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Abstract

Conditional image generation is a popular area in com-
puter vision. In recent years, the conditional input has ex-
panded from image-only to various different modalities in-
cluding labels, text, etc. In this paper we propose a task
that allows user to edit an input image using text instruc-
tions. Specifically, the modification can be targeting on part
of the image while keeping the rest unchanged. We propose
a GAN-based method to tackle this problem. The model de-
composes this task into finding where and how to modify
the image. We show that the proposed model reaches bet-
ter results on the CSS dataset and also visualize interesting
intermediate result during the generation process.

1. Introduction

Image synthesis from text has been a focal research area
in the computer vision community. It is typically set up as
a conditional image generation problem where a generative
adversarial network (GAN) [3] is learned to generate realis-
tic images from the text input either in the format of natural
languages [24, 16,22, 11, 25] or scene graphs [8, 23].

Recent works in this field have shown promising
progress. However, given the same input sentence, an ideal
GAN model would easily generate dozens if not hundreds
of “correct” images that all match the descriptions. A user
may only need one of them but currently, there is no way for
the user to convey this idea to the model. On the other hand,
in a more common scenario, a user may have already found
a reference image and wants to apply changes to the image
in order to add, remove, or modify the image content. The
user can express the visual difference in a sentence with the
aim of generating a target image that not only visually re-
sembles the input image but also incorporates the changes
specified in the text. The previous study showed [19] it as an
important use case in session search and product retrieval.

Conditional image generation based on both text and im-
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Figure 1: Examples of our image generation process. For
each example, two different text attentions will focus on dif-
ferent part of the input text instruction and work for spatial
localization and local editing respectively.

age has been largely overlooked in recent works. Only a few
works have been proposed to compose images conditioned
on both text and image. Text Adaptive GAN [14] was pro-
posed to solve the task of changing visual attributes of a
single object with text on fine-grained datasets [21]. As the
color is the only attribute that can be changed, the task is
more similar to style transfer where the style is given by the
text input. Another method called GeNeVA [2] was pro-
posed to do iterative image generation given text descrip-
tions. Objects are added to the image step by step based
on text descriptions and previous images. The authors even
created a dialog environment to boost interaction.

Recent GAN models have achieved impressive quality
in the image-to-image generation. The main research ques-
tion we study in this paper is how to generate an image by
composing two different input modalities, namely the input
image and the text. In other words, how to learn a meaning-
ful cross-modal image generation.

In this work, we propose a new method called Local-



GAN for image generation conditioned on both the text and
image input. The key idea is to treat the input text as a
“neural operator” to apply local editing to the image fea-
ture. The text operator is learned to disentangle two key
aspects in the feature editing process, i.e. spatial region
(where to edit) and specific computation (how to edit). For
the former “where to edit”, the proposed operator uses a
dual-attention to map the attended spatial-indicative words
in a sentence to the attended spatial region (or equivalently
a binary mask) in 2D-image. The text operator applies the
modification only on the attended spatial region. Regarding
the second question “how to modify”, we learn operational
words (verb, nouns, adjective) to directly generate parame-
ters in our feature modeling networks. The modified image
features will be used to synthesize the target image in a gen-
erative adversarial model.

Preliminary experimental results on the CSS dataset [ 19]
show the proposed method performs favorably against
strong baseline methods. The results show that 1) the gen-
erated images are more realistic with improved quality, and
2) the generation is better guided by the text input compared
with the baseline methods.

2. Method

Our goal is to learn a generative adversarial network
from the multimodal input including a reference image and
a sentence which states the desired modification to the im-
age and conveys needed information to the image gener-
ation network. Example text inputs include adding or re-
moving an object at a certain location, or changing the prop-
erties/attributes of an object. We call this task text-guided
image manipulation.

More formally, Given x as the input image and t as the
input text (a word sequence), the proposed conditional im-
age generator GG is supposed to synthesize a target image
G(x, t) in the pixel space that has applied the modification
specified in the text instruction. Here, the ground truth out-
put image is denoted by y.

2.1. Architecture

The proposed model is based on Generative Adversarial
Network [3] which includes a generator network G and a
discriminator network D.

The generator consists of five modules: an image en-
coder Eg, a text encoder E7, an image decoder Dec, as
well as two novel modules including a spatial localizer and
a local feature editor. As shown in Figure 2, the image en-
coder takes in the input image x and produces an encoded
image feature fo = Eg(x) € RTXWXC where H x W is
the resolution and C' is the number of channels. The text
encoder Ep takes as input a text sentence t of [ words and
outputs a sequence text embeddings 77,75 - - - , T for each
word. We use the BERT [ 1] model as our text encoder.

The text input is treated as a neural operator to perform
local image editing in the feature space. The text operator
is learned first to localize the spatial region for the modifi-
cation (where to edit) and then to retrieve specific operation
to be performed on the image feature. This is achieved by
two modules: spatial localizer and local feature editor. The
spatial localizer takes in the text embeddings as well as the
input image feature and generates a spatial attention map m
that highlights the region that requires editing. The local
feature editor takes advantage of m and to make changes
to the input image feature fy and output a modified feature
fout- The spatial localizer and the local feature editor both
include a self attention module to achieve attended infor-
mation from text embeddings that is useful for their own
purposes. Both modules will be discussed more in detail in
Section 2.2. Finally the image decoder decodes the modi-
fied feature to an RGB output image G(x,t) = Dec(fout)-

We employ the same as the encoder and decoder as in
the Pix2pix-HD [20] model. We split its generator (which
uses an encoder-decoder structure) into an encoder and a
decoder. Specifically, we use layers before the bottleneck
(downsampling convolutional layers) as the image encoder
E¢ and use the remainder of the layers (bottleneck residual
blocks and upsampling convolutional layers) as the decoder
Dec. For simplicity, the encoder and decoder are pretrained
and held fixed during training.

Unlike most image generation tasks, we apply the dis-
criminator at the feature level instead of the image level.
The discriminator is expected to tell E(y), the feature of
ground truth output from the generated feature G(x,t). We
use a patch-based discriminator [7] that takes the concate-
nation of the image and the attention mask as input. The
network consists of only three convolutional layers. We
also adopt the feature matching loss introduced in [20]. The
spectral normalization and hinge loss introduced in [13] are
also used in our model. The losses will be discussed more
in detail in Section 2.3.

2.2. Feature Editing

Image editing guided by text can be extremely difficult
stemming from the significant disparate feature space of the
image and text. The intuition is that we just want to “mod-
ify” the image feature based on the text feature, rather than
create an entirely different feature space. Therefore we pro-
pose to model the image generation process as an image
modification process of the following 3 stages:

1. Locate the region where changes should be applied
2. Edit the image feature of the located region

3. Incorporate the edited feature and compute the global
feature for the image.
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Figure 2: The generator architecture of our proposed model. The image encoder E encodes the input image x. The text

encoder Ep encodes a sentence of length [ and outputs [ text embeddings 77,75, - -

-, T7. The spatial localizer uses the text

embeddings and input image feature to generate a spatial attention map m. Based on m and the text embeddings, the local
feature editor edits the input image feature f; and outputs a modified feature f,,;. The image decoder Dec then decodes the

modified feature to an output image G (x,t).

The text is treated as an operator to find 1) where to
edit and 2) how to edit based on different “cue” (spatial or
instructional) in the sentence. Given the text embeddings
Ty,T5--- ,T;, we use a self-attention mechanism to sum-
marize the salient words in the sentences Similar to [ 18], the
scaled dot-product attention maps a query and a set of keys
and values. The queries, keys, and values can be obtained
by multiplying the input text embeddings with a learnable
weight matrix.

Let each text embedding be a dy-dimension column vec-
torand T = [T1 T2 7,]" then

where Wq, Wi, Wy € R% >4 are weight matrices to learn
and d is the dimension of the output embedding.

We reduce matrix () to a dyg-dimension vector § by aver-

age pooling. The output is

Ki
Attention (g, K, V') = VT 'softmax( —q)

Vd

The two self-attention modules learn to focus on differ-
ent words that are useful to 1) finding spatial region and
to 2) suggesting the feature change. As a result, they pro-
duce two different text embeddings: T4 and Tg where T4
is used for spatial attention generation and T'g is used for
local feature editing.

2.2.1 Spatial Localization

Given the attended text feature 74, we up-sample it to
the same resolution as the image feature fj using a trans-
posed convolutional layer. The up-sampled feature is then
concatenated with the image feature over the channel and
passed through two more convolutional layers. We take
the mean of the output layer over the channels and pass it
through it a sigmoid activation layer to obtain an activation
mask m. The spatial attention can be derived from m by
normalization.



2.2.2 Local Feature Editing

This module applies the editing on the localized region. we
use m to split the image feature f into two sub-features:

funmod = (1 7m) ®f0

where © is element wise dot product and f,0q and funmod
represent the highlighted feature to be edited and the fea-
tures to stay untouched, respectively. f,,,q Will be edited
through two conv layers with 3 x 3 filters and then added
back to funmod- The combined feature will be passed
through two additional Residual blocks [4] to refine the con-
sistency across the entire feature.

To guide the editing of f,,,q using the text feature Tg,
we adopt the Adaptive Instance Normalization (AdalN) [6]
that normalizes the output feature after each layer with pa-
rameters generated using the text and image feature. To do
so, we first squeeze the image feature fj to a single vector
by taking the mean over the height and width. The text fea-
ture Tz and the squeezed image feature are concatenated
and passed through a three layer MLP to produce two sets
of parameters, each of which is used for the AdaIN module
following a conv layer.

2.3. Losses

fmod = m®f0a

Multiple losses are used in the training of our model to
reach the best performance.

GAN Losses We adopt the hinge loss version of the con-
ditional GAN loss [13, 12, 17]. We then replace the image
with the feature and replace the conditional input with the
attention map. The idea is that since we are not training the
decoder, a discriminator on the feature level would result in
a more direct and larger gradient during back propagation.
The attention map can additionally let the D focus on the
area that has been changed. Let f, = E¢(y). The loss is
given by

LD :E(mvfy)min[o’ _]‘ + D(m7 fy)]+
E("vagen)min[o’ -1- D(m» fgen)}
LG = — E(m-,fgen)D(m’ fgen)

Reconstruction losses We use the two reconstruction
losses used in Pix2pix-HD [20] model: the feature matching
loss and the perceptual loss using pretrained VGG network
feature. The feature matching loss is useful for making the
training more stable and the perceptual loss (which operates
on image level) gives a more perceptive distance measure
between images. Let D(*) denote the i-th layer feature. The
feature matching loss is given by

L
1 i %
LFM = Z—HD( )(m,fgen) - D( )(mafy)Hl
i=1

N;

where L is the number of layers and NN; is the number of
elements in the ¢-th layer.

Let F(9) denote the i-th layer VGG network feature. The
perceptual loss is given by

K
1 , ,
Lvee =) MHF(”(Y) — FO(G(x, 1)

i=1

where K is the number of layers and M; is the number of
elements in the i-th layer.

Triplet Loss We additionally add a triplet loss for faster
learning. We used the classification loss introduced in [19],
that is

R

Ltriplet = Z IOg{l + CXp{l{(fy, fgen) - Kf(fneg,i ) fgen)}}

i=1

where f,cq, is the i-th randomly selected negative image
feature and & is a similarity kernel defined as the negative
lo distance. This loss intends to pull the generated image
feature closer to the ground truth feature and more distant
from the negative examples.

Regularizer for Spatial Localization In addition, we use
the difference between the input image and ground truth
image as a signal to help spatial attention map learning.
Specifically, we take the absolute difference between the
input and output image feature and normalize it to a single
channel map scale from O to 1. The normalization consists
of taking the average over the channels and divide it by the
max value. That is

Lg = |[norm(Eg(y), Ec(x)) — m|x

We finally combine these loss using a weighted sum and
the final generator loss will be:

LAG = LG + OZLF]M + 5LVGG + '}/Ltriplet + 5LR

3. Experiment
3.1. Baselines

We incorporate two closely-related image synthesis
models as our baselines. Both models utilize text and im-
age to generate the target image. Text-Adaptive GAN (TA-
GAN) [14] and Generative Visual Artist GAN (GeNeVA-
GAN) [7]



Input Image Input Text

Ours

TA-GAN GeNeVA

remove bottom-left
large yellow sphere

remove top-center
large brown sphere

add large cube
to top-left

make top-left large
yellow object cyan

make middle-right
large cylinder small

make top-center
large cylinder blue

Table 1: Qualitative Comparison between our method and baselines.

TA-GAN TA-GAN proposed a text-guided image manip-
ulation task. Their setting is based on fine-grained datasets
where each image contains only one single object from the
same category (e.g. bird for the CUB dataset[21]) and there
are multiple captions describing attributes of the object in
the image. The image manipulation is done by transferring
one image to fit another caption. The TA-GAN model ex-
plicitly trains the discriminator to learn whether an image
matches a caption. Since we do not have captions describ-
ing the image, we fuse the input image and text modification
to construct a caption for the output image, and use this as
a baseline.

GeNeVA GeNeVA focuses on the task of sequential im-
age generation based on text. Their proposed task decom-
poses image generation into multiple steps, with a given text
instruction for each step. They proposed an iterative GAN

model that generates images based on the previous image
and current text input. We adapt their method to our task by
treating our training pair as a single step image generation.

3.2. Dataset

We use the CSS dataset that is originally created by [19]
for the image retrieval task. The dataset is generated using
the CLEVR toolkit[9] and contains 3-D synthesized images
with the presence of objects with different color,shape and
size. There are three types of text modifications: Add, Re-
move and Change Attribute. Each text modification will
specify the position of the target object and the expected
operations. Examples can be seen in qualitative evaluations
in Figure 1. Note that we generate the images to reduce
misalignment for unchanged objects. The dataset includes
17K training data pairs and 17K tests.



Input Image Self-attn1

Self-attn2

Spatial attn Result

remove top-center
large brown sphere

add large cube
to top-left

make top-left large
yellow object cyan

remove top-center
large brown sphere

add large cube
to top-left

make top-left large
yellow object cyan

Table 2: Visualization of intermediate results. We visualize the spatial attention map used in our method. We also highlighted
texts with high attention score ( > 0.2) in both self-attention modules.

Input Image Self-attn1

Self-attn2

Spatial attn Result

Small pine tree placed
left side with tip cut off
and a little bit of the
left side cut off

Top left is a cloud
big size no cuts right
corner is a sun almost

all cut from top and right

Fire to right of boy

LIk

Small pine tree placed
left side with tip cut off
and a little bit of the
left side cut off

Top left is a cloud
big size no cuts right
corner is a sun almost

all cut from top and right

Fire to right of boy

)

Table 3: Additional results on the Codraw dataset.

3.3. Pretraining

As described in Section 2.1, the encoder and decoder are
pretrained and fixed in future training. To do this, we di-
rectly train a reconstruction network for all images in the
dataset using the Pix2pix-HD model. Then we split the pre-
trained model into the encoder and the decoder following
Section 2.1

3.4. Implementation Details

We implemented our model in Pytorch and trained for
300 epochs using a single Tesla-V100 GPU. We use Adam
optimizer with 81 = 0.5 and 52 = 0.999. The learning rate
is 2e-5 for the first 150 epochs and linearly decays to O after-
wards. We use the bert-base-cased model[ ] pretrained on
Wikipedia and Bookcorpus. Other hyper-parameter choices
are: alpha = 100, beta = 100, gamma = 10, delta =
100



Model IS 1 FID |
Ground Truth 1.751 -
TA-GAN 1.696 13.950
GeNeVA 1.640 19.883
Ours 1.727 1.474

Table 4: IS and FID score comparisons.

3.5. Quantitative Evaluation

We conduct two commonly used quantitative evaluation
methods for GAN: the Inception Score (IS)[15] and the
Fréchet Inception Distance (FID)[5]. IS evaluates the im-
age quality of a single dataset and FID evaluates the dis-
tance between two datasets.

The results are shown in Table 4. Our method beats both
baselines on both metrics. Our method surpasses the base-
lines on FID by a huge margin, suggesting that the gener-
ated results are more similar to the ground truth images.

3.6. Qualitative Evaluation

We further demonstrate qualitative evaluation. 6 sets of
tests are shown in Table 1. Both baselines can keep a rel-
atively good image quality, however, neither of them can
modify the input image properly. TA-GAN basically copies
the input image. Even though GeNeVA can edit the image
but it is obviously irrelevant to the input text. On the other
hand, our model can properly do the correct modifications.

In addition, we visualize the intermediate results for our
model in Table 2. The spatial attention maps are shown in
the 4-th column which highlights the modified area. The
attention map fits the text-specified object accurately which
indicates the spatial localization to be working. We also
highlight the words with a high attention score (>0.2) in
both self-attention modules. As shown in the table, in the
first self attention module, location words are highlighted.
In the second self attention module, the attention focuses
more on words that specify the target operation. These in-
termediate results explicitly show the undergoing genera-
tion process which helps to understand the full picture of
the model

3.7. Other Dataset

To further verify the effectiveness of our method, we
conduct additional experiment on the CoDraw [10] dataset.
CoDraw is a synthetic dataset formed by sequences of im-
ages of children playing in the park. For each sequence,
there is a conversation between a Teller and a Drawer. The
teller gives text instructions on how to change the current
image and the Drawer can ask questions to confirm details.
For simplicity we only use the text given by the Teller. We
also extract adjacent pairs of data from the sequences to

form a dataset for our task. Due to time limitation, the
baseline results are not available yet. Examples including
intermediate results generated by our model are shown in
Table 3

4. Conclusion

In this preliminary work, we study a multimodal image
generation task where the generated image is conditioned
on both a reference image and texts specifying the change
to be made over the reference image. This problem setting
corresponds to a critical scenario in real-world applications
such as image and product retrieval, where users can manip-
ulate the content of the image at hand to retrieve the target
image. To address this problem, we propose a novel ap-
proach to treat the input text as a neural operator to “mod-
ify” the image feature from which the target image will be
generated. We evaluate our method on the standard bench-
mark derived from CLEVR and shows promising results
compared to two recent generative models. In the future,
we plan to verify our work on more challenging datasets.
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