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Abstract
Generative adversarial networks (GAN) represent one of the most popular gen-
erative models in recent years. While GANs and their improved variants can
generate random images or specific images of relatively low quality, currently
no generative model exists that can produce high-quality specific images using
simple network architectures. To address this challenge, the proposed method
combines the advantages of boundary equilibrium generative adversarial net-
work (BEGAN), incorporates additional conditional features and mean squared
error loss, and establishes a conditional-BEGAN (C-BEGAN). This approach
extracts the generative model for specific image generation. Experimental re-
sults demonstrate that, compared to other supervised generative models, the
proposed method can achieve faster convergence with simpler networks while
generating images of superior quality and diversity.
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Abstract: Generative Adversarial Networks (GANs) are one of the most pop-
ular generative models in recent years. Using GANs and their improved vari-
ants can generate random images or specific images of low quality. Currently,
there is no generative model that can generate high-quality specific images us-
ing a simple network structure. To address this task, the proposed method
combines the advantages of Boundary Equilibrium Generative Adversarial Net-
works (BEGAN), adds additional conditional features and mean square error
loss, and establishes Conditional Boundary Equilibrium Generative Adversarial

chinarxiv.org/items/chinaxiv-201904.00008 Machine Translation

https://chinarxiv.org/items/chinaxiv-201904.00008
https://chinarxiv.org/items/chinaxiv-201904.00008


Networks (C-BEGAN). This method extracts the generative model for specific
image generation. Experimental results show that compared with other super-
vised generative models, this method can use simpler networks to achieve faster
convergence speed and generate images with better quality and diversity.

Key words: generative adversarial network; condition features; boundary equi-
librium; image generation

0 Introduction
Image generation has always been a challenging problem. Modeling image gener-
ation is extremely difficult, typically requiring optimization through maximum a
posteriori probability estimation, which becomes computationally intractable at
large scales. Generative Adversarial Networks (GAN), proposed by Goodfellow
et al. [?] in 2014, represent a semi-supervised generative model and a method
for learning data distributions. GANs employ a generator and a discriminator
in adversarial competition: the generator fits the data distribution to produce
new samples, while the discriminator judges the authenticity of generated ver-
sus real samples, ultimately reaching a Nash equilibrium [?]. Due to advantages
such as eliminating the need to construct Markov chains for repeated sampling
and avoiding manual design of loss functions, GANs have attracted significant
attention and found widespread application in image generation.

Despite their clear advantages, original GANs suffer from notable defects includ-
ing convergence difficulties, vanishing gradients, and gradient explosion. Numer-
ous improvements have since been proposed. Deep Convolutional GAN (DC-
GAN) [?] first introduced convolutional networks into GANs. Leveraging the
powerful feature extraction capabilities of convolutional networks for images,
DCGAN became a standard for image generation models. Since original GANs
use random Gaussian noise as input, they can only generate random samples
uncontrollably. Reference [?] introduced conditional models, enabling GANs to
generate specific samples and fulfilling data augmentation requirements. Ref-
erence [?] first modified the discriminator structure to an autoencoder [?] and
proposed an energy-based concept, advancing GANs for high-resolution image
generation. Reference [?] proposed learning similarity between distribution er-
rors rather than between distributions themselves. Current image generation
models primarily generate images by minimizing the distribution distance be-
tween real and generated data, such as in [?], which achieved paired data image
translation by incorporating reconstruction error into conditional GANs. Pop-
ular image style transfer models like CycleGAN, DiscoGAN, and DualGAN
[?, ?, ?] all build upon [?] by introducing conditions to transform images across
different styles. Additionally, generative image models enable special tasks such
as [?, ?].

However, all current supervised generative models generate images by pulling
closer the distributions of real and generated data. Drawing from the concept
in [?], this paper proposes Conditional Boundary Equilibrium Generative Ad-

chinarxiv.org/items/chinaxiv-201904.00008 Machine Translation

https://chinarxiv.org/items/chinaxiv-201904.00008


versarial Networks (C-BEGAN), which learns similarity between distribution
errors by introducing conditional features and incorporates mean square error
loss in the discriminator, enabling the generator to produce specified samples.
Experimental results demonstrate that this approach, using simpler network
architectures, generates images with higher quality and stability than current
mainstream supervised models.

1 GAN Principles
1.1 Conditional GAN

CGAN’s optimization process is similar to GAN. CGAN receives random noise
and conditional features as input, where conditional features can be sample
label data or, more broadly, images. CGAN transforms unsupervised GANs
into supervised models for generating specific samples.

1.2 Wasserstein GAN

Although GANs achieve excellent results in image generation, training suffers
from many issues such as instability, vanishing gradients, and gradient explosion.
Consequently, researchers have proposed numerous improvements. WGAN [?]
addresses GANs’fundamental nature, arguing that instability arises because
the optimization function effectively becomes JS divergence and KS divergence
optimization when both discriminator and generator reach optimality. WGAN
proposes the Wasserstein distance, defined as follows:

()()~~minmax(,)[log()][log(1(()))]dataxzzxPGDzPVDGEDxEDGz=+−

where: x represents real samples, z represents noise samples, is the real sample
distribution, is the noise distribution (typically Gaussian), and Goodfellow et
al. proved that when generator and discriminator reach optimality, the distribu-
tion of samples transformed by the generator converges to the real image sample
distribution. However, original GANs have some disadvantages, one being that
generated samples are uncontrollable and cannot produce specific samples. Con-
ditional GAN (CGAN) adds conditional features to GAN, using both noise and
conditional features as generator input, with its objective function shown in (2).

However, since is difficult to solve, according to the dual principle, the formula
can be transformed into:

()Pdatax()PzzPz

where represents a nonlinear model and is a function with Lipschitz constant K,
which in GANs corresponds to the discriminator structure. Subsequently, this
distance is minimized to bring real and generated sample distributions closer.
WGAN based on Wasserstein distance thoroughly solves issues like mode col-
lapse and insufficient diversity.
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1.3 Boundary Equilibrium GAN

Typically, GAN discriminators consist of an encoder that takes an image as in-
put and outputs the probability of it being a real sample. EBGAN first replaced
the discriminator structure with an autoencoder and introduced an energy con-
cept to generate higher-quality images. Combining characteristics of EBGAN
and WGAN, Google proposed Boundary Equilibrium GAN (BEGAN), which es-
timates similarity between distribution errors rather than between distributions
themselves. If the distribution errors of real and generated data are identical,
their true distributions are considered equivalent. The BEGAN optimization
function is shown in (5).

Since the discriminator is an autoencoder, represents the pixel-wise loss between
image v and the image produced by autoencoder D. Therefore, in equation
(5), indicates the difference between the pixel-wise loss of real image x and
its D-processed version versus the pixel-wise loss of generated image G(z) and
its D-processed version D(G(z)). Training completes when real image error
equals generated image error. The discriminator continuously minimizes L(x)
and maximizes L(G(z)), while the generator continuously minimizes L(G(z)).
According to Wasserstein distance, under condition (6), we have:

where represents the variance of L(x) and L(G(z)). Theoretically, is optimal
when , but at this point condition (6) approaches positive infinity. Therefore,
applying proportional control theory, a hyperparameter is added to satisfy:

By modifying k, the discriminator loss reaches optimality.

2 Conditional Boundary Equilibrium GAN
Conditional Boundary Equilibrium Generative Adversarial Networks (C-
BEGAN) integrate the advantages of BEGAN and CGAN to generate specific
high-quality images through added conditional features. The C-BEGAN flow
is shown in Figure 2 [Figure 2: see original paper].

The generator receives random noise and conditional features as input to pro-
duce an image, which along with the original conditional features is fed into
the discriminator to generate a new image. Simultaneously, the discriminator
receives real images and conditional features as input to generate new images.

2.1 Model Architecture

The C-BEGAN generator is a decoder taking noise and conditional features
as input and outputting an image. The discriminator is an autoencoder that
takes an image as input, encodes it, concatenates it with the input conditional
features, and then decodes. To highlight the model’s advantages, the paper
constructs a simpler convolutional neural network structure compared to tradi-
tional generative adversarial networks like DCGAN, WGAN, and BEGAN.

The C-BEGAN generator structure is shown in Figure 3 [Figure 3: see original
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paper]. Using the SVHN dataset as an example (32×32 pixel×3 channel street
view house number images), a 62-dimensional noise vector is concatenated with
an encoded 10-dimensional conditional feature to form a 72-dimensional feature
vector as generator input. This passes through a fully connected layer to convert
to a 3D tensor of (128,8,8), then through an upsampling layer with factor 2 to
form (128,16,16), followed by a convolutional layer with 3×3 kernel and stride 1
(multiple such layers can be added in practice), another upsampling layer with
factor 2 to form (128,32,32), a convolutional layer with 3×3 kernel and stride 1
to form (64,32,32), and finally a convolutional layer with 3×3 kernel and stride
1 to produce the final output image of (3,32,32).

The C-BEGAN discriminator structure is shown in Figure 4 [Figure 4: see
original paper]. Unlike traditional CGAN, the input 3D tensor (3,32,32) first
passes through a downsampling layer with factor 2 and a convolutional layer
with 3×3 kernel and stride 1 to form a (64,16,16) tensor. This tensor is reshaped
into a 1D vector of 64×16×16 and concatenated with the encoded conditional
features (10 dimensions) into a single vector. After passing through a fully
connected layer to form a 32-dimensional feature vector, another fully connected
layer reshapes it back to (64,16,16). An upsampling layer with factor 2 then
forms (64,32,32), and a final convolutional layer with 3×3 kernel and stride 1
produces the output image of (3,32,32).

Unlike traditional CGAN or its improved versions, the discriminator does not
flatten the input image into a 1D tensor before concatenating with conditional
features. Instead, it first encodes the input image, flattens the encoded tensor,
and then concatenates with conditional features. This enables the discriminator
to generate high-quality images without concatenating conditional features with
every layer’s output. Moreover, directly flattening images at high resolutions
would destroy image feature structures.

2.2 Model Training

The C-BEGAN generator maximizes while the discriminator minimizes for real
images and maximizes for generated images. Since the discriminator is essen-
tially an autoencoder with both input and output as images, mean square error
loss is introduced to reduce error. The C-BEGAN optimization function is
shown in (9).

((|))LGzc(|)Lxc((|))LGzc1(|)((|))((|))(((|)|),(|))((|)((|)))DtDGGGGttkGLLxckLGzcLLGzcMSEDGzccGzckkLxcLGzc���+=−=+=+−

The generator needs to minimize . To improve generated image quality, mean
square error loss is added after the generator. Since is essentially pixel-wise loss,
it inherently possesses the advantages of loss. While norm is highly sensitive to
small errors, is highly sensitive to large errors. Adding loss after the generator
makes generated images smoother and more realistic. To avoid violating Wasser-
stein distance conditions, loss is not added after the discriminator. Hyperpa-
rameter controls the weight of loss. After each generator-discriminator training
iteration, parameter k is modified to optimize the discriminator. When gener-
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ator and discriminator converge, the distribution errors of generated and real
images become nearly equal, making their distributions approximately equiv-
alent. During training, parameter k requires dynamic updating. To ensure
symmetry of discriminator loss, k is clipped to (0,1). The algorithm uses the
Adam optimizer. The C-BEGAN algorithm steps are as follows:

Algorithm 1 C-BEGAN Algorithm

During experiments, hyperparameters are fixed values, while needs adjustment
based on different datasets: set to 1 for MNIST experiments and 10 for SVHN
experiments, typically 10. In GAN training, the generator is usually trained
more times than the discriminator to prevent the discriminator from becom-
ing too accurate and causing the generator to fail learning correct gradients.
Wasserstein distance-based models do not require multiple generator training
iterations.

3 Experiments
This paper’s experiments were conducted on the MNIST and SVHN datasets
using an Intel(R) Xeon(R) CPU E5-2650 v4 @ 2.20 GHz processor, one NVIDIA
Tesla P40 GPU, and the PyTorch environment.

3.1 MNIST Experiments

The MNIST dataset contains 70,000 grayscale handwritten digit images, each
with 28×28 pixels. It has ten categories (0-9) with 60,000 training samples
and 10,000 test samples. Since the discriminator accepts 32×32 images, the
entire dataset was converted to 32×32 tensors and normalized before use. In
the generator, all convolutional layers except the final one are followed by a
BatchNorm layer and LeakyReLU activation layer, with a Tanh layer added after
the final convolutional layer. In the discriminator, only one ReLU activation
layer is added after the downsampling layer (without BatchNorm layer [15,16])
because concatenation with conditional features is required, while a BatchNorm
layer and ReLU activation layer are added after convolutional layers.

Figure 5 [Figure 5: see original paper] shows samples generated using 100 con-
ditional features, with input conditions 0-9 repeated 10 times per row. The
model learned very accurate features after only 1 epoch, demonstrating certain
diversity. After 50 epochs, the generator could produce very smooth and diverse
samples.

Figure 6 [Figure 6: see original paper] compares samples generated by C-
BEGAN with current mainstream generative models after 5 epochs, including
the original conditional GAN (CGAN) with multilayer perceptrons, Deep
Convolutional GAN (DCGAN), and Wasserstein GAN (WGAN). Except for
C-BEGAN, all other models produce unsmooth samples with significant noise.

Figure 7 [Figure 7: see original paper] shows the discriminator loss trend, repre-
senting the difference between real and generated data errors. The loss decreases
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rapidly from the start, stabilizes after 5 epochs, and then through adversarial
competition with the generator, produces smoother images.

Figure 8 [Figure 8: see original paper] shows the generator loss trend,
representing the pixel-wise loss between generated samples and autoencoder-
reconstructed images plus . Due to added MSE loss, values are higher but also
drop rapidly during initial training, gradually stabilizing after 20 epochs when
generator and discriminator losses balance.

3.2 SVHN Experiments

The SVHN dataset was collected from house numbers in Google Street View.
This experiment used 73,257 images provided by PyTorch, with ten categories
(0-9) like MNIST, each being a 3×32×32 color image with four times the fea-
ture dimensions of MNIST samples. The same strategy of BatchNorm and
LeakyReLU/ReLU activation layers was applied.

Figure 9 [Figure 9: see original paper] shows samples generated using the same
100 conditional features as the MNIST experiment. After 10 epochs, images
are relatively smooth but many samples haven’t learned conditional feature
characteristics. After 50 epochs, smooth and diverse samples can be generated.

Figure 10 [Figure 10: see original paper] compares SVHN samples generated
by different models after 50 epochs. Only C-BEGAN produces the clearest
samples; other models generate relatively blurry samples. Additionally, except
for C-BEGAN, digits and backgrounds in other models’samples are not smooth
enough. Therefore, C-BEGAN converges faster and generates better quality
samples.

The original BEGAN is not highly dependent on model complexity and can
achieve expected results using simpler models than DCGAN. However, as train-
ing data becomes more complex, simple models make training difficult. Figure
11 [Figure 11: see original paper] shows BEGAN and C-BEGAN trained simul-
taneously with the above network architecture. The first image shows BEGAN
samples after 20 epochs, the second shows BEGAN samples after 40 epochs, and
the fourth shows C-BEGAN samples after 20 epochs. BEGAN after 20 epochs
only learned background features with insufficient diversity, experiencing mode
collapse, while BEGAN after 40 epochs produced quality similar to C-BEGAN
after 20 epochs. Additionally, BEGAN training frequently failed, as shown in
the third image where BEGAN couldn’t find correct gradients after 20 epochs.
C-BEGAN better utilizes simple networks for training.

To quantitatively evaluate generated image quality, this paper uses the Inception
Score (IS) metric to evaluate 1,000 generated images averaged over 10 times,
compared with other models in Table 1 .

Table 1 IS Score of Different Models
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Method Real Samples CGAN DCGAN WGAN
C-BEGAN (Our
Algorithm)

IS
Score

[value] [value] [value] [value] [value]

To demonstrate this method’s excellent properties, network parameters of var-
ious methods were counted. Both experiments used the same network architec-
ture, with statistics shown in Table 2 .

Table 2 The Number of Arguments of Different Models

Model Generator Discriminator
CGAN 3,944,164 2,104,421
DCGAN 3,341,348 50,908,004
WGAN [value] 50,912,100
C-BEGAN (Our Algorithm) [value] [value]

C-BEGAN’s generator parameters are about one-quarter of other classic mod-
els’parameters, and its discriminator parameters are one-fifth of DCGAN and
WGAN discriminators and half of original CGAN discriminator. Therefore, C-
BEGAN uses simpler networks to generate higher quality images.

4 Conclusion
Currently, mainstream supervised generative adversarial networks generate sam-
ples by pulling closer the distributions of real and generated data. Experiments
reveal that after adding conditional features, many GAN types cannot maintain
their original image generation characteristics. For example, WGAN, which fun-
damentally solves GAN issues like mode collapse, performs poorly in generating
specific samples. This paper uses BEGAN to pull closer error distributions be-
tween data, adds conditional features to generate specified samples, and demon-
strates excellent performance. The generator’s convergence speed and generated
image quality and diversity offer certain advantages over other models.
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