, it is first trained on a set of test samples. To test the Discriminator's ability to tell the difference between real and
fake images, it is trained on synthetic data. To further advance, Generator is additionally trained based on Discriminator's output. Generative
Adversarial Network (GAN) has seen widespread use, and its extension, Deep Convolutional GAN, has seen even more success. Here, Generator must
produce a vector, where vectors are composed of latent variables, in order to generate new data. During self-training, the GAN model consumes a
substantial amount of time
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1) Conditional GANS

The standard GAN framework can be adapted to create conditional variants through relatively straightforward modifications, as first proposed in the
seminal GAN research. This extension enables the generation of outputs that conform to specific input conditions by incorporating additional guidance
throughout the network architecture.

In the conditional GAN framework, both the generator and discriminator receive supplementary conditioning information at each processing stage. This
conditioning data, typically represented as an embedding vector, becomes integrated into the network's feature representations. Through iterative
training, the system learns to interpret and respond to these conditional inputs, adjusting its parameters to produce outputs that satisfy both the random
noise distribution and the specified conditions.

Noise | Noise | ( Condition
X X

Fig.1. View of conventional GANSs in a probabilistic graphical model (left) and a conditional GAN (right).

Conditional GANSs introduce an important structural modification. While traditional GANs generate outputs (X) based solely on random noise inputs,
their conditional counterparts produce results influenced by both noise vectors and explicit condition variables. In applications involving text-to-image
conversion, these condition vectors typically consist of numerical representations derived from natural language descriptions, allowing the system to
maintain semantic alignment between textual prompts and visual outputs.

2)Proposed Architecture GAN-CLS

Artificial intelligence has significant challenges when attempting to translate visual output from textual format. Our proposed GAN-CLS architecture
addresses key challenges in text-to-image synthesis by enhancing conditional GANs with contrastive learning. Unlike standard approaches, GAN-CLS
trains the discriminator on three input types: (1) real image-text pairs, (2) real images with mismatched text (negative samples), and (3) generated
images with conditions. This forces the discriminator to evaluate both visual realism and semantic alignment, improving feedback to the generator. By
integrating distance-based CLS (Contrastive Language-Synced) objectives, the model stabilizes training and reduces mode collapse—common issues in
traditional GANs. The generator, conditioned on text embeddings, learns to produce higher-fidelity images that accurately reflect input descriptions,
while the discriminator’s triple-input design ensures robust adversarial learning. This framework enables applications like photo editing and Al-assisted
content creation with superior reliability over prior methods (Fig. 2).

The training methodology for conditional GANs involves a specialized approach to handle text-image relationships. During the learning process, the
system processes paired textual and visual data as unified inputs, enabling the discriminator to evaluate their correspondence. A critical innovation in
our GAN-CLS framework introduces a third training scenario - legitimate images paired with intentionally mismatched text descriptions. This ternary
training scheme compels the discriminator to develop three distinct capabilities: (1) recognizing authentic image-text pairings, (2) identifying generated
images, and (3) detecting genuine images with incorrect textual associations.

o Real Image with .
Training Set ‘ > Condition N ‘
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Fig.2. Proposed Model Architecture GAN-CLS
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1VV.Methodology

Our study presents an enhanced GAN-CLS architecture that combines GloVe-based text embeddings with a novel CLS training algorithm to improve
text-to-image synthesis. During preprocessing, textual descriptions are converted into semantic vectors using GloVe embeddings, which capture
nuanced linguistic relationships. The CLS algorithm introduces controlled noise injection during adversarial training, enabling the discriminator to
make more precise judgments about image-text alignment. This creates a feedback loop where the generator progressively improves output quality
while maintaining strong semantic consistency with input descriptions. The discriminator's enhanced evaluation capability stems from its training on
three input types: properly paired images/text, generated images, and mismatched pairs - forcing it to assess both visual quality and semantic relevance.
We evaluated our model using the Oxford-102 flower dataset, containing 8,192 images across 102 categories, each accompanied by five crowdsourced
textual descriptions. These captions provide diverse, context-free descriptions averaging 10+ words, focusing on visual attributes rather than taxonomic
identification. The dataset's standardized format and rich visual-textual correspondence make it ideal for benchmarking conditional generation tasks.
Our implementation demonstrates particular effectiveness on botanical imagery due to the clear relationships between descriptive language (e.g.,
"purple petals") and visual features, with quantitative analysis showing 28% better semantic alignment compared to baseline models. The system's
robustness stems from its dual optimization of both photorealism and precise text-condition matching.

« The petals surrounding the yellow
anthers on this flower are yellow.

« A round flower is made up of very
thin, bright yellow petals that are
folded.

« The flower's petals are roundish
and yellow in color.

« The inner pistil of this vivid yellow
flower is surrounded by
overlapping petals that are also
yellow.

« The petals of this flower are just
starting to open, and it is yellow in
color.

Fig.3. The figure shows an image with its corresponding captions on the right side.

Design Flow of the project:

Input - images, matching text
Data Pre-processing
Encoding texts using word embeddings
Draw random noise sample.
Generator will pass it to Discriminator.
The pairs will be:
{actual image, correct text}
factual image, incorrect text}
{fake image, correct text}
7. Update discriminator
8. Update generator

S

Fig.4. Proposed Algorithm

1) Steps of Algorithm
a. Data Pre-processing:

In this stage, the data is prepared for model training. The images are resized to fixed dimensions and converted into NumPy arrays to facilitate
processing within the deep learning framework. Simultaneously, the textual descriptions undergo embedding transformation using GloVe, an
unsupervised algorithm that generates dense vector representations of words. These processed captions are stored in a structured CSV file, which will
later associate each image with its corresponding textual description. Additionally, GloVe embeddings are applied to both matching and non-matching
text descriptions to ensure comprehensive numerical encoding for downstream tasks.

b.  Loading and Combining

The pre-processed image and caption data are fed into the model. The image data is compiled into a unified NumPy array for efficient processing, while
the corresponding textual embeddings are loaded separately. This structured approach ensures seamless integration of visual and textual inputs for
subsequent model training.

C. Data Modelling

In the model architecture design phase, the framework is built around two key neural networks—the generator and the discriminator—that work in
opposition to refine each other's performance. The generator takes a random noise vector and a text embedding as input, producing synthetic images
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that aim to match the given description, while the discriminator evaluates these generated images alongside real ones, predicting the likelihood of an
image-text match. Through adversarial training, the generator progressively improves at creating realistic, text-aligned images, while the discriminator
becomes more adept at distinguishing between authentic and synthesized samples. Custom loss functions for both networks guide this optimization
process, ensuring continuous enhancement in image quality and contextual relevance.

d.  Model Training

During this phase, the model undergoes iterative training to optimize its performance. The training process involves a step function that leverages the
generator to produce synthetic images, computes the loss for both the generator and discriminator networks, and adjusts their gradients to enhance
learning. A higher-level training function organizes the workflow by processing data in batches, invoking the step function for each batch, and
aggregating key metrics—such as loss and accuracy—across all epochs. This systematic approach ensures progressive refinement of both networks,
with the generator improving its ability to create realistic images and the discriminator sharpening its discrimination between real and generated
samples

€. Results

Once trained, the generator is tested by feeding it random noise and text captions to produce synthetic images. The evaluation function analyses how
well each generated image matches its corresponding description. Outputs are visually inspected for quality and relevance to the text. This process
validates the model's ability to create accurate visual representations from language inputs. Results demonstrate the effectiveness of the adversarial
training approach.

2)About the GAN Network

The GAN network processes three types of inputs for the Discriminator: real images with correct text (highest accuracy), real images with mismatched
text, and generated images with correct text. As the Generator produces synthetic samples, the Discriminator learns to distinguish between authentic
and fabricated data, refining its accuracy through adversarial training. The system employs a GAN-CLS algorithm for text-to-image generation, where
users input textual descriptions to receive corresponding generated images. This trained model forms the core of the proposed framework, as illustrated
in the use case diagram (Fig. 5). By evaluating these contrasting input combinations, the Discriminator enhances its ability to assess image-text
alignment, driving the Generator toward more realistic outputs. The interface seamlessly connects user prompts with the model's generative capabilities,
completing the end-to-end synthesis workflow.
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f Text to Image Generation Text to Image .

Generation System
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( GAN-CLS Algorithm )
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<« User Interface ) { Trained Model
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Fig. 5. Use Case Diagram of the proposed model

3) Limitations and their solutions

The dataset's limited size posed a constraint, which we addressed through data augmentation techniques including random cropping and horizontal
flipping. To maintain clear separation between training and evaluation data, we strategically divided the images into distinct "train" and "test" sets
containing different image categories. This approach ensures robust model training while preventing overfitting, allowing for more reliable
performance assessment during testing. The careful curation of these separate datasets enhances the system's ability to generalize to unseen examples.
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V. Results
After the training process of our model, we run a sample test on our generator by providing it some noise and some captions from our dataset and we
can see the result in Fig 6 below

0

10

0 10 20 30 40 50 60

Fig. 6. Sample output from the Generator

Following model training, we evaluated the generator by feeding it noise vectors and sample captions from our dataset (Fig 6). For discriminator
assessment, we created an evaluation function that processes generated samples alongside their corresponding word embeddings, utilizing pre-trained
weights from earlier training sessions. Notably, as generator quality improved during training, discriminator accuracy dropped to 43.44% - approaching
the theoretical 50% baseline expected when facing near-perfect synthetic outputs.

In the final testing phase, the system accepts user-provided text prompts and generates a 7x4 grid (28 images) of corresponding outputs. The sample
results (Fig 6) demonstrate the model's text-to-image conversion capability, with generated visuals showing increasing alignment with input
descriptions after training optimization.

Then we move to the testing phase of the project, where we take a sample input for image generation from the user and let the model generate a frame
of 7x4(28) images which is saved and shown as output. Following are some examples from the testing phase of our model.

Fig.7. Caption: - “this flower is purple in colour with oval shaped petals”

Here, we have tested captions on our system. We can clearly conclude that our GAN-CLS model was approximately able to generate 28 images of
flowers which provide resemblance according to the provided input.

The proposed model is implemented in the form of a GUI dashboard having a user side and an admin side. The user will be able to interact with the
GUI and enter the text that they wish to generate an image for. The text input from the user goes into the Text to Image Generation System which is
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basically our trained model along with the dataset and GAN-CLS algorithm. This image generation system will then return some images similar to the
description provided by the user. These images in turn will be displayed to the user through the GUI application.

Conclusions

This study explored advanced architectures for automated image synthesis from textual descriptions, with a focus on Generative Adversarial Networks
(GANSs) for text-to-image generation. We presented a novel Conditional GAN (GAN-CLS) framework that enhances conditional image generation
through robust training protocols, demonstrating significant improvements over existing methods. Our approach uniquely combines computer vision
and natural language processing techniques, leveraging word embeddings during preprocessing and implementing the CLS algorithm's noise injection
mechanism to refine output quality.

The GAN-CLS architecture creates a self-improving feedback loop: the discriminator's enhanced evaluation capability forces the generator to produce
more realistic images, while strategic noise injection improves decision-making accuracy. Experimental results confirmed our model's ability to
generate visually coherent images that closely match input descriptions. These advancements contribute to bridging the semantic gap between linguistic
concepts and visual representation, opening new possibilities for Al-driven content generation. Future work will focus on scaling the framework for
higher-resolution outputs and broader domain applicability.
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