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Abstract—The emerging of Generative Adversarial Networks
(GANs) gives rise to a significant improvement in image gen-
eration. However, a controllable way of synthesizing images
with specific characteristics still is a challenging issue. Many
existing methods are not efficient enough that require additional
information and pre-designed attributes, and are with much
more human intervention. In this paper, we propose GAGAN,
an extension method to the Generative Adversarial Network,
that is the first work to generate specific images from a trained
GAN model. To control the characteristics of images, a DNA
pool of the trained GAN model is introduced and evolved by a
genetic algorithm (GA). Then, with the DNA pool, GAGAN can
generate the corresponding latent vector (DNA) of target images.
Furthermore, GAGAN can synthesize images containing a single
specific characteristic or multiple specific attributes (including
AND and OR relation). Moreover, several fitness evaluation
strategies are also proposed to make GAGAN flexible to control
the target characteristics. Experiments on CelebA and MNIST
are conducted, and results show that the proposed method is
feasible and effective in specific image generation problem.

I. INTRODUCTION

In recent years, image generation has become a hot topic
of computer vision and has been widely used in many sce-
narios, such as advertising, painting, data augmentation. In
order to generate realistic images, many models have been
presented using traditional machine learning, including Deep
Belief Networks (DBNs) [1], Variational Auto-encoder (VAE)
[2], and auto-regressive [3]. Unfortunately, these models are
very complex, and fail to generate high-resolution images.
Benefiting from the great performance of Deep Learning,
many researches are becoming to adopt Generative Adversarial
Network(GAN) [4] to get higher quality images.

Since GAN was first proposed by Goodfellow in 2014,
a variety of variants has been proposed, such as DCGAN
[5], LAPGAN [6], ProgressiveGAN [7]. These models maybe
could generate much more realistic and plausible images,
nevertheless, they still can’t satisfy the needs to flexibly control
the attributes of generated images. Therefore, in order to
specify the range of generated images, researchers present
many variants of GAN like C-GAN [8], ACGAN [9] and
Info-GAN [10]. These models introduce the label of images
or latent code learned by unsupervised learning to the latent
vector.

However, these models bring in additional information to
the input vector, rather than using the latent vector directly,
this will result in some serious problems. For example, the
generated images must be within a predefined range, and all
the target images or desired attributes should be defined in
advance. Otherwise, it is needed to train another GAN model.
And it is much more difficult for people to take every condition
into account. In addition, most of these methods couldn’t
control the attributes of generated images independently. Once
the number of attributes is large, an exploration of attributes
combination may exacerbate this drawback. What’s more,
imposing additional information constraint simply on the latent
vector may result in information loss, and may even limit the
generation ability of GAN.

As we all know, a well-trained GAN model could generate a
variety of different images without any additional information.
Therefore, given a specific latent vector as input, it is possible
to generate specific images only rely on the information hidden
in the latent vector of the trained GAN. Inspired by the
biological phenomenon that the DNA controls characteristics,
we assume that the latent vector is the DNA of a GAN model,
and its generator model can be regarded as an explainer of
DNA. Then, the key issue of generating specific images is how
to find the suitable DNAs of targets. However, the relation
between the gene and the attributes is highly complex, and
it’s hard to separate the target information from the latent
vector. Therefore, instead of decoupling the gene, we will
focus on finding an end-to-end method to generate suitable
latent vectors (DNAs).

In this paper, we present a GAGAN method that can
generate suitable DNA of a trained GAN model and makes
it possible to generate target images directly from the latent
vector. Given a trained GAN model (generator), in order to
obtain the suitable DNA of specific targets, we first introduce
a randomized DNA pool, which has the same (normalize)
distribution as the trained GAN model. Then, we choose to
use Genetic Algorithm (GA) for optimizing the DNA pool.
According to Darwinian evolution, along with the process of
selection and perturbation of DNA, using the optimized DNA
pool can control specific features in the generated results of
a trained GAN. To be more specific, we need a pre-trained
recognition model to evaluate the DNA’s fitness, a value of
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loss between the corresponding images of the gene and the
target class, which is used for DNA selection. With the fitness
of individual DNA, we can evolute the DNA pool by genetic
heredity, variation, and elimination process, and then gener-
ate accurate targets. Furthermore, we can also generate new
DNAs by crossover and mutation operation. For flexibility,
we separate the generation problems into three classes: single
attribute/characteristic, AND relation of multiple attributes
and OR relation, and each is with a corresponding fitness
evaluating strategy.

In comparison with traditional methods, GAGAN does not
need to impose any additional information, and the pre-define
is no longer required. When a new target is added, we
only need to conduct GA several iterations to get the target.
Benefiting from the genetic algorithm, GAGAN could flexibly
control the combination of characteristics by modifying the
fitness function. Moreover, even the GAN model is not well
trained, GAGAN could still generate visually pleasing images
with distinct target characteristics. Besides, it is noteworthy
that GAGAN algorithm converges very fast,mainly because
gradient computing and back propagation are removed, and
the cost is much lower than retraining the whole GAN model.
Most important of all, our proposed method is not just to get
a single latent vector, but to get the DNA pool via the genetic
algorithm. As mentioned, we can produce many DNAs with
the DNA pool via crossover, to generate images with desired
characteristics, so the number of results is not fixed once the
evolution stops and this will make GAGAN more practical.

To sum up, this paper includes the following contributions:
• To the best of our knowledge, there is no previous

work that can generate specific target images from a
trained GAN model. By properly combining the Genetic
Algorithm with GAN, our GAGAN could generate suit-
able latent vectors (DNAs) and use them to generate
specific attributes images directly without any additional
information or pre-design.

• To flexibly control the target characteristics, we formulate
three types of generation problems and provide solutions
for them by modifyng the fitness evaluation strategy.

• To validate the effectiveness of our proposed GAGAN,
we conduct experiments on MNIST and CelebA. Results
demonstrate that GAGAN could handle different types of
target generation problem. Moreover, our methods could
get visually pleasing images from not well trained GAN
model.

II. RELATED WORK

Genetic Algorithm(GAs) [11] is a type of evolutionary
algorithm using computational analogs of biological mutation
and crossover to generate variants, and modeling a Darwinian
using the fitness of variants. Variants with high fitness are
selected for continued evolution. There is a legion of en-
hancements of GAs [12] [13] [14]. Genetic algorithms has
been shown effective in many tasks. Recently, researchers use
genetic algorithm to handle problems in Deep Learning such as
training deep neural networks for reinforcement learning [15]

and adversarial attacking [16]. But, there is no application in
image generation problem with GAN.

Generative Adversarial Networks(GAN) [4] was proposed
to train generative models via an adversarial process, it out-
performs a huge superiority than tradition generation methods
in quality of generated samples and the training progress.
To generate high-quality images with high resolution, many
variants of GAN has been proposed. For instance, DCGAN
[5] firstly introduce CNN and batch normalization to GAN
and generate images by using deconvolutions. Some works
improve generating quality by sequence the GAN generating
progress, LAPGAN [6] leverage Laplacian Pyramid to achieve
this. Very recently, ProgressGAN [7] grow both generator and
discriminator progressively by adding new layers, this allows
us to produce images of unprecedented quality.

To control the results of the generator, many researchers
have studied many transformed GAN models in conditional
ways, by adding additional information to the latent vector of
generator. CGAN [8], ACGAN [9] adopt label as information
to control the generating process. StackGAN [17] studied
the problem of generating realistic images, guided by text
description. InfoGAN [10] decomposes the input lantent vec-
tor of GAN into information(latent representation code) and
incompressible noise by maximizing the mutual information.
Some impose different conditions for specific application, such
as inpainting [18], video prediction [19], etc. These GANs are
always conditioned on labels or information extracted from
pre-trained model, which would harm the generation ability,
and the desirable attributes need to be defined in advance.

Image attribute editing seems to be a feasible way to get
target images. Pix2Pix [20] first introduced a common frame-
work, which could transfer a given image into the target image
domain. Subsequently, inspired by dual learning paradigm
in natural language translation (NLT) [21], DiscoGAN [22],
DualGAN [23], CycleGAN [24] have been proposed to remove
the paired data requirement of Pix2Pix framework. More
recently, several specific methods were presented for facial
attribute editing, such as ExprGAN [25], AttGAN [26]. These
methods learn a latent representation of attributes and modify
attributes in facial images with it. However, these methods
can only modifying an existing image based on attributes or
other forms of semantic information rather than generating the
images with target characteristic.

III. METHOD

In this section, we will formally present our proposed
method, GAGAN. Firstly, we give a brief review of the genetic
algorithm and original GAN along with its optimization policy.
Subsequently, on the basis of them, we give a detailed intro-
duction of GAGAN. At last, we will describe how to define
the fitness objective function to meet different generation
requirements.

A. Background

Generative Adversarial Nets [4] were firstly proposed by
Good-fellow et all in 2014 to solve generation problems
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Fig. 1. The overall architecture of the proposed GAGAN method.

via an adversarial process. It consists of a generative model
G and a discriminative model D. Assuming that data x is
an image drawn from dataset distribution, pdata, and z is
a random vector in Rd. During the period of training, the
generator G takes z as input and maps it into an image
data space G(z), whose distribution can be denoted as PG.
And, the discriminator D will distinguish real images from
the image distribution Pdata and synthetic images G(z) from
PG. However, in GAN, the generator G and the discriminator
D can seem to be two players of a game, that G tries its
utmost to confuse D. Therefore, in order to train G and D
simultaneously, a min-max optimization game is employed to
optimize the following objective function,

min
G

max
D

V (G,D) =Ex∼Pdata(x)
[logD (x)]+

Ez∼Pz
[log (1−D(G(z)))]

(1)

where x is the real images drawn from data distribution Pdata,
z is the noises input drawn from a prior distribution Pz .

The genetic algorithm (GA) evolves a population P of N
individuals by imitating Darwinian evolution. Here, individ-
uals are n-dimensional vectors θ. At every generation, each
θ is evaluated by the fitness function F to get the fitness
score F (θ). Individuals with high fitness score are selected
as the parents of next generation. To produce next generation
individuals, the parents are selected uniformly at random with
placement and start crossover, which is exchanging parameters
among parents to produce an offspring. And then, the offspring
mutates by applying Gussian noise to the parameter to create
new variants. Subsequently, the fitness of new individuals are
calculated by F . According to the fitness, the top N individuals
in the new produced and the previous generation make up for
the next generation. The process repeats for several generations
or until some other stopping conditions are triggered.

B. GAGAN

In order to generate specific images from a trained GAN
model, instead of extracting information from the latent vector,
we propose a GA-based GAN method, namely GAGAN, to

generate corresponding latent vector, which can be used to
generate images with desired characteristics. To combine GA
and GANs, and to make it feasible to generate specific images,
we regard the latent vector as the DNA of GAN, this is
based on the fact that different images have a corresponding
latent vector, which is exactly similar as a DNA controls
the characteristics of organisms. Meanwhile, the generator
can seem to be an interpreter of DNA, and transfers DNA
into images. Through a fitness evaluation, the images with
distinct target characteristics are valued high fitness and will
be selected. In addition, according to the fitness function, GA
is applied to evolve the DNA.

As illustrated in Fig. 1, GAGAN is comprised of two stages:
the prepare stage and the evolve stage. From it, we can see that
a generator, denoted as Gtrained, is needed to be well trained
in advance. For simplicity, we choose DCGAN[5] in this work.
Additionally, a recognition model with high accuracy, denoted
as R, is also required. It is used in the fitness evaluate module
to indentify characteristics and generate the possibility that an
image has desired characteristics. Note that, both the trained
generator and recognition model can be obtained from the
existing trained models.

In the evolve stage, GAGAN consist of three main compo-
nents, a DNA pool Pool, a generator Gtrained and a fitness
evaluate module F . For the Pool, we initiate N latent vectors
θ (DNA), sampled from a Gaussian distribution N(0, 1) as
same as inputs of the trained generator. Through the trained
generator, each θ in the DNA pool Pool will be mapped into
an image Gtrained(θ), which will be passed to the fitness
evaluate module as inputs. As mentioned above, in the fitness
evaluate module, a recognition network will be triggered to
value the fitness of input images. Note that, according to
different generation problems, the fitness evaluate module can
be classified into three categories, and we will give a detailed
description in the below Section. Given the fitness score,
genetic algorithm could select the DNA θ with higher score as
parents. Subsequently, the chosen parents exchange parameters
to produce new DNA θnew by crossover and mutation at a
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given mutation rate. Then, mixing with original DNAs, the
top-N fitness DNAs will be chosen to make up a new DNA
pool. The whole process won’t stop early until the percentage
of desired images reaches a predefined level Ltraget, which is
determined empirically. And the overall evolution procedure
of GAGAN is also presented in Algorithm.1.

After evolution, we get a DNA pool, in which the DNA θ
has a high possibility to generate desired images via the trained
generator. In addition, the DNA pool should be stored, in case
of the same target image generation problem. It is worth noting
that, as the evolution goes, the percentage of desired images
increases, while the diversity of generated images decreases.
In summary, there is a trade-off between the accuracy and
diversity. Thus, the stopping criterion Ltarget needs to be set
according to different requirements.

Algorithm 1: GAGAN procedure
Require: Pre-trained generator G;

Stoping level Ltarget;
DNA pool Pool
Number of individuals in DNA pool N Target set T ;

1: for number of generations do
2: for DNA θ in Pool do
3: Generate image Gtrained(θ)
4: Calculate fitness F (Gtrained, T )
5: end for
6: for N do
7: Select parents from Pool
8: Create an offspring θnew via crossover and mutation
9: Calculate fitness F (Gtrained(θnew), T )

10: Put θnew into Poolnew
11: end for
12: Select top N fitness from Pool and Poolnew as the

next generation Pool
13: Calculate the generation accuracy Accuracy
14: if Accuracy equals Ltarget then
15: End the evolution
16: end if
17: end for
18: Generate or get latent vector θ from Pool

C. Fitness function
As described above, the fitness evaluation function, provid-

ing reliable fitness score, is another key issue in our proposed
GAGAN. In this section, we separate the image generation
problems into three basic categories: single characteristic
generation, multiple characteristics generation (including AND
operation and OR operation). Next, we will introduce their
corresponding fitness evaluation metrics.

According to the fitness evaluate module mentioned in
Fig. 1, we define the notation Gtrained(θ) and t as the
generated images by the generator and a target characteristic,
respectively. Then, R(t, Gtrained(θ)) is defined as its output,
representing the probability that a given image has the target
attributes or is the target class.

1) Single characteristic generation: It is the most common
generation problem in specific image generating, through
which we aim to get specific images with only one charac-
teristic or images belong to the target class. Thus, the fitness
of θ represents how likely the generated image Gtrained(θ)
have the desired characteristics. The more confidence of the
recognition network is, the higher the fitness tend to be.
Therefore, the fitness function can be expressed as follows:

Fs(θ, t) = R(t, Gtrained(θ))

or,
Fs(θ, t) = 1−R(t, Gtrained(θ))

when we don’t want to generate a specific kind of image.
2) Multiple characteristics generation: While single image

generation only handle one characteristic or one target class,
in order to extend to multiple characteristics, i.e., generating
an image contains a ’man’ with ’glasses’, we also present how
to formulate the fitness function according to the operation of
multiple characteristics, including AND and OR.

AND: In fact, AND operation can be turned into a single
characteristic generation problem by training a recognition
model, which could tell the possibility that the generated
image Gtrained(θ) has all desired attributes. However, this
would lead to some problems when the attributes set is large.
In order to flexibly manipulate the attributes, we address it
in an independent way, that θ’s fitness is determined by the
minimum value of all single attributes fitness. Therefore, the
fitness objective is formulated as,

FAND(θ, t1, t2, ..., tn) = minFs(θ, t1), Fs(θ, t2), ..., Fs(θ, tn)

where t1, t2, ..., tn are the desired characteristics.
OR:This aims to generate images that only satisfy one of the

given characteristics constraints, such as, images contain digits
’1’ or ’7’. In this case, the DNA θ, which could be mapped
into images with any of desired classes, should be valued a
high fitness score. To end this, we take the maximum fitness
score as θ’s fitness by the following equation,

FOR(θ, t1, t2, ..., tn) = maxFs(θ, t1), Fs(θ, t2), ..., Fs(θ, tn)

where t1, t2, ..., tn are the desired characteristics.

IV. EXPERIMENTS

In order to validate the effectiveness of our proposed
method, we conduct experiments on the CelebA [27] dataset
and MNIST [28] dataset. In the experiments, we implement
the GAN and recognition network using Pytorch [29], which
is widely used in deep learning. And we use DEAP [30],
an open-source algorithm framework, to realize the genetic
algorithm.

A. Dataset and Model Preparation

1) CelebA: CelebFaces Attributes Dataset (CelebA) is a
large-scale face attributes dataset, including 202,599 face
images of 10,177 identities, that each image is with 40 binary
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attributes annotations and 5 landmark locations. All the images
are rescaled into a size of 64× 64.

For simplicity, based on the design of DCGAN [5], we
implement the generative model G and discriminative model
D in the form of convolution/deconvolution-BatchNorm-
Relu/LeakyReLu [31] [32] [33]. It has been proved that
this architecture performs well in image generation. In our
implementation, the slope of LeakyReLu is set to 0.2. And
then, we train this GAN model using Adam optimizer [34],
with a learning rate of 0.0005, β1 = 0.5, β2 = 0.999 and
mini-batch size is 128.

For a recognition model, which is required to identify the at-
tributes exactly, we utilize a pre-trained ResNet [35] to extract
features, convolution layers and fully-connected layers are then
employed to output the predict results. Since the distribution
of the binary annotations of attributes is very unbalanced, we
select 4 attributes with relatively balanced annotations for our
experiments, including ”Gender”, ”Glasses”, ”Mouth Open”
and ”Smile”. Furthermore, we train the recognition model
using SGD [36] with a learning rate of 0.0001, momentum
of 0.5 and mini-batch size is 50. Finally, we get a recognition
model and the accuracy is shown in Table. I.

TABLE I
ACCURACY OF THE RECOGNITION MODEL

Attribute Glasses Gender Mouth Open Smile
Accuracy 99.5% 95.5% 93.1% 90.7%

2) MNIST: MNIST is a widely used handwriting digit
images dataset, which consists of 60,000 training and 10,000
testing 28× 28 grayscale images of digits from 0 to 9.

For generation, same as CelebA, we also use DCGAN as the
base architecture to implement our MNIST GAN model. And,
the training settings is exactly the same as DCGAN training
settings described above, except the learning rate of 0.0002.

For recognition, we train a simple, yet effective 3-layer
convolution networks that could predict image classes and
compute the label probabilities. Note that this recognition
network can achieve 99.3% accuracy on MNIST testing set.

B. Single Digit Generation

Here, we will show the effectiveness of our proposed
method and then visualize the evolution happened in DNA
pool. To do this, we generate handwriting digit images with a
specific class t (here, t = ”3”). We use the corresponding fitness
F (θ, 3) and evolve the DNA pool. Besides, we randomly
choose 100 DNA θ from DNA pool, and then map them to a
grayscale image, which helps to monitor the evolution process.
The DNAs θ are fed into the trained generator GMNIST to
generate images. The results of our method are shown in Fig.
2(b), we can clearly see that almost all images generated by
our method are the desired images, compared to the original
images in Fig. 2(a). What’s more, the origin DNA Pool seems
to be very messy, while it seems organized after evolution.

As shown in our experiment, our method only takes several
generations to get the desired DNA pool (here, 4 generations).

(a) Original Images (b) GAGAN: 3

(c) Original DNAs (d) Optimized DNAs

(e) The process of evolution

Fig. 2. Results of Single Digit Generation

We also evaluate the time cost of our method, it only takes
2 minutes using a Core i5 CPU, while training a DCGAN
costs about 10 hours using a GTX1080 GPU. This is mainly
because our method doesn’t need gradient computing and BP
optimization, which is computationally expensive.

We also conduct this experiments with different mutation
rate to verify the influence of mutation rate. Note that if
the attribute of a generated image is predicted the same as
the desired one by the recognition model, it is considered a
correct generation, otherwise a wrong one. And the generation
accuracy is the proportion of the correct generations. As Fig.
2(e) shows, regardless of mutation rate, the percentage of
desired images increases, as the evolution goes and finally
reach a high generation accuracy, above 98%. However, we
notice that the converging speed of our method decreases
with the increasing mutation rate. This is mainly because
the mutation of DNA contributes to the diversity of images.
Apart from mutation, we also explore the influence of different
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crossover strategies, but we find that the result have only
small changes, so it is not a key factor in this problem.
Furthermore, as observed in the figure, our method is able
to more distinguishable and clear images.

C. Generation by ”Broken Generator”

In this part, we demonstrate our method’s ability to improve
the quality of generated images, which means we can also
generate from not well trained generator. To achieve this,
we first get a ”Broken Generator” by changing the input
distribution into [0, 1]. Then, we use our method to generate
specific handwriting digits (here, ”5”). As we can see from Fig.
3(a), the quality of original generated images is quite poor. On
the contrary, in Fig. 3(b), the images generated by GAGAN are
visually pleasing and distinguishable. Since recognition model
is more confident on the images with distinct characteristic
and clear edges, fitness evaluate module value it a high fitness
score. Thus these high-quality images survive as the evolution
goes and our method still performs well even the generator is
broken or not well trained.

(a) Original Images (b) GAGAN: 5

Fig. 3. Results of Generation by ”Broken Generator”

D. Two Digits Generation

According to the experiments above, we have evaluated
GAGAN’s performance on image generation with a single
digit, next, we will conduct evaluation to reveal how GAGAN
performs while generating multiple characteristics. In order
to give a detailed description, we take an OR operation as
example, such as handwriting digit generation with ”4” or
”8”. Assuming t1, t2 represent digits ”4” and ”8”, respec-
tively, then, the fitness evaluate metrics can be presented as
FOR(θ, t1, t2). Moreover, we set the mutation rate to 0.2 in
this experiment. As illustrated in Fig. 4(a), results show that
the range of generated handwriting digit images is limited to
”4” and ”8” as expected. And Fig. 4(b) also reveal that the
amount of desired images increases as the evolution goes. It
further validates the effectiveness of our proposed GAGAN.
Furthermore, we also find an interesting phenomenon that after
the increase at the beginning of training, the proportion of ”4”
and ”8” perform an inverse trend, that digit ”8” decreases
while the proportion of digit ”4” continues to grow. This
is mainly because the recognition ability of model R is
imbalanced among different digits. The recognition model has

more confidence in recognizing digit ”4” than ”8”, results in
a higher fitness score to ”4”. Therefore, digit ”4” has a higher
possibility to survive in the evolution process.

(a) GAGAN: 4 OR 8 (b) The process of evolution

Fig. 4. Results of Two Digits Generation

(a) Original Images (b) GAGAN: glasses

(c) The process of evolution

Fig. 5. Results of Single Attribute Generation

TABLE II
ATTRIBUTES OF 1000 ORIGINAL IMAGES

Attribute Glasses Male Open Mouth Smile
Count 7 583 262 394

E. Single Attribute Generation

In this part, we demonstrate the ability to generate facial
images with a single attribute. As Table. II illustrates, we
first analyze the attributes of original face images generated
by GCelebA. We can see that the proportion of people with
glasses is very small, less than 1%. Therefore, in order to better
validate the ability of our method, we choose the attribute
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(a) female with smile (b) female with glasses (c) male with open mouth (d) male without smile

Fig. 6. Results of Multiple Attributes Generation

(a) female with smile (b) female with glasses (c) male with open mouth (d) male without smile

Fig. 7. The process of evolution

”Glasses” as our desired characteristic t. Then, fitness of
Fs(θ, t) and mutation rate of 0.2 are applied in evolution.
The generated results are shown in Fig. 5(b), from it, we can
intuitively find that it is feasible to generate facial images with
glasses. Moreover, the generation accuracy reaches 90% at the
end of evolution. This reveals that our method performs well
in the single attribute generation task.

Note that a reduction of diversity might occur when the
generation model reaches a high accuracy. As explained
above, there is a trade-off between the generation accuracy
and diversities of generated images. In this experiment, we
empirically use the DNA pool, with generation accuracy of
85%, to produce suitable DNAs for generation.

F. Multiple Attributes Generation

Similar to MNIST, we also conduct an experiment to
generate facial images with multiple attributes, and the AND
operation is chosen as example to make a detailed description.
In this experiment, we introduce four kinds of attributes
combination: ”female with smile”, ”female with glasses”,
”male with open mouth” and ”male without smile”. It is
natural to use FAND as the fitness evaluate metric. Results
are given in Fig. 6, it can be easily observed that both
the generated images contain the desired attributes. As Fig.
7 shows the corresponding quantitative change of images
for each generation task, it shows that both achieve a high
generation accuracy and the single attributes also increases as
the evolution goes. And the rate of convergence is different
because of different starts.

Furthermore, we also intuitively observe that in Fig. 7(b),
a decrease in the amount of ’female’ images happens in the

first two generations, which is supposed to be an increase.
This is mainly due to that there are 9 images with glasses in
original generated images, but only one of them is the female.
In comparison with the gender, the glasses has a much more
influence on the fitness. Therefore, the corresponding DNAs
of images that male wears glasses dominate the beginning of
the evolution.

V. CONCLUSIONS

In this paper, we propose GAGAN method for generating
specific images. With GAGAN, we also address the specific
image generation problem under the condition that given
trained GAN model and recognition model but without the
dataset. To the best of our knowledge, it is the first method that
can generate images with specific characteristics from a trained
GAN model. By combining Genetic Algorithm with GAN
properly, it could produce a DNA pool, which could generate
the corresponding latent vectors (DNAs) of desired images.
Meanwhile, it could also generate visually pleasing images
directly from a not well trained generator. Furthermore, to
make GAGAN more flexible, we separate generation problems
into three meta classes and introduce the corresponding fitness
evaluation metrics. Detailed experiments and analysis are
conducted on MNIST and CelebA dataset and the extensive
and qualitative results demonstrate the effectiveness of our
proposed method.
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