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Abstract. Generating high-quality and realistic objects in the field of generation poses a significant 
challenge in artificial intelligence. Text-to-image generation technology is one of the focal points of 
research in this cutting-edge area. Currently, Generative Adversarial Networks (GANs) for text-to-
image generation face two major issues: the mode collapse problem in conditional GANs is 
increasingly severe, and some existing models rely solely on sentence-level features, resulting in a 
lack of detailed features in the generated images. To address these problems, we propose a concise 
and efficient generative adversarial network named Text-to-Image Generation with Fine-Grained 
Supervision (T2IG-DFGAN). Its innovations include: (1) Introducing a regularization loss that guides 
the generator to produce diverse images under similar noise inputs by calculating pixel-level image 
differences and input noise differences; (2) Incorporating word-level features and introducing a fine-
grained text matching loss to enhance image details. Compared to the current state-of-the-art 
techniques, T2I-DFGAN performs better in synthesizing realistic images that match text descriptions 
and demonstrates superior performance on multiple commonly used datasets. 
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1. Introduction  

Text-to-image generation, which precisely converts natural language descriptions into closely 
corresponding, lifelike, and detailed images, has become a frontier in scientific research due to its 
profound practical application potential. In recent years, this field has made significant progress, with 
GANs [1] demonstrating outstanding performance in various domains, as shown in the literature 
[2,3,4], especially in the field of text-to-image generation where GANs have truly shone. However, 
despite these achievements, text-to-image generation technology based on GANs still faces two core 
challenges. 

The primary issue is the inherent mode collapse problem in GANs, which is particularly prominent 
in text-to-image generation models based on GANs. When processing high-dimensional conditional 
information (such as text descriptions), the generator often neglects the importance of low-
dimensional noise vectors, leading to highly similar generated images that lack necessary diversity. 
This high degree of similarity not only weakens the discriminator's ability to distinguish between 
images but may also cause stagnation or trapping in local optima during the training process, thereby 
further exacerbating the phenomenon of mode collapse. Secondly, when constructing text encoders, 
many advanced GANs models overly rely on sentence-level features while neglecting word-level 
features. This over-reliance results in an inadequate and inaccurate understanding of text descriptions,  
affecting the semantic consistency between generated images and text. To overcome these challenges, 
researchers have continuously innovated and explored. They adopt stacked network architectures as 
the core framework for generating high-quality images, and to effectively fuse text and image features, 
these models introduce cross-modal attention mechanisms [5-15]. Furthermore, they utilize Deep 
Fusion Generative Adversarial Networks [41] to make the generation process more efficient. To 
further enhance the semantic consistency between generated images and text, researchers have also 
introduced advanced components or strategies, such as the Deep Attention Multimodal Similarity 
Model (DAMSM) network [19], cyclic consistency principles [11], or twin network structures [20]. 
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Particularly noteworthy is that our proposal of an innovative method, T2IG-DFGAN, is based on 
the Deep Fusion Generative Adversarial Networks [41], as illustrated in Fig. 1. In Fig. 1, (a) shows 
the images generated by DFGAN, while (b) demonstrates how T2IG-DFGAN generates high-quality 
images by introducing diversity regularization loss and incorporating word-level features, along with 
text-image matching loss. 

 

 
Fig 1. Existing text-to-image generation models versus our proposed T2IG-DFGAN for generating 

high-resolution images. 

 

Overall, our contributions can be summarized as follows: 
• Introduce a regularization loss that calculates pixel-level differences between images generated 

from similar noise inputs, guiding the generator to produce distinct images, avoiding mode collapse. 
•Incorporate word-level features and use a fine-grained text matching loss to enhance detailed 

features in generated images, ensuring high consistency with text descriptions and boosting imagery 
detail. 

•Conduct experiments on two datasets with the current state-of-the-art methods. The experimental 
results show that the proposed network exhibits better performance. 

2. Related Work 

GANs [1] have demonstrated their impressive capability in simulating complex real-world data 
distributions through a minimax game between the generator and the discriminator [21-25]. The 
Conditional Generative Adversarial Networks (CGANs) [18,26]  bridges text and image generation 
proposed by Reed et al. The StackGAN series [16,17] enhances image resolution by stacking 
generators and discriminators, combining text with noise to create realistic images. AttnGAN [19] 
introduces a cross-modal attention mechanism, guiding the generator to focus on key text information 
to produce detailed and text-consistent images. MirrorGAN [33] reinforces semantic consistency by 
regenerating text from images in a closed-loop feedback system [27]. SD-GAN [28] employs a 
Siamese network [29,30] to deeply mine semantic commonalities, ensuring high consistency during 
image generation. DM-GAN [15] further optimizes initial image generation with a Memory Network 
[31,32], storing and refining key information to yield clearer images. DFGAN [41] shines in the field 
of text-to-image generation with its single-stage non-entangled text-to-image generation backbone, 
an object-aware discriminator aimed at enhancing semantic consistency, and fusion blocks that 
deepen the integration of text and image. 

Inspired by these advanced methods, we propose the T2IG-DFGAN model. T2IG-DFGAN 
significantly enhances image diversity by introducing regularization loss to minimize pixel 
differences arising from noise variations. Additionally, the model leverages word-level features and 
fine-grained matching loss to enrich image details, resulting in generated images that are not only 
more realistic but also more aligned with text descriptions, outperforming previous models. By 
integrating these innovative elements, T2IG-DFGAN opens up broader horizons for text-to-image 
generation. 
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3. The Proposed Method 

3.1 Model Overview 

The T2IG-DFGAN model comprises a generator, discriminator, and pre-trained text encoder (Fig. 
2). The generator takes a sentence vector, a word vector, and a Gaussian noise vector. The noise 
vector is reshaped and fused with the sentence vector in a text fusion block using transformations and 
dynamic convolutions. Word features are further fused for detailed semantics. These features are 
converted to images via convolution. The discriminator downsamples images through DownBlocks, 
and computes adversarial loss with gradient penalty, distinguishing fakes from reals to enhance image 
quality and text-image alignment. The text encoder uses a pre-trained bidirectional LSTM from 
AttnGAN. 

 
Fig 2. Structural Diagram of the T2IG-DFGAN Model. 

3.2 A Special Regularization Loss Function 

CGANs enhance model flexibility and controllability by adding conditional input. This allows 
generated data to match user-specified conditions but also intensifies mode collapse. Mode collapse 
occurs when the generator produces limited or identical samples due to focusing on the conditional 
context, which contains complex semantic information, rather than maintaining diversity through the 
noise vector like in traditional GANs. 

To tackle this challenge, this paper introduces a unique regularization loss lz, as shown in (1), to 
balance conditional control and sample diversity. Where lz  measures the ratio of pixel-level 
differences between generated images to differences in their input noise, indicating the generator's 
efficiency in using noise for diversity. High lz penalizes over-reliance on conditional context, urging 
the generator to maintain conditional accuracy while leveraging noise for diversity. 

lz= max
dI G z1,c ,G z2,c

dz z1,z2
(1) 

 

Where z is a noise vector following a Gaussian distribution, c is a condition vector, dI denotes 
the distance between the generated images, and dz represents the distance between the noise vectors. 

 
Fig 3. Comparison between Mode Collapse and Normal Mode. 
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In the latent space, similar noise elements (such as z1 and z2 in Fig. 3) may lead the generator to 
produce highly similar images due to the shared, similar information they contain, resulting in mode 
collapse, as shown in Fig. 3(a). By introducing and maximizing the diversity loss, specifically 
maximizing lz in (1), the generator is encouraged to produce diverse images, thereby mitigating the 
mode collapse problem, as illustrated in Fig. 3(b). 

During loss function regularization, as shown in (2), we use a small constant eps to ensure 
numerical stability, preventing division by zero when lz is zero. 

Lms=
1

lz+eps
(2) 

 

Where lz is the original regularization term, and eps is a very small positive number used to ensure 
that the denominator does not become zero. 

In addition, the original loss function of the model, as shown in (3), consists of two parts: one part 
is the logarithmic loss for real data, and the other part is the logarithmic loss for generated data. 

Lori=Ec,y log c,y +Ec,z log 1-D c,G c,z (3) 

 

Where c is the conditional context, z is Gaussian noise, D is the discriminator, and G is the 
generator. We add the modified regularization Lms to Lori, forming Lnew1. Lnew1retains original info 
and enhances stability with eps, guiding model training better. 

3.3 Word-level Features and Fine-grained Loss 

When the text encoder is confined solely to utilizing sentence-level features while completely 
neglecting word-level and finer-grained features, the generated images inevitably fall into the trap of 
lacking details. While these images can roughly outline the scene contours or emotional atmosphere 
described by the sentence, they appear hollow and lack depth due to the absence of specific and vivid 
detail descriptions. Consequently, they fail to meet users' basic demands for image content richness 
and realism. Furthermore, due to the severe deficiency in detail representation, these images often 
lack complex textures, lighting changes, and subtle interactions between objects common in natural 
images. These shortcomings not only make the images appear unlifelike but, more importantly, serve 
as obvious indicators distinguishing "real" from "fake." When subjected to human eyes or advanced 
image recognition technologies, their unnaturalness becomes apparent, making them easily 
identifiable as "fake" images generated by some algorithm. 

 

                       

(a)                                        (b) 

Fig 4. Comparison Lacks in Fine-Grained Image & Fused Word-Vector Generation. 

 

To address the aforementioned issues, this paper innovatively introduces word-level features and 
designs a fine-grained text-matching loss mechanism, aimed at enhancing the detailed features of the 
generated images, with specific effects illustrated in Fig. 4. In Fig. 4 (a), the drawbacks of lacking 
fine-grained processing can be clearly observed. Of particular note is the image in the first column of 
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the second row in (a), where the bird's color is nearly indistinguishable from the tree trunk, blending 
into one another. Similarly, in the image in the third column of the second row in (a), the overall tone 
appears dull and lifeless, and an unexpected occlusion area appears at the bottom of the image, which 
not only significantly reduces the image's clarity but also greatly impairs the viewing experience. In 
contrast, Fig. 4 (b) incorporates the processing of word-level vectors during the generation process, 
achieving significant improvements in fine-grained details. This ensures that the generated images 
not only align with the overall text description but also exhibit a high degree of consistency in even 
the most subtle details, thereby greatly enhancing the level of detail and realism of the images. 

During image generation, we introduce fine-grained text-to-image matching loss (4 & 5) to 
measure matching degrees between images and text, enhancing image quality. 

L1
w=- logP Di Qi

M

i=1

(4) 

L2
w=- logP Qi Di

M

i=1

(5) 

 

Where M is the word count in the text description. Di represents an image region, with Qiits 
corresponding text. L1

w. represents the logarithm of the probability of predicting the corresponding 
image region Di given the text Qi , L2

w does the same for predicting Qi given Di. 

4. Experiment 

In this section, we  will introduce the datasets, training details, and evaluation metrics used in our 
experiments, followed by assessments on T2IG-DFGAN and its variants. 

Datasets: The proposed model is evaluated on two challenging datasets: CUB bird [36] and COCO 
[37]. CUB contains 11,788 images of 200 bird species with ten descriptions per image. COCO 
comprises 80,000 training and 40,000 testing images, each with five descriptions. 

Training Details: Our model use the Adam optimizer [38] with β1=0.0 and β2=0.9. Following 
TTUR [12], the generator's learning rate is 0.0001, and the discriminator's is 0.0004. Our program 
runs on Python 3.8, PyTorch 1.9, and CUDA 11.1. 

Evaluation Details: Our model use the Inception Score (IS) [39] and Frechet Inception Distance 
(FID) [40] for evaluation. IS assesses image quality by calculating KL divergence, with higher scores 
indicating better quality. FID measures the distance between synthetic and real images in the feature 
space of Inception v3, with lower scores indicating more realistic images. 

4.1 Quantitative Evaluation 

 
Fig 5. Comparison of text-generated image examples using DF-GAN and T2IG-DFGAN methods, 

along with real images, on the CUB dataset 
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In this section, we conduct an in-depth comparison of the proposed text-to-image synthesis method 
with several state-of-the-art techniques that all employ stacked structures, specifically StackGAN 
[16], StackGAN++[17], AttnGAN[19], MirrorGAN[12], SD-GAN[28], DM-GAN[15], and DF-
GAN[41]. The performance and characteristics of these methods are detailed and compared in Table 
1, providing a clear evaluation framework. 

To further validate the effectiveness of our method, experiments are conducted on the CUB [36] 
dataset and the visualization results generated by DF-GAN are compared with those by our method, 
using real images as a reference, as shown in Fig. 5. 

 

Table 1. Comparison of IS, FID, and results on the test sets of CUB and COCO with state-of-the-art 
methods. 

Model 
CUB COCO 

FID↓ IS↑ FID↓ 
StackGAN [16] - 3.70 - 

StackGAN++[17] - 3.84 - 
AttnGAN [19] 23.98 4.36 35.49

MirrorGAN [12] 18.34 4.56 34.71
SD-GAN [28] - 4.67 - 
DM-GAN [15] 16.09 4.75 32.64
CPGAN [43] - - 55.80

DAE-GAN [44] 15.19 4.42 28.12
TIME [42] 14.30 4.91 31.14

DF-GAN [41] 14.81 5.10 19.32
T2IG-DFGAN 12.25 5.22 17.12 

 
As shown in Table Ⅰ, T2IG-DFGAN demonstrates competitive performance compared to other 

mainstream models. Compared to AttnGAN[19], T2IG-DFGAN improves the IS from 4.36 to 5.22 
and reduces the FID [40] from 23.98 to 12.25 on the CUB [36] dataset. On the COCO [37] dataset, 
our model (assuming it refers to a related variant) reduces the FID from 35.49 to 17.12. Compared to 
MirrorGAN[12] and SD-GAN[28], our model enhances the IS on the CUB dataset from 4.56 and 
4.67 to 5.22, respectively. Compared to DM-GAN[15], our model improves the IS from 4.75 to 5.22 
and decreases the FID [40] from 16.09 to 12.25 on the CUB [36] dataset, while also reducing the FID 
[40] from 32.64 to 17.12 on the COCO dataset [37]. 

4.2 Ablation Study 

In this section, a thorough ablation study on the test sets of the CUB [36] and COCO [37] datasets 
to verify the effectiveness of each component in the proposed T2IG-DFGAN model. These key 
components include the diversity regularization loss, word-level loss, and SE attention mechanism. 
DF-GAN [41] is selected as the baseline model and the output image size is adjusted to 64. 

On the CUB dataset, the baseline model is first compared the baseline model with the introduction 
of a regularization loss term, and meticulously recorded the best Inception Score (IS) [39] achieved 
during 500 training epochs. Subsequently, diversity regularization loss and word-level loss are further 
incorporated, and the results are compared with the baseline model once again. The best Fréchet 
Inception Distance (FID) [40] achieved during 300 training epochs is meticulously noted. The 
specific data are presented in Table Ⅱ. 

 

Table 2. Performance of Different Components of Our Model on the CUB Test Set. 
Architecture IS↑ FID↓ 

Baseline 3.93±0.36 144.22 
+LDR Loss 4.21±0.50 149.81 
+word Loss - 143.73 
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On the COCO dataset, the research delved further. Not only are the regularization loss, word-level 
loss, and SE attention mechanism introduced, but the combined effect of the regularization term and 
SE attention mechanism is also explored. By comparing with the baseline model, the best FID results 
for various metrics during 165 training epochs are meticulously recorded. The specific data are 
presented in Table Ⅲ. 

 

Table 3. Performance of Different Components of Our Model on the COCO Test Set. 
Architecture FID↓ 

Baseline 118.33 
+LDR Loss 117.27 
+word Loss 118.70 

+SE Attention 117.89 
+ LDR Loss& SE Attention 106.91 

 
Through the results of the above ablation studies, it can be clearly seen that the various components 

of the T2IG-DFGAN model have indeed brought improvements and enhancements in the text-to-
image generation task. 

5. Conclusion 

In this paper, a method named T2IG-DFGAN is proposed for the task of text-to-image generation. 
We incorporate a diversity regularization mechanism within a single-stage text-to-image generation 
backbone network to encourage the generator to create diverse images. Additionally, word-level 
features  are integrated to make the generated images not only more refined but also more aligned 
with the text descriptions. This process is achieved through a carefully designed text-image loss 
function. Extensive experimental results demonstrate that our proposed T2IG-DFGAN method 
significantly outperforms the current state-of-the-art models on both the CUB dataset and the more 
challenging COCO dataset. 
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