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Abstract—We propose an extension of the Boundary Equilib-
rium GAN (BEGAN) neural network, named Conditional BE-
GAN (CBEGAN), as a general generative and transformational
approach for data processing. As a novelty, the system is able
of both data generation and transformation under conditional
input. We evaluate our approach for conditional image generation
and editing using five controllable attributes for images of faces
from the CelebA dataset: age, smiling, cheekbones, eyeglasses and
gender. We perform a set of objective quantitative experiments
to evaluate the model’s performance and a qualitative user study
to evaluate how humans assess the generated and edited images.
Both evaluations yield coinciding results which show that the
generated facial attributes are recognizable in more than 80%
of all new testing samples.

Index Terms—Conditional GAN, image generation, image
translation

I. INTRODUCTION

Automatic data synthesis from conditional attributes with ar-
tificial neural networks is among the most popular researched
topics in the last few years [1], [4], [10], [14], [18], [20]. The
objective of a generative model is to precisely capture the
real data distribution and reproduce samples from the same
distribution that mimic the real data distribution, and Genera-
tive Adversarial Networks (GAN) have been introduced as a
general solution to this problem [11]. Conditional generative
modeling extends this paradigm by allowing for an additional
input that conditions the generated output with respect to
certain attributes. As an example, consider the generation of
paintings conditioned to the style of a specific painter [9].

A popular application domain for conditional generative
modeling is the generation of images of faces (e.g. [1], [12]).
The conditioned face generation based on visual characteristics
is a complex task and has a wide range of applications such
as face recognition, human-computer interaction and security
[11]. Training neural networks to generate artificial images
is a hard problem for conventional machine learning concepts
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because the generated images do not appear natural to a human
eye [18].

Approaches that perform facial image generation exist
(e.g. [4], [12], [14], [17]), but, as we outline in Sec II,
the approaches are limited in either the resolution of the
output images, their capability to perform both translation and
generation, or their capability of accepting conditional input.
Furthermore, most systems have only been evaluated by means
of neural machine classification approaches, and the quality
of the generated images has not been assessed by humans.
The lack of such systems motivates our following research
question:

How can we realize a GAN architecture for both image
generation and translation that is controllable by being

sensitive to a conditional input, and that produces
high-quality images according to human judgement.

To address this question, we build on the Boundary Equilib-
rium Generative Adversarial Networks (BEGAN) architecture
proposed by Berthelot et al. [3], which is based on the
reconstruction loss as a proxy for matching the distributions of
the real and the generated data. The total loss is then measured
from the Wasserstein distance [2] between the reconstruction
losses of real and generated data. The contribution of this work
consists of the following extension to the BEGAN:

1) We extend the BEGAN architecture by adding condi-
tional boundaries. We refer to the resulting architecture
as Conditional Boundary Equilibrium GAN (CBEGAN).

2) To this end, we introduce the conditional Wasserstein
distance as a novel metric for the training loss.

3) We optimize the resulting system for the domain of face
image generation.

4) We evaluate the system using both machine classification
and a user study.
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II. RELATED WORK: ADVERSARIAL MODELS FOR FACE

GENERATION

Adversarial models are a recently introduced deep learning
framework [11] and are widely used to generate plausibly
looking images. Conditional face generation is a complex task
with many potential applications, ranging from security to e-
commerce. Choi et al. [4] have created a variant of the first-
generation generative models [11] to produce images of faces
while allowing for passing conditional information about the
facial appearance to the generator. The conditional information
includes smiling, cheekbones, age, gender and other attributes,
and the authors developed this architecture with a focus on
conditioned face generation while preserving identity. The
CelebA dataset [16] was the authors’ choice for the training
data. Although their research was a significant step forward
in generating conditioned face images, the authors conclude
that the sample quality still provides significant potential for
improvements [4].

More recent architectures focused on image reconstruction
by disentangling salient information while mapping those
facial attributes to their respective labels [14]. The result of the
author’s approach is an architecture that can generate various
versions of an input image by varying the facial attribute
value. The authors’ model [14] allows for controlling how
much a particular attribute is distinguishable in the translated
generated image, but lacks support for image generation from
scratch.

Other recent approaches focus on building generative mod-
els using autoencoders [6]. Adversarial autoencoder models
have shown that they can learn to map data deterministically
(via the encoder) to a latent space and learn a mapping (via
the decoder) that allows reconstructing samples from the latent
space again (e.g. [17]). Such architectures are very flexible and
simple [6] while producing very good reconstruction results.
However as the authors conclude, their model is not capable of
performing conditional face image generation. Berthelot et al.
[3] propose a model that is based on adversarial autoencoder,
where the autoencoder is trained with dual objectives, i.e.,
reconstruction error criteria. Such formulation allows for high
quality and high-resolution facial image generation but not
with controllable attributes.

Durugkar et al. [8] propose a generative adversarial system
known as the Generative Multi Adversarial Network (GMAN).
The GMAN has multiple, symmetrical discriminator models
and a single generator model. The GMAN discriminators are
instantiated with marginally differing parameters but share the
same architecture and are trained in a similar fashion to regular
GANs. Each discriminator assesses and yields its scores on
the currently generated sample by the generator. The scores
are evaluated through a selection metric before being utilized
to train the generator. This process results in two different
sets of discriminators: a sinister adversary & a friendly critic.

The sinister adversary is the set of discriminators that are set to
boost their own scores by giving strict feedback to the solitary
generator. A sample generated by the generator must please
all the discriminators to get a higher rating. On the other hand,
the friendly critic limits the discriminator models to be more
positive towards the generated samples. The feedback from
the discriminators are collected and averaged before sending
them to the generator. In addition, the generator is permitted to
restrain the performance of the discriminators if they become
too strong. Durugkar et al. [8] conduct their experiments with
the CIFAR-10 dataset [13] and the MNIST dataset [15]. The
authors found that all variations of GMAN needed fewer
iterations of training to reach a state of high-quality samples
compared to a regular single discriminator GAN. The authors
also claim that GMAN architecture is resistant against mode
collapse since the GMAN generator must satisfy multiple
discriminators.

Shrivastava et al. [19] utilize generative adversarial models
as part of a larger machine learning system, with the goal
of improving the realism of image generation while keeping
the annotated information. The proposed system is composed
of two components: a simulator that is capable of generating
synthetic images with annotations and a refiner network (a
critic) that uses GAN to improve the quality and maintaining
the annotations. The simulator generates images based on
labeled data, but the problem is that these images are not
realistic and contain artifacts. Shrivastava et al. replace a large
portion of the input batch, almost half of the current batch with
previous images, and randomly update half the buffer for each
iteration of training. The authors claim [19] that their system
is capable of generating images that are of better quality than
regular GAN [11].

Choi, Yunjey, et al. [5] propose a generative model called
StarGAN that is able to perform the image-to-image transla-
tion in more than one domain. The model-generated output
is of high quality as compared to other discussed models
that came before. Although the model is scalable in perform-
ing image-to-image translation among multiple domains with
high-quality visual output in comparison to other approaches
[5], the model does not handle multiple attribute swap.

The approach by Hinz et al. [12] is an exception within the
state of the art, in the sense that it allows for conditional image
generation and translation using disentangled representations.
However, the authors’ system is limited in the resolution of
the generated images, and it has not been evaluated by human
assessment.

III. BACKGROUND: BEGAN

Our work is based on the BEGAN [3] architecture, which
has shown impressive results in generating high fidelity images
at a resolution of 128x128 pixels. Like other GANs, BEGAN
uses a generator G and a discriminator D. However, in contrast
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to other GANs, the generator and the discriminator in this ar-
chitecture are both based on autoencoders with the Wasserstein
distance defined as the training loss function. The BEGAN
training method allows incorporating a convergence measure,
which reflects the quality of the generated images. Berthelot
et al. [3] were first to introduce a diversity hyperparameter
which, as their experiments have shown, has been used to
automatically set a balanced trade-off between image diversity
and quality of generation. The core principle of BEGAN is
utilizing the autoencoder reconstruction abilities to optimize
the training loss function for the entire model. Since the
architecture incorporated autoencoders, the loss function is de-
fined as the function of the quality of reconstruction achieved
by the discriminator D on real and generated images. The
reconstruction loss in this context is the error associated with
reconstructing images (whether real or generated) through the
discriminator. BEGAN uses the matching of the reconstruction
loss distributions as a proxy for matching data distributions,
and is optimized with respect to the total loss which is defined
as the Wasserstein distance between the reconstruction losses
of real and generated data/images. Hence, BEGAN model
networks are trained by optimizing the total loss in conjunction
with the equilibrium term. Formally, the objective function
for the discriminator loss LD and the generator loss LG are
defined as in the following Eq. (1):

LD = L(x)− kt.L(G(z))
LG = L(G(z))

Kt+1 = kt + λ ∗ (γ.L(x)− L(G(z))
(1)

where LD and LG are the reconstruction errors for D and
G, kt is an adaptive term that allows balancing the losses at
each step t, and λ is the learning rate for kt. γ is the diversity
ratio, defined as the ratio between the 2 losses: γ = E[L(G(z))]

E[L(x)]

Note that γ is within a range of [0,1].

IV. CONDITIONAL BOUNDARY EQUILIBRIUM GAN
(CBEGAN)

Fig. 1. Conditional Adversarial Autoencoder(CBEGAN)

Fig. 2. Discriminator Architecture

The CBEGAN is an encoder-decoder architecture that is
trained with an adversarial objective. It extends the BEGAN
with conditional boundaries as described in the following:

A. Encoder-decoder Architecture

Our model described in Figure 2 is based on an encoder-
decoder architecture. The discriminator D is an autoencoder
(encoder-decoder) and c is the conditional information passed
on to the encoder of D and the generator G. G has a similar
architecture as the decoder of the autoencoder. During training,
the generator will use the noise z and the condition c to
generate a sample xgenerated. This sample is then passed on
to the encoder of the discriminator D along with the condition
c. The encoder will encode the generated sample producing a
latent space encoding representing the generated sample. The
encoder will then apply the condition c that was passed along
on the encoded representation of the image, thus influencing
its reconstruction as the decoder will use this information to
reconstruct the image based on the conditional information c
that was passed on with the encoded image. Simultaneously,
the encoder is also presented with a real sample xreal(an
image from the training dataset) along with its respective
label/condition, which the encoder will encode as well and
perform the same operation as described above. Similarly, the
decoder will receive the encoded information of the real image
along with its respective conditional information and perform
reconstruction based on the conditional information passed as
described above. These conditionally encoded representations
of the generated and the real images are passed on to the
decoder component of the discriminator D that reconstructs
the generated images rgenerated and real images rreal based
on the condition applied.

B. Conditional Wasserstein distance and adversarial objective

With the CBEGAN, we introduce the conditional Wasser-
stein distance which considers the condition vector passed to
the decoder when computing the reconstruction loss, as stated
in Eq. 2.

LD = L(x|c)− kt.L(G(z|c))
LG = L(G(z|c))
Kt+1 = kt + λ ∗ (γ.L(x|c)− L(G(z|c))

(2)

where
• LD & LG are the model respective losses for D & G

that both model components try to minimize
• c is conditional information (label) that is passed on to

the CBEGAN model
• L(x|c) is the reconstruction loss of the real images

conditioned on conditional information
• L(G(z|c)) is the reconstruction loss of the generated

images conditioned on conditional information
• γ is the diversity ratio with a range between [0,1]; γ is

defined as the ratio between the 2 losses, however, in our
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formulation the γ is defined over the conditioned losses
γ = E[L(G(z|c))]

E[L(x|c)]
In comparison to the BEGAN loss defined in Eq. (1), the ob-
jective of the encoder and decoder is now to compute a latent
representation that encodes the conditional information repre-
sented by c, and the objective of the decoder is to reconstruct
x given c. The above formulation also allows utilizing the
discriminator/autoencoder to perform attributes swap (since
the autoencoder is capable of learning attribute associations),
a feature which is not present in the BEGAN model. Finally,
CBEGAN and BEGAN both share the same generator filters
128x128 which produce images with a 128x128 resolution.

V. IMPLEMENTATION DETAILS

We adapt the architecture of our network from Berthelot et
al. [3] and add an extra layer in the autoencoder architecture
D to realize the concatenation of the encoded representation
of the passed images (both real and generated) with the
conditional information c, right before it is being passed to
the decoder. The generator of our model differs from that of
Berthelot et al. in terms of input-layer size, as it requires the
concatenation of c with z (see Figure 2).

Fig. 3. The selected labels from CelebA dataset: high Cheekbones, the
presence of eye glasses, gender, apparent age, the presence of a smile

The CBEGAN’s discriminating autoencoder is composed
of an input layer followed by the encoder which is made of
eight convolutional layers, each with a 2D kernel, followed by
a flattened layer, then a dense output layer. The information
from the dense output layer is then concatenated with the
corresponding conditional information (facial attribute) in the
concatenation layer. The concatenation layer is the final output
that is then passed on the decoder model for decoding. The
CBEGAN hyperparameter details are presented in Table I.

The generative decoder of the CBEGAN is composed of an
input layer, a single dense layer, a single reshape layer and
nine convolutional layers with one upsampling layer between
every two convolutional layers. The final layer produces the

Fig. 4. The CBEGAN model is capable of associating up to five features for
a face image. This implies that there are 32 different attributes combinations
that the CBEGAN model learns after completion of training. In the above
picture, we generate images for five different condition configurations and five
different noise inputs, resulting in 25 different faces. CB/NCB: cheekbones/no
cheekbones, M/F: male/female, E/NE: eyeglass/no eyeglass, S/NS smiling/not
smiling, Y: young.

reconstructed/generated conditioned image. The hyperparame-
ter details and the generator’s structure is summarized in Table
II.

The CBEGAN decoder also serves as the model’s generator
component. It aims to minimize the reconstruction loss of
the generated images by working adversarially to the au-
toencoder as explained above. The reconstruction loss is the
error associated to reconstructing image samples through the
discriminator, which is defined as the mean value of the
element-wise absolute value. The CBEGAN decoder/generator
is a conditional decoder that can process the condition (labels
or facial features) information passed on to it, trained in an
adversarial manner. The CBEGAN decoder playing the role
of the generator G(z) generates images from a noise input z.
The decoder guided by the conditional information passed on
to it maps z into the data space to try to fool the discriminator,
i.e., produce realistic looking images that are indistinguishable
from the real data distribution. The CBEGAN decoder decodes
real and generated images from the latent space (the latent
space that was created by the encoder) based on the conditional
information (labels or facial attributes) that is passed along
with the encoded representation. The CBEGAN generator
eventually learns (through the reconstruction loss) to associate
facial attributes (labels) with face images, this allows the
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TABLE I
DISCRIMINATOR / AUTOENCODER STRUCTURE

Layer (type) Output Shape Parameter Connected to
input 1 (InputLayer) (None, 3, 128, 128) 0

encoder L1 Conv1 (Conv2D) (None, 128, 256, 256) 3584 input 1[0][0]
encoder L1 Conv2 (Conv2D) (None, 128, 128, 128) 147584 encoder L1 Conv1[0][0]
encoder L2 Conv1 (Conv2D) (None, 256, 128, 128) 295168 encoder/L1/Conv2[0][0]
encoder L2 Conv2 (Conv2D) (None, 256, 64, 64) 590080 encoder L2 Conv1[0][0]
encoder L3 Conv1 (Conv2D) (None, 384, 64, 64) 885120 encoder L2 Conv2[0][0]
encoder L3 Conv2 (Conv2D) (None, 384, 32, 32) 1327488 encoder L3 Conv1[0][0]
encoder L4 Conv1 (Conv2D) (None, 512, 32, 32) 1769984 encoder L3 Conv2[0][0]
encoder L4 Conv2 (Conv2D) (None, 512, 32, 32) 2359808 encoder L4 Conv1[0][0]

flatten 1 (Flatten) (None, 524288) 0 encoder L4 Conv2[0][0]
encoder Dense (Dense) (None, 64) 33554496 flatten 1[0][0]

pose aslabels (InputLayer) (None, 3) 0
concatenate 1 (Concatenate) (None, 67) 0 encoder Dense[0][0] pose aslabels[0][0]

decoder (Model) (None, 3, 128, 128) 2303075 concatenate 1[0][0]

CBEGAN model to generate high fidelity images and also
perform an image-to-image translation.

TABLE II
GENERATOR / DECODER STRUCTURE

Layer (type) Output Shape Parameter
input 3 (InputLayer) (None, 67) 0

decoder Dense (Dense) (None, 32768) 2228224
reshape 2 (Reshape) (None, 32, 32, 32) 0

decoder L1 Conv1 (Conv2D) (None, 32, 32, 32) 9248
decoderL1 Conv2 (Conv2D) (None, 32, 32, 32) 9248

up sampling2d 4 (UpSampling2) (None, 32, 64, 64) 0
decoder L2 Conv1 (Conv2D) (None, 32, 64, 64) 9248
decoder L2 Conv2 (Conv2D) (None, 32, 64, 64) 9248

up sampling2d 5 (UpSampling2) (None, 32, 128, 128) 0
decoder L3 Conv1 (Conv2D) (None, 32, 128, 128) 9248
decoder L3 Conv2 (Conv2D) (None, 32, 128, 128) 9248

up sampling2d 6 (UpSampling2) (None, 32, 128, 128) 0
decoder L4 Conv1 (Conv2D) (None, 32, 128, 128) 9248
decoder L4 Conv2 (Conv2D) (None, 32, 128, 128) 9248
decoder FinalConv (Conv2D) (None, 3, 128, 128) 867

VI. EXPERIMENTS SETUP

We use the CelebA dataset [16] as a basis to perform image
generation and image translation experiments (Sec. VI-A).
We performed preprocessing steps (Sec. VI-B) and used the
resulting data to perform image generation (Sec. VI-C) and
image translation (Sec. VI-D).

A. Dataset

The CelebA dataset [16] was selected as our training dataset
due to its diverse facial attributes representation. CelebA is
a large-scale face attributes dataset with more than 200K
celebrity images, each with 40 attribute annotations. Ideally,
CelebA [16] comes with only certain facial attributes pre-
labeled such as age, hair color, gender, etc. We selected the
following labels to be used as conditions: (high cheekbones,
the presence of sun-glasses, gender, apparent age, and the

presence of a smile). These characteristics were chosen due to
their balanced presence within the dataset and their distinctive
representation on the image level. The label distribution is
illustrated in Figure 3.

B. Preprocessing

The inputs of the proposed model need to have a fixed
length for both the generator and the discriminator since
they are both composed of convolutional neural networks.
Therefore, every facial attribute value has been preprocessed
and assigned a value of 1 (to imply its presence) or 0 (to
imply its absence) and all images were preprocessed (re-sized
while keeping their RGB channels) for instance the original
CelebA image dimension is 178x218 which is re-sized into
128x128 during training. No image normalization was needed.
The processed images are sent to the model along with the
transformed condition vector. This results in 200K image
samples of dimension (3, 128,128) and a condition vector of
5- imensions. Other than the described preprocessing steps no
further preprocessing steps have been applied to the images
provided from the CelebA dataset.

C. Image Generation Task

In the image generation task, images are generated from
scratch, only based on the condition vector c. Our implemen-
tation supports up to five conditions (see Fig. 3), i.e. c is
of size five, with each of its Boolean components indicating
the presence or absence of a particular attribute. To generate
an image, a condition vector is passed to the generator that
uses this information for the reconstruction. The noise vector
z determines the basic facial structure, and the conditions
determine variations of the face. Examples of the results are
illustrated in Figure 4.

D. Image-to-Image Translation Task

In the image-to-image translation task, a given image is
changed according to the characteristic determined by the con-
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dition vector c. This is realized by querying the discriminator’s
autoencoder with a condition vector c. Examples are illustrated
in Figure 5.

Fig. 5. Image-to-Image Translation using real images. A real image is passed
to the autoencoder and modified according to a single facial attribute.

VII. EVALUATION

To assess our model, we perform a quantitative evaluation
using an external neural network trained for classification, and
we also perform a qualitative evaluation by performing a user
study.

A. Quantitative Evaluation

To evaluate the CBEGAN capability to generate and per-
form image-to-image translation, we consider classification
accuracy. To this end, we train a convolutional neural network
to classify facial attributes based on the labeled data contained
in the CelebA dataset [16]. To this end, we leverage transfer
learning and use the Inception-v3 ConvNet architecture [21]
that has been pre-trained on the imagenet dataset [7]. We,
re-trained the last three layers of the Inception-v3 model on
the CelebA subsets described above while freezing the other
previously trained layers to utilize the weights they had already
learned, i.e., transfer learning. We use the trained network to
calculate the classification accuracy by running it over images
generated by the CBEGAN model. We also use the same
classifiers to classify translated images output by our proposed
model. The trained classifiers accuracy can be found in Table
III

TABLE III
CLASSIFIER ACCURACY

Classifier(type) Accuracy
smiling not smiling 75%

young old 77%
male female 95.4%

sunglasses nosunglasses 87.6%
High cheekbones noHigh cheekbones 74.4%

B. Qualitative Evaluation

To evaluate the subjective quality of the CBEGAN model,
two qualitative studies are designed to evaluate the CBEGAN
model concerning image generation and image-to-image trans-
lation respectively. To accomplish that, we generate 10 images
for each of the (25) condition combinations, leading to a sum
of 320 images in total. The images are presented to a group of
14 subjects through a simple User Interface (UI) developed to
present the participant with an image and record their choice.
The participants evaluate if each individual attribute is present
or not. We calculate the accuracy of the subject’s responses
and compared it to the ground truth. The second user study
was conducted analogously, aiming to evaluate the image-to-
image translation quality.

VIII. RESULTS AND DISCUSSION

A. Quantitative Results

Figure 6 demonstrates the average accuracy obtained when
running the trained classifiers on the generated and translated
images by the CBEGAN model.

Fig. 6. Results of the trained classifiers when run on the generated and
translated images by CBEGAN.

B. Qualitative Results

The results of the participants of the first and second user
study which show the average classification accuracy of the
human participants in classifying the generated and translated
images by the CBEGAN model are found in Figure 7.

C. Discussion

For both evaluations, we observe that certain attributes show
higher average accuracy as compared to other used attributes,
which can be attributed to their respective presence within the
dataset and to their visibility on the images. However, we ob-
serve an overall accuracy of mostly above 80%. Interestingly,
the generated images consistently show a higher accuracy than
the translated ones, which is possibly due to the fact that they
are less constrained by the input. It is also remarkable that
both the user study and the classification consistently show
similar results.
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Fig. 7. Results of the user study participants classifying generated images.

IX. CONCLUSION AND FUTURE WORK

This research project aims at evaluating the hypothesis that
adding conditional boundaries and utilizing the conditional
Wasserstein distance as a cost function to a conditional au-
toencoder architecture trained in an adversarial manner would
allow a real data distribution representation to achieve to
high quality images with controllable high-level attributes.
To address this hypothesis, we have extended the BEGAN
architecture with conditional boundaries and introduced the
conditional Wasserstein distance as a metric for the loss
computation.

The resulting CBEGAN method has several benefits com-
pared to other state-of-the-art approachs. It has a higher quality
in terms of classification accuracy compared to at least the
recent approach by Hinz et al. [12], which reports an accuracy
of less than 80% in most cases, while our results consistently
show an accuracy above 80%. Furthermore, our approach
supports the generation and translation of images with up
to five conditions, in combination with a comparably high
resolution of 128x128 pixels. This has not been yet achieved
by other approaches.

The results show that our model provides significant po-
tential in application domains related to big data processing,
including crime investigations, fashion and e-commerce.

In this work, we have introduced the CBEGAN model in
the context of generating and translating images of faces, but
the general architecture is agnostic to the kind of data to
be processed. Therefore, we plan to investigate the use of
CBEGAN in other domains such as speech processing, and
we are also looking forward to employ it for multi-modal
applications, such as audio-visual data processing. Our project
has shown that conditional Wasserstein distance is applicable
as a measure for mimicking real-data distribution. However,
we think adding a penalty for preserving identity to the loss
function might be interesting and could improve training. We
plan to add extensions to increase the number of attributes
as well, and we will also perform tests with larger generator
filters to produce images at higher resolutions.
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