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Abstract

Convolutional Neural Networks achieve the state-of-the-
art in image classification task. However, their depen-
dence on training data distribution makes encoded repre-
sentation partial on biased condition. Existing unbiased
training methods need to define bias on multi-variant sen-
sory datasets. To address this issue, we propose a new
framework that does not need to know which the bias is
in given training dataset. We find biased classifier is es-
pecially vulnerable when they are overly dependent on bi-
ased features. Under this observation, the proposed frame-
work refers hierarchically different features from stacked
convolution layers. They are transmitted to calculate dis-
criminative confidence via orthogonally regularized opera-
tions. This framework enforces the model to be dependent
on multi-level features and so be robust on biased distri-
bution. Extensive evaluation on newly constructed feature
dataset and intentionally biased dataset demonstrate our
proposed framework is effective to unbiased learning. To
contribute to future research, code of this work is available
on https://github.com/aandyjeon/biases-
are-features

1. Introduction

As the field of applying machine learning algorithms
increases, the importance of robustness in machine learn-
ing is also increasing. As a branch of research for robust-
ness, unbiased training methods have recently been dedi-
cated [5, 11, 2, 1] . The model could be biased because
the learning process of the machine learning algorithm is
highly dependent on the training data distribution [22, 23].

Although a well-distributed dataset can reduce the bias of
the model, it is difficult to define and construct. The biases
are learned as meaningful features on biased data distribu-
tion, which makes the model unrobust in real-world. To
train the model unbiasedly, a clear answer to Which is the
bias? is required.

In an image classification task, Geirhos et al. [5] and
Banhg et al. [2] consider texture as bias. Kim et al. [11] de-
fine color or age as bias. Adeli et al. [1] consider shade on
face and gender as bias to be unlearned. They show robust
results for several biased datasets by reducing the use of bias
in the training process. However, their proposed framework
defines bias and minimizes the dependency on it, which is
limited in following twofold: (i) Different distributions for
different datasets make it difficult to define bias. And pre-
viously undefined bias could induce a biased model. (ii)
Although a bias can be employed as an important feature in
prediction, a model gives it up for unbiased training. To ad-
dress these issues, we do not define bias and assume all the
biases are features. We use both biased and unbiased fea-
tures for training, but regularize the model to avoid being
overly dependent on few features.

According to [5], the ImageNet trained CNN-based clas-
sification model is highly dependent on texture. Inspired
by [5], we experiment feature dependency of state-of-the-
art models on more various features from several datasets.
It is confirmed in the performance gap of the pre-trained
model between the original test set and feature images in
test set. In our experiment, class-specific features (e.g. ear,
eye, nose) is considered as an important feature while color,
silhouette and edge are not. A model trained too depen-
dently on a few features are vulnerable to real-world data in
which these features are absent (see Figure 1).
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Figure 1. Performance gap between biased test sets. Each of the X-axis of the graph denotes VGGNet(blue), AlexNet(orange), Mo-
bileNet(green), and ResNet(red) respectively. Y-axis denotes the accuracy on Oxford-IIIT Pet Dataset which is composed of dog and cat
images for classification. Note that in binary classification, the accuracy of 50% means the model almost does not work.

In the process of training sequentially stacked layers in a
classification model, each layer shows hierarchical nature of
the features [25]. For instance, shallow layers capture cor-
ners and edge/color conjunctions. And deep layers capture
significant variation and class-specific features. In this re-
gard, low-level features and high-level features can be con-
sidered as subsets of the entire feature set that make up the
input images. We use feature maps from different layers to
regularize that the trained model is dependent on a small
number of features. Our main contributions can be summa-
rized as follows:

1. Our experiment on various feature images from sev-
eral dataset indicate that previous image classification
framework is highly dependent on few features, which
makes the model vulnerable to the biased dataset.

2. We propose a new framework for unbiased training
that employ intermediate feature maps sequentially
generated from CNN-based model. With this frame-
work, bias is not needed to be defined because unbi-
ased other features can be exploited for prediction.

3. We present a feature dependency estimating protocol,
which is the performance gap between highly biased
test sets.

2. Related Work

2.1. Robustness

A test image to which an imperceptible non-random per-
turbation is applied often change the network’s prediction
[21, 18, 6, 17, 26]. Although deformations of input dur-
ing training increase the robustness [12], they are limited to
cover different distribution from original dataset such as ad-
versarial examples [21]. To address adversarial examples, a
line of works is dedicated.

Deep neural networks are often incapable of correctly
assessing the uncertainty in the training data and so make

overly confident decisions about the correct class, predic-
tion or action [3]. In real-world decision making systems,
however, classification networks must not only be accurate,
but also should indicate when they are likely to be incorrect
[7, 10]. For this issue, works to evaluate predictive uncer-
tainty are dedicated [13, 19].

Modern neural networks are known to generalize well
when the training and testing data are sampled from the
same distribution. However, when deploying neural net-
works in real-world applications, there is often very little
control over the testing data distribution [15]. To reduce
performance gap between different distribution, a line of
works are dedicated [8, 14, 9].

2.2. Bias Removal on Image Classification

The bias removal protocol has recently become a ma-
jor branch of robustness in deep learning. Kim et al. [11]
employ an additional network to predict the bias distribu-
tion and train the network adversarially against the feature
embedding network. They formulate regularization loss
based on mutual information. Geirhos et al. [5] show
that CNNs trained on ImageNet are strongly biased towards
recognising textures rather than shape variation, which is
in stark contrast to human behavioural evidence.They con-
struct Stylized-ImageNet which make the model be able to
learn shape-based representations. Bahng et al. [2] encour-
age de-biased representation to be different from a set of
representations that are biased by Hilbert-Schmidt indepen-
dence criterion. They assume that the model can be inten-
tionally biased towards texture by reducing the receptive
fields. Although HEX [24] is proposed to address domain
adaption problem, it can be applied to bias removal task.
The authors of [24] quantify texture bias by utilising the
neural gray-level co-occurrence matrix. The biased features
are encouraged to be removed through the projection in the
learned representations. Adeli et al. [1] define surrogate
loss for predicting the bias while quantifying the statisti-
cal dependence with respect to target bias based on squared
Pearson correlation.
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Figure 2. Overall architecture of our proposed model

3. Problem Statement
We define an image as a set of features X =

{x1, x2, x3, . . . }, where xi denotes the features (e.g. color,
texture, shape, . . . ). Biased model problem can be ex-
pressed as follow:

I(b(Xtrain);Y )� I(b(Xtest);Y ) ≈ 0, (1)
I(b(X);D(X))� 0, (2)
b(X) ⊂ {x1, x2, x3, . . . }, (3)

where Xtrain and Xtest denote the random variable sam-
pled during the training and test procedure, respectively,
I(a; b) denotes the mutual information between a and b,
D(X) denotes the discriminative network and b(X) denotes
the bias of X . Biased training data results in the biased
networks, so that the network relies heavily on the bias of
the data. Note that Biases defined in previously dedicated
works [5, 11, 2, 1] are age, color, texture, which could be
also considered as features.

The training procedure is to optimize the following prob-
lem:

min
θD

E[Lc(Y,D(X))] + λI(b(X);D(X)) ≈ 0, (4)

where Lc(a, b) denotes cross-entropy loss, and λ is a hyper-
parameter to balance the terms.

In this paper, we aim to regularize our model to employ
multiple features in input image and so robust on biased
dataset. To estimate the robustness of our model on feature-
absented test set, the performance gap between X and the
subset of X (e.g. X − xi or xi) is evaluated. To estimate
the robustness of our model on biased test set, experiments
on biased dataset such as colored MNIST are exploited.

4. Proposed Method

Our goal is to design a framework to regularize the model
not to be highly dependent on certain minority features.
According to the analysis in [25], we assume the features
made hierarchically from low to high-level by sequentially
staked layers could be helpful for the model robustness. Our
proposed model consists of a baseline network, which is a
sequentially stacked convolutional neural network such as
VGGNet, and a main network that makes final predictions
utilizing multiple features. (see Figure 2) The baseline net-
work extracts features, and the main network is trained to
exploit these features effectively. In order to perform their
respective roles independently, the backpropagation steps
of the two networks are performed independently with the
weight of the other network being frozen. All the feature
maps from different blocks of baseline network are em-
ployed for prediction (See Figure 2). We define repeating
layers as a block (A conv-conv-pool-conv-conv-pool net-
work consists of two conv-conv-pool blocks). The set of
feature maps F can be expressed as:

F = {f1, f2, f3, . . . , fn}, (5)

where fi denotes feature maps extracted from the base-
line network sequentially. Note that all the fi are different
sizes.The feature maps should be same size to be concate-
nated by 1 × 1 convolution operation and global averaging
pooling. With the results squeezed spatially and channel-
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Figure 3. Animal Faces-HQ dataset feature images. From left are original, gray, edge, texture, eye, and nose images.

wisely, the concatenated outputs are as below,

GA = [g1, g2, g3, . . . , gn]

G0,1 = [0, g2, g3, . . . , gn]

. . .

G0,i = [g1, g2, g3, . . . , 0, . . . , gn]

. . .

G0,n = [g1, g2, g3, . . . , 0],

(6)

where gi ∈ RN×N×C denotes squeezed feature from each
fi, GA and G0,i denote the result from all of the extracted
features and the set of features excluding one feature re-
spectively, 0 denotes a padding matrix with all zeros, and
[;] denotes concatenation. Please note that G0,i is used for
projection in Section 4.2

4.1. Orthogonal Network

Figure 4. Orthogonal network

Even if hierarchically different features from different
blocks are transmitted independently, they can still be com-
bined to make predictions dependent on a small number of

features. In particular, operations that share weights be-
tween channels, such as convolutional layers and fully con-
nected layers, are vulnerable to this issue. Inspired by [16],
we exploit orthogonal convolution and orthogonal squeeze
block to maintain low to high-level features for final predic-
tion (See Figure 4).

Main network receives concatenated features GA ∈
Rn×N×N×C as input and outputs confidences for predic-
tion. Orthogonal convolution is n-grouped convolution of
which weights are regularized by orthogonal loss. Orthog-
onal convolution can be formulated as:

Cconv =
Wconv ·WT

conv

‖Wconv‖ × ‖WT
conv‖

Lorth =
1

n2

n∑
i=1

n∑
j=1

Cconv(i, j),

(7)

where Wconv denotes n-grouped convolution weight,
Cconv ∈ Rn×n denotes cosine similarity matrix between
weights.

Following squeeze operation is applied n-grouped fea-
tures independently with orthogonal loss between weights
one another. Squeeze operation can be expressed as:

Fsqueeze =
1

N2

N∑
i=1

N∑
j=1

Wsqueeze(i, j)×G(i, j) (8)

where Wsqueeze ∈ RW×H , of which W and H are
feature maps’s spatial size, denotes squeeze weight and
Fsqueeze ∈ R1×1×channels denotes the output of squeeze
operation. With n numbers of Wsqueeze, objective function
for orthogonality can be expressed as:
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Wconcat = [Wsqueeze1,Wsqueeze2, . . . ,Wsqueeze3]

Csqueeze =
Wconcat ·WT

concat

‖Wconcat‖ × ‖WT
concat‖

Lorth =
1

n2

n∑
i=1

n∑
j=1

Csqueeze(i, j),

(9)

where [;] denotes concatenation, Csqueeze ∈ Rn×n de-
notes cosine similarity matrix between weights.

4.2. Projection

Figure 5. Projection

Although feature maps obtained from sequentially
stacked layers are different features of the image, there may
be some overlaps between these feature maps. This make
the model biased on much-overlapped features. We assume
features can be expressed as sum of multiple directions on
representation space. Projecting all the concatenated fea-
tures to some sub space enforce model to exclude features
on sub space (See Figure 5). With this operation, low to
high-level features are discriminated once again. Inspired
by [24], we apply projection method to select only com-
pletely independent features. The projection operation can
be formulated as follow:

Gp,i = (I −G0,i(G0,i
TG0,i)

−1G0,i
T )GA (10)

FA = [Gp,1, Gp,2, Gp,3, . . . , Gp,n] (11)
ŷ = softmax(FC(FA)), (12)

where Gpi denotes the projected matrix of GA by G0i,
and softmax and FC denote softmax activation layer and
fully connected layer, respectively.

5. Experiments
In this section, we present dataset we utilized, implemen-

tation and results.

5.1. Dataset

In this paper, we utilize Animal Face-HQ (AFHQ)
dataset [4] and colored MNIST [11]. Among dog, cat, and
wild in AFHQ dataset, we employ dog and cat images be-
cause various wild animals have inconsistent features. To
evaluate feature dependency of proposed model, We con-
struct feature subset of X (e.g. Xi, X − Xi in Section 3).
For gray and edge feature images, we apply gray scaling
and canny edge algorithm respectively. Texture and class-
specific features (ear, eye, nose) are cropped manually to
extract exact location. As AFHQ dataset consists of images
X ∈ R512×512, cropped feature images have enough se-
mantic information for discrimination (see Figure 3).

Colored MNIST is a intentionally biased dataset planted
color bias into the MNIST dataset. ten distinct colors are
assigned to each digit category as their mean color. each
color of digit are sampled from normal distribution of cor-
responding mean color and given variance. For variance σ2,
from 0.02 to 0.05 with a 0.005 interval are applied.

5.2. Implementation

In the following experiments, we evaluate performance
gap between gray, edge, texture, and class-specific feature
images on AFHQ dataset. And colored MNIST dataset
is exploited to evaluate the effectiveness of our proposed
method on intentionally biased dataset.

We use VGGNet11 [20] as baseline network architec-
ture for AFHQ dataset and plain network with four convo-
lution layers for colored MNIST experiments. VGGNet11
is pre-trained with ImageNet data and fully connected layer
is added for binary classification. For plain network, every
convolution layer is followed by batch normalization and
ReLU activation layers.

5.3. Results

AFHQ dataset we compare our model to baseline net-
work VGGNet11 performance gap between feature images
of AFHQ dataset to evaluate whether our proposed frame-
work reduces feature dependency variance. all the perfor-
mances below 0.5 are rounded up to 0.5. In our experiment
on orthogonal network, the accuracy of highly dependent
feature ear is reduced, and that of edge is increased (See Ta-
ble 2). Additional ablation study demonstrates orthogonal-
ity between weights helps generalization ability of model
(See Table 3).

Colored MNIST We compare our proposed framework
with other methods that can be used for this task. Bias re-
moval model can be categorized to supervised model, which
needs bias as explicit label, and unsupervised model. Note
that although explicit labels are not needed for HEX [24]
and rebias [2], they are different framework from our model
in that they are designed to unlearn pre-defined bias such as
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Method Baseline (baseline) rebias Projection(our) Orthogonal (our) Kim et al. [11]
Unsupervised Unsupervised Unsupervised Unsupervised Supervised

0.02 (σ2) 0.4000 0.4966 0.4856 0.5169 0.6700
0.025 0.5486 0.5723 0.6363 0.5803 0.7100
0.03 0.6422 0.7005 0.6737 0.6792 0.7800

0.035 0.6896 0.7838 0.7771 0.7725 0.8150
0.04 0.7628 0.8297 0.8417 0.8064 0.8600

0.045 0.7964 0.8733 0.8697 0.8709 0.8900
0.05 0.8448 0.8837 0.9009 0.9242 0.9200

Table 1. Experiment on colored MNIST. All the results are the average of three experiments.

color, texture. HEX [24] is excluded in our experiment be-
cause they use gray-scaled images as input, which remove
color bias. Our projection and orthogonal method outper-
form baseline network on all the dataset and state-of-the-art
on some deviations (See Table 1). Additional ablation study
demonstrates orthogonality between weights is effective to
unbiased learning (See Table 4).

test set baseline network orthogonal network
original 1.0000 0.9990

gray 1.0000 0.9985
edge 0.5010 0.5613

texture 0.5190 0.5048
ear 0.6924 0.6241
eye 0.5000 0.5008
nose 0.5740 0.5183
Table 2. Feature dependency on AFHQ dataset

Orthogonal X
gray 0.999 0.999
edge 0.500 0.561

texture 0.507 0.505
ear 0.589 0.624
eye 0.593 0.501
nose 0.512 0.518

Table 3. Ablation study on feature dependency test. The number
of parameter and operation of comparison model is same as our
proposed model. Grouped convolution of orthogonal network is
replaced to convolution operation and orthogonal loss is not em-
ployed.

6. Conclusion
In this work, we consider that discriminative model is

vulnerable to biased datasets when trained dependent on
certain minority features. To address this issue, we propose
a framework that exploits multi-level features hierarchically
created by sequential convolutional layers. hierarchical fea-
tures are maintained until the final prediction through or-
thogonal convolution and squeeze block. This framework

Orthogonal X
0.02(σ2) 0.457 0.517

0.025 0.547 0.580
0.03 0.644 0.679

0.035 0.729 0.773
0.04 0.782 0.806

0.045 0.827 0.871
0.05 0.866 0.924

Table 4. Ablation study on colored MNIST dataset. The number
of parameter and operation of comparison model is same as our
proposed model. Grouped convolution of orthogonal network is
replaced to convolution operation and orthogonal loss is not em-
ployed.

does not need to define bias, which is more appropriate than
existing unbiased learning methods in real-world. Exten-
sive experiment on newly constructed feature evaluation set
demonstrate our proposed framework has even distribution
of performance. Discrimination based on multiple features
is confirmed to be robust on biased dataset. We hope that
this framework will add value to the future research.
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