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Abstract

In spite of the great success of deep neural networks for

many challenging classification tasks, the learned networks

are vulnerable to overfitting and adversarial attacks. Re-

cently, mixup based augmentation methods have been ac-

tively studied as one practical remedy for these drawbacks.

However, these approaches do not distinguish between the

content and style features of the image, but mix or cut-and-

paste the images. We propose StyleMix and StyleCutMix as

the first mixup method that separately manipulates the con-

tent and style information of input image pairs. By care-

fully mixing up the content and style of images, we can cre-

ate more abundant and robust samples, which eventually

enhance the generalization of model training. We also de-

velop an automatic scheme to decide the degree of style mix-

ing according to the pair’s class distance, to prevent messy

mixed images from too differently styled pairs. Our exper-

iments on CIFAR-10, CIFAR-100 and ImageNet datasets

show that StyleMix achieves better or comparable perfor-

mance to state of the art mixup methods and learns more

robust classifiers to adversarial attacks.

1. Introduction

Although deep neural networks have achieved remark-

able achievements in many classification tasks [18, 15,

31, 10], the learned networks are vulnerable to overfit-

ting and adversarial attacks. As one of the most promis-

ing approaches to alleviate these issues, the data augmen-

tation and regularization methods have been actively stud-

ied [30, 4, 29, 27, 1, 16]. As the earliest work, Mixup [30]

augments a new sample by mixing two samples via interpo-

lation of both images and labels. Instead of using the entire

object regions, CutMix [29] cuts and pastes patches from

one image onto the other image along with the ground truth

labels being mixed proportionally to the area of patches.

Manifold Mixup [27] regularizes to prevent the network

*Equal contribution

from overfitting on the intermediate representations that in-

terpolate hidden states. These approaches certainly improve

classification performance and robustness over input noise

and attacks, but they do not distinguish between the content

and style of the images for generating new mixup samples.

Content generally refers to the shape and form of an image,

while the style primarily includes texture and color [5]. If

convolutional neural networks are trained with no distinc-

tion between content and style, they tend to be biased to fo-

cus on a small faction of information to learn categories [6]

(e.g. an elephant is identified using only gray skin texture

no matter how the foreground looks like).

In this work, we argue that carefully mixing up the con-

tent and style of two input images can benefit creating more

abundant and robust samples, which eventually enhance the

generalization of model training. The style transfer meth-

ods [5, 14, 26, 19] have shown great progress recently and

proved that deep networks encode not only the content but

also the style information of images and offer the possibil-

ity to alter the distribution of low-level visual features in

the image while preserving the semantic content. Thus, by

separately considering the content and style of each input

image, we have two levels of options to augment training

data such as generating content-preserved images with di-

verse styles, varying foreground objects in the same styled

images, or both. Thus, classifiers are fully learned to recog-

nize both content and style features to enhance the classifi-

cation performance and robustness over noise and attacks.

We propose StyleMix as a new mixup method for data

augmentation that can generate various training samples

through convex combinations of content and style charac-

teristics (Figure 1). We then extend to StyleCutMix that al-

lows sub-image level manipulation based on the cut-and-

paste idea of CutMix [29]. Finally, we develop a scheme

to automatically decide the degree of style mixing accord-

ing to the class distance between a given pair of images.

With classification experiments on CIFAR-10 [17], CIFAR-

100 [17] and ImageNet datasets [3], each of our propos-

als nontrivially improves the classification performance and

eventually attains comparative performance to state-of-the-
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Figure 1: Visual comparison of our StyleMix and Style-

CutMix with previous approaches using two inputs from

Rainbow lorikeet and Red panda. While Mixup [30] and

CutMix [29] are done at the image level, our methods sep-

arately consider the content and style of images to create

more abundant and robust samples.

art mixup methods. The contributions of this work can be

outlined as follows:

1. We propose StyleMix as the first mixup method that

separately manipulates the content and style informa-

tion of input image pairs, to the best of our knowledge.

2. Contrary to style transfer tasks where the content and

style inputs are clearly identified, in the mixup context,

two input images are any pairs from the training set.

To prevent messy mixed images from too differently

styled pairs that significantly harm the performance,

we propose an automatic scheme to decide the degree

of style mixing according to the pair’s class distance.

3. In the experiments, StyleCutMix outperforms state-

of-the-art mixup methods on CIFAR-10/100 and is

comparable on ImageNet, including Cutout [4], Grid-

Mix [1], Manifold Mixup [27], CutMix [29], Aug-

Mix [11] and Puzzle Mix [16]. We also show that our

methods improve the robustness of classifiers to adver-

sarial attacks better than other recent mixup methods.

2. Related Works

Mixup. Mixup [30] trains a neural network to linearly

interpolate two random training examples and their labels.

Mixup encourages neural networks to favor simple linear

behaviors in-between training images and eventually im-

proves their generalization ability. Manifold Mixup [27] ex-

tends this linear interpolation from input-level to feature-

level and makes the networks less confident in the hidden

layer’s interpolated representations. Instead of using all re-

gions of the image, CutMix [29] cuts and pastes patches

onto the other images and mixes the ground truth labels

being proportionally to the area of patches. GridMix [1]

divides two input images into grid cells and randomly se-

lects each patch from the two images. Puzzle Mix [16] uti-

lizes the saliency signal to resolve one issue of CutMix that

does not discriminate foreground from background when

cut-and-pasting patches. AugMix [11] proposes a simple

data processing technique that utilizes stochasticiy and di-

verse augmentations for handling domain mismatch be-

tween training and test data. However, previous approaches

do not distinguish between content and style of the images

for mixing new samples. We decompose each image into

separated representations of content and style and carefully

mix up them to generate more abundant and robust samples.

Style Transfer. Style transfer algorithms change the

style of the source image to the target style while main-

taining the semantic content of the source image. Gatys et

al. [5] demonstrate that feature representations derived from

CNNs [18, 25] can separate and recombine the image con-

tent and style of natural images. However, this method is

rather slow to optimize the content and style loss for gen-

erating a high-quality stylized image. Many following ap-

proaches [14, 26, 7, 12, 20] have been proposed to over-

come these shortcomings and make style transfer possible

to arbitrary styles in real time.

In the meantime, data augmentation based on style trans-

fer algorithms has been studied. Neural augmentation [23]

uses CycleGAN [33] to generate images of different styles.

STaDA [32] employs neural style transfer as a data augmen-

tation method to add more variation to the training dataset.

They train each transformer network for every style indi-

vidually, so the style set can be limited. Style augmen-

tation [13] randomizes texture, contrast and color of im-

ages using the style transfer pipeline while preserving the

content. Shape-texture debiased training [21] applies style

transfer to a random image and then blend the labels of

the paired images. Unlike ours, previous works have not

considered mixup augmentation and focused on varying the

styles of training images. On the other hands, our approach

generates samples with not only any convex combination of

both style and content but also any patch-wise cut and pastes

from images. Also, our method automatically decides the

degree of style mixing according to the pair’s class distance,

instead of a prefixed or simply randomized degree.

3. Approach

We propose StyleMix and StyleCutMix for data augmen-

tation, considering both style and content of two training

samples (section 3.1–3.2). We also present how to choose

the degree of style mixing for any given pairs (section 3.3).
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f11 f22 f12 f21

Content x1 x2 x1 x2

Style x1 x2 x2 x1

Table 1: Given an input image pair (x1, x2), four image

variables f11/22/12/21 have the different content and style

components from the input images.

3.1. StyleMix

Let x1, x2 ∈ R
W×H×C be the two input images, and

y1, y2 be their labels. We aim to create a mixed image of xm

using two input images x1 and x2. Let the pre-trained style

encoder and decoder be f and g, respectively. We adopt the

same encoder-decoder architecture proposed in AdaIN [12].

We use AdaIN as our base style transfer because of its real-

time computation and applicability to arbitarary styles. The

encoder f is the first few layers up to relu4 1 of a pre-

trained VGG-19 [25]. The decoder g is an inverted encoder,

except replacing all pooling layers with nearest up-sampling

layers to avoid the checker-board effect. We pre-trained the

encoder and the decoder on ImageNet [3].

We want to separate the content and style component of

the input image x1 and x2 so that the output image xm has a

mixed content and style component of x1 and x2 with an ar-

bitrary ratio. Since we make xm using a linear interpolation,

we start from four feature map variables as

f11 = f(x1), f22 = f(x2), (1)

f12 = AdaIN(f11, f22), f21 = AdaIN(f22, f11). (2)

AdaIN(fii, fjj) is an adaptive instance normalization layer

proposed in [12] as

AdaIN(fii, fjj) = σ(fjj)(
fii − µ(fii)

σ(fii)
) + µ(fjj). (3)

The mean µ(.) and variance σ(.) are computed across spa-

tial dimension independently for each channel and sample.

Table 1 summarizes what content and style component

four feature map variables have. For instance, f12 has the

content component of x1 and the style of x2. Figure 2 shows

output images passed through the pre-trained style decoder

g to the four feature maps, and confirms that the decompo-

sition of Table 1 is correct.

To obtain a new mixed image, we linearly interpolate

these four feature maps with a content ratio rc and a style ra-

tio rs. That is, unlike previous mixup methods, our method

generates a sample at two levels of content and style, which

subsequently leads to more abundant augmentation effects.

Specifically, the mixed image xm has the content com-

ponent of x1 as much as rc (i.e. the content of x2 with

1 − rc), and has the style component of x1 as much as

Input !" #(%"") #(%"') #(%'") #(%'') Input !'

Figure 2: Two sets of examples showing four images

through the pre-trained style transfer encoder and de-

coder (g(f11), g(f22), g(f12), g(f21)) for two input images

(x1, x2). We confirm that g(f11) has the content component

of x1 and the style of x1, and g(f12) has the content of x1

and the style of x2.

rs (i.e. the style of x2 with 1 − rs). With a free variable

max(0, rc + rs − 1) ≤ t ≤ min(rc, rs), the mixed image

xm is linearly interpolated from content and style compo-

nents:

xm = g(tf11 + (1− rc − rs + t)f22 (4)

+ (rc − t)f12 + (rs − t)f21).

Figure 3 visualizes how a mixed image xm is obtained from

Eq. (4) by adjusting the values of rc and rs in a grid. It also

shows that the content and style components of the two im-

ages x1 (top-left) and x2 (bottom-right) are well separated

by linear interpolation. Therefore, the mixup approach in

Eq. (4) based on Table 1 is appropriate to well mix the con-

tent and style of two images.

The free parameter t in Eq. (4) is introduced to complete

the linear interpolation between four feature maps. For ex-

ample, if we want that a new sample xm has 70% of content

from x1 (i.e. rc = 0.7), we have to decide how much get-

ting from f11 and f12, both of which contain the content of

x1. t decides the ratio between f11 and f12, and fortunately

the outputs hardly change no matter how to set t. Figure 4

shows an example where even if the value of t changes, the

resulting mixed image xm barely changes.

Finally, we set the label based on the ratio of the con-

tent and style component. We first compute a content-based

label yc and style-based label ys, and merge them to a fi-

nal label ym with a hyperparameter r, which controls how

much the content and label labels are used for the final label:

ym = ryc + (1− r)ys, where (5)

yc = rcy1 + (1− rc)y2, ys = rsy1 + (1− rs)y2. (6)

In training time, rc and rs are randomly sampled from the

beta distribution Beta(α, α) so that we use all combina-

tions of various content and style for training.
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Figure 3: A grid visualization of mixed images by adjust-

ing the content and style ratios (rc, rs). The top-left and the

bottom-right are two input images. The content and style

components are well separated; along the content and style

axes, for a fixed rc, varying rs only changes the style while

the content remains the same. Likewise, for a fixed rs, the

content only changes according to rc with a fixed style.

t increases
Input 1 Input 2

Mixed Images

(small t) (large t)

Figure 4: An example of creating a series of mixed images

by adjusting the value of t for two input images. Even with

varying t, the mixed images hardly change.

3.2. StyleCutMix

We extend our StyleMix to StyleCutMix by using the

idea of CutMix [29], which defines a bounding box and cre-

ates a mixed image by filling the image inside the box with

x1 and outside with x2. Since we separately consider the

content and style components of images, we apply different

cut-and-paste schemes for content and style. For content, it

is the same as CutMix; the inside of the box is filled with

the content component of x1 and the outside with that of x2.

On the other hand, the scheme is different for style, which

will be discussed below.

As done in StyleMix, we separate the content and style

component of the two inputs x1 and x2, and start from four

Input 2

(! = 0.33)

(! = 0.67)

(! = 1.00)

Input 1

Style

CutMix
(! = 0.00)

Figure 5: Examples of StyleCutMix with varying γ. When

two input images have too different styles, the mixed images

could be messy with low γ. In such cases, γ is adjusted to

have a high value to reduce the degree of style mixing.

image variables:

g11 = x1, g22 = x2, (7)

g12 = γx1 + (1− γ)g(f12), (8)

g21 = γx2 + (1− γ)g(f21). (9)

One difference from StyleMix is that we run linear interpo-

lation in the image space in Eq. (7)–(9) unlike the feature

space in Eq. (1)–(2). It is because the feature map size is

much smaller than the image size for patch cut-and-paste,

and thus the performance degrades when using feature maps

as reported in [29].

We assume that each variable includes content and style

components as shown in Table 2, which is slightly different

from Table 1. Since g11 = x1, g11 surely has the content and

style from x1. So does g22. On the other hand, as shown in

Eq. (8), g12 has the content from x1 (since both x1 and f12
have the content from x1), but has a mixed style from x1

and x2 with a ratio of (γ, 1 − γ) (since x1 has style of x1

and f12 has style of x2). Thus, the new parameter γ adjusts

the degree of style mixing; if γ = 1, the style mixing is the

same as CutMix, since g12 now has the style of x1 only.

The reason why we introduce the parameter γ is illus-

trated in Figure 5. In style transfer, a pair of content and

style images are given as input with a clear intent that the

new image must contain the content from the content image

having the style from the style image. On the other hand,
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g11 g22 g12 g21

Content x1 x2 x1 x2

Style x1 x2 γx1 + (1− γ)x2 (1− γ)x1 + γx2

Table 2: Given an input image pair x1, x2, four image vari-

ables g11/22/12/21 have the different content and style com-

ponents from the input images.

in the mixup context, the two input images are any pairs

of training images, and thus if they have severely differ-

ent styles, the quality of mixed images would be severely

poor (See examples with γ = 0 in Figure 5). This can be

prevented by setting a high value of γ that suppresses the

degree of style mixing between images. In next section, we

will discuss a scheme to automatically set γ according to

class similarity between x1 and x2.

As done in CutMix [29], we first sample the bounding

box coordinates B = (rx, ry, rw, rh), crop the region from

x1, and paste it into x2:

rx ∼ Unif (0,W ) , rw = W
√
λ,

ry ∼ Unif (0, H) , rh = H
√
λ,

(10)

where λ = rwrh
WH is the ratio of the area occupied by x1

in the mixed image. With the cropped region, the binary

mask Rc ∈ {0, 1}W×H is defined by 1 inside the box B,

otherwise 0. We then create a mixed image xm by linearly

interpolating g11, g22, g12 and g21 as

xm = T⊙ g11 + (1−Rc −Rs +T)⊙ g22 (11)

+ (Rc −T)⊙ g12 + (Rs −T)⊙ g21,

where ⊙ is the element-wise multiplication and T, Rc, Rs,

1 ∈ R
W×H×C . 1 is a matrix of ones, Rs = rs1 with a

scalar value rs that controls the strength of style. T should

satisfy max(0,Rc +Rs − 1) ≤ T ≤ min(Rc,Rs), but we

can easily derive that always T = max(0,Rc +Rs − 1) =
min(Rc,Rs).

Figure 6 shows grid examples of mixed images by

Eq. (11). To see the effects of γ and rs, we separately look

into the inside and outside of the bounding box. The in-

side of the box is clearly composed of x1’s content, and

the outside with x2’s content. The style ratio could be a lit-

tle complicated; the styles of x1 and x2 are in the ratio of

1 − (1 − rs)(1 − γ) and (1 − rs)(1 − γ) inside the box,

while in the ratio of rs(1−γ) and 1− rs(1−γ) outside the

box. Therefore, with γ = 1, it reduces to the normal Cut-

Mix (i.e. only x1’s style inside but only x2’s style outside).

With γ = 0, both inside and outside have the styles of x1

and x2 in a ratio of rs and 1− rs.

Finally, to determine the label ym of xm, let us calculate

the content and style components of the entire mixed image.
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Figure 6: A grid visualization of mixed images by adjusting

the degree of style mixing and style ratio (γ, rs). When γ =
0, the styles for both inside and outside of the bounding box

change in the same way. When γ = 1, the style changes

are independent between inside and outside of the box, and

thus StyleCutMix behaves identically to CutMix.

Given that the area of the bounding box is λ, the content

ratios of x1 and x2 are λ and 1− λ, and the style ratios are

γλ+(1−γ)rs and 1−(γλ+(1−γ)rs). Based on them, the

label ym is defined from the content label yc and the style

label ys as

ym = ryc + (1− r)ys, where (12)

yc = λy1 + (1− λ)y2, ys = λsy1 + (1− λs)y2. (13)

λs = γλ + (1 − γ)rs, and r is a hyperparameter that ad-

justs the ratio of content and style label. During training,

γ and rs are randomly sampled from the beta distribution

Beta(α, α) to consider all possible combinations.

3.3. Style Mixing with the Style Distance

To find an adequate value of γ for any two training im-

ages x1 and x2, we need to measure how different the styles

are between x1 and x2. Remind that a low value of γ for

too differently styled x1 and x2 leads to a messy mixed im-

age, as shown in Figure 5. Thus, we propose a style dis-

tance function D, which measures style differences between

classes to which input images belong (instead of between

images) to reduce the training cost. Naturally, if the value

of D is large, the style distance between classes is large and

γ is set high to prevent excessive style mixing.
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Input Top-5 classes with the shortest distance

Figure 7: Top-5 classes with the shortest distance D.

Suppose that there are K classes in the dataset and nc is

the number of images of class c. We let φi denote the output

of layer i in VGG-19 used to compute the style loss where

i ∈ {1, . . . , L}. We use relu1 1, relu2 1, relu3 1,

relu4 1 layers, and thus L = 4. We define the mean and

variance of the feature map per channel for class c as

µ̄ci =
1

nc

nc∑

j=1

µ(φi(xcj)), σ̄ci =
1

nc

nc∑

j=1

σ(φi(xcj)). (14)

As a result, we define two sets of variables that repre-

sent the class style: Mc = (µ̄c1, µ̄c2, . . . , µ̄cL) and Σc =
(σ̄c1, σ̄c2, . . . , σ̄cL). In our implementation, the dimension

of |M| and |Σ| is 960 = 64+ 128+ 256+ 512 with L = 4.

We now define the style distance function D as a simple

difference mean of two variables between class c1 and c2:

D(c1, c2) =
1

2|M| ‖Mc1 −Mc2‖22 +
1

2|Σ| ‖Σc1 − Σc2‖22,
(15)

Figure 7 shows that the style distance D works reasonably

as similar classes are retrieved as the closest neighbors.

Finally, we set γ for (x1, x2) whose classes are (c1, c2):

γ = tanh(D(c1, c2)/δ), (16)

where δ is a hyperparameter that controls the influence of

style distance. We will experiment the effect of δ on the per-

formance in section 4.4. Figure 8 shows an example where

γ set by Eq. (16) can avoid the messy style mix between the

images of quite different classes.

4. Experiments

Following previous works, we evaluate our StyleMix and

StyleCutMix on CIFAR-100 [17], CIFAR-10 [17] and Ima-

geNet datasets [3]. We first compare with other mixup meth-

ods for image classification tasks (section 4.2). Next, we

Input 1 Input 2 ! = 0 auto !

Figure 8: StyleCutMix with γ set by Eq. (16) can avoid

messy mixed images in the third column.

show our methods can improve the robustness of classifiers

to adversarial attacks (section 4.3). Finally, we carry out

performance analysis according to hyperparameter choices

(section 4.4). We provide more experimental results in Ap-

pendix, including diverse adversarial attacks, and additional

baselines in image classification.

4.1. Experiment Setting

We report the results of three variants of our methods:

StyleMix and StyleCutMix with and without auto-γ de-

scribed in section 3.3, to clearly see the performance im-

provement by each key component of our methods.

CIFAR-10/100. We follow the experiment setting in

CutMix [29]. The batch size is 64, and the training epochs

are 300. The learning rate starts at 0.25 and is decayed by

a factor of 0.1 at epoch 150 and 225. As done in [29], we

use a strong base classifier PyramidNet-200 [9] of a widen-

ing factor α̃ = 240 with 26.8M parameters. We set hyper-

parameters as follows; (i) r = 0.7, (ii) StyleMix: random

sampling of rc, rs ∼ Beta(0.5, 0.5), and (iii) StyleCutMix:

random sampling of γ ∼ Beta(0.8, 0.8) without auto-γ,

and δ = 3.0 for CIFAR-100 and 1.0 for CIFAR-10 with

auto-γ.

ImageNet. We use ResNet-50 as the base classifier.

We train models for 100 epochs. The batch size is set to

1024 until epoch 15, and 448 after that. For more efficient

training, we use pre-resized images and the cycling learn-

ing rate [28] with the same scheduling strategy as Puzzle

Mix [16]. The images are resized to 160×160 and 352×352

in advance; we use 160×160 up to epoch 15, and 352×352

after that, following [28]. We set hyperparameters as fol-

lows; (i) StyleMix: r = 0.7 and random sampling of both

rc, rs ∼ Beta(0.5, 0.5), (ii) StyleCutMix: r = 0.7 and ran-

dom sampling of γ ∼ Beta(0.8, 0.8) without, and r = 0.8
and δ = 0.5 with auto-γ.
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Model + Method
Top-1

Err(%)

Top-5

Err(%)

WRN28-4 + GridMix [1]* 18.51 -

WRN28-10 + Puzzle Mix [16]‡ 15.95 3.92

WRN28-10 + Puzzle Mix (half) [16]‡ 16.23 3.90

Pyramid-200 + Baseline† 16.45 3.69

Pyramid-200 + RA(N=1,M=2) [2] 15.86 3.32

Pyramid-200 + Cutout [4]† 16.53 3.65

Pyramid-200 + Mixup (α=1.0) [30]† 15.63 3.99

Pyramid-200 + Manifold (α=1.0) [27]† 16.14 4.07

Pyramid-200 + CutMix [29]† 14.47 2.97

Pyramid-200 + StyleMix 16.37 3.69

Pyramid-200 + StyleCutMix 14.61 2.95

Pyramid-200 + StyleCutMix(auto-γ) 14.17 2.66

Table 3: Comparison with state-of-the-art mixup meth-

ods on CIFAR-100. We include results cited from Grid-

Mix [1]*,CutMix [29]† and Puzzle Mix [16]‡. GridMix did

not report Top-5 Err on their paper.

PyramidNet-200 (α̃=240)
Top-1

Err(%)

Baseline† 3.85

RA(N=3,M=4) [2] 3.44

Cutout [4]† 3.10

Mixup (α=1.0) [30]† 3.09

Manifold Mixup (α=1.0) [27]† 3.15

CutMix [29]† 2.88

StyleMix 3.56

StyleCutMix 2.79

StyleCutMix (auto-γ) 2.55

Table 4: Comparison with state-of-the-art mixup methods

on CIFAR-10. We include results cited from CutMix [29]†.

4.2. Classification Results

CIFAR-100/10. Table 3 compares our StyleMix meth-

ods with other state-of-the-art mixup models on CIFAR-

100. StyleCutMix (auto-γ) achieves the best top-1 and top-5

error rates among other augmentation strategies. The auto-

matic selection of γ using the style distance in section 3.3

improves StyleCutMix with a non-trivial margin of 0.44%p.

Table 4 summarizes the results on CIFAR-10. Similar to the

results on CIFAR-100, we find that StyleCutMix (auto-γ)

performs the best scores on CIFAR-10 too. StyleMix itself

is not as good as CutMix, but StyleCutMix outperforms the

CutMix using the idea of cut-and-paste. The performance

gaps increase further with adding the automatic selection of

γ since it can prevent the creation of messy images.

Model
Top-1 Top-5

Err(%) Err(%)

Vanilla† 24.31 7.34

Input† 22.99 6.48

Manifold [27]† 23.15 6.50

CutMix [29]† 22.92 6.55

AugMix [11]† 23.25 6.70

Puzzle Mix [16]† 22.49 6.24

StyleMix 24.06 7.09

StyleCutMix 23.42 6.75

StyleCutMix(auto-γ) 22.71 6.36

Table 5: Top-1/Top-5 error rates on ImageNet on ResNet-

50. We include results cited from Puzzle Mix [16]†.

ImageNet. Table 5 shows the top-1/top-5 errors of our

StyleMix methods and other state-of-the-art mixup models

on ImageNet. Our StyleCutMix (auto-γ) outperforms most

existing methods and is comparable to the best perform-

ing Puzzle Mix. In ImageNet, StyleCutMix shows lower

performance than CutMix mainly because as the number

of classes increases, the creation of messy images is more

likely as the chances for mixing too different classes in-

crease. However, the automatic selection of γ rescues Style-

CutMix (auto-γ) to be significantly improved over CutMix.

We observe that StyleCutMix attains slightly lower per-

formance than Puzzle Mix since Puzzle Mix can prevent

foreground objects of two images from overlapping, which

could be especially helpful in ImageNet. Nonetheless, note

that our key idea, separation of content and style, is orthog-

onal to any mixup methods, and thus it can be applied on

top of Puzzle Mix.

4.3. Robustness to Adversarial Attacks

Deep Neural Networks can be easily fooled by even a

slight perturbation on input images, coined as adversarial at-

tacks [8]. One way to prevent this is to create and learn new

samples made by data augmentation [22, 30, 29]. We test

FGSM attack to evaluate how robust each data augmenta-

tion strategy is against adversarial attack. The FGSM (Fast

Gradient Sign Method) [8] is a white-box attack, assuming

that adversary has all the information about the model.

We apply FGSM attack on the CIFAR-100 validation set

with ℓ∞ ǫ = {1, 2, 4}/255. Table 6 reports the Top-1 er-

ror rates, where StyleCutMix greatly improves robustness to

adversarial attacks compared to other state-of-the-art aug-

mentation strategies. This may be because StyleCutMix can

augment images with a wide variation of content and style

for each class, which eventually train the model more robust

against adversarial attacks.

Interestingly, the automatic selection of γ slightly de-
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Method

FGSM (1)

Top-1

Err(%)

FGSM (2)

Top-1

Err(%)

FGSM (4)

Top-1

Err(%)

Baseline 63.68 74.70 80.39

Cutout [4] 67.35 76.45 83.38

CutMix [29] 58.33 66.89 75.49

StyleMix 60.97 74.31 81.99

StyleCutMix 58.09 65.88 73.46

StyleCutMix(auto-γ) 58.81 66.15 74.72

Table 6: Top-1 error rates of multiple mixup methods on

CIFAR-100 dataset when FGSM Attack is applied. The

baseline is the vanilla PyramidNet-200 model.

grades the defense performance of StyleCutMix. Surely, it

can improve the generalization performance of StyleCut-

Mix as shown in classification results in section 4.2 but

much wider style mixing may make the model more robust

against adversarial attack. That is, messy images due to ex-

cessive style mixing could be helpful here.

4.4. Performance Analyses

In this section, we investigate the performance variation

of StyleCutmix according to two hyperparameters, which

can be determined via cross-validation in practice.

We first compare the performance of StyleCutmix (auto-

γ) by changing the δ parameter of Eq. (16), which controls

the influence of style distance. Remind that as δ decreases,

γ increases and the style mixing is amplified. Table 7 shows

that the performance of StyleCutMix improves when the

auto-γ method is applied. With appropriate setting of δ, the

performance by auto-γ is maximized.

We also inspect the performance variation according to

hyperparameter r = [0.3, 0.5, 0.7, 1], which controls how

much the content label is considered to determine the final

label ym. We observe that the performance is the best at

r = 0.7; the content is more important than the style to de-

cide the final mixed label, which meets our intuition. Nev-

ertheless, considering both content and style is still better in

performance than considering only the content that existing

augmentation strategies do. It partly agrees with that CNNs

often learn to focus on the texture, one of key elements of

style, to recognize the objects [6].

5. Conclusion

We proposed StyleMix and StyleCutMix as a data aug-

mentation strategy that separates the content and style com-

ponent of images and flexibly mixes them to create new data

samples. In addition, we developed a method to automati-

cally control the degree of style mixing by calculating the

style distance between classes. Our method improved both

image classification accuracy and the robustness to adver-

Method
Top-1

Err(%)

Top-5

Err(%)

StyleCutMix 14.61 2.95

StyleCutMix(auto-γ, δ = 1.5) 14.35 2.98

StyleCutMix(auto-γ, δ = 2.0) 14.52 3.00

StyleCutMix(auto-γ, δ = 3.0) 14.17 2.66

StyleCutMix(auto-γ, δ = 4.0) 14.42 2.93

Table 7: Performance variation of StyleCutMix(auto-γ) ac-

cording to the hyperparameter δ of Eq. (16) on CIFAR-100.

Method
Top-1

Err(%)

Top-5

Err(%)

StyleCutMix(auto-γ, r = 0.3) 15.01 3.18

StyleCutMix(auto-γ, r = 0.5) 14.77 3.00

StyleCutMix(auto-γ, r = 0.7) 14.17 2.66

StyleCutMix(auto-γ, r = 1.0) 14.96 2.97

Table 8: Performance variation of StyleCutMix(auto-γ) ac-

cording to the hyperparameter r of Eq. (12) on CIFAR-100.

(b)

(a)

(c)

Figure 9: Grad-CAM [24] visualization comparing Style-

CutMix (auto-γ) with CutMix [29]. (a) Input, (b) StyleCut-

Mix (auto-γ), (c) CutMix. CutMix often focuses on only

representative parts of content, such as snail’s eye, the bird’s

beak, and the animal’s head. On the other hand, StyleCut-

Mix (auto-γ) detects not only content but also class-specific

styles such as skin patterns and colors.

sarial attacks in our experiments on CIFAR-10, CIFAR-100,

and ImageNet. Looking forward, it would be interesting to

further separate foreground from background to minimize

the effect of background when obtaining content and style

components from images.
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