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Abstract
Existing approaches for text-to-image synthesis often produce images that either contain artifacts or do not well match the text, when the input text description is complex.
In this paper, we propose a novel model named MS-GAN, composed of multi-stage
attention-Modulated generators and Similarity-aware discriminators, to address these
problems. Our proposed generator consists of multiple convolutional blocks that are
modulated by both globally and locally attended features calculated between the output image and the text. With such an attention-modulation, our generator can better
preserve the semantic information of the text during the text-to-image transformation.
Moreover, we propose a similarity-aware discriminator to explicitly constrain the semantic consistency between the text and the synthesized image. Experimental results on
Caltech-UCSD Birds and MS-COCO datasets demonstrate that our model can generate
images that look more realistic and better match the given text description, compared to
the state-of-the-art models.

1

Introduction

Text-to-image synthesis is one of the most important and challenging tasks in computer vision and natural language processing. Given a text description, this task aims to synthesize
an image with contents semantically consistent with the text. Recently, text-to-image synthesis has drawn increasing attentions and significant progress has been made thanks to the
c 2019. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.
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A small pointy billed bird
with red throughout the
coat. the cheekpatch is a
darker brown. the wing
primary and secondaries
have red and brown
alternating through them.
the tarsus is very slender
with small feed.

This small bird has a
deep blue crown, back
and rump, and a bright
white belly.

StackGAN

HDGAN

AttnGAN

Ours

Figure 1: Samples generated by StackGAN [24], HDGAN [26], AttnGAN [23] and our
model on CUB dataset. Please zoom in to see the details.
development of generative adversarial networks (GAN) [1, 2, 4, 10, 21, 22]. Most existing
methods [17, 23, 24, 26] are based on conditional GANs [10].
However, the performance of conventional text-to-image synthesis methods are not satisfactory enough in terms of the following aspects. First, the content of the synthesized image
may not well match the semantics of the input text. Important semantic information may be
ignored or misunderstood by the generator. Second, many synthesized images are still not
visually appealing enough. There can be many artifacts in the images.
One possible reason that causes these problems is that the text semantic information is
only input at the beginning of the deep generator [17, 26]. In this situation, the semantic
information of the text can be weak or even disappear at the last several layers of the generator. As a consequence, the synthesized images may contain many artifacts and not well
match the text description. As shown in Fig. 1, when the input description is complex, the
images generated by state-of-the-art models contain many artifacts. Several key regions such
as the color of the belly, the shape of the bill and the color of the wings do not match the
text. Another possible reason is that most existing models [17, 23, 25] typically match the
image with the text by training a discriminator. This discriminator can distinguish between
a matched text-image pair (a text and its ground-truth image) and a wrong text-image pair
(a text and an image that does not match the text). This implicit constraint, however, is not
strong enough to enforce the semantic meaning of the output image to be similar with the
input text. As a result, the synthesized images can be inconsistent with the given text in many
details, as shown in Fig. 1.
To tackle these problems, we propose a novel model named MS-GAN, which consists
of multi-stage attention-modulated generators (AMG) and similarity-aware discriminators
(SAD). Specifically, the AMGs are introduced to better preserve semantic information of the
text during the transformation from the text embedding to the output image. Each generator
is composed of multiple convolutional blocks. The intermediate blocks are modulated by
globally and locally attended features. The global features are calculated between the whole
image and the sentence embedding, while the local features are calculated between the image
patches and the word embeddings [23]. By modulating the features, the intermediate convolutional blocks in the generator can adaptively perceive the semantic meaning of the input
text. Therefore, the semantic information of the text is better leveraged in the generator.
The similarity-aware discriminator is introduced to explicitly and adversarially improve
the quality of the generated images and the consistency between the images and the given text
descriptions. On one hand, we adopt both conditional and unconditional losses to encourage
realistic results, as the existing models [23, 24] do. On the other hand, to guarantee that the
generated image matches the text, motivated by [11], we propose an adversarial similarity
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loss to explicitly enforce better semantic consistency between the image and the input text.
With such a constraint, the synthesized image can be further refined to match the text.
To evaluate our model, we conduct experiments on the challenging Caltech-UCSD Birds
[20] and MS-COCO [9] datasets. Experiment results demonstrate that with the proposed
generator and discriminator, our model is able to generate images that are more realistic and
more semantically consistent with the input text description, significantly outperforming the
state-of-the-art models.

2

Related Work

Reed et al. [17] make one of the earliest attempts to synthesize images from a text with
DCGAN [15] architecture, which encodes the text description using a hybird character-level
convolutional-recurrent neural network [16]. They generate 64 64 images given the text
descriptions. To generate images of higher-resolution, HDGAN [26] employs a generator
which hierarchically synthesizes multi-scale images up to 256 256 resolution from the
given text. Nam et al. [12] input an image and a condition text description to the generator, coupled with a local discriminator to undertake the fine-grained attribute discrimination.
Zhang et al. [24] adopt a coarse-to-fine scheme to synthesize photo-realistic 256 256 images with a two-stage model. The first stage generates a coarse image, which is then refined
by the second stage. Their subsequent work [25] also adopts the effective stacked structure
for compelling images generation. These models constrain the similarity between the generated images and the given text, by optimizing a matching-aware loss. However, it only
implicitly encourages the image to match the text, while our model constrains the semantic
consistency between image and text in an explicit way with our adversarial similarity loss.
Based on the stacked architecture of StackGAN++, Xu et al. [23] propose an attentional generative network to assist the generation with attention between word-level text features and
local image features. Although benefited from the attention, during layers of mapping, the
semantic information of the input text can be weak or misunderstood. On the contrary, our
model modulates the intermediate convolutional blocks of the generator with globally and
locally attended text features, significantly enhancing the encoding of semantic information
in each layer, so that the generator can generate images with more precise contents.

3
3.1

Our Approach
Overall Architecture

As shown in Fig. 2, our proposed MS-GAN contains multi-stages of attention-modulated
generators G0 , G1 and G2 , and corresponding similarity-aware discriminators D0 , D1 and
D2 . Given an input text description, we first use a text encoder to extract its sentence-level
feature t and word-level features w. Then, G0 takes a random noise z N (0, 1) and t as
inputs, and outputs a hidden feature map h0 and a 64 64 image I0 . G1 takes w and h0 as
inputs, and outputs a hidden feature map h1 and a 128 128 image I1 . G2 shares a very
similar structure with G1 . It inputs w and h1 , and outputs a 256 256 image I2 .
The detailed structures of the discriminators are shown in Fig. 3(b). I0 , I1 and I2 together
with their corresponding sentence feature t are input to D0 , D1 and D2 , respectively.
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Figure 2: The overall architecture of our model. It contains the proposed attention-modulated
generator (G0 , G1 and G2 ) and similarity-aware discriminator (SAD D0 , D1 and D2). In
the generator, some intermediate blocks (AM Block) are modulated by globally and locally
attended features.

3.2

Attention-Modulated Generator

3.2.1

Feature Modulation

Previous feature modulation methods [3, 14] typically use conditional batch normalization
(CBN) [3] to modulate convolutional feature maps using a text embedding, by predicting the
affine parameters of batch norm layer with the text. Specifically, when performing Batch
Normalization, the convolutional feature map F is first normalized with mean µ(F) and
variance σ (F) in a batch. Then, the normalized feature map is re-parameterized with two
parameters γ and β , which are learned on condition of a given text embedding t. The CBN
modulation process can be formulated as follows:
Fi,c,h,w − µ(F)
CBN(Fi,c,h,w jt) = fγ (t) p
+ fβ (t),
σ (F) + ε

(1)

where i, c, h, w are the sample index, number of channels, height and width of the feature
map, respectively. fγ (t) and fβ (t) refer to the learned parameters γ and β conditioned on t.
In a typical conditional BN, the mapping from the text t to fγ (t) and fβ (t) is usually realized
with a multi-layer perceptron (MLP). With such a conditional BN, the original convolutional
feature maps can be regularized or modulated by the text embedding.
3.2.2

Attention-Modulated Generator

Conventional generators usually transform a text embedding to an image with several layers of vanilla convolutional blocks or Resnet blocks [5]. However, during the text-to-image
transformation, the semantic text information may be weakened or missing in the last several
layers of the deep generator. Note that feature modulation allows the feature maps to be regularized with extra conditions. Motivated by this method, we propose an attention-modulated

5

Concat

MLP

+

Conv Block Scale Layer

input
-feat

x
Conv

word-feat

Real

BN

sent
-feat

Attn Block Attn Block

MAO, MA, CHANG, SHAN, CHEN: TEXT-TO-IMAGE SYNTHESIS WITH MS-GAN
Generated

noise

output
-feat

DownSample

+
Conv Block Conv Block Global pool
FC

FC

unconditional conditional
loss
loss
adversarial similarity loss

(a) Attention-Modulation Block

(b) Similarity-aware Discriminator

Figure 3: The structure of our proposed attention-modulation block (a) and similarity-aware
discriminator (b).
generator to address this problem. Specifically, we design an attention-modulation block to
replace the intermediate convolutional blocks of the generator. Feature maps in our attentionmodulation blocks are modulated with globally and locally attended features. These features
are calculated by using the text embedding to attend to the image regions.
The detailed structure of the attention-modulation block is shown in Fig. 3(a). It takes
a feature map hin , the sentence feature t and the word feature w as inputs, and outputs the
modulated feature map hmodulated . First, the attended sentence feature t¯ is calculated with
an attention model [23] that uses the sentence feature t to attend the whole output image.
Then, the attended word feature w̄ is calculated with an attention model [23] that uses the
word feature w to attend the local regions of the image. The input feature map hin is first
mapped with a convolutional layer, then modulated with a Batch Normalization layer that
is conditioned on the attended features t¯ and w̄. Specifically, we concatenate the attended
features into one conditional feature c = [w̄, t¯]. Then, we input c to a MLP to obtain fγ ,
to predict the parameter γ in batch normalization. As explained in StyleGAN [7], noise can
influence the local details of the generated image and can enhance the diversity of the images.
Therefore, we also input random noise z̄ to predict the parameter β in batch normalization,
with a linear layer fβ instead of a MLP. Finally, the modulated feature is passed to a nonlinear activation function to obtain the final output of our attention-modulation block. We
formulate our attention-modulation block as follows:
φ (hin ) − µ
+ fβ (z̄)),
hmodulated = Act( fγ (c) p
σ +ε

(2)

where φ ( ) is a convolutional layer, and Act( ) is a non-linear activation function. We replace
all the Resblocks [5] (composed of conv, batch norm, and non-linear layers) in the generator
with our attention-modulation block. Compared to the vanilla Conv blocks or Resblocks, our
attention-modulation blocks can perceive the global and local semantic features at different
resolutions, significantly benefiting the generator to preserve the text information.

3.3

Similarity-aware Discriminator

Our proposed similarity-aware discriminator can not only distinguish real images from fake
images, but also discriminate whether the image matches the given text. The network structure of our discriminator is shown in Fig. 3(b). In the i-th stage, the discriminator Di takes
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three types of input: (Iir ,t), (Iiw ,t) and (Iig ,t), where Iir , Iiw and Iig denote the real image,
wrong image and the image generated by Gi respectively. Di is constrained with three major
objectives: an unconditional loss that judges the realness of the input image [25], a conditional loss that judges the realness of the joint image-text pair [25], and our proposed
adversarial similarity loss that evaluates the semantic similarity between the image and the
text. The unconditional losses for training Gi and Di are as follows:

g 
r
LUC
Di = EIir pdatai [log Di (Ii )] EIig pG log 1 Di Ii
i
(3)

g 
LUC
,
Gi = EI g pG log Di Ii
i

i

where pdatai is the distribution of real images at the i-th scale and pGi is the distribution of
the generated images. Similarly, the conditional losses are as follows:
LCDi = EIir

pdatai

[log Di (Iir ,t)] EIig

g 
log Di Ii ,t .

LCGi = EIig

PGi

PGi


log 1

g

Di Ii ,t



,
(4)

The conditional and unconditional losses can encourage the model to produce realistic
results. However, they do not explicitly constrain the generated image to match the given
text (see results in Fig. 1). To address this problem, we propose an adversarial similarity loss
that provides a strong constraint on the text-image pairs for better semantic similarity.
Adversarial Similarity Loss. Given a text-image pair, we first extract the image feature
fim from the last convolutional layer (after global average pooling). The similarity distance
between the sentence embedding t and the image feature vector fim is defined as:


d (t, fim ) = (Wt t)T (Wim fim ) / (jjWt tjj jjWim fim jj) ,

(5)

where Wt and Wim are projection matrices that map the text embedding t and the image
feature vector fim into a common feature space. For the i-th stage, our proposed adversarial
similarity loss can be computed as follows:
ASL
LD
=Et
i
ASL
LG
=
i

g 
r
w
d (t, fim
)) + (max (0, 1 + d (t, fim
)) + max 0, 1 + d t, fim )/2],

g 
Et pdata d t, fim ,
pdata [max (0, 1

(6)

r , f w , f g denote the image feature vector of I r , I w , I g respectively. LASL denotes
where fim
im im
Di
ASL denotes that for G .
the adversarial similarity loss for optimizing Di and LG
i
i
ASL is optimized to minimize the semantic distance between the given text
Intuitively, LD
i
and the ground-truth image, and maximize the distance between the text and a wrong image
(randomly sampled) as well as the generated image. In this way, the discriminator can judge
ASL is
the semantic similarity between the text and the synthesized image. On the contrary, LG
i
optimized to minimize the distance between given texts and generated images. This adversarial learning process forces the generator to synthesize images that are more semantically
consistent with the given text descriptions.
Full loss of MS-GAN. Our MS-GAN model combines the unconditional loss, conditional
loss and our proposed adversarial similarity loss. Finally, the full loss of the discriminator
LD and the full loss of the generator LG can be formulated as follows:
2

LD =

∑



C
ASL
LUC
+
L
+
λ
L
,
Di
Di
Di

i=0
2

LG =



C
ASL
+ λ1 LDAMSM + LCA ,
∑ LUC
Gi + LGi + λ LGi

i=0

(7)
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This bird is grey and
yellow in color with a
sharp beak, and black
eye rings.

A bird with a gray
head and nape, black
superciliary, and
white throat and belly.

This bird is grey
with black and has a
very short beak.

A kitchen with lots of
objects on the counter.

A white bathroom
sink sitting under a
mirror.

A sandwich with a
pickle in a container.

A window above a
wooden table with a
vase containing a
white flower.

Ours

AttnGAN

HDGAN

StackGAN

This bird has a brown
cheek patch, a straight
black bill, and a white
belly and abdomen.

Figure 4: The visualization of generated images. The first row is the given text descriptions,
and the second row to the fifth row are images generated by GAN_CLS_INT [17], HDGAN
[26], AttnGAN [23] and our model, respectively. The first four columns are results on CUB
dataset and the last four columns are results on MS-COCO dataset.
where LDAMSM denotes the DAMSM loss [23] for the attention model, and LCA denotes
the KL loss for the conditional augmentation block [24]. By optimizing LD in Eq. 7, the
proposed similarity-aware discriminator can discriminate both the realness of an image and
the similarity between the image and its corresponding text description.

4
4.1

Experiments
Experiment Settings

Datasets. We evaluate our model on the Caltech-UCSD Birds 200 (CUB) dataset [20] and
MS-COCO [9] dataset. The CUB dataset contains 200 categories of birds with 11,788 images. Each image is annotated with 10 captions. Following the previous work [17, 23, 24,
26], we utilize 150 different categories for training, and employ the remaining 50 categories
for testing. The MS-COCO dataset contains 80k images for training and 40k images for
testing, with 5 captions per image.
Evaluation Metrics. We adopt the widely used Inception Score (IS) [19] and Fréchet Inception Distance (FID) [6] to evaluate the quality of generated images. To precisely evaluate
whether the generated images match the given text description, we conduct a User Study.
Specifically, we randomly select 50 text descriptions from the CUB test dataset. For each
text, we generate only one image per method. Then, we ask 18 users to select the image that
most matches the text. Finally, we collect 900 votes and use the percentage of votes for each
method as the Perceptual Similarity Score (PSS).
Implementation Details. We adopt AttnGAN [23] as the baseline model since it has achieved
state-of-the-art performance. Our multi-stage model can generate images with resolutions of
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CUB

Method

IS

GAN_CLS_INT [17]
GANWN [18]
StackGAN [24]
StackGAN++ [25]
PPGN [13]
HDGAN [26]
AttnGAN [23]
Ours

2.88
3.62
3.70
4.04

FID
.04
.07
.04
.05

4.15
4.36
4.56

.05
.03
.05

68.79
67.22
51.89
15.30
18.23
10.65
10.41

MS COCO
IS
FID
7.88

.07
-

8.45
8.30
9.58
11.86
23.88
25.98

.03
.10
.21
.18
.27
.04

60.62
74.05
81.59
75.34
29.43
29.29

Table 1: Comparative results on CUB and MS-COCO datasets.
Method

PSS

StackGAN[24] 15.11%
HDGAN[26]
9.00%
AttnGAN[23]
29.78%
Ours
46.11%
(a) User Study.

Method

IS

Baseline 4.36 .03
λ =0.01
4.43 .05
λ =0.1
4.52 .05
λ =1
4.49 .04
(b) Different λ .

Method

IS

Baseline
4.36 .03
Baseline+SAD
4.52 .05
Baseline+AMG
4.48 .07
Baseline+SAD+AMG 4.56 .05
(c) Effectiveness of components.

Table 2: (a) The perceptual similarity score (PSS) of each model evaluated by users. (b)
The results under different weight λ of the adversarial similarity loss. (c) The results of our
model with different components.
64 64, 128 128 and 256 256. We optimize our model using ADAM [8] optimizer with
β1 = 0.5 and β2 = 0.999. The learning rate for the generators and the discriminators is set to
0.0002. The weight λ of our proposed adversarial similarity loss is set to 0.1 as default in all
experiments on both CUB and MS-COCO datasets. The weights λ1 is set to be 5 for CUB
dataset, and 50 for MS-COCO dataset. The maximal number of training epochs is set to be
700 for CUB dataset, and 140 for MS-COCO dataset.

4.2

Quantitative Results

We compare our model with state-of-the-art models, GAN_CLS_INT [17], GANWN [18],
StackGAN [24], StackGAN++ [25], PPGN [13], HDGAN [26] and AttnGAN [23]. The results on CUB dataset and MS-COCO dataset are shown in Table 1. Note that all the scores of
our model are computed using the output 256 256 images for the two datasets. The Inception Scores of most conventional models are given by their own papers. The Inception Score
of AttnGAN is calculated using the official evaluation code and the images generated by
the official pre-trained models provided by the authors. The FID scores of GAN_CLS_INT,
GANWN, StackGAN, StackGAN++ are provided by [25]. The FID scores of HDGAN, AttnGAN and our model are computed by adopting the same strategy with StackGAN++ [25]
for equal comparison. Specifically, we compute the FID score by randomly choosing 30,000
256 256 images generated by each model.
As shown in Table 1, on the CUB dataset, our model achieves the highest Inception
Score (higher is better) and the lowest FID score (lower is better), which indicates better
quality and diversity of our generated images. Compared with AttnGAN, we improve the
Inception Score from 4.36 to 4.56, and the FID from 10.65 to 10.41. On the MS-COCO
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This is an orange bird with black wings, a black head and a pointy beak.
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This is an orange bird with yellow wings, a black head and a pointy beak.

A small bird with a white breast and a small pointed beak.

A small bird with a brown breast and a small pointed beak.

This bird is white and brown in color, and has a orange beak.

This bird is white and brown in color, and has a black beak.

Figure 5: The visual results of text modification. The left part of the dashed line shows the
result given the original text, while the right part shows the results given the modified text.

dataset, we improve the Inception Score from 23.88 to 25.55, and the FID from 29.43 to
27.10. The significant improvements demonstrate the superiority of our model on generating
high-quality images.
User Study. The goal of text-to-image synthesis is not only to generate high-quality images,
but also to create images well matching the given text descriptions. However, to the best
of our knowledge, there is still no optimal solution for evaluating the degree of matching
between the image and the text. Therefore, we conduct User Study to precisely evaluate the
semantic similarity between the generated images and the text descriptions. We compare the
perceptual similarity score with StackGAN [24], HDGAN [26] and AttnGAN [23] on CUB
dataset. As shown in Table 2(a), our model gains much higher score compared with all the
other models, showing better ability to generate well-matched images.

4.3

Qualitative Results

To fully evaluate our performance, we visualize the results of our model, StackGAN [24],
HDGAN [26] and AttnGAN [23] in Fig. 4. When the input text describes complex scenes,
the existing methods tend to fail and generate obvious artifacts. Moreover, the contents of
images generated by existing models do not well match the text description. For example, in
the second column of Fig. 4, the color of the bird is supposed to be grey, while bird generated
by HDGAN is deep yellow. In the third column of Fig. 4, the head of the bird should be gray.
However, the bird generated by AttnGAN is dark blue. On the contrary, even under these
challenging situations, our model can still generate high-quality images that are semantically
consistent with the input text.
Furthermore, we evaluate the generalization capacity of our model. Specifically, we
first randomly select text descriptions from the CUB test dataset. Then, we change several
important words in each text and obtain the new text. We utilize the original text descriptions
and man-made new text descriptions to generate images using our model. As shown in Fig.
5, our model are sensitive to the changes of text and can synthesize images matching the
unseen text descriptions.
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a small black and
yellow bird with a
long wide tail,
narrow black legs,
and a narrow beak
that is pointy.

this bird is brown
with white on its
stomach and has
a very short beak.

Baseline

With SAD

With AMG

Baseline

With SAD

With AMG

Figure 6: Visualization results of different components with the same input text description.
For the first and the last four columns, from left to right are: the input text, generated image of
the baseline model and the generated image of the baseline with our SAD/AMG component.

4.4

Ablation Study

To explore the influence of the weight λ of our adversarial similarity loss, we conduct experiments on CUB dataset only using our proposed similarity-aware discriminator with the
hyper-parameter λ set to be 1, 0.1 and 0.01. Results are shown in Table 2(b). The performance of our model varies with the weight of our adversarial similarity loss. However,
under all λ settings, our model with adversarial similarity loss performs much better than
the model without the loss.
To evaluate the contributions of each component, we compare different variants of our
model. We visualize the images generated by different components of our method. Some examples are shown in Fig 6. Compared with the baseline model, SAD tends to keep global semantic consistence and image quality and AMG fine-tunes local semantic and quality details.
both our SAD and AMG components significantly improve the visual quality. Moreover, Table 2(c) shows the quantitative results of four versions of our model on CUB dataset, i. e.,
the baseline, baseline with only SAD (meaning that we modify the discriminator of the baseline model to our similarity-aware discriminator), baseline with only AMG (meaning that we
modify the generator of the baseline model to our attention-modulated generator), and our
full model (baseline + SAD + AMG). Results show that our proposed attention-modulation
generator and similarity-aware discriminator both bring significant improvements, and our
MS-GAN combining both components achieves the best performance.

5

Conclusion

In this paper, we propose a novel model named MS-GAN, which consists of attentionmodulated generators and similarity-aware discriminators. The attention-modulated generator contains several attention-modulation blocks, which adaptively modulate the feature
maps of the generator with attended global sentence feature and local word feature. The
similarity-aware discriminator can evaluate the realness of the images as well as judge
whether the generated image matches the semantics of the given text description. Our model
significantly improves the quality of the generated images and the semantic similarity between the images and the given text descriptions, demonstrating its effectiveness.

6
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