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Abstract: Currently, style augmentation is capturing attention due to convolutional neural networks (CNN) being
strongly biased toward recognizing textures rather than shapes. Most existing styling methods either per-
form a low-fidelity style transfer or a weak style representation in the embedding vector. This paper outlines
a style augmentation algorithm using stochastic-based sampling with noise addition for randomization im-
provement on a general linear transformation for style transfer. With our augmentation strategy, all models not
only present incredible robustness against image stylizing but also outperform all previous methods and sur-
pass the state-of-the-art performance for the STL-10 dataset. In addition, we present an analysis of the model
interpretations under different style variations. At the same time, we compare comprehensive experiments
demonstrating the performance when applied to deep neural architectures in training settings.

1 INTRODUCTION

Currently, deep learning neural nets require a large
amount of data, usually annotated, to increase the
generalization and obtain high performance. To deal
with this problem, methods for artificial data gen-
eration are performed to increase the training sam-
ples; this common learning strategy is called data
augmentation. In computer vision, data augmenta-
tion increases the number of images through pixel-
level processing and transformations. For supervised
tasks where labels are known, these operations per-
form label-preserving transformations controlled by
the probability of applying the operation and usually
a magnitude that intensifies the operation effects on
the image (Szegedy et al., 2016; Tanaka and Aranha,
2019). More recently, random erasing (DeVries and
Taylor, 2017) and GAN-based augmentation (Tanaka
and Aranha, 2019) improved the previous accuracy.
In contrast, recent advances in style transfer (Ghiasi
et al., 2017; Jackson et al., 2018) lead us to think
about the influence of applying random styling and
what deep networks learn from this.
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Style augmentation is a technique that generates
variations from an original set of images changing
only the style information and keeping the main con-
tent. The style transformation applied to the image
changes the image’s pixel information, generating a
new diverse set of samples that follow the same orig-
inal distribution. In contrast, content information re-
mains equal (Ghiasi et al., 2017). However, original
style transfer techniques started with heavy compu-
tation to generate one stylized image. Experimen-
tally, augmenting the training set randomly shows a
new level of stochastic behavior, avoids overfitting in
a small dataset, and stabilizes performance on large
ones (Zheng et al., 2019). Nowadays, some can work
close to real-time performance while others can gen-
erate a batch of styles per image (Ghiasi et al., 2017;
Jackson et al., 2018).

In Interpretable Machine Learning (IML), specif-
ically in image-based models such as CNN, several
methods exist to interpret and explain predictions.
Usually, large and complex models like CNN are
called “black-box” due to their vast number of param-
eters (hidden layers). So, to know the information
shared through each layer, some methods were de-
veloped using information from layers and gradients
such as Saliency Maps (Simonyan et al., 2013), and



CAM-based methods (Zhou et al., 2016; Selvaraju
et al., 2017). These methods help explain complex
“black box” image-based models and identify essen-
tial features in each sample prediction. In our ap-
proach, we will use these model explainers to high-
light regions inside the input images to provide a vi-
sual interpretation of them.

In this work, we propose an augmentation strategy
based on traditional augmentation plus style trans-
formations. Besides, we implement new methods to
visualize, explain, and interpret the behavior of our
trained models. Also, we can understand which fea-
tures are activating based on the style augmentation
selected and study the influence of that style. Our
main contributions in the present work are summa-
rized as follows:

• We give an explanation of the successful augmen-
tation strategy based on interpretation methods.

• We propose a Style Activation Map (SAM),
Weighted Style Activation Map (WSAM), and
WSAM Variance to visualize and understand the
influence of style augmentation.

• We outperform previous results on the STL-10
dataset using traditional and style augmentations.

2 RELATED WORKS

2.1 Style Transfer

In the first neural algorithm (Gatys et al., 2015), a
content image and a style image are inputted to the
neural network to obtain an output image with the
original content but a new style. (Jing et al., 2017)
employed the Gram matrices to model textures by
encoding the correlations between convolutional fea-
tures from different layers. Previous style transfer
works (Ulyanov et al., 2017) improve the visual fi-
delity in which semantic structure was preserved for
images with higher resolution. In (Geirhos et al.,
2018) was concluded that neural networks have a
strong bias with texture. Although the initial de-
velopments generated exciting results compared to
the pioneer method, drawbacks such as weak texture
synthesis and high computational cost were present
(Ulyanov et al., 2017; Jing et al., 2017). More re-
cently, (Li et al., 2018; Ghiasi et al., 2017) solved the
problem by relying on arbitrary styles without retrain-
ing the neural model. Also, other techniques adjusted
a new parameter or inserted noise carefully to gener-
ate more style variations from one style input (Ghi-
asi et al., 2017; Kotovenko, Dmytro, adn Sanakoyeu,

Artsiom, and Lang, Sabine, and Ommer, 2019). Us-
ing these latter strategies, the first augmentation em-
ploying successfully style augmentation performing a
cross-domain classification task (Jackson et al., 2018)
follows the methodology adopted on (Ghiasi et al.,
2017), which uses an Inception-v3 (Szegedy et al.,
2015) architecture for the encoder and residual blocks
for the decoder networks. However, the latent space is
modified by a multivariate normal distribution which
changes the style embedding. Other contemporary
approaches (Zheng et al., 2019; Georgievski, 2019)
used style augmentation and reported exciting results
in classification tasks, specifically STL-10, CIFAR-
100, and Tiny-ImageNet-200 datasets. Other interest-
ing applications are extended to segmentation tasks
(Hesse et al., 2019; Gkitsas et al., 2019).

Based on this literature review, we used a neu-
ral transfer model following a trade-off between edge
preservation, flexibility to generate style variations,
time processing, and best visual fidelity under differ-
ent styles. We also compare our methodology to prior
approaches used for style augmentation.

2.2 Deep Network Explanations

Explaining a CNN is focused on analyzing the in-
formation passed through each layer inside the net-
work. Following this idea, several methods were pro-
posed to visualize and obtain a notion about which
features of a deep CNN were activated in one spe-
cific layer. In (Simonyan et al., 2013) (saliency maps)
showed the convolutional activations, (Zeiler and Fer-
gus, 2014) showed the impact of applying occlusion
to the input image. In other methods, they use the
gradients to visualize features and explain deep CNN
networks such as DeepLIFT (Shrikumar et al., 2017),
which computes scores for each feature; Integrated
Gradients (Sundararajan et al., 2017), which com-
putes features based on gradients; CAM (Zhou et al.,
2016), and Grad-CAM (Selvaraju et al., 2017) which
computes relevant regions using gradient and feature
maps. Each method identifies features with high and
strong activation representing the prediction for a spe-
cific predicted category.

Guided by this literature review, we propose a new
method called Style Activation Maps (SAM) based
on the Grad-CAM method applied to style augmen-
tation. We choose this one due to better behavior
and performance against adversarial attacks or noise-
adding techniques (Adebayo et al., 2018; Gilpin et al.,
2018). Our main goal is to understand and interpret
the impact of applying style augmentation in classifi-
cation tasks and analyze their influence.



3 PROPOSED METHOD

In this section, we present theoretical formulation and
some interpretation methods used.

3.1 Style Augmentation

For our experiments, we used the same methodol-
ogy as (Jackson et al., 2018); we nevertheless used
a faster VGG-based network and added noise to di-
versify the style features. Specifically, we used an ar-
chitecture composed of a generalized form of a linear
transformation (Li et al., 2018). Also, we compare
with other related works (Jackson et al., 2018; Zheng
et al., 2019) that use neural style augmentation.

Formally, let C =
{

c1;c2; :::;c j
}

;ci ∈ RN×M×C be
the content image set and let Z =

{
z1;z2; :::;zi

}
;zi ∈

Rn be the precomputed style embedding set from
S =

{
s1;s2; :::;si

}
;si ∈ RN×M×C, are used to feed

the styling algorithm to generate the output set O ={
o1;o2; :::;o j

}
;o j ∈ RN×M×C. Moreover, we denote

zero-mean vectors c j ∈ RN×M×C and zi ∈ Rn. Our
style strategy transfers elements zi from the style set
Z to a specific element from the content set C.

The VGG (“r41”) architecture, denoted as M(:),
maps RN×M×C → RN1×M1×F . and a non-linear func-
tion f(:) maps RN1×M1×F1 → Rn, where N1 < N,
M1 < M and F1 > F . Also, we denote C(:), U(:) as the
compress and uncompress CNN-based networks from
the original paper (Li et al., 2018). f(:) embeds the
input image to an embedding vector that contains the
semantic information of the image. More concisely,
we use this non-linear function to map the original
image to an embedding vector as shown in Eq. 1 for
the content image and Eq. 2 for the style image. In
our implementation, the function f(:) employs a CNN
whose output is used to compute the covariance ma-
trix and feed it to a fully-connected layer.

Since we use an architecture based on linear trans-
formations, which is generalized from previous ap-
proaches (Ghiasi et al., 2017), the transformation
matrix T sets and preserves the feature affinity of
the content image (determined by the covariance
matrix of the content and the style). This is ex-
pressed in Eq. 3. In our implementation, we pre-
computed the style vectors and saved all textures in
memory; thereby, our modifications are described in
Eq. 4 and 5.

fc = f1(V GG(c j)) (1)
fs = f2(V GG(si)) (2)

T = fcf
T
c fsf

T
s (3)

In our implementation, we precompute the style
vector and save all textures in memory; thereby, our
modifications are expressed in Eq. 4 and 5.

T = fcf
T
c (afcf

T
c +(1−a)ẑi) (4)

oi = U(T C(c j))+(a)µci +(1−a)µzi (5)

Where a is the interpolation hyper-parameter
which controls the strength of the style transfer simi-
larly to (Jackson et al., 2018), and ẑi, defined in Eq. 6,
is the embedding vector of the style set with a noise
addition for style randomization.

ẑi ∼ zi + N (µi; s
2
i ) (6)

As argued in prior methodologies, minor vari-
ations increase the randomization in the process;
thereby, we apply noise instead of using a sampling
strategy similar to applying a Gaussian noise in the
latent space of generative networks during the train-
ing. In particular, we set this noise source as a mul-
tivariate normal distribution which means covariance
scales and shifts zi into the embedding space. This is
also useful for understanding the randomization pro-
cess and the influence of the latent space.

3.2 Model Interpretation

In this work, we propose a new method Style Activa-
tion Map based on Grad-CAM to visualize the pre-
dictions and the highlighting regions with the most
representative activated features from styled images.
To do this, we extract from the penultimate layer the
Ak ∈ Ru×v feature maps of width u and height v, with
each element indexed by i,j. So Ak

i; j refers to the ac-
tivation at location (i; j) of the feature map Ak. We
apply the GlobalAveragePooling (GAP) technique to
the feature maps to get the neuron importance weights
defined in Eq. 7.

d
c
k =

GAP︷ ︸︸ ︷
1
Z å

i
å

j

¶yc

¶Ak
i j︸︷︷︸

grad-backprop

(7)

Where dc
k represents the neuron importance

weights, c is the class, Z = u× v the size of the im-
age, k is the k-th feature map, Ak

i j is the feature map,

yc the score for class c, and ¶yc

¶Ak
i j

is the gradient vec-

tor obtained via back-propagation. Next, we calcu-
late the corresponding activation maps for each pre-
diction using Eq. 7. From this point, we propose a
new technique to visualize the highlighted regions in
stylization and their variations. We present two meth-
ods: the Style Activation Map (SAM) defined as the



relevant highlighted regions of the different styles in
predictions and theWeighted Style Activation Map
(WSAM) de�ned as the weighted sum of all styles
applied in all samples per class.

We denote theSAM of a styled image with style
s, style intensitya, and classc by Ic

a;s . Wherea is
the style intensity used,s is the style used. Also, we
have thek-th feature activation mapsAk 2 Ru� v, and
their class scoreyc for classc:

SAMc
a;s = ReLU(å

k
dc

kA
k
a;s ) (8)

We apply the ReLU function to the weighted lin-
ear combination of the feature mapsAk because we
are only interested in features with apositive in�u-
ence. Then, we use this result to obtain theWSAM
doing a weighted mean ofSAMc

a;s and their predic-
tions yc

a;s using all styles and all intensities. We de-
�ne Was the product of total styles and total intensi-
ties evaluated, so we have:

WSAMc =
1
Wå

a
å
s

yc
a;s � SAMc

a;s (9)

Once we calculateWSAMc in eq. 9 we will calcu-
late the total variance region ofm samples to identify
the most signi�cant styles features for the classi�er:

WSAMc
variance=

1
Z � m

m

å
i

(WSAMc
i � yc

i � Ic
i )2 (10)

Where Ic
i is the i-th input sample stylized with

a = 1:0 (no style),Z = u� v the image size, and their
class scoreyc

i for the classc. Our metric shows the
highlighted region variance between an image and its
styles with differentas.

4 EXPERIMENTS AND RESULTS

We perform our experiments using the STL-10
(96� 96) dataset, where samples are distributed in
5,000 and 8,000 labeled data for training and test-
ing, respectively. We disregard the 100,000 un-
labeled data for all our experiments. Besides,
all experiments were performed using �ve differ-
ent networks with high performance, such as Xcep-
tion (Chollet, 2016), InceptionV3-299 (Szegedy
et al., 2015), InceptionV4 (Szegedy et al., 2016),
WideResNet-96 (Zagoruyko and Komodakis, 2016),
and WideResNet-101 (Kabir et al., 2020). We
also compare our results with other state-of-the-
art style augmentation like SWWAE (Zhao et al.,
2015), Exemplar Convnet (Dosovitskiy et al., 2014),
IIC (Ji et al., 2018), Ensemble (Thoma, 2017),

(a)

(b)
Figure 1: (a) Visualization using t-SNE, samples with their
style augmentation. (b) Different styles with variations of
the parametera from 1.0 (no stylization) to 0.0 (style aug-
mentation) on images.

WideResNet+cutout (DeVries and Taylor, 2017), In-
ceptionV3 (Jackson et al., 2018), and STADA (Zheng
et al., 2019).

4.1 Style Augmentation

First, we explore the effects of style augmentation
through t-SNE visualization of images after apply-
ing the styler network to a subset of the test set Fig-
ure 1a; we note some clusters of original images and
their styles separate a bit of distance such as truck and
horse. In Figure 1b, we performed some styles us-
ing somea values to �nd the best balance between
style and content information as described above in
Eq. 5. However, we emphasize the difference between
traditional augmentation and the classical technique
like rotation, mirroring, cutout (DeVries and Taylor,
2017), etc. With style augmentation, we increase the



number of samples using about 80 000 styles and
sampling for style intensity. Figure 1b shows differ-
ent styles and differenta values (style intensity) from
0.0 to 1.0 by steps of 0.2.

Images with augmentation strategies for train-
ing deep models include traditional augmentations,
cutouts, and our style augmentation method using a
lower style effect (a = 0:7). At this point, we can
considerstyle augmentationas anoise-adding tech-
nique or adversarial attacker due to the style distor-
tion, which makes images more challenging to repre-
sent and be associated with the correct class.

4.2 Training Models

For experiments, we de�ne four learning strategies,
which are composed of no augmentation (None or
N/A), traditional augmentation (Trad), style augmen-
tation (SA), and both (Trad+SA) for each model. In
Table 1, we present the quantitative comparisons be-
tween the state-of-the-art methods in style augmen-
tation using styling and architectures for the STL-10
dataset; the Extra column means additional data is
used to train that model, Trad column means tradi-
tional augmentation plus cutout, and Style column in-
dicates our style augmentation.

Network Extra Trad Style Acc

SWWAE X X 74.33
Exempla Conv X X 75.40
IIC X X 88.80
Baseline X 75.67
Ensemble X 77.62
STADA� X X 75.31
InceptionV3-299� X X 80.80
Xception-96� X X 82.67
Xception-128� X X 85.11

73.37
X 86.19

X 74.89Xception-256*

X X 86.85

79.17
X 86.49

X 80.52InceptionV4-299*

X X 88.18

77.28
X 87.26

X 83.58
WideResNet-96*
(WRN)

X X 88.83

87.83
X 88.23

X 92.23
WideResNet-101*
(WRN)

X X 94.67

Table 1: Accuracy comparison of data augmentation meth-
ods in STL-10 (� ) indicates results performed by us.

(a)

(b)
Figure 2: (a) In�uence of the application of styles on a sub-
set of the test set. (b) Comparison of WideResNet-101 ro-
bustness under style augmentation setting during training.
Accuracy vs. style transfer (a = 0:5) for a subset of the test
set.

We note that in all cases, style augmentation helps
to improve results. Besides, we found that models
with higher input resolution reached higher accuracy
after applying the styling method shown in Figure 2a.
Experiments on different input sizes support this af-
�rmation (Chollet, 2016).

Furthermore, in Figure 2b, we analyze the in�u-
ence of style additions to a subset of the test set com-
posed of 100 samples (10 samples per class), com-
puting their average accuracy in each point on axis X
consisting of an overall 20,000 random styles, these
styles were sorted following from greater to lower ac-
curacy. Note that the accuracy of the model trained
without style augmentation decreased drastically for
some styles. In contrast, the use of styles in training
becomes the same architecture more robust to strong
variations without losing accuracy.



5 STYLE ACTIVATION MAPS
VISUALIZATION

Once our training step was �nished, we evaluated
and understood the stylization behavior in our mod-
els. First, in Figure 3a, we show how our Style Acti-
vation Map works. Each row is the model, and each
column is the learning strategy using no augmentation
(N/A), using only style augmentation (SA), using tra-
ditional augmentation plus cutout (Trad), and using
both (Trad+SA). We take a random sample with no
style (a = 1) to calculate their SAM (style activation
map) for each model and each augmentation strategy.
From this, we see how both Trad and Trad+SA help
the models to focus on the plane instead other regions
like no augmentation (N/A). Also, it is important to
highlight that the better the prediction, the more ac-
curate the region in the object (in this case, a plane).

(a)

(b)
Figure 3: Comparing SAM results: (a) We compare
SAM from different models (rows) using the augmentations
strategies: None, Trad, SA, and Trad+SA (columns). (b)
We compare SAM of the WideResNet-101 trained using
N/A, Trad, SA, and Trad+SA tested on the same image and
style but varying the style intensitya as input.

On the other hand, using the best model
WideResNet-101, we use the same random sample
(a plane) to test the different learning strategies us-
ing the same style but varying thea parameter. Let's
say, in this case, we will use as input the stylized sam-
ple. In Figure 3b, we show the in�uence of image

stylization. Each row means learning strategy N/A,
SA, Trad, and Trad+SA. So, each column implies that
the styled input sample bya value varies from 1.0
(no intensity/style) to 0.0 (more intensity) before be-
ing evaluated by each network. We saw that a styled
image tested in a model which does not use SA gets
too bad results, but this did not happen in the model
trained with SA. Also, the SAM-relevant regions in
styled models tend to be constant along thea varia-
tions.

(a)

(b)
Figure 4: Comparing SAM results: (a) WideResNet-101
SAM results using different values fora, different styles,
and different samples. (b) WideResNet-101 SAM results
show the negative impact styles (3 on the left side), positive
impact styles (3 on the right side), and no style evaluated
for a = ( 0;0:5;0:9) to one input image (middle).

In Figure 4a, we show different samples, styles,
anda values. We show the in�uence of style in ran-
dom samples with random styles; we note that some
styles exist which don't help to improve prediction.
Otherwise, it gets worse. From this result, we say
somestyles can in�uence positively, negatively, or
do not impact the input image. In addition, this re-
sult shows how the relevant regions for the network
change depending on the style, and these two results


