
GUIDE YOUR EYES: LEARNING IMAGE MANIPULATION UNDER SALIENCY GUIDANCE 1

Guide Your Eyes: Learning Image
Manipulation under Saliency Guidance

Yen-Chung Chen∗1

yenc.cs06g@nctu.edu.tw

Keng-Jui Chang∗1

adplz53.cs06g@nctu.edu.tw

Yi-Hsuan Tsai2

ytsai@nec-labs.com

Yu-Chiang Frank Wang3

ycwang@ntu.edu.tw

Wei-Chen Chiu1

walon@cs.nctu.edu.tw

1 National Chiao Tung University
2 NEC Laboratories America
3 National Taiwan University

Abstract
In this paper, we tackle the problem of saliency-guided image manipulation for ad-

justing the saliency distribution over image regions. Conventional approaches ordinarily
utilize explicit operations on altering the low-level features based on the selected saliency
computation. However, it is difficult to generalize such methods for various saliency es-
timations. To address this issue, we propose a deep learning-based model that bridges
between any differentiable saliency estimation methods and a neural network which ap-
plies image manipulation. Thus, the manipulation is directly optimized in order to satisfy
saliency-guidance. Extensive experiments verify the capacity of our model in saliency-
driven image editing and show favorable performance against numerous baselines.

1 Introduction
Saliency estimation, which predicts eye-catching regions over the image for capturing the
underlying characteristics of human visual system, has long been an important problem in
computer vision and cognitive science. Knowing where in image attracts human attention,
which is usually represented as a saliency map, is fundamental and beneficial in a wide
range of applications, such as object detection and image segmentation. Apart from directly
leveraging saliency map as an informative cue for various vision tasks, recently there are
works [6, 17, 19, 20, 26] in turn perform image manipulation with being conditioned on the
constraints in image saliency, which is referred to as guiding saliency map in this paper.

Figure 1 presents one example, where the couple attracts more attention then the giraffe
in the original image. Given a guiding saliency map that aims to make the giraffe more eye
catching, one targets to modify the original image such that manipulated output satisfies this
guiding saliency condition. In real-world applications, one can apply saliency-guided image
manipulation to many practical scenarios, e.g., human-computer interaction [6], autonomous
driving, or advertisement with needs for highlighting the specific regions or objects.
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Figure 1: Example for saliency-guided image manipulation. The (b) saliency map of (a)
original image indicates the human couple as the most salient object. Upon being condi-
tioned on (c) the guiding saliency map which aims to attend more on giraffe, our proposed
method edits the image accordingly to get (d) the manipulated output, with its correspond-
ing saliency map shown in (e). Note here that we visualize the saliency map (which is single
channel) by stacking it upon color images in order to provide their spatial correspondence.

The existing related works actually have large dependency on the corresponding algo-
rithms of saliency estimation. To be detailed, these works need to first fully understand the
properties (e.g. which feature cues are utilized) of the saliency estimation algorithm, and
then explicitly design the closely-related objectives to manipulate the image output. How-
ever, this requirement limits the flexibility of using different saliency estimation approaches
within the same framework. Furthermore, as saliency estimation could aggregate multiple
features in a bottom-up manner, the relationship between various features might be quite
complicated thus make it hard to manually derive a proper objective for manipulation.

In this paper, we propose a learning-based model which seamlessly combines the image
manipulation and saliency estimation into a unified framework, and accordingly resolves the
limitation described above. We leverage two main ideas in the proposed model. First, we
choose to use the deep-learning-based saliency estimation approach, where both the feature
extraction and final saliency prediction are learned jointly from data. Compared to conven-
tional methods that rely on hand-crafted features, we take advantages of the differentiable
property of neural networks to gain prior knowledge on how the saliency is predicted through
back-propagation. We also note that, the proposed method is not tied to any specific saliency
estimation framework but supports arbitrary off-the-shelf architectures once they are end-
to-end differentiable. Second, the proposed manipulation network learns to take an image
and a guiding saliency map as the input to generate the manipulated output. In particular, the
output image should preserve the content of original image, be realistic, and have its saliency
map (estimated by the saliency estimation network) matched with the guiding one.

We evaluate the proposed model on the MS-COCO dataset [15], make qualitative and
quantitative comparison to numerous baselines under various scenarios, and demonstrate
favorable performance against state-of-the-art algorithms. In addition, we adapt our method
to perform memorability-guided image manipulation, where the image is edited to be likely
or unlikely more memorable according to the guided memorability measurement [10]. The
extension shows the potential usage and generalizability of our model across different tasks.

2 Related Works

Saliency-Guidance Image Manipulation. As described previously, most of the existing re-
search works [6, 17, 18, 19, 20, 26] in saliency-guidance image manipulation require first
discovering the feature cues used in saliency estimation, in which these features are used to
perform image editing. In other words, actually the saliency estimation and image manipula-
tion parts are two individual steps for these algorithms. In [6], the saliency map is computed
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Figure 2: Overview of our Saliency-Guidance Image Manipulation (SaGIM) model. The
manipulation network takes an image and a guiding saliency map as input, and produces a
realistic manipulated output that has the saliency map consistent with the guiding one. The
right side of figure visualizes the cycle consistency uniquely introduced in our model.

by using intensity and color features, and the authors discover that the point variation, which
accounts for the degree of visual features changes in a local image area, determines how
much a feature impacts the salience of a certain location in an image. The point variation
is therefore used to guide the image manipulation. [17] utilizes a similar idea, while they
keep both chromaticity and intensity unchanged, but manipulate the image to maximize the
dissimilarity of hue distribution of target area from the neighborhood. [26] increases average
luminance, color saturation, and sharpness of the target region to enhance its salience.

The most recent work from [19] first extracts from the input image to form two groups of
image patches with high and low saliency, and then edits the image such that the target region
reaches similar high-saliency patches in color channels while non-target regions are closer to
low-saliency ones, respectively. However, this approach is still based on a predefined feature
to drive the manipulation. More detailed review of related works can be found in [18].

Deep-Learning-Based Saliency Estimation. We review some of the works in super-
vised deep-learning-based saliency estimation. [12] utilizes the AlexNet architecture [11]
pre-trained on Imagenet dataset [1], and learns to linearly combine the feature maps across
network layers in order to obtain the prediction of saliency map. [16] divides images under
different resolutions into patches and train a convolutional neural network for classifying
the fixation and non-fixation image patches, in which during the testing time the saliency is
estimated on the patch level. [14] proposes a two-stream network to combine the pixel-level
saliency map with the superpixel-wise features that better model the discontinuities along
object boundaries in the final saliency prediction. [21] directly uses a fully convolutional
network to map the input image into saliency map estimation, while employing the adver-
sarial loss, which is originally proposed in generative adversarial networks [5], in order to
improve the quality of output saliency map and make it more realistic.

3 Proposed Method
The objective of our proposed method, Saliency-Guidance Image Manipulation (SaGIM),
is to edit an input image such that the saliency estimation of manipulated output agrees with
a given saliency-guidance (as depicted in Figure 2). Our SaGIM model consists of 3 major
components: manipulation network G, saliency estimation network E, and discriminator D,
in which we are going to detail in the following subsections together with the loss functions.
Note that the details of network architecture are provided in the supplementary material.
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3.1 Saliency Estimator
We use the state-of-the-art SalGAN [21] as our saliency estimation network E, which is pre-
trained beforehand and kept fixed (not updated) during the learning of proposed model. We
follow SALICON [7] to use a large-scale dataset for benchmarking visual saliency prediction
as the training/validation data for the saliency estimation network E. In addition, as the
images used in SALICON are collected from the MS-COCO dataset [15], which is exactly
the same dataset we carry out experiments, the potential issue of domain-shift for saliency
estimation is eliminated. Please note again that our model is not limited to SalGAN but
supports any differentiable saliency estimation approaches.

3.2 Manipulation Network
Let I ∈ RH×W×3 be an input image and Sguiding ∈ RH×W×1 be a guiding saliency map
where all the values in a saliency map are within the interval [0;1], indicating the pixel-
wise salience. The manipulation network G takes both the image I and guided saliency map
Sguiding as input and maps them into a manipulated output image Ĩ = G(I;Sguiding).

Reconstruction loss. The manipulated output Ĩ ideally should have the saliency map
which is consistent with the guiding saliency map Sguiding. Let Sedited be the saliency map
of Ĩ that is predicted by saliency estimation network E, i.e. Sedited = E(Ĩ), we penalize the
difference between Sedited and the corresponding guiding saliency map Sguiding based on the
averaged binary cross entropy (BCE) loss over all pixels, as suggested in [21]:

Lrec =− 1
N å

i; j
Sguiding

i; j log(Sedited
i; j )+(1−Sguiding

i; j )(1− log(Sedited
i; j ); (1)

where i; j index pixel positions and N = W ×H is the total number of pixels.
Content Loss. The image manipulation solely based on the constraints from saliency-

guidance might disrupt the structure of the original image, which is undesirable. In order
to preserve the entire structure and content of the input image, we impose the content loss
Lcontent as utilized in the work of neural style transfer [4] (similar idea can be also found in
the perceptual loss proposed by [8]). Basically, we penalize the mean squared error (MSE)
between the deep features extracted from I and Ĩ respectively. In our model, we take feature
maps of the VGG network [25] as the deep features.

Lcontent =
1
Nl

å
l

MSE(f l(Ĩ);f l(I)); (2)

where f l(·) denotes the feature representation obtained from the l-th layer of VGG network,
and the total number of VGG layers considered in this content loss Nl is set to 5.

Color Loss. Moreover, in order to preclude drastic changes on the color tone, especially
on the regions that the guiding saliency map aims to enhance, we add another color loss
term Lcolor. It encourages the color consistency between corresponding local regions from
original image I and its manipulated output Ĩ. Let M(I) denote the response map obtained by
applying Gaussian filter on each color channel of an image I, which derives averaged colors
locally, the color loss Lcolor is defined as:

Lcolor =
1
N åSguiding ∗ |M(I)−M(Ĩ)|; (3)

where ∗ is element-wise multiplication, and the size of Gaussian filter is set to 21.
Cycle Consistency Loss. We further adopt the idea of cycle consistency proposed

in [28] to not only enforce the stability of our manipulation network G but also benefit to
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boost the overall performance without seeing additional images. Basically, as illustrated in
the right half of Figure 2, after having manipulated output imageĨ = G(I ;Sguiding) based on
the original input imageI and guiding saliency mapSguiding, we can useG to map the input
pair of f Ĩ ;E(I )g to a new output image�I , where now the saliency mapE(I) of original image
is treated as the guiding saliency forĨ . This procedure is analogous to an inverse mapping
for performing de-manipulation oñI (i.e., recover the original image by using its saliency
map as guidance), therefore the new output image�I should be similar to the original input
imageI . We utilize the same metric used in the content lossL content to measure the distance
between�I andI , where the cycle consistency loss is formulated as:

L cycle=
1
Nl

å
l

MSE(f l (I ); f l ( �I )) =
1
Nl

å
l

MSE(f l (Ĩ ); f l (G(Ĩ ;E(I )))) (4)

3.3 Discriminator
Inspired by the adversarial learning scheme [5], we adopt the adversarial loss functionL adv
to improve the quality of the manipulated images and make them more realistic, such that
the data distributionPĨ of manipulated outputs is close to the onePI of real images. The
objective is formulated as:

L adv = EI � PI logD(I )+ EĨ � PĨ
log(1� D(Ĩ )) ; (5)

where discriminatorD distinguishes between real images and manipulated ones. In adver-
sarial learning, we minimizeL adv w.r.t. D while maximizing the second term to update our
manipulation networkG, whereĨ is produced byG(I ;Sguiding). Please note that, although
our overall framework is alike to bidirectional-GAN [2], we do not consider the joint distri-
bution over images and saliency maps as the input toD, since the guiding saliency map used
in our experiments is manually de�ned and thus it is different from the real ones.

3.4 Total Loss
Overall, the total objective of our SaGIM model is the sum of the aforementioned loss terms:

L (qG;qD) = l 1L rec+ l 2L content+ l 3L color + l 4L cycle+ l 5L adv; (6)

whereqG andqD are the network parameters of manipulation networkG and discriminator
D. Again, we note that the saliency estimation networkE is pre-trained and stays �xed in
our SaGIM model. The hyperparametersl control the balance between each loss function
and are set to bel 1 : l 2 : l 3 : l 4 : l 5 = 5 : 5 : 1 : 9 : 5 in our experiments. We use Adam
optimizer with learning rate of 10� 3 and train for 100 epochs.

4 Experiments
In this section, we describe various experimental settings and results for evaluating the per-
formance of our proposed method. We not only compare our model with respect to several
baselines for shifting the saliency distribution but also perform analysis from the perspec-
tive of adversarial attacks. Finally, we show an extension of our method into the task of
memorability-guided image manipulation.

4.1 Data Preparation
Dataset.Based on the training and validation sets of MS-COCO [15], we sample 15;686
images to construct a SAliency Manipulation dataset (SAM) used in our experiments. Every
sampled image contains more than 2 objects, and each object covers 10% to 70% of area of
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Figure 3: Example of generating guiding saliency map. The most salient object is changed
from the rider to the horse.

Figure 4: Example results of saliency-guided image manipulation by our SaGIM model.

entire image, in order to obviate tiny or overwhelming ones. We partition our dataset into
training and testing sets of 4;000 and 11;686 images respectively. We note that, although
the SalGAN is pre-trained on SALICON [7] which could potentially overlap with our SAM
dataset, it is kept �xed as an off-the-shelf saliency estimator in our model training. In addi-
tion, the images fed to SalGAN in our model are already manipulated ones, which is already
different from SALICON in appearance. Our SAM dataset, source code, and models are
released athttps://github.com/YenchungChen/GuideYourEyes

Guiding Saliency Maps.The construction of the correspondingguiding saliency maps
for our dataset is based on the following procedure. First, we use SalGAN to estimate the
saliency maps for all images, and compute the average saliency of each object hinge upon
its object mask provided by MS-COCO annotations. Second, for makinig changes on the
distribution of saliency, we increase the saliency of the least salient object and decrease
the saliency of the most salient object respectively by random factors which can lead to re-
ordering of objects' saliency. Last, we normalize the modi�ed saliency map into[0;1] and
apply Gaussian �lter to smooth out sharp edges. An example is demonstrated in Figure 3.

4.2 Saliency Manipulation by Guiding Saliency
Our SaGIM model is trained and tested on the SAM dataset. Figure 4 shows some example
results of our method for performing saliency-guided image manipulation. We can observe
that the original images are mapped into the manipulated outputs with their saliency maps
satisfying the given guiding saliency maps. Furthermore, our model learns to utilize different
manipulation operations to produce the required changes in saliency, as two examples visu-
alized in Figure 5. This veri�es the advantage of our proposed method w.r.t. related works
(e.g., [6, 17, 19, 26]) that we do not need to specify a certain feature cue for manipulation,
and thus our model is more general.

User Study.The guiding saliency maps in our SAM data are generated to have changes
on the ordering among the saliency of object instances and we perform a user study to eval-
uate the performance of the proposed method. We select from the testing set with 50 pairs




