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SUMMARY In this paper, we propose improved Generative Adversar-
ial Networks with attention module in Generator, which can enhance the
effectiveness of Generator. Furthermore, recent work has shown that Gen-
erator conditioning affects GAN performance. Leveraging this insight, we
explored the effect of different normalization (spectral normalization, in-
stance normalization) on Generator and Discriminator. Moreover, an en-
hanced loss function called Wasserstein Divergence distance, can alleviate
the problem of difficult to train module in practice.
key words: Generative Adversarial Networks (GANs), wasserstein diver-
gence, attention module, generative model

1. Introduction

Image synthesis is an important problem in computer vi-
sion. To generate realistic images, networks with deep
layers recently have been proved beyond the other shal-
low approaches. In generative networks, the Generative
adversarial network (GAN) [1] is a prevalent generative
model. The Deep convolutional generative adversarial net-
work (DCGAN) [2] aligns 2 deep networks to generate more
quality adversarial examples such as images, text or video
sequences. Deep networks have abundant filter banks to
promote more detailed analysis and synthesis of large ex-
amples. These convolution layers are adjusted by the prop-
agated gradients of cost functions.

Since the convolution operator has a local receptive
field, long range dependencies can only be processed af-
ter passing through several convolutional layers. Attention
module, on the other hand, exhibits a better balance between
the ability to model long-range dependencies and the com-
putational and statistical efficiency. The attention module
calculates response at a position as a weighted sum of the
features at all positions, where the weights – or attention
vectors – are calculated with only a small computational
cost. Self-Attention GAN (SAGAN) [3] introduces a self-
attention mechanism into convolutional GANs [2]. Armed
with self-attention, the Generator can draw images in which
fine details at every location are carefully coordinated with
fine details in distant portions of the image.

In this paper, we propose an improved model of GAN
with full attention layer in Generator, which introduce an
attention module into deep convolutional GANs with the
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Fig. 1 Proposed network structure

improved wasserstein divergence. The attention module is
complementary to convolutions and helps with modeling
long range, multi-level dependencies across image regions.
Then, we use the Wasserstein Divergence distance to get a
stable training. We evaluate the proposed enhanced GAN
with attention module across several datasets and obtained
enlightening results. Our contributions can be summarized
as follows:

- We propose an improved structure of GAN with full
attention Generator.

- We use Wasserstein Divergence distance try to have a
stable training.

- We have tried several different network structures, as
shown in Fig. 1.

- We use different techniques to stabilise training.

2. Related Works

2.1 Generative Adversarial Networks

Generative models have been showing great success since
the advent of GANs [1]. Since the advent of Alexnet [4],
most of the focus has been put on CNNs as a discrimina-
tive model. Only until recently have generative models been
more focus. The Deep Convolutional GANs (DCGAN) [2]
propose and evaluate a set of constraints on the architectural
topology that make them stable to train in most settings.

2.2 Non-Local Models

In order to sense global structures in a large receptive field,
several convolutional layers and large kernel sizes exist typ-
ically in GAN-based structures. But it will seriously harms
the computational efficiency. Recently, attention mecha-
nisms have become an integral part of models that must cap-
ture global dependencies. It computes the response at one
position as a weighted sum of the features at all positions,
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and is able to capture long-range dependence across differ-
ent parts. Self-Attention GAN [3] learns to efficiently find
global, long-range dependencies within internal representa-
tions of images.

2.3 Wasserstein Divergence

Wasserstein GANs [5] has shown that even in very simple
scenarios the JS divergence does not supply useful gradients
for the Generator. On the other hand, the EM distance does
not suffer from these problems of vanishing gradients. How-
ever, it is very challenging to approximate the k-Lipschitz
constraint required by the Wasserstein-1 metric (W-met).
The Wasserstein Divergence [6] introduce a Wasserstein di-
vergence objective for GANs, which can faithfully approxi-
mate W-div through optimization.

3. Techniques to Stabilize the Training of GANs

We also investigate some techniques to stabilize the training
of GANs on challenging datasets. The spectral normaliza-
tion [7] are used in this paper, we try different combinations
regarding spectral normalization as well as instance nor-
malization [8]. Meanwhile, the two-timescale update rule
(TTUR) [9] specifically to address slow learning in the pro-
posed method.

3.1 Spectral Normalization with Instance Normalization

Spectral Normalization [7] originally proposed stabilizing
the training of GANs by applying spectral normalization
to the Discriminator network. Doing so constrains the
Lipschitz constant of the Discriminator by restricting the
spectral normal of each layer. Instance Normalization [8]
show how a small change in the stylization architecture re-
sults in a significant qualitative improvement in the gener-
ated images, it can be used to train high-performance archi-
tectures for real-time image generation.

In this paper we have tried different combinations of
Spectral Normalization and Instance Normalization, the de-
tails of which are showed in Table 3.

3.2 Imbalanced Learning Rate for Generator and Discrim-
inator Updates

In practice, methods using regularized Discriminators typi-
cally require multiple Discriminator update steps per Gen-
erator update step during training. Independently, TTUR [9]
have advocated using separate learning rates for the Genera-
tor and the Discriminator for the problem of slow learning in
a regularized Discriminator, making it possible to use fewer
Discriminator steps per Generator step.

4. Proposed Method

Most GAN-based models for image generation are built us-
ing convolution layers. Convolution processes the informa-
tion in a local neighborhood, thus using convolutional layers

alone is computationally inefficient for modeling long-range
dependencies in images. We adapt the non-local model of
[10] to introduce attention to the Generator part, enabling
the Generator to efficiently model relationships between
separated spatial regions.

Non-local Networks [10] prove that more non-local
blocks in general lead to better results, multiple non-
local blocks can perform long-range multi-hop commu-
nication. The SAGAN [3] prove that the self-attention
mechanism at the middle-to-high level feature maps
(e.g., f eat32and f eat64) achieve better performance than the
models with the self-attention mechanism at the low level
feature maps (e.g., f eat8and f eat16). In our network struc-
ture, we adapt non-local model to Generator in every layer,
did not adapt it in the Discriminator. Because the non-local
model will increase a lot of calculation, and the Discrimina-
tor has become more stable because of the wasserstein di-
vergence distance used, so we think it is not necessary adapt
into both Generator and Discriminator.

The default architectures for Generator and Discrimi-
nator of our method are showed in Fig. 1. Regarding the
Generator, the input noise is a shape of [100x1x1] tensor.
We constructed a 5-layer deconvolution block. Each block
includes a Deconvolution layer, a Instance Normal layer [8],
a ReLu activation layer, and finally with an attention mod-
ule. Note that at the end of the fifth layer we add the Tanh
activation layer. Regarding the Discriminator, the input is
the image information in the shape of (channels x image size
x image size), here we choose the image size of 64. We con-
struct a 5-layer convolutional block. Each block includes
a convolutional layer, a Spectral Normal layer [7], and a
Leaky Relu layer. The discriminator output is a score about
the input image information. More detailed information in
each layer of the proposed network is given in Table 1.

Up to now, there are many other papers on the appli-
cation of attention in GANs ([11]–[14]). But we first pro-
pose the approach of using the attention module only in
each layer in Generator. In addition, there are many papers
discussing the application of different normalization layers
in GAN ([15]–[17]). We focus on the impact of Spectral
Normalization and Instance Normalization in GAN, espe-

Table 1 The default architecture of SAGAN-div for 64x64 image gener-
ation

Generator Kernel size Stride Padding Output shape
Noise - - - 100x1x1

DeConv [4x4] 1 0 512x4x4
DeConv [4x4] 2 1 256x8x8
DeConv [4x4] 2 1 128x16x16
DeConv [4x4] 2 1 64x32x32

DeConv, tanh [4x4] 2 1 channelsx64x64
Discriminator

input - - - channelsx64x64
Conv [4x4] 2 1 64x32x32
Conv [4x4] 2 1 128x16x16
Conv [4x4] 2 1 256x8x8
Conv [4x4] 2 1 512x4x4
Conv [4x4] 1 0 1
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cially on the final generated images when attention module
is placed in the Generator part.

5. Experiments

5.1 Evaluation Metrics

We choose the Frechet Inception distance (FID) [9] for
quantitative evaluation. FID is a more principled and com-
prehensive metric, and has been shown to be more con-
sistent with human evaluation in assessing the realism and
variation of the generated samples [9]. FID calculates the
Wasserstein-2 distance between the generated images and
the real images in the feature space of an Inception-v3 net-
work. Lower FID values mean closer distances between
synthetic and real data distributions. In all our experiments,
10k samples are randomly generated for each model to com-
pute the Inception score, FID. About the FID code im-
plement, we use the source code from the FID score for
PyTorch [18], it’s a port of the official implementation of
Fréchet Inception Distance to PyTorch.

5.2 Network Structures and Implementation Details

The default architecture for Generator and Discriminator of
our method as presented in Table 1 and Fig. 1, and a detailed
description is provided in Sect. 4. All the proposed method
we trained are designed to generate 64x64 pixel images. For
all models, we use the Adam optimizer [19] with β1 = 0
and β2 = 0.9 for training. By default, the learning rate for
the Discriminator is set to 0.0004 and the learning rate for
the Generator is set to 0.0001, where from [9]. The num-
ber of training epochs are 10,000 epochs for MNIST and
FASHION-MNIST. Since the attention module was added
to the Generator to determine a better way for Discriminator
to discriminate and Generator to perform generative learn-
ing, we use a large epoch to ensure that the model was fully
fitted on the dataset. We saved the highest rated model for
final result comparison. By cross validation we determine
the number of iterations for Discriminator per training step
to 5 for the two dataset.

6. Results

We compare our SAGAN-div to the state-of-the-art
DCGAN [2], WGAN-div [6], SNGAN [7]. For each
method, we apply the default architectures and hyperparam-
eters recommended by their papers. We recalculated FID
score with the above said tool, FID score fo PyTorch [18],
and the results of the implementation as presented in Ta-
ble 2.

We can see that with the result of the MNIST dataset,
our method is better than WGAN-div [6], but is worse than
SNGAN [7]. We think is due to the fact that only Spectral
Normal is used in Discriminator without in Generator. With
the result of the FASHION-MNIST dataset, our result are
close to WGAN-div [6], but at the e part result in Fig. 3, the

Table 2 FID score comparison between SAGAN-div and the state-of-
the-art methods.

Method MNIST FASHION-MNIST
DCGAN [2] 45.7734 86.5129

WGAN-div [6] 83.1224 104.1503
SNGAN [7] 26.0231 46.9646

SAGAN-div (best score) [d] 55.6425 100.8650

Table 3 FID score comparison with different combination of Spectral
Normalization and Instance Normalization.

Method MNIST FASHION-MNIST
attnG+SN+IN [a] 86.7291 127.7808

attnG+SN+noIN [b] 59.8766 107.4283
attnG+noSN+IN [c] 101.1107 153.7099

attnG+SNinD+INinG [d] 55.6425 100.8650

Fig. 2 Comparisons of images generated by different network structure,
use the MNIST dataset.

edges of the generated garments are clear, and the outlines of
the more difficult parts (high heels) are also well generated.

In this experiment, for stable training, we also tried dif-
ferent combinations of Spectral Normalization and Instance
Normalization. We would like to provide a discussion about
how to use the different normalization layer with our pro-
posed network structure, self-attention module with Gener-
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Fig. 3 Comparisons of images generated by different network structure,
use the FASHION-MNIST dataset.

ator, as well as to verify their effectiveness.
We offer four different structures, which are, SN with

IN in D and G, with SN without IN in D and G, with IN
without SN in D and G, SN used in D with IN used in G.
The results of the FID are given in Table 3.

We can see that, the best combination is SN in Discrim-
inator and IN in Generator. Using SN and IN at the same
time will increase the calculation parameters and the result
is not very well (Table 3 [a]). Just using IN will make the
final result bad (Table 3 [c]). The result of using SN in Dis-
criminator and Generator (Table 3 [b]) is close to the result
of using SN in Discriminator and IN in Generator (Table 3
[d]), but the latter combination is significantly better. So,
we deduce that the best combination of using self-attention
block in Generator is to use Spectral Normalization in Dis-
criminator and Instance Normalization in Generator.

The result images with different dataset are showed in
Fig. 2 and Fig. 3. Compared with real image, from the an-
gle visible to the naked eye, it looks very much like the real
images. Especially for the FASHION-MNIST dataset, re-
garding the more complex parts (heels, patterns of clothes,
etc.), our proposed network can generate clearer outlines,

as well as synthetic images that can be distinguished by the
naked eye. Meanwhile we greatly stabilize training with the
use of Wasserstein divergence distance. The result of simu-
lation experiments shows that this model can control image
generation and have stable training.

7. Conclusion

In this paper, we proposed SAGAN-div, which incorporates
a self-attention mechanism into the Generator. Meanwhile,
the effect of different normalization on the generated im-
age results in the structure of our proposed method is identi-
fied. Moreover, the Wasserstein Divergence distance offers
a more stable training environment as well as higher qual-
ity samples. Our proposed method, SAGAN-div achieves
the great performance on image generation on MNIST and
FASHION-MNIST dataset.
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