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Abstract: Generative Adversarial Networks (GAN) are essentially applied to the task of image generation from 
textual descriptions. We want to do a performance analysis on a few of the text-based GAN models, such as 
Stack-GAN, DF-GAN (Deep Fusion GAN), and the baseline Attn-GAN model. Attn-GAN, known for its attention 
mechanism, offers a unique approach to text-to-image generation. Through qualitative and quantitative 
assessments using the CUB dataset, Attn-GAN demonstrated promising results, showcasing a balance between 
image realism and diversity. DF-GAN showed competitive results in terms of realism and diversity, reflected in 
its high Inception Score of 4.86, compared to Stack-GAN’s Inception Score of 4.04. Stack-GAN demonstrated 
quality consistency with low Fréchet Inception Distance (FID) values (18.45), compared to DF-GAN (18.49), 
indicating a distribution closer to real images. 

Keywords— Generative Adversarial Networks (GAN), Image generation, Text-based GAN models, Stack-GAN, 

DF-GAN (Deep Fusion GAN), Attn-GAN, Performance analysis, Qualitative measures, Quantitative measures, 

CUB dataset, Inception Score (IS), Fréchet Inception Distance (FID). 

 

1. INTRODUCTION: 

 

In the human body, Neural Networks are essentially the connections between neurons. In the 
field of Machine Learning, Neural Networks have been built using nodes, taking inspiration 
from this biological configuration [1]. Neural Networks are utilized for data processing, 
pattern recognition, and decision-making [2]. Numerous neural network types exist, including 
convolution, deconvolutional, feed-forward, recurrent, and modular networks [3]. Each of 
these networks has a specific function and can be used for tasks like image processing, 
sequence prediction, modularization, and generative tasks [4,5]. 
 

The generator and discriminator neural networks, which feature in the Generative Adversarial 

Neural Network, compete with one another to produce false images [6]. Numerous GAN 

models exist, such as Stack-GAN, which requires repeated attempts with the generator and 

discriminator in order to produce high-quality images [7]. Deep Convolutional GAN, on the 

other hand, is also known as DC-GAN, indicating its use of convolution and convolution 

transpose in both the generator and the discriminator process [8]. Ming Tao [9] et al. stated 

that “Deep Fusion GAN (DF-GAN) features deep text to image fusion blocks that are 
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connected to a pair of generator and discriminator for image generation”. Dynamic Memory 

GAN (DM-GAN) introduces the Memory Network to refine fuzzy image contents by 

incorporating contextual information and refining details through iterative refinement steps 

[11]. 

 

We explored various datasets for our study as preferred by the domain research such as 

MNIST, CUB, and COCO, which have their own unique features and complexities. Among 

them were MNIST for recognizing handwritten digits and COCO for image descriptions 

[15,16]. Ultimately, we focused on the CUB dataset, known for its diverse collection of 200 

bird species [14]. Its complexity challenges text-to-image synthesis models to capture 

intricate visual details. We believe CUB is an ideal benchmark for assessing our methods in 

text-to-image synthesis.  

 

Our goal is to do an analysis for text-based GANs, "We chose GANs for text-to-image tasks 

to improve realism in content creation. Many existing methods struggle with semantic 

consistency and low-detail images. We're focusing on Deep Fusion GAN and Stack GAN for 

their innovative architectures, aiming to assess their effectiveness and potential for enhancing 

text-to-image synthesis [22]. 

 

2. RELATED WORK: 

 

Over the past few years, producing a visual image with a textual description has attracted a 
lot of attention, leading to a rise in the development of different GAN-based image 
generating methodologies. Given that the majority of works use changed training objectives, 
Reinforcement Learning, or continuous-based outputs such Gumbel-SoftMax or Soft-Argmax 
distributions in an attempt to override the model's optimal result. The most important 
contribution of a study is to critically evaluate and offer a distinct source of current GAN-
based text generation research, much of which spans the years 2016 to 2020[10,17,9,11]. 
 
Generative Adversarial Networks (GAN) were first introduced by Goodfellow, Ion [6]. They 
proposed a new framework for estimating generative models via an adversarial process, in 
which they simultaneously train two models: a generative model G and discriminator model 
D [6]. By referencing Generative Adversarial Networks [6] Conditional-GAN was introduced 
which is the conditional version of generative adversarial nets, which can be constructed by 
simply feeding the data, y, conditioned on to both the generator and discriminator [12]. A 
class of CNNs called deep convolutional generative adversarial networks (DC-GANs) was 
introduced, that have certain architectural constraints, and a strong candidate for 
unsupervised learning [8]. Stack-GAN model was introduced which consists of a top-down 
stack of GANs, each learned to generate lower-level representations conditioned on higher-
level representations [7]. The Attentional Generative Adversarial Network (Attn-GAN) 
allows attention-driven, multi-stage refinement for fine-grained text-to-image generation 
[10]. The Style-GAN has architecture that leads to an automatically learned, unsupervised 
separation of high-level attributes (e.g., pose and identity when trained on human faces) and 
stochastic variation in the generated images (e.g., freckles, hair), and it enables intuitive, 
scale-specific control of the synthesis [11]. A simpler but more effective Deep Fusion 
Generative Adversarial Networks (DF-GAN), that has a novel one-stage text-to-image 
backbone that directly synthesizes high-resolution images without entanglements between 
different generators and a novel Target-Aware Discriminator composed of Matching Aware 
Gradient Penalty and One-Way Output [9]. 
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3. METHODOLOGY: 

 
Evaluation of text-based GANs involves extensive training of the models. The focus is on 
assessing the performance of DF-GAN and Stack-GAN, alongside the baseline Attn-GAN 
model, which serves as the foundation for comparison. These evaluations aim to gauge the 
effectiveness of each model in generating high-quality images from textual descriptions. 
Attention is also given to the attentional mechanisms employed within these models, as 
described previously, to understand their impact on the generation process [10]. Through both 
qualitative and quantitative analyses, the capabilities and limitations of each GAN variant are 
thoroughly examined to provide insights into their efficacy in text-to-image synthesis. 
 

3.1 Deep Fusion Gan (DF-GAN) 

 

The proposed Deep Fusion GAN (DF-GAN) introduces a novel one-stage text-to-image 
backbone that directly synthesizes high-resolution images without entanglements between 
different generators [9]. This backbone utilizes a single generator and discriminator pair, 
requiring more layers than previous stacked architectures. To effectively train these layers, 
residual networks are incorporated to stabilize the training of deeper networks [9]. 
 

3.1.1 Architecture 

 
Fig-1: DFGAN architecture 

 

Deep Fusion GAN has a fusion block that works on the textual description by computing text 

features that map to picture features. These are then connected to the generator and 

discriminator, which compete to create high resolution images (256x256). 

 

The formulation of the one-stage method with hinge loss is as follows: 

                                                                 

                                           –                                                           

                                                                                                             

 

Here, z represents the noise vector sampled from a Gaussian distribution, while sv denotes the 
sentence vector. fg, fr, and fmis correspond to the synthetic data distribution, real data 
distribution, and mismatching data distribution, respectively. 
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The Target-Aware Discriminator, a key component, facilitates the generation of more realistic 
and text-image semantic-consistent images. It consists of Matching-Aware Gradient Penalty 
(MA-GP) and One-Way Output.MA-GP, known as Matching-Aware zero-centered Gradient 
Penalty, enhances text-image semantic consistency by applying gradient penalty on real 
images with matching text [20]. This strategy promotes text-visual semantic consistency, 
crucial for accurate text-to-image synthesis. 
 
Traditional text-to-image GANs employ image features extracted in two ways, leading to 
slower convergence of the generator. To address this, DF-GAN adopts One-Way Output, 
concatenating the sentence vector and image feature, and outputs only one adversarial loss 
through two convolution layers.Through the fusion of text and image data throughout the 
image generation phase, DF-GAN facilitates easier interpretation of textual context. The 
fusion method ensures that image features are transformed into images by convolution layers. 

3.2 Stack-GAN 

 
Stack-GAN introduces a novel hierarchical approach to text-to-image synthesis, utilizing two 
stages of image generation which enables the creation of high-resolution images with fine-
grained features, driven by textual input [17]. By conditioning the image generation process 
on textual descriptions at multiple levels, Stack-GAN achieves a multi-scale transformation 
that enhances visual realism [19]. 
 
As previous model operates through a two-step processive, In Stage I, low-resolution images 
capturing rough shapes and colours are generated. These images serve as input to Stage II, 
where a high-resolution image with additional features is synthesized [17]. This hierarchical 
architecture enables the model to progressively enhance image resolution and detail 
representation. 
 

 
3.2.1 Architecture 

 

 
Fig-2: Stack GAN architecture  

 

In Stage I of Stack-GAN, a text description is first converted into a vector, serving as a noise 
input for the generator. This vector is also connected to the discriminator, where it represents 
the textual information as if it were an image from the dataset. The generator produces low-
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resolution images, which are then refined in Stage II to yield high-resolution images 
(256x256). 
 
To elaborate on the Stage-I process, the text embedding    of the description is obtained 
using a pre-trained encoder. Gaussian conditioning variables                 are sampled 
from a distribution to capture variations in the meaning of    17]. The Stage-I GAN, 
conditioned on    and a random noise vector z, trains the discriminator D0 and generator G0 
to maximize L{D0} and minimize L{G0}, respectively. L{D0} involves maximizing the 
likelihood of real images and minimizing the likelihood of generated images, with a 
regularization term balancing the two objectives, as mentioned in eq (3) and (4). 
 

                                             
                                                                                       

             
                                   
                                                                                         

 

Despite the benefits of Stage-I generation, low-resolution images may lack vivid object 
details and could contain shape distortions. To address these limitations, Stage-II GAN is 
introduced. Building upon the results of Stage-I, Stage-II GAN generates high-resolution 
images conditioned on the low-resolution results and text embedding [17,19]. This allows for 
the correction of defects in Stage-I results and the incorporation of previously ignored text 
information to produce more photo-realistic details. 
 
In Stage II, conditioning on the low-resolution result               and Gaussian latent 
variables ĉ, the Discriminator D and Generator G are trained to maximize LD and minimize 
LG [17], similar to the Stage-I training process which is mentioned in eq (5) and (6). 
 

                                           
                                                                                                                                                  
  
 
               
                                

                                                                                                                               

Through this iterative refinement process, Stack-GAN achieves enhanced image quality and 
fidelity, driven by textual descriptions. 
 

3.3 Attentional Generative Network( ATTN-GAN ): 
There is currently a shortage of fine-grained word-level information in the current GAN- 
based text generation models [10, 17, 9, 11]. This attentional generative network (Figure 3) 
comprises m generators that accept hidden states and to create pictures [23]. 
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Fig. 3. This shows how the GAN is supposed to work. The DAMSM gives the generative 
network a loss for fine-grained image-text matching. Each attention model automatically picks 

out the criteria (word vectors) for making different parts of the picture. [23] 
Specifically, 

 

The noise-based vector z is drawn from an example of a normalized distribution in this case. 
Each word in a sentence is placed in a row called an e vector. The Conditioning 
Augmentation [17] moves the sentence vector e to the conditioning vector, which is shown 
by F

ca
. At the i

th
 level of the GAN, F 

attn
 is the proposed attention model. The neural networks 

F
ca

, F 
attn

, F , and G are modelled. 

The attention model F
attn

(e,h) uses the word features e ∈ R
D×T

 and the picture features h ∈ 

R
Dˆ×N

 from the preceding hidden layer (e,h). Adding a new perceptron layer, e
0
 = Ue, converts 

word characteristics into shared semantic space. 

Then, depending on the image's hidden features, a word-context vector is computed for each 
sub-region (query). Each column of h represents a subregion of the picture... The word-context 
matrix for the j

th
 sub-region is a dynamic depiction of word vectors pertinent to hj, derived 

prior text to image algorithms [17,9,10], our solution uses the CUB and COCO datasets. The 
CUB dataset is first pre-processed. Table 1 summarises the dataset. Evaluation. 

Table-1 Statistics of datasets 

 

4. PERFORMANCE ANALYSIS 

 

Evaluation of text-based GAN’s is carried out by extensive training of the models. For both 

models  the CUB dataset is used. In the context of evaluating Generative Adversarial 

Network (GAN) models, both Fréchet Inception Distance (FID) and Inception Score (IS) are 

commonly used metrics, so we used them both to evaluate. 

 

4.1 Qualitative Evaluation 
In our qualitative analysis, we delve into the visual quality and coherence of the images 
produced by both models. By leveraging the high-quality CUB birds dataset, we maintain 
consistency and reliability in our evaluations. Additionally, using the same text encoder for 
both models ensure a fair and comparable assessment process. Through qualitative 
examination, we closely inspect elements like image sharpness, detail accuracy, and overall 
realism. This scrutiny provides valuable insights into how well each model performs in 
faithfully translating textual descriptions into visually captivating images. 
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For training Stack-GAN and DF-GAN, we customized the CUB Bird’s dataset to suit the 
specific requirements of each model. This involved preprocessing the dataset to ensure 
compatibility with the model architectures and training objectives. Despite the customization, 
the essence of the original CUB dataset remained intact, providing a robust foundation for 
model learning and image synthesis. Additionally, both models utilized the customized 
dataset in tandem with the same text encoder, ensuring consistency in textual representation 
across training iterations.  
 
Outcome of DF-GAN-    Deep Fusion GAN integrates a fusion block that operates on textual 
descriptions, extracting text features that correspond to image features. These features are 
subsequently linked to both the generator and discriminator, engaging in competition to 
generate high-resolution images, typically sized at 256x256 pixels.  

 

Fig. 4. Output of DF-GAN with caption: A red bird with black eyes and short beak 

Outcome of Stack-GAN- For Stack-GAN there are two stages where stage-1 produces 64x64 
images which are basically blur some of them were low resolution images. These images 
were used as input source for stage-2. In stage-2 the model is trained to produce high 
resolution images of size 256x256. 

 

Fig 5: Output of Stack-GAN 

Outcome of Attn-GAN- For enable attention-driven, multi-stage filtering for fine-grained 
picture production, with a novel attentional generative network that considers the essential 
words, our application can synthesise fine-grained features in various picture subregions. 
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Fig. 6. Output of Attn-GAN 

4.2 . Qualitative Evaluation 

Quantitative Evolution is a method of examining, interpreting, and drawing conclusions 
from numerical data. It involves the use of statistical techniques and mathematical models 
to analyse data and identify patterns, trends, and relationships [21]. 
For qualitative analysis Inception Score (IS) and Fréchet Inception Distance (FID) are used. 
Inception Score is used to determine quality of image generated by GAN. It measures how 
realistic and diverse the output images are. Higher IS values indicate better performance, as 
they suggest that the generated images are both realistic and diverse [18]. 
 

Table-2: outcome of Inception score of the models 
 

 

 

 

 

 
 

FID resembles the distance between distribution of generated images and the real images in 
the feature space of a pre-trained inception v3 network [3]. It gives a measure on the quality 
of the images generated. It correlates with human judgement on quality of images. Lower 
FID values indicate better performance, as they suggest that the generated images are closer 
in distribution to the real images.  

Table-3: outcome of 

FID score of the models 

 

 

 

 

 

 

5. CONCLUSION 

 

In our analysis of three GAN models—DF-GAN, Stack-GAN, and Attn-GAN—on the CUB 
dataset, DF-GAN impressed us with its fast training and ability to create high-quality images, 
scoring lower on FID and achieving a top Inception Score. Stack-GAN improved its 

Methods Inception Score 

Attn-GAN 4.36 0.03 

Stack-GAN 4.04 ± 0.06 

DF-GAN 4.86 ± 0.04 

Methods CUB-FID 

Attn-GAN 23.98 

Stack-GAN 18.45 

DF-GAN 18.49 
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Inception Score but took longer to build models due to its complex design. Attn-GAN stood 
out for its skill in generating excellent images from textual descriptions, significantly 
boosting its Inception Score. Overall, DF-GAN had the highest Inception Score, while Stack-
GAN had the lowest FID Score. Throughout our evaluation, all three consistently produced 
impressive images. 
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