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Abstract
Data augmentation is a key element for training accurate models by reducing over-

fitting and improving generalization. For image classification, the most popular data
augmentation techniques range from simple photometric and geometrical transforma-
tions, to more complex methods that use visual saliency to craft new training examples.
As augmentation methods get more complex, their ability to increase the test accuracy
improves, yet, such methods become cumbersome, inefficient and lead to poor out-of-
domain generalization, as we show in this paper. This motivates a new augmentation
technique that allows for high accuracy gains while being simple, efficient (i.e., minimal
computation overhead) and generalizable. To this end, we introduce Saliency-Guided
Mixup with Optimal Rearrangements (SAGE), which creates new training examples
by rearranging and mixing image pairs using visual saliency as guidance. By explic-
itly leveraging saliency, SAGE promotes discriminative foreground objects and pro-
duces informative new images useful for training. We demonstrate on CIFAR-10 and
CIFAR-100 that SAGE achieves better or comparable performance to the state of the art
while being more efficient. Additionally, evaluations in the out-of-distribution setting,
and few-shot learning on mini-ImageNet, show that SAGE achieves improved gener-
alization performance without trading off robustness. Our source code is available at
https://github.com/SamsungLabs/SAGE.

1 Introduction
Data augmentation (DA) methods synthetically expand a dataset by applying transformations
on the available examples, with the goal of reducing overfitting and improving generalization
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Batch Mixup[27] CutMix[25] SaliencyMix[21] Puzzle Mix[11] Co-Mixup[12] SAGE (ours)

Figure 1: Comparison of data augmentation methods. Thanks to the saliency-guided
mixing and image rearrangements, SAGE produces more meaningful and informative scenes,
as verified in our experiments.

in models trained on these datasets. In computer vision, conventional DA techniques are
typically based on random geometric (translation, rotation and flipping) and photometric
(contrast, brightness and sharpness) transformations [2, 3, 14, 18]. While these techniques are
already effective, they merely create slightly altered copies of the original images and thus
introduce limited diversity in the augmented dataset. A more advanced DA [25, 27] combines
multiple training examples into a new image-label pair. By augmenting both the image and the
label space simultaneously, such approaches greatly increase the diversity of the augmented
set. Consequently, they substantially improve model generalization, without any efficiency
overhead, due to their simplicity. Nonetheless, these DA approaches are agnostic to image
semantics; they ignore object location cues, and as a result may produce ambiguous scenes
with occluded distinctive regions (see Figure 1, Mixup [27] and CutMix [25]).

To account for such shortcomings, a new line of work [8, 11, 12, 21] proposes to explicitly
use visual saliency [19] for data augmentation. Typically, a saliency map contains the
information about the importance of different image regions for the downstream task. As
a result, saliency maps implicitly contain information about objects, their locations and,
crucially, about the “informativeness” of image regions. Previous methods [11, 12, 21] take
full advantage of the saliency information, and formulate data augmentation as a saliency
maximization problem. Given training image patches, their augmentation “assembles” a new
image of high visual saliency. This approach greatly improves the test accuracy; however,
this comes with a large computation overhead due to the need to maximize saliency at every
training step. Moreover, as the augmented images are composed of patches, the resulting
scenes are often unrealistic (see Puzzle Mix, Co-Mixup and SaliencyMix in Figure 1), which
leads to poor out-of-distribution generalization, as shown later in our experiments. In summary,
the existing data augmentation techniques can either i) boost the test accuracy, or ii) produce
a robust model with little computational overhead; there are no methods that can do both.

To address the aforementioned drawbacks, we propose a new augmentation – Saliency-
Guided Mixup with Optimal Rearrangements (SAGE) – that provides both high accuracy
and robustness, and has minimal computation overhead. SAGE is a simple and effective DA
technique that uses visual saliency to perform optimal image blending at each spatial location,
and optimizes the relative image position such that the resulting visual saliency is maximized.
Given two images and their saliency maps, SAGE mixes the images together, such that at each
spatial location, the contribution of different images to the mix is proportional to their saliency
in that location. The corresponding label is also obtained by interpolating the original labels
based on the saliency of the corresponding images. To maximize the resulting saliency of the
mix, we find an optimal relative arrangement of the two images prior to the mixing stage. As a

Citation
Citation
{Zhang, Cisse, Dauphin, and Lopez-Paz} 2018

Citation
Citation
{Yun, Han, Oh, Chun, Choe, and Yoo} 2019

Citation
Citation
{Uddin, Monira, Shin, Chung, Bae, etprotect unhbox voidb@x protect penalty @M  {}al.} 2014

Citation
Citation
{Kim, Choo, and Song} 2020

Citation
Citation
{Kim, Choo, Jeong, and Song} 2021

Citation
Citation
{Cubuk, Zoph, Mane, Vasudevan, and Le} 2019

Citation
Citation
{Cubuk, Zoph, Shlens, and Le} 2020

Citation
Citation
{LeCun, Bottou, Bengio, and Haffner} 1998

Citation
Citation
{Simonyan and Zisserman} 2015

Citation
Citation
{Yun, Han, Oh, Chun, Choe, and Yoo} 2019

Citation
Citation
{Zhang, Cisse, Dauphin, and Lopez-Paz} 2018

Citation
Citation
{Zhang, Cisse, Dauphin, and Lopez-Paz} 2018

Citation
Citation
{Yun, Han, Oh, Chun, Choe, and Yoo} 2019

Citation
Citation
{Gong, Wang, Li, Chandra, and Liu} 2021

Citation
Citation
{Kim, Choo, and Song} 2020

Citation
Citation
{Kim, Choo, Jeong, and Song} 2021

Citation
Citation
{Uddin, Monira, Shin, Chung, Bae, etprotect unhbox voidb@x protect penalty @M  {}al.} 2014

Citation
Citation
{Simonyan, Vedaldi, and Zisserman} 2013

Citation
Citation
{Kim, Choo, and Song} 2020

Citation
Citation
{Kim, Choo, Jeong, and Song} 2021

Citation
Citation
{Uddin, Monira, Shin, Chung, Bae, etprotect unhbox voidb@x protect penalty @M  {}al.} 2014



MA ET AL.: SAGE: SALIENCY-GUIDED MIXUP WITH OPTIMAL REARRANGEMENTS 3

result,SAGEproduces smooth and realistic images with clear and distinct foreground objects
(see Figure 1), unlike other augmentation techniques. Thanks to our ef�cient implementation,
SAGE has virtually no computation overhead beyond obtaining the saliency information.
Furthermore, our computations are partially shared between the saliency masks and the
training gradients, which further decreases the amortized training time.
Contributions. We make the following three contributions: (i) We introduceSAGE, a DA
method to generate novel training examples by mixing image pairs based on their visual
saliency, which promotes discriminative foreground objects in the mix. (ii)SAGEachieves
test accuracy better than or comparable to state-of-the-art augmentation techniques, without
incurring signi�cant computation overhead. (iii) Through robustness evaluations on perturbed
test data, we show that SAGE improves test accuracy without trading off robustness.

2 Related Work

In this section, we review data augmentation techniques that go beyond simple geometrical
and color transformations to improve generalization. A popular approach is to synthesize new
training input-output pairs by combining information from multiple raw samples. Mixup [27]
creates a new image-label pair by linearly interpolating both the input and output space. In con-
trast, Manifold Mixup [22] and HypMix [16] apply interpolation at the feature level. Others
create new training samples by “copy-pasting” patches from one image to another [6, 7, 25].
This class of methods is very ef�cient and simple to implement. However, a common
drawback of these approaches is that they do not take image semantics into account when per-
forming augmentation. This potentially encourages the model to generalize using completely
irrelevant information from the new training data, leading to inferior generalization.

To address this problem, recent work explicitly uses visual saliency information in the
DA process. KeepAugment [8] leverages input saliency to improve existing DA techniques,
e.g., Cutout [4], by always keeping the important regions untouched during augmentation.
SaliencyMix [21] improves CutMix [25] by selecting a patch around the peak salient pixel
location in the source image and mixing it with the target image. Puzzle Mix formulates
DA as an optimization problem, where the objective balances saliency maximization, local
smoothness and the optimal transport between data pairs [11]. Co-Mixup [12] extends this
idea by encouraging the diversity of the augmentation when mixing a collection of inputs,
and thus further complicates the optimization objective. The need to solve the optimization
problem at every step signi�cantly slows down the training, which may be prohibitive in some
situations. Our saliency-guided method not only reduces this computational overhead, but
also generates more plausible augmented images that result in improved test accuracy and
out-of-distribution generalization.

3 Technical Approach

The main idea behindSAGEis to synthesize novel images (with their labels) by blending
pairs of training samples, using spatial saliency information as guidance for optimal blending.
As illustrated in Fig. 2, our method consists of three independent components: i) saliency
mask generation (Sec. 3.1), ii) the “Optimal Rearrangement” module (Sec. 3.3), and iii)
the “Saliency-guided Mixup” module (Sec 3.2). All chained together, they form ourSAGE
approach. Below, we elaborate on each of the components and conclude with a discussion on
the ef�ciency of our pipeline in Sec. 3.4.
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Figure 2:SAGE overview. Given the original images, we �rst compute saliency maps. Next,
we �nd the best rearrangement of the images that maximizes the total saliency (in the green
box). Finally, we use our saliency-guided Mixup to fuse the overlapping image parts and
derive the new label. As a result, SAGE produces smooth, realistic and informative scenes.

3.1 Computing Saliency Maps

We de�ne the saliency of each image pixel as its importance in making the correct prediction,
using a given vision model. More formally, we are given a training sample,px;yq, where
x PRd� d� 3 is an RGB image andy PRC is the corresponding one-hot label vector, a classi�er,
fqp�q, that is the current partially trained model, and our task loss,`pfqpxq;yq, measuring
the discrepancy between the classi�er's output and the true label. We de�ne the saliency,
sPRd� d, as the magnitude of the gradient with respect to the input image,

spxq � | Ñx`pfqpxq;yq|l2;3
; (1)

where|�|l2;3
denotes thel2-norm along the third (color) dimension. In practice, the saliency

map tends to focus on the foreground objects useful for classi�cation and ignores irrelevant
background. Note that our saliency de�nition differs from others [17, 19] in that we consider
the gradient of the full loss, while previous work consider the gradient of the ground-truth
class activation with respect to the input image. We �nd that our de�nition is advantageous for
data augmentation, and additionally allows for more ef�cient training, as detailed in Sec. 3.4.

3.2 Saliency-guided Mixup

Before describing our Saliency-guided Mixup, we revisit the original Mixup [27]. Mixup
creates a new training sample,x1, by linearly mixing pairs of training samples,x0 andx1, i.e.,
x1 � l � x0 � p 1� l q �x1, and their corresponding labels, i.e.,y1 � l � y0 � p 1� l q �y1, where
l P r0;1s. While simple and effective, Mixup has a notable drawback, namely it ignores
the image semantics. That is, at every pixel location, the contribution ofx0 andx1 to the
�nal image is constant. As Fig. 3 (e) shows, this may lead to prominent image regions being
suppressed by the background, which is not ideal for data augmentation [11, 12].

To address this shortcoming, we propose Saliency-guided Mixup, where at every image
location inx1, the mixing ratio betweenx0 andx1 is different, de�ned by the saliency of the
corresponding image regions. More formally, given two images,x0 andx1, and their saliency
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Figure 3:Comparison between Saliency-guided Mixup and original Mixup. Given the a)
original images with b) saliency maps, our Saliency Mixup computes d) the Mixing MaskM
(given by Eq. 2) based on the relative saliency of the inputs. The values ofM are represented
with a heatmap; blue areas indicate stronger contribution of image 1, red areas correspond to
image 2 being more prominent and pale areas indicate more uniform blending. Consequently,
salient regions from different images contribute to different locations and result in a realistic,
informative output c). In contrast, the original Mixup produces f) a uniform mixing mask (at
l � 0:5), which results in e) an unrealistic and unclear image.

maps,s0 ands1, we craft a 2D mixing mask,M PRd� d , and use it to mix the images:

x1 � M d x0 � p 1� Mqd x1; ; M �
s̃0

s̃0 � s̃1 � z
; (2)

wherex1PRd� d� 3, s̃0 ands̃1 are spatially-normalized and Gaussian-smoothed saliency maps,
z is a scalar hyperparameter used to avoid division-by-zero andd denotes element-wise
product. That is, the elements inM are de�ned as the saliency ratio in different images at the
same location. This means that, at any given location, more prominent regions of one image
will suppress less salient regions of the other image in the �nal blend,x1. This strategy largely
resolves the issue with the original Mixup and leads to more informative augmentation (see
Fig 3 (e)). Lastly, we mix the labels usingy1 � g� y0 � p 1� gq �y1, whereg is the mean of the
mixing mask,M.

Saliency-guided Mixup, Eq. 2, is most suitable for mixing images that have salient regions
in distinct locations. When the maximally salient regions in both images spatially overlap, the
mask,M, tends to suppress one or both objects, which leads to uninformative new scenes.

3.3 Optimal Rearrangements via Saliency Maximization

To produce highly-informative augmentations with Eq. 2, even when both images have
overlapping salient regions, we propose to shift one image relative to the other prior to mixing.
Our objective is to �nd the shift that maximizes the resulting image saliency. An example of
such rearrangements with the resulting augmentations are shown in Fig. 4. In the following,
we formalize this shifting process and describe a solution for �nding the best rearrangement.

We de�ne the translation operator that shifts a tensorzby t � p t i , t jqpixels as

T pz; t qri; js �

#
zri � t i ; j � t js; if i � t i P r0;d � 1s; j � t j P r0;d � 1s
0; otherwise

; (3)




