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Abstract: Reading the words can be confusing, and it may be hard to picture what is happening. There are some 

circumstances where words can be misunderstood. It's much simpler to recognize text if it's displayed as an image. The 

use of visuals is proven to increase viewership and retention. 

Synthesizing realistic images automatically is a challenging undertaking, and even the most advanced artificial 

intelligence and machine learning algorithm has trouble meeting this standard. GANs (Generative Adversarial 

Networks) are just one example of a powerful neural network architecture that has shown promising results in recent 

years. Existing text-to-image methods can generate examples that generally reflect the meaning of the provided 

descriptions, but they often lack the necessary details and colorful object elements. 

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.  

 

Index Terms: Image generation, GAN, text to image, Artificial intelligence, Machine learning. 
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1.  Introduction 

Generating realistic images based on textual descriptions is a significant advancement in enhancing user 

intelligence. Visual mental imagery, or "seeing with the mind's eye," plays a crucial role in various cognitive processes 

like learning, memory retention, and logical reasoning. The ability to create a system that comprehends the relationship 

between sight and language and can produce images that convey the meaning of textual descriptions, holds great 

potential for revolutionizing multiple industries, including interactive computational graphic design, image fine-tuning, 

and animation. However, achieving photorealistic images from textual descriptions has proven challenging for many 

advanced approaches, particularly due to the multimodal nature of plausible images corresponding to a given text 

description. Generative models, especially Generative Adversarial Nets (GANs), have shown promising progress in 

generating realistic images. T2I (text-to-image) and I2T (image-to-text) generation are emerging areas of research 

where models can create photos from text or generate textual descriptions based on images. 

The application of GANs in the layout of generative models has further improved their performance in capturing 

and recreating diverse content from existing data. As a result, GAN models have gained widespread adoption in recent 

years. This progress in generating images from text descriptions holds immense potential and has made T2I generation 

an essential area of study across various domains. This paper aims to develop a text-to-image generation model using 

our novel architecture named GAN-CLS, which stands for Generative Adversarial Networks - Conditional Latent 

Space. By combining the CLS algorithm with GAN, we can produce images that outperform those generated solely by 

the GAN algorithm. The primary focus of our research is to demonstrate the superior results achieved through this 

innovative approach in generating images from text descriptions. 

Example: 

Text description: In contrast to its bright yellow stamen, this white flower's petals are delicate, thin and dainty. 

 

 

Fig.1. Diagram of Expected Generated Image 

Thus, through this research we have attempted to talk in depth about image generation from text and the various 

key factors and how our research was successful with it. The literature study is described in Section 2 of this paper, and 

the analysis and design of the approach we suggest are covered in Section 3. Section 4 discusses the process for creating 

visuals from text, and Section 5 discusses the outcomes of our study. Section 6 contains the conclusion. The references 

and citations are discussed in Section 7. 

2.  Literature Review  

The process of translating textual prompts into visually coherent and lifelike images has witnessed significant 

progress in recent times, primarily driven by the rapid evolution of deep learning models. 

Our comprehensive survey encompasses a broad spectrum of studies, ranging from early approaches employing 

conventional image synthesis techniques to the more sophisticated and efficient AI-powered frameworks, such as 

Generative Adversarial Networks (GANs) and Transformer-based architectures. Through a meticulous analysis of the 
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strengths and limitations inherent in each approach, we aim to offer profound insights into the current landscape of 

techniques, thereby identifying potential areas that warrant further advancements. 

This literature survey constitutes indispensable bedrock for our research pursuits in crafting an innovative image 

generation model that extends the frontiers of AI's capacity to translate textual descriptions into visually captivating and 

exceptionally realistic images. 

Table.1. Table of literature review and survey 

 

Citation 

 

Methodology Architecture Limitations 

[2] 

Used Pathways Autoregressive Text-

to-Image (Parti) model 

To begin with, Parti encodes images as collections of distinct 

tokens using the Transformer-based image tokenizer ViT-

VQGAN. Second, the encoder-decoder Transformer model is 

scaled up to 20B parameters, with a new, cutting-edge zero-

shot FID score of 7.23 and finely tuned FID score of 3.22 on 

MS-COCO. 

1) Color bleeding 

2) Feature bending 

3) Hallucination or duplication 

of details 

[13] 

(VQ-Diffusion) model for text-to-

image generation. This method 

is based on a vector quantized 

variational autoencoder (VQ-VAE) 

whose latent space is modeled by a 

conditional variant of the recently 

developed Denoising Diffusion 

Probabilistic Model 

(DDPM). 

In this paper a transformer that encodes and decodes data was 

suggested to estimate the distribution pθ(x˜0|xt, y). The 

framework consists of two components: a diffusion picture 

decoder and a text encoder. The text encoder produces a 

conditional feature sequence from the text tokens y. The 

noiseless token distribution pθ(x˜0|xt, y) is produced by the 

diffusion image decoder using the image token xt and the 

timestep t. A softmax layer and many transformer blocks are 

included in the decoder. 

Still have weaknesses of 

unidirectional bias and 

accumulated prediction errors 

due to the 

limitation of AR models 

[14] 

Proposed the Lafite first work to train 

text-to-image generation models 

without 

any text data. Our method leverages 

the well-aligned multimodal semantic 

space of the powerful pre-trained 

CLIP model: By creating text features 

from image features, the need for text-

conditioning is seamlessly reduced. 

For this purpose, we propose converting the unconditional 

StyleGAN2 to a conditional generative model. Because the 

proposed LAFITE is a flexible system, we run tests in a 

variety of configurations, including the suggested language-

free option, as well as the zero-shot and fully-supervised text-

to-image creation settings. 

1) Color bleeding 

2) Feature bending 

[15] 

Proposed Visually Guided Language 

Attention GAN (LatteGAN), a multi-

turn text-conditioned image 

generation GAN accompanied by two 

key components: a Latte module that 

can extract the fine grained instruction 

representations that are crucial for 

image 

modification; and a Text-Conditioned 

U-Net discriminator that can 

discriminate images on the basis of 

both their modification and their 

quality. 

They introduce an innovative architecture referred to as a 

Visually Guided Language Attention GAN (LatteGAN). In 

this paper, the authors address the limitations of previous 

approaches by introducing the Visually Guided Language 

Attention (Latte) module, which extracts fine-grained text 

representations for the generator, and the Text-Conditioned U-

Net discriminator architecture, which discriminates both the 

global and local representations of fake and real images. 

Extensive trials on two separate MTIM datasets, CoDraw and 

i-CLEVR, reveal that the proposed model achieves state-of-

the-art performance. 

The current methods often 

overlook manipulation 

instructions and fail to generate 

objects. 

This is particularly problematic 

for the MTIM task, as 

generating an image at a certain 

step often involves 

reference to the previous 

images. 

[21] 

Suggested a new generative 

adversarial network (ManiGAN) with 

the text-image affine combination 

module (ACM) and the detail 

correction module (DCM) as its two 

main components. 

Choose the multi-stage ControlGAN architecture as the 

fundamental structure since it generates high-quality and 

controllable images based on the provided text descriptions. In 

order to extract regional picture representations, we 

additionally incorporate an image encoder that is a pretrained 

Inception-v3 network. 

1) Spatial relations 

2) Incorrect visual aspect and 

media blending 

[22] 

Used NUWA-Infinity, a generative 

model for infinite visual synthesis, 

which is defined as the task of 

generating arbitrarily-sized high-

resolution images or long-duration 

videos. 

According to the paper to handle such a variable-size 

generation task, an autoregressive over autoregressive 

generation mechanism is proposed, where a global patch-level 

autoregressive model takes into account dependencies 

between patches and a local token-level autoregressive model 

takes into account dependencies between visual tokens within 

each patch. 

- 

[33] 

Unified multimodal pretrained model 

called NUWA that can 

generate new  ̈or manipulate existing 

visual data (i.e., images and videos) 

for various visual synthesis tasks. 

A 3D encoder-decoder framework is created that can not only 

handle movies as 3D data, but also words and pictures as 1D 

and 2D data, respectively. A 3D Nearby Attention(3DNA) 

mechanism is also proposed to consider the nature of the 

visual data and reduce the computational complexity. 

They treat images and videos 

separately and focus on 

generating either of them. This 

limits the models to benefit 

from both image and video data 
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3. Analysis and Design  

The proposed architecture diagram is as per the following hardware and software specifications: 

Hardware Specification: 

 

● Intel processor i5 and above 

● 8 GB RAM 

● 500 GB hard disk 

 

Software Requirements: 

 

● Visual Studio Code 

● Python 3.6  

● Google Colab 

3.1  Generative Models 

When it comes to statistics, all Generative models belong to the same category because of their ability to produce 

novel data samples. To execute tasks like probability and likelihood estimation, modeling data points to characterize the 

phenomena in data, and distinguishing between classes based on these probabilities, unsupervised machine learning 

makes use of these models. Generative models are well-suited to the process of text to image synthesis since it describes 

the problem they are trying to address. Generative models are able to take on more difficult problems than their 

discriminative counterparts since they usually use the Bayes theorem to establish the joint probability [1]. Learning 

algorithms aim to imitate the underlying patterns or distribution of the data points, while generative models focus on the 

distribution of specific classes within a dataset. These models produce examples in which a specified input (𝑥) and the 

desired output (𝑦) occur simultaneously using the concept of joint probability. 

Let’s say we have 𝑚 samples in a dataset 𝑋 =  {𝑥(1), . . . , 𝑥(𝑚)} and each sample’s 𝑥(𝑖) is a vector. Here, the image 

will be represented as a vector of pixel values, denoted by 𝑥(𝑖).  

The dataset's images are drawn at random from a distribution termed 𝑃𝑟
 (where 𝑟 stands for "real"), which has not 

been formally defined. The purpose of these generative models is to learn to generate samples from a distribution 𝑃𝑔
 

that estimates a target distribution 𝑃𝑟 . 𝑃𝑔
, the model distribution, is a hypothesis about the true 𝑃𝑟

, the data distribution. 

To learn a distribution 𝑃𝑔
, most generative models optimize the expected log-likelihood 𝐸𝑋~𝑃𝑟𝑙𝑜𝑔(𝑃𝑔(𝑥|𝜃)) with 

regard to 𝜃. Simply put, maximum probability learning corresponds intuitively to giving more weight to parts of X that 

have more examples from X and less weight to regions that have fewer examples. It may be shown that minimizing 𝑃𝑔
 

is equivalent to maximizing the Log-likelihood. Assuming 𝑃𝑟
 and 𝑃𝑔

 are densities, the Kullback-Leibler divergence  

 

𝐾𝐿(𝑃𝑟  || 𝑃𝑔) = ∫ 𝑋𝑃𝑟𝑙𝑜𝑔(
𝑃𝑟

𝑃𝑔

)𝑑𝑥.
 

 

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 (GANs) are another sort of model that uses a strategy inspired by game theory [2]. 

3.2 Generative Adversarial Networks (GAN) 

Generative Adversarial Networks (GANs) are a method for unsupervised learning that creates new instances. New 

data examples are generated with the help of neural networks in Generative Adversarial Networks [3]. It has the 

potential to provide both visual and aural content. Learn a generative model and train it with neural networks; this is the 

essence of generative adversarial networks. 

In GAN, a discriminator and a generator, both models of neural organization, are put up to compete with one 

another in order to notice, catch, and replicate the diversity present in a dataset. In text to image the description of an 

image based on textual information is synthesized into a visual representation that best fits the description. 

Most problems with existing generative models are addressed by GANs: 

 

● Images created with GANs are of higher quality than those created with any of the other models. 

● As will be explained below, GANs are not limited by the possibility that there is no such thing as a density 𝑃𝑔
 

for complicated distributions and hence no need to learn such a thing. 

● A GAN may produce samples quickly and in parallel. It's possible, for instance, to create an image 

simultaneously, rather than one pixel at a time. 

● Loss functions and sample-generating network architecture can be modified in GANs with relative ease. 
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● 𝑃𝑔
=𝑃𝑟

 is true when GANs converge. Other models, which may also optimize a loss, may have a biased 

estimator, therefore this equality would not apply to them. 

 

The GAN framework revolves around a min-max game between two players, the discriminator (or critic) and the 

generator. 

a. Generator 

It creates new data instances, most of which are fabricated, and sends them on to the Discriminator in an effort to 

throw it off its scent. 

b. Discriminator 

As recently referenced, it can tell the difference between authentic samples and sham ones produced by the 

Generator. Each of the two neural networks, In both the Generator and the Discriminator, we find deep neural networks 

at work [4] . 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 [5]. 

3.3  Conditional GANS 

GANs can be easily converted into a conditional generative model, as detailed in the original GAN study [6]. The 

conditional generative model is a simple extension of the original GAN work, which outlines how to turn GANs into 

them. Generating information dependent on a given condition vector, the vector is attached to all layers of the generator 

and discriminator. After some time, the networks will figure out how to handle the new information and modify their 

settings accordingly. 

 

 

Fig.2. View of conventional GANs in a probabilistic graphical model (left) and a conditional GAN (right). 

One can also see conditional GANs as probabilistic graphical models (Fig 2). The observable X is affected by the 

noise in typical GANs. Noise and Condition are both considered while determining X in conditional GANs. Condition 

vectors are vectors encoding text description in the context of text-to-image synthesis. 

3.4  Proposed Architecture GAN-CLS 

Artificial intelligence has significant challenges when attempting to translate visual output from textual format. 

The use of automatic picture synthesis has numerous advantages [7]. One use case for conditional generative models is 

image generation. The use of Generative Adversarial Networks has led to recent advancements (GAN). The text-to-

image transformation is a perfect illustration of the power of deep learning. Text-to-image synthesis poses a significant 

challenge to our capacity to characterize conditional, high-dimensional distributions, but it also has many exciting and 

useful applications, such as photo editing and computer-assisted content development. In addition, we present distance-

based conditional image creation using CLS, a new model that we believe provides more reliable stability guarantees 

than previous approaches (Fig 3). 

The steps necessary to teach a GAN to respond to conditions are, it's easiest to treat (text, picture) pairs as a 

combined observation, and instruct the classifier to determine whether or not they are genuine. The discriminator does 

not know for sure if the text embedding context corresponds to the actual training images. In GAN-CLS, a third type of 

input is provided during training consisting of authentic images with manipulated text that the classifier must learn 
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to identify as spurious. Training the discriminator to optimize picture/text matching in addition to image realism 

improves its ability to provide a signal to the generator. 

 

 

Fig.3. Proposed Model Architecture GAN-CLS  

4. Methodology  

This section discusses the proposed novel architecture using GAN-CLS model and adding word embedding using 

glove embeddings of text in the preprocessing phase and then training our model [8]. 

Incorporating the CLS algorithm proved to be a pivotal enhancement in our GAN model, yielding substantial 

improvements in the generated results. By integrating the CLS algorithm, we introduced a carefully crafted noise 

injection mechanism that effectively refined the discriminator's judgment process. This noise injection facilitated the 

discriminator in making more informed and precise assessments of the generated images. Consequently, the 

strengthened capabilities of the discriminator induced the generator to produce superior results, further compelling the 

discriminator to deceive with increasingly high-quality image outputs. As a result of this synergistic interaction, our 

GAN model successfully achieved a significant advancement in generating exceptionally realistic and visually 

appealing images. 

The datasets used in this model are publicly available datasets. In this study we have used the Oxford-102 flowers 

dataset [24]. This dataset is the one which is typically employed in studies involving the conversion of text to visuals. 

The 102 flower types represented in Oxford-102 total 8,192 photographs. There are pictures, but no accompanying text, 

in this dataset. Nonetheless, we made advantage of the publicly available Amazon Mechanical Turk-collected captions 

for these datasets. Five different explanations are provided for each of the photographs. They have ten words or more, 

they do not give any context, and do not identify the flower depicted. 

 

 

Fig.4. The figure shows an image with its corresponding captions on the right side. 

 

Fig.5. Proposed Algorithm. 
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4.1  Steps of Algorithm 

a.  Data Pre-processing: 

The data must be prepared for the model in this stage. To make the photos easier to deal with in the deep learning 

model, they are transformed into NumPy arrays with pre-set pixel sizes [9]. Using GloVe, an unsupervised learning 

technique that creates vector representations of words, the picture descriptions are also transformed into embeddings 

(numerical vectors). The captions are kept in a CSV file that will subsequently be used to match captions to created 

photos. Lastly, GloVe embeddings are used to encapsulate both matching and mismatching text descriptions. 

b.  Loading and Combining 

The model is given the pre-processed picture and caption data. While the picture description embeddings are 

loaded individually, the image data is concatenated to create a single NumPy array. 

c.  Data Modelling 

At this stage, the model architecture is defined. It entails building the generator and discriminator networks. The 

generator network produces a produced picture that fits the input description after receiving random noise and a written 

description as inputs. A probability indicating whether or not the picture fits the description is produced by the 

discriminator network after receiving an image and a text description as input. In an adversarial training process, the 

discriminator and generator networks work together to develop their respective capabilities [10]. As a result, the 

discriminator becomes more adept at telling the difference between real and generated images, and the generator 

becomes more realistic in the images it produces. This stage also defines the loss functions for the generator and 

discriminator networks, which are used to gauge the effectiveness of the networks during training.  

d.  Training 

This stage involves training the model. The train step function uses the generator network to create pictures, 

estimates the loss for both the discriminator and generator networks, and modifies the gradients to enhance the 

performance of the network. The train function gathers all the metrics, including the loss and accuracy for each epoch, 

and then collects the batch data, passing it to the train step function. 

e.  Results 

A function is used to test the output from the generator once the model has been trained. This function creates a 

picture that fits the provided description by taking two inputs—random noise and a caption. A created image that can be 

assessed for quality and contrasted with the supplied caption is the output of the function.  

4.2  About the GAN Network 

It specifies that three sets of inputs will be given to the Discriminator as a generator creates bogus samples and 

sends them on [11]. The most precise result is the combination of correct text and actual image, followed by the 

incorrect or fake text and actual image, and finally the false image with proper text. The Discriminator is trained using 

these inputs to improve its performance. 

 

 

Fig. 6. Use Case Diagram of the proposed model. 
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4.3  Limitations and their solutions 

Our data is limited in size by a lack of images; therefore, we perform data augmenting on them. We randomly crop 

the images and perform left-right-flipping on them. To ensure that the two sets of data are sufficiently distinct, we 

created a separate set. It is recommended to create a "train" set and a "test" set with different types of images in each. 

5. 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 7 below. 

 
 

Fig. 7. Sample output from the Generator 

Then we initialize our discriminator for evaluation purpose and a decision function is passed to the discriminator 

consisting of the sample image in Fig 8 and the corresponding word embeddings that were provided at the time of 

generation. The discriminator then makes its decision by loading pre-trained weights for the discriminator model that 

have been learned from previous training sessions and judges the generator’s performance. 

In contrast to the improved performance of the generator after training, the discriminator's accuracy decreases 

because it becomes increasingly difficult for it to distinguish between genuine and fabricated data. For a perfect 

generator, the discriminator can only expect to be 50% accurate. Accuracy of our discriminator model has come up to 

43.442073%. 

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.8. Caption: - “this flower is purple in color with oval shaped petals” 
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Fig.9. Caption: - “this flower is yellow in color with oval shaped petals” 

 

Fig.10. Caption: - “purple flower with curvy string-like petal sanda group of large yellow stamen in the center.” 

Here, we have tested 3 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 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.  
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Fig.11. Sample GUI made with Tkinter 

The above GUI which can be seen above in Fig 11 is a sample GUI screen made using Tkinter in Python to 

showcase a working prototype of our research. 

After the initial testing phase of the project, the focus shifted to the finalization phase of the project, where the 

interface was moved from Tkinter based GUI to Flask based website, which is visible in Fig.12. 

 

 

Fig.12. Website made using Flask 
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When the front interface of the system is finalized, the model is further improvised by increasing the epochs of the 

model and increasing the size of the dataset. The resolution of the image being generated is increased from 64px and 

instead of 28 images being generated in matrix of (7*4), in this iteration only 1 higher resolution image is being 

generated. In the below example Fig.13., we can see how the project has evolved by taking a sample input as  “a purple 

flower with round petals”. 

 

 

Fig.13. Sample output  

We take another example with a previously tested caption during the testing phase as “this flower is yellow in 

color with oval shaped petals”. 

 

 

Fig.14. Sample output  
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6.  Conclusion 

In this paper, we researched methodologies and structures with the aim of synthesizing pictures automatically from 

textual descriptions. We will implement improved architectures like the GAN-CLS to improve the performance. We 

introduce Generative Adversarial Networks and demonstrate its utility for the task of text to image synthesis in this 

paper. Here, we detail the state-of-the-art models in the field, which operate at the confluence of Computer Vision and 

Natural Language and explain how they achieve their impressive results. We also propose a new Conditional GAN 

(GAN-CLS) that permits conditional picture production via a dependable training process. 

In summary, the goal of our study was to investigate several architectural techniques that may be utilised to bridge 

the gap between language and picture and produce visual representations from verbal descriptions. With the use of word 

embeddings during preprocessing and the CLS technique, we were able to produce realistic and visually attractive 

images with amazing improvements. 

The incorporation of the CLS algorithm brought about a skillfully designed noise injection mechanism, enabling 

the discriminator to improve its evaluations of the generated images and make more educated decisions. The generator 

was then forced to generate outputs of higher quality as a result, creating a feedback loop that dramatically improved 

our GAN model's overall performance. 
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