
Font Creation Using Class Discriminative Deep Convolutional Generative
Adversarial Networks

Kotaro Abe∗, Brian Kenji Iwana∗, Viktor Gösta Holmér†, Seiichi Uchida∗
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Abstract

In this research, we attempt to generate fonts automati-
cally using a modification of a Deep Convolutional Gener-
ative Adversarial Network (DCGAN) by introducing class
consideration. DCGANs are the application of generative
adversarial networks (GAN) which make use of convolu-
tional and deconvolutional layers to generate data through
adversarial detection. The conventional GAN is comprised
of two neural networks that work in series. Specifically,
it approaches an unsupervised method of data generation
with the use of a generative network whose output is fed
into a second discriminative network. While DCGANs have
been successful on natural images, we show its limited abil-
ity on font generation due to the high variation of fonts
combined with the need of rigid structures of characters.
We propose a class discriminative DCGAN which uses a
classification network to work alongside the discriminative
network to refine the generative network. This results of our
experiment shows a dramatic improvement over the conven-
tional DCGAN.

1. Introduction

There is a wide variety of fonts which come with various
styles and appearances. Fonts can have different weights,
spacing, slopes, and proportions. There are also handwrit-
ten fonts, fonts made from outlines, decorated fonts, scripts,
serif fonts, etc. The thousands of different fonts are valu-
able tools for document designers to portray messages in
text. However, font creation is a manual process.

To remedy this, we explore generating fonts a Deep Con-
volutional Generative Adversarial Network (DCGAN) [7].
DCGANs use convolutional and deconvolutional layers to
apply Generative Adversarial Networks (GAN) to the do-
main of images. Traditionally, DCGANs are unsupervised
neural networks for generating images using adversarial
training between a generative network and a discriminative

network. The purpose of the discriminative network is to
detect whether image samples are generated or real. Mean-
while, the generative network competes against the discrim-
inative network to create undetectable images. This compe-
tition between the two networks continues until the gener-
ated images are indistinguishable to the discriminative net-
work.

In an attempt to move towards font generation, the con-
tributions of this paper is two-fold. First, we demonstrate
the limited ability of DCGANs on text generation. Printed
text has distinct classes, however, the discriminative net-
work only considers if the generated fonts have text-like
features and not actual character formulation. By includ-
ing class consideration in the DCGAN architecture, we can
force the generative network to produce more robust fonts.
The second contribution is the proposal of a class discrim-
inate DCGAN which introduces a classification network to
guide the generative network. The results of our experi-
ments show that the inclusion of the classification network
has a considerable improvement on the generation ability of
DCGAN.

The remaining of this paper is organized as follows. In
Section 2, we discuss the related work in font generation
and the state of DCGANs in literature. Section 3 details
the DCGAN model and Section 4 reports our initial results.
In Section 5, we propose an improvement to the conven-
tional DCGAN by introducing a classification network into
the architecture. We then demonstrate the effectiveness of
the class discriminative DCGAN. Finally, Section 7 draws
the conclusion and future work.

2. Related Work

Many attempts in automatic font generation have been
made in the past. Some methods create fonts based on ex-
amples of manually inputed characters using predictive fea-
tures [9, 11]. Another approach is to create mappings based
on the shape of multiple fonts and generating interpolation
between them [1, 12].
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Figure 1. Topology of (left) the generative network G and (right) the discriminative network D used in the experiments.

The core concept that the proposed model is based on is
the use of a GAN [2]. DCGANs [7] are a recent improve-
ment on the original GAN that primarily deals with natural
images. However, even with the successes of DCGANs, the
generated natural images are typically low resolution and
sometimes contain nonsensical or misplaced features. For
natural images, this does not cause problems but font gen-
eration requires rigid structures to be considered valid char-
acters. Categorical GAN (CatGAN) [8] is a class discrimi-
nating GAN that solves this by replacing the discriminative
network with a classification network. The distinction be-
tween CatGAN and the proposed method maintains both the
discriminative network and a second classification network.

The principles of DCGANs are described in detail in
Section 3, however at its core, DCGANs rely on an underly-
ing Convolutional Neural Network (CNN) structure. While
CNNs boast high accuracies in character recognition, they
are flaws. In literature [10, 3], adversarial examples are pre-
sented to CNNs and by merely adding slight noise, they can
be fooled. Also, there are examples [6] of images with no
human recognizable objects, but still classified with high
probabilities by CNNs. Considering these examples, it is
thought that generating ideal images for human beings by
machine learning is a difficult task. Humans and CNNs em-
phasize different features and have different methods of per-
ception, thus they have dramatically different ways of image
recognition.

3. Deep Convolutional Generative Adversarial
Network

3.1. Definition

DCGAN [7] is an image generation model composed of
two neural networks, a generative networkG and a discrim-
inative network D. Figure 1 is an illustration of the G and
D networks. The G network is a deconvolutional neural
network that generates images from d-dimensional vectors
using deconvolutional layers and unpooling. On the other
side, a D network has the same structure as a conventional
CNN that discriminates whether the input is a real image
from a predefined dataset or whether it is an image gener-
ated by G.

Specifically, Fig. 2 demonstrates the learning process of

a DCGAN. It is performed by repeating the procedure in
Fig. 2. First, the training of the D network is performed
using images from the dataset x. Next, the generative net-
work produces generated input images G(z) from an ran-
dom vector z. Finally, the discriminative D network is up-
dated from the generated image. The idea of this process is
that over repeated iterations, the training of G will produce
images more and more indistinguishable from images from
the dataset.

The training of DCGAN is expressed as follows [2]:

min
G

max
D

V (D,G) = Ex∼pdata(x) [logD(x)]

+ Ez∼pz(z) [log(1−D(G(z)))] , (1)

where x is the original image, z is a d-dimensional vector
consisting of random numbers, and pdata(x) and pz(z) are
the probability distributions of x and z respectively. D(x)
is the probability of the input being a generated image from
pdata(x) and 1 −D(G(z)) is the probability of being gen-
erated from pz(z). D is trained to maximize the correct
answer rate and G is trained to minimize log(1−D(G(z)))
in order to deceive D.

3.2. Discriminative Network

The discriminative network D determines whether the
given image is an original image or an image generated by
G. The structure of D is similar to a conventional CNN
which consists of convolutional layers, pooling layers, and
fully-connected layers. D is trained by the following two
procedures.

First, training is done using original images x from the
dataset as input patterns. This is illustrated in Fig. 2 (a).
The ground truth of this training step for each x is set to
“original” and the cross entropy error for D(x) is calcu-
lated. Subsequently, D applies backpropagation to train the
network.

Next, as shown in Fig. 2 (b), D is given an image gener-
ated by G with the ground truth set as “generated.” The
cross entropy error for D(G(z)) is then calculated and
backpropaged through D.

3.3. Generative Network

A generative network generates images from a given d-
dimensional vectorz. The network uses a combination of
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Figure 2. The training process of a DCGAN. (a) is the training of
D using real images x from the dataset. (b) is a second training
iteration ofD, however this time using the generated images as the
input. (c) is the training of G using the evaluation of the generated
images G(z) in the network D given a random vector z.

deconvolutional layers and unpooling layers to extrapolate
the provided vector into an image. During the training ofG,
the vector z consists of random variables of a uniform distri-
bution within a predetermined range. Furthermore, shown
in Fig. 2 (c),G learns from the evaluation made byD on the
generated image G(z). Unlike the training of D, this train-
ing step designates the ground truth ofG(z) as “original” in
an attempt to deceive D and to have G learn from the cross
entropy ofD(G(z)) through backpropagation. Also, during
this training step of G, the parameters of D are fixed.

3.4. Duplicate Removal

To reduce the chance of overfitting, we reduce the dataset
by removing similar fonts before training. Radford et al. [7]
showed the value of duplicate removal by removing images
with a de-noising AutoEncoder.

4. Font Generation Experiment by DCGAN
4.1. Dataset

The dataset was created using the 26 uppercase alpha-
bet letters from 6,628 different fonts. The characters were
rendered into 64px by 64px binary images with size nor-

Figure 3. The letter “A” in the 200 fonts selected by the duplicate
removal process.
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Figure 4. The classification network used in the experiments

malization. From the dataset, duplication removal (see Sec-
tion 3.4) was performed reducing the dataset to 200 unique
fonts. Also, we ensured that no outline fonts or lowercase
fonts were used. Figure 3 shows a sample letter “A” from
each of the fonts used as the x set for the D network.

4.2. Real Character Recognition

Before the generation experiments, we conducted a char-
acter recognition experiment with our database to determine
how much could be recognized by a CNN. The purpose of
the character recognition experiment is to compare the re-
sults to the recognition rate of the generated font in order
to ascertain the quantity and quality of the generated fonts.
Figure 4 illustrates the classification network used for the
experiment. It should be noted that the classification net-
work is a separate network from the other two networks.
The classification network is a modification of AlexNet [5],
made to match our the experiment’s image size. Using a
dataset split of 90% training and 10% test, the classification
experiment had a recognition rate of 92.14%.

4.3. DCGAN Architecture

Figure 1 details the structure and the hyperparameters of
the G and D networks. The size of the d-dimensional input
vector of G was set to 50 and the output is a deconvoluded
64px by 64px image. The D network performs the opposite
and takes in the 64px × 64 image and outputs the probabil-
ity of the input being an “original” image or a “generated”
one.

In literature [7], a Rectified Linear Unit (ReLU) or
LeakyReLU activation function is used, however for the ex-
periment we used a hyperbolic tangent activation function.
This is because characters only need to consider binary im-
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Figure 5. 25 example characters generated by DCGAN after 5,000
training iterations.

ages and do not need to consider the degree of shading. In
addition to using Adam optimizer [4] with the same param-
eters to [7], the learning rate was set to decay by 0.001 after
each iteration. We trained the network with batch sizes of
100 for 10,000 iterations.

4.4. Generation Results

The result of font generation is shown in Fig. 5. How-
ever, many of them are difficult to recognize as characters.
This is because during the training of D, discrimination is
only done on whether the images are “original” or “gener-
ated,” and G only learns to correct the error. As a result, the
network only learns objects that contain scattered features,
making for disfigured fonts. Also, due to the nature of char-
acters, even if the shape is slightly distorted, the readability
becomes very low.

Figure 6 shows the training process of fonts for the char-
acter “A.” In the early stages, there are many fonts with
black backgrounds and white characters, despite only us-
ing input images with white backgrounds and black char-
acters. This indicates that D uses part of the early stages
to learn the white-black boundary instead of actual font
color. Through the process, those characters gradually in-
vert themselves to the proper style. Little change can be
seen between iteration 8,000 to 10,000 due to the consider-
ably smaller learning rate at that stage.

4.5. Impact of Duplicate Removal

The duplicate removal process had a dramatic effect on
the generated fonts. Figure 7 is the result of using the entire
set of 6,628 fonts without duplicate removal. From the fig-
ure, the results did not learn properly and is unrecognizable
as letters. The reason for this is the high variation causes D
to struggle distinguishing between real and fake.

4.6. Generated Character Recognition Results

To test the generated fonts, we performed a recognition
experiment. As test patterns, a total of 10,000 generated
fonts were prepared, each consisting of 2,500 characters
from “A,” “B,” “C,” and “D.” The experiment used the clas-
sification network described in Section 4.2. As a result, the
experiment obtained a recognition rate of 48.15%. The re-

sults were poor due to having many disfigured or ambiguous
characters.

5. Class Discriminative DCGAN
The problem with generating fonts with DCGAN is that

the readability is not actively considered. In other words,
the G and D networks only care about recognizing the dif-
ference between “original” and “generated.” D only dis-
criminates based on the images containing features of char-
acters and not the actual classes of the characters. There-
fore, we propose a DCGAN which considers interclass dis-
crimination in order to generate more structurally sound
fonts.

5.1. Introducing a Classification Network to DC-
GAN

In order to apply class discrimination to the DCGAN,
we introduce the same classification network Section 4.2
denoted as C. With the introduction of C, the process flow
is changed to,

1. D is trained from “original” fonts x (Fig. 2 (a)).

2. G generates images G(z) and they are used to further
train D (Fig. 2 (b)).

3. G is updated from the results of D (Fig. 2 (c)).

4. C classifies the generated image G(z) and G learns
based on the evaluation (Fig. 8).

The cross entropy error for C(G(z)) is computed with the
correct label of G(z) and in turn G is trained through back-
propagation. During this time, backpropagation is calcu-
lated through C, but the parameters of C are not changed.
This new process flow creates generated images more re-
flective of class differentiation.

5.2. Classification Network Influence

Simply adding the full gradient of C puts too much em-
phasis on class discrimination and the DCGAN loses some
of the adversarial aspects from D. We can control this by
adjusting the rate that the gradient ofC effectsG. The train-
ing of the influence controlled class discriminative DCGAN
is expressed as:

min
G

max
D

V (D,G) = Ex∼pdata(x) [logD(x)]

+ (1− α)Ez∼pz(z) [log(1−D(G(z)))]

+ αEz∼pz(z) [log(Ck(G(z)))] (2)

where Ck is a function that returns the probability that
the given image is of class k and where α represents the
rate that the gradient affects G. In other words, the pro-
posed improved DCGAN trains G by learning to maximize
log(Ck(G(z))).
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Figure 6. Examples of the letter “A” generated by DCGAN over the course of training. The numbers indicate the training iteration.

Figure 7. The fonts for the letter “A,” generated after 5,000 training
iterations without duplicate removal.
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Figure 8. Training of the classification network C integrated into
a DCGAN.

6. Font Generation Experiment by Class Dis-
criminative DCGAN

6.1. Class Discriminative DCGAN Architecture

The class discriminative DCGAN uses the same opti-
mization methods and hyperparameters for the D and G
networks defined in Section 4.3. The C network classifies
the 26 alphabet classes using the same configuration as Sec-
tion 4.2, which was trained on the full 6,629 fonts. In addi-
tion, the experiment uses the classification network gradient
influence rate of α = 0.01.

6.2. Generation Results

Figure 9 is the result of the font generation with the class
discriminative DCGAN for four example classes. When
compared to Fig. 5, the results of the proposed method are
much more clear and character-like. Moreover, while simi-
lar in structure, the generated fonts are distinct with unique
details and features. By comparing the previous process in

“A” “B” “C”

Figure 9. Fonts generated by the class discriminative DCGAN
when α = 0.01.

Fig. 6 to the class discriminative process in Fig. 10, the re-
sults show a clear improvement. After about 5,000 training
iterations, the fonts become formalized characters, and the
subsequent iterations do not improve significantly.

6.3. Generated Character Recognition Results

In order to determine the qualitative effect of C on the
DCGAN, we compared the recognition results of the con-
ventional DCGAN to the class discriminate DCGAN. A
similar trial to Section 4.6 was performed with 10,000 gen-
erated fonts consisting of “A”s, “B”s, “C”s, and “D”s. We
achieved the much higher recognition rate of 98.95% com-
pared to the previous evaluation of 48.15% from the con-
ventional DCGAN. The recognition rate is much higher be-
cause C incorporates class distinction and class recogniz-
ability into the learning process. This means that the net-
work produces more realized characters with higher read-
ability.

6.4. Effect of Classification Network Influence Rate

It is important to study the effect of modifying the in-
fluence rate from the gradient of C. We trained multiple
networks at different values of α. Figure 11 reveals the re-
sults. When α = 0.1, the influence of the gradient of C
has on the network overpowers the effect of the discrimi-
native network D. However, when α is too small, such as
0.005, the benefits of C are suppressed. We find that the
most effective rate of α are between 0.05 and 0.01.
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Figure 10. Examples of the letter “A” generated by the class discriminative DCGAN through the training. The numbers indicate the training
iteration.
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Figure 11. Generated “A”s at different influence rates α of the gra-
dient of C.

7. Conclusion
In this paper, we attempted automatic font generation us-

ing a DCGAN. Experiments with a conventional DCGAN
produces sub-par results. We propose a method of incorpo-
rating a classification network in the DCGAN architecture,
resulting in a class discriminative DCGAN. Using the class
discriminative DCGAN, we confirm the improved effective-
ness of the proposed method over a conventional DCGAN
for text generation.

However, is still room for improvement. Future improve-
ments to the network include: optimization of the discrimi-
native network, creating a more robust generative network,
and setting criteria for stopping the learning process. An-
other future task will be to extend the class discrimination
to being able to distinguish a non-character class in order to
produce more robust characters.
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