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Abstract—Traditional approaches for semantic images synthe-
sis mainly focus on text descriptions while ignoring the related
structures and attributes in the original images. Therefore, some
critical information, e.g., the style, backgrounds, objects shapes
and poses, is missed in the generated images. In this paper, we
propose a novel framework called Conditional Cycle-Generative
Adversarial Network (CCGAN) to address this issue. Our model
can generate photo-realistic images conditioned on the given text
descriptions, while maintaining the attributes of the original
images. The framework mainly consists of two coupled condi-
tional adversarial networks, which are able to learn a desirable
image mapping that can keep the structures and attributes in
the images. We introduce a conditional cycle consistency loss
to prevent the contradiction between two generators. This loss
allows the generated images to retain most of the features of the
original image, so as to improve the stability of network training.
Moreover, benefiting from the mechanism of circular training,
the proposed networks can learn the semantic information of
the text much accurately. Experiments on Caltech-UCSD Bird
dataset and Oxford-102 flower dataset demonstrate that the
proposed method significantly outperforms the existing methods
in terms of image details reconstruction and semantic information
expression.

I. INTRODUCTION

Generating a realistic image from text description is an
emerging interdisciplinary problem in computer vision, image
processing, and natural language processing. It has numerous
applications, such as image editing, semantic understanding
and translation and so on. Generating images from texts
is very challenging due to many factors: First, extraction
of valid semantic information from texts is challenging yet
crucial as it directly affects the synthesis results. Second, the
generated images should be realistic and meaningful while
being consistent with the semantic descriptions of the texts.
Third, the outputs of the generator should be controllable given
some conditional inputs.

To address the above challenges, a wide variety of tech-
niques [1], [2], [3] based on Generative Adversarial Network
(GAN) [4] have been developed to synthesize realistic im-
ages from text descriptions in recent years. However, most
of them can only generate images in consistency with the
text descriptions, while ignoring the structures and attributes
related information in the original images. This greatly limits
the use of these methods in applications. For example, when
editing an image, we generally expect some basic features of
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Fig. 1. Examples of generated images by the proposed CCGAN. The first and
third row are source images. The second and fourth row show the generated
semantic images from unseen text descriptions.

the original images, e.g., object shapes and poses, will not be
drastically changed.

In this paper, we propose a new model called Conditional
Cycle-Generative Adversarial Network (CCGAN) to address
this issue. Our CCGAN borrows from the success of Con-
ditional GAN [5] and CycleGAN [6] and integrates them
together to synthesize a visually plausible image from a given
image and text descriptions. Benefiting from the ability of
CycleGAN in image-to-image translation, CCGAN can retain
the structures and attributes of the original images during
image synthesis. In our model, we add the conditions into
the circular training process to reinforce the constraints on
cycle consistency. Therefore, CCGAN can greatly benefit the
stability of network training, the characterization of image
details and the learning of textual semantic information.

Our work is distinguished by the following contributions:

• We propose a novel model called Conditional Cycle-
Generative Adversarial Network (CCGAN) for semantic
image synthesis. This model can yield a photo-realistic
image conditioned on given text descriptions. In contrast
to the existing text-to-image methods, which mostly
ignore the information from the original images, our
model takes into account of both text descriptions and
the original image.

• Our model can learn a mapping from image to image
directly, which implicitly encode the features of style,



backgrounds and details of the original image. Therefore,
the style encoder network in [1] is not needed. This helps
to avoid the loss of the meaningful information in the
synthesized images. Meanwhile, it can also reduce the
training ime of the whole networks.

• Experimental results on Caltech-UCSD Birds dataset
and Oxford-102 flowers dataset show that our model
outperforms the existing methods in reconstructing the
fine details and backgrounds of the original images.

II. RELATED WORK

Recently, remarkable progress has been achieved in se-
mantic image synthesis. A series of deterministic approaches
[7], [8], [9], [10] and Variational Autoencoders (VAE) based
methods [11], [12], [13] have been proved to be effective
in this field. In addition to the above models, Generative
Adversarial Network (GAN)[4] based method is more simple
and effective, especially in text-to-image task. Reed et al. [1]
first proposed a GAN-based architecture to generate realistic
images from text descriptions. They use noise z as the input,
text descriptions (e.g., “this small bird has a short, pointy
orange beak and white belly”) as conditions. Generator and
discriminator are then updated via min-max adversarial game.
Finally generator synthesize fake images which match to the
text descriptions. In addition, Reed et al. [2] presented Genera-
tive Adversarial What-Where Network (GAWWN), a network
which can synthesize 128 × 128 images with instructions of
what content to draw in which location. In order to synthesize
high resolution images, Zhang et al. [3] proposed stacked
Generative Adversarial Networks (Stack-GAN). Stack-GAN is
composed of two parts: Stage-I GAN and Stage-II GAN. The
former generates low resolution images that contains rough
shape and basic color of object. The latter targets at rectifying
defects and adding compelling details, then a 256 × 256
image are generated. Much similar to our work, Dong et
al. [14] designed an end-to-end deep neural architecture that
conditioned on both image and text information.

Conditional GAN [5] plays a key role in guiding the output
of GAN. It consists of generator G and discriminator D. G
tries to synthesize plausible image with conditions and fool D,
while D devote itself to distinguish real data from synthetic
images. The process can be described as minimax game:

min
G

max
D

V (D,G) =Ex∼Pdata(x)[logD(x|y)]+

Ez∼Pz(z)[log(1−D(G(z|y)))]
(1)

It is worth noting that most of the text-to-image methods
are based on Conditional GAN. They treat text as condition,
and the goal of the generator is to generate image that match
relative text description.

In order to deal with unpaired image-to-image task. Cycle-
GAN [6], DualGAN [15] and DiscoGAN [16] were proposed
to learn the translation between domains. Among them, the
goal of CycleGAN is to learn the mapping of two domains.
The objective of the adversarial framework is written as:

G∗, F ∗ = argmin
G,F

max
DX ,DY

L(G,F,DX , DY ) (2)

However, without considering the additional conditions(e.g.,
text descriptions), they can not do a good work in semantic
image synthesis.

III. METHOD

In this section, we describe our model of generating image
from text and original image. An effective network structure
was proposed, called Conditional Cycle-Generative Adversar-
ial Networks (CCGAN). The key component of this model is a
Generative Adversarial Network (GAN) which consists of two
mainly elements, generator G and discriminator D. Different
from other methods which only adopt Conditional GAN, we
apply CycleGAN to capture more comprehensive features of
source images. The architecture of our model can be found in
Figure 2.

Specifically, we firstly construct two cycle network. Then,
image x in domain X are fed into generator G, and the
condition is text description which related to image y in
domain Y . Fake image ŷ is generated by G, ŷ then be fed
into generator F , and output realistic image xcycle which
should be similar to x in theory. The above is forward cycle
produce. As a dual task, backward cycle produce is just a
reverse execution. Furthermore, a discriminator network D is
designed to judge whether the input image is from original
image or synthetic images and whether it matches the semantic
information. During the whole training process, we use cycle
loss to guarantee the cycle consistency, and use adversarial
loss to implement the adversarial mechanism.

A. Network architecture

In the generator G, we adopt an encoder-decoder structure
with residual block [17] to improve network optimization
performance which inspired by StackGAN [3]. The encoder
is a convolutional neural network (CNN). We use stride-
2 convolution layers, and each layer is followed by Batch
Normalization layer and ReLU activation layer except the
first convolution layers. Original images are first fed through
encoder to produce a vector. The latent vector is then fed
into two residual blocks and then concatenate to description
embeddingφ(t). The new latent vector is fed into decoder to
generate realistic image. The decoder include two module, one
is 4 residual block which is similar to encoder, and the other
is a series of deconvolution layers or upsampling layers which
decode latent vector into image with tanh activation layer.

With regard to residual block, it consists of two convolution
layers. Batch Normalization layer and ReLU activation layer
are also adopted. In general, residual block can make network
more deeper and easy to train.

Discriminator D is used to judge whether the input image
is from real datasets or fake datasets. Specifically, the image
is first fed through a series of down-sampling layers which is
similar to encoder, and finally get a latent vector with the 4×4
spatial dimension. Meanwhile, the description embedding φ(t)
is encoded into 4 × 4 × 128 and concatenate to the encoded
image. Finally, they are fed into a fully connected layer and
output decision score.
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Fig. 2. The architecture of the proposed CCGAN. CCGAN consists of a bi-directional circular network, called forward cycle network and backward cycle
network. Text descriptions are used to control the attributes of generated images. The transformations between images are learned by two generator and two
discriminator with encoder-decoder structure.

B. Loss function

In order to generate realistic and meaningful images, we
apply two loss function in our objective: cycle-loss is used
to guarantee consistency between the mappings G and F;
and adversarial loss for matching the distribution of a image
between two domains

1) Cycle-loss: As Zhu.et al. [6] mentioned, adversarial
training can learn the mapping G and F between two domains
X and Y to each other. However, its not easy to guarantee the
network can map an individual xi to an expected output yi.
In order to tackle this issue, they designed cycle consistency
loss:

Lcyc(G,F ) =Ex∼Pdata(x)[∥ F (G(x))− x ∥1]+
Ey∼Pdata(y)[∥ G(F (y))− y ∥1]

(3)

The mapping function should be cycle-consistent, which
means an image x in domain X should be mapped to orig-
inal image through two mapping functions: x → G(x) →
F (G(x)) ≈ x. Similarly, image y in domain Y satisfy follow
function: y → F (y) → G(F (y)) ≈ y.

In our work, we adopt the idea of cycle-consistent and add
additional conditions. Conditions can reduce the limitations of
above problem to a large extent. The details are summarized
as follows. First, we define two generator G and F. Both of
them adopt the same network architecture described in section
3.1 without weights sharing. Second, conditions (e.g., text
descriptions) has more guidance and constraints on mapping
functions. For example, there are two images of bird, one
is a yellow bird with the text description is “This bird is
completely yellow”, and the other is a red bird with the
text description is “This bird is completely red”. Let’s take
the first image as an example, after passing through two

mapping functions, the output matches the original image
more, which is more like a complete yellow bird rather than
“ This is a yellow bird with bright blue wings” or “The bird
is yellow with white breast” and so on. Because conditions
force generator to generate the result in the desired direction.
Therefore, the forward cycle consistency can be described as
x → G(x, φ(t̄y)) → F (G(x, φ(t̄y)), φ(tx)) ≈ x. while the
backward cycle consistency is shown as: y → F (y, φ(t̄x)) →
G(F (y, φ(t̄x)), φ(ty)) ≈ y. Finally, the cycle-loss is formu-
lated as:

Lcyc(G,F )

= E(x,t̄y,tx)∼Pdata
[∥ F (G(x, φ(t̄y)), φ(tx))− x ∥1]

+ E(y,t̄x,ty)∼Pdata
[∥ G(F (y, φ(t̄x)), φ(ty))− y ∥1]

(4)

where x and y are the training samples from X and Y , tx
and ty are the matched text descriptions of images x and y.
t̄x and t̄y are the semantically relevant text which adopted the
view of [14]. It is worth noting that t̄x and t̄y are only used
in G(x, φ(t̄y)) and F (y, φ(t̄x)).

2) Adversarial loss: We construct an adversarial game [4]
between the generator and the discriminator. In this game,
generator G and F try to generate realistic images by mini-
mizing the follow objective, while discriminator DX and DY

aim to judge the real image and fake image by maximizing
the objective. The objective of the adversarial framework is
written as:

min
G

max
DY

LGAN (G,DY , X, Y )

= E(y,ty)∼Pdata
[logDY (y, φ(ty))]

+ E(y,t̂y)∼Pdata
[log(1−DY (y, φ(t̂y)))]

+ E(x,t̄y)∼Pdata
[log(1−DY (G(x, φ(t̄y)), φ(t̄y)))]

(5)



min
F

max
DX

LGAN (F,DX , X, Y )

= E(x,tx)∼Pdata
[logDX(x, φ(tx))]

+ E(x,t̂x)∼Pdata
[log(1−DX(x, φ(t̂x)))]

+ E(y,t̄x)∼Pdata
[log(1−DX(F (y, φ(t̄x)), φ(t̄x)))]

(6)

where Pdata denote the true data distributions of two do-
mains. Mapping functions can be represented as G and F .
Furthermore, tx and ty are matching text descriptions; t̂x and
t̂y are the mismatching text descriptions; and t̄x and t̄y are
semantically relevant text descriptions.

To sum up, the full objective of our model can be written
as:

min
G,F

max
DX ,DY

LGAN (G,F,DX , DY )

= LGAN (G,DY , X, Y ) + LGAN (F,DX , X, Y )

+ λLcyc(G,F )

(7)

where λ is hyper parameters which denote the relative im-
portance between above objectives. Finally, generator and
discriminator are optimized in an alternatively two-player min-
max game manner. The training algorithm is presented in
Algorithm 1.

TABLE I
ALGORITHM OF TRAINING PROCEDURE.

Algorithm 1 CCGAN training produce

1: Input: Images x, y, matching text tx, ty , mismatching text

t̂x, t̂y , relative text t̄x, t̄y . epoch, the number of step in

each epoch

2: for n = 1 to epoch do

3: ŷ ← G(x, φ(t̄y))

4: x̂cycle ← F (ŷ, φ(tx))

5: x̂← F (y, φ(t̄x))

6: ŷcycle ← G(x̂, φ(ty))

7: Lcyc ←∥ x̂cycle − x ∥1 + ∥ ŷcycle − y ∥1
8: srx ← DX(x, φ(tx))

9: swx ← DX(x, φ(t̂x))

10: sfx ← DX(x̂, φ(t̄x))

11: sry ← DY (y, φ(ty))

12: swy ← DY (y, φ(t̂y))

13: sfy ← DY (ŷ, φ(t̄y))

14: LDX
← log(srx) + (log(1− swx) + log(1− sfx))/2

15: LG ← log(sfx) + λLcyc
16: LDY

← log(sry) + (log(1− swy) + log(1− sfy))/2

17: LF ← log(sfy) + λLcyc
18: DX ← DX − α

∂LDX
∂DX

19: G← G− ∂LG
∂G

20: DY ← DY − α
∂LDY
∂DY

21: F ← F − ∂LF
∂F

22: end for

IV. EXPERIMENTS

To validate the effectiveness of CCGAN, we conducted
qualitative and quantitative experiments on two public
datasets: Caltech-UCSD Bird dataset [18] and Oxford-102
flower dataset [19]. Caltech-UCSD Bird dataset contains
11788 images belonging to 200 bird species. Oxford-102
flower dataset comprises of 8189 images with 102 flower
species. Each image of two datasets is described by 10
captions [20].

A. Implementation details

From the same datasets, we randomly sample two sub-
datasets as unpaired training datasets in each training batch.
The number of images in each sub-datasets are equal while
the content are different. Therefore, the network can learn the
data twice in each epoch. Whats more, when generating an
image via generator G and F, the conditions should be the
relevant text descriptions of the target image instead of the
original image. When the real or fake image is judged by
discriminator D, the conditions should be the text descriptions
that related to the input of D.

We’ve trained the network 500 epochs using Adam Op-
timizer with batch size 16. The learning rate is 0.0002 and
is reduced by half every 100 epochs. Following Dong et al.
[14], the method of Kiros et al. [21] is applied to encoder text.
In addition, D is trained five times in each batch while G is
trained once so that it can enhance the stability of training.

B. Results and discussions

The goal of this experiment is not only to generate realistic
images that keep the features and style of the original images,
but also to control attributes of the synthesized images through
additional conditions, including color, partial features, etc. To
validate the effectiveness of CCGAN, we analyze and compare
the model from the following two aspects.

1) Qualitative results and comparison: Figure 3 and 4
show the comparison results of our model with the baseline
methods that proposed by Dong et al. [14] and Reed et al.
[1]. Compared with the baseline methods, our model does a
better job of restoring the original image while satisfying the
descriptions of the text. As shown in Figure 4, our CCGAN
outperformed baseline methods on the reconstruction of the
shape, pose and background.

In addition, their results lack vivid parts and details in most
case, while our images are more realistic. For instance, as
illustrated in the six row of Figure 3, the results of the baseline
method are mixed with a lot of noise and lost many features of
the original images. In contrast, the images generated by our
model are clearer and keep most of the information in original
images.

2) Quantitative results and comparison: To quantitatively
verify the superiority of CCGAN, we apply human evaluation
[22] to evaluate our model with baseline methods. Specifically,
20 images and 20 text descriptions in the test dataset were first
sampled. And then we ran experiments to generate images
using our model and the baseline models respectively. Finally,



Fig. 3. Examples of the baseline method and our method on Caltech-UCSD Bird dataset. Each row shares the same text description and each column shares
the same latent variables. Baseline method(1) is from Reed et al. [1]. Baseline method(2) is from Dong et al. [14].

TABLE II
RESULTS OF THE HUMAN EVALUATION(5 FOR BEST, 1 FOR WORST).

BASELINE(1) IS FROM REED ET AL. [1]. BASELINE(2) IS FROM DONG ET
AL. [14].

Bird Flower

Baseline(1) baseline(2) Ours Baseline(2) Ours

Restoration 2.95 3.28 3.69 3.80 4.11

Text 3.22 3.51 3.42 3.88 3.96

Realistic 2.87 3.04 3.72 3.83 4.04

we recruited 20 volunteers to rank the synthetic images. The
standard of scoring is based on three aspects, 1) whether the
features (e.g., style, shape or pose, background) of the original
images are retained; 2) whether the generated image matches
the semantic information of the text; 3) the quality of the
generated image and whether it is realistic.

The results along with baseline models’ results are listed in
Table 2. The better human rank of our CCGAN shows that
our model keeps most of features of the original image and
draws the details better.

C. Interpolation results

In order to prove that our model is able to learn a smooth
latent manifold, we conduct two interpolation experiments on
Caltech-UCSD Bird dataset [18].

1) Sentence embedding interpolation: As illustrate in Fig-
ure 5, we randomly sampled the original image from the
test datasets and fixed it in the following experiments. Then
semantic images are generated from linearly interpolated sen-
tence embeddings. The results show that our images perform

A yellow bird with black on wings. A bird with red head and breast.

A yellow bird with black on wings.

A yellow bird with black on wings.

Fig. 5. Results of the interpolation between two sentence embeddings. Source
images are fixed, text descriptions are zero-shot.

smooth transition alone with the interpolation between two
text descriptions.

2) Image interpolation: We use our CCGAN to synthe-
size images from linearly interpolated source images. In the
same way as sentence embedding interpolation, we fixed
text description and generate images as the source images
information changes. Figure 6 shows that our model has
learned a smooth latent manifold between source images.

V. CONCLUSION

In this paper, we have presented Conditional Cycle-
Generative Adversarial Network (CCGAN) for semantic image



The petals are white and the stamens are 
light yellow.

The red flower has no visible stamens.

The petals of the flower have yellow 
and red stripes.

The petals of the flower have mixed 
colors of bright yellow and light green.

This light purple flower has a large 
number of small petals.

This flower has petals of pink and white 
color with yellow stamens.

The flower shown has reddish petals 
with yellow edges.

Original Image

Baseline method Our method

Fig. 4. Examples of the baseline method and our method on Oxford-102 flower dataset. Each row shares the same text description and each column shares
the same latent variables. Baseline method is from Dong et al. [14].

A yellow bird with black on wings. A bird with red head and breast.

A yellow bird with black on wings.

A yellow bird with black on wings.

Fig. 6. Results of the interpolation between two source images with the fixed
text descriptions.

synthesis, a challenging task which synthesize image from text
description while keep the style, background, pose or shape
of the original image. The proposed CCGAN integrates the
advantages of Conditional GAN and CycleGAN. The former
provides sufficient information to control the features of the
output, while the latter is beneficial to the translation of image
to image. In addition, extensive experiments are conducted
both on Caltech-UCSD Bird dataset and Oxford-102 flower
dataset. The results illustrate the effectiveness of CCGAN in
the field of image synthesis through text. Our model achieved
the desired performance and performed better than the baseline
method in terms of the details and feature-preserving of the
generated image.
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