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Abstract

Recent studies demonstrate that deep learning model is easily biased by trained with unbalanced datasets. For
example, the deep network can be trained to make a prediction by background feature instead the real target’s feature.
For those problem, a measurement called leakage was introduced to digitize this tendency. In this paper, we propose
augmentation strategy which are used generally in computer vision problem to remedy this bias problem and we

showed a simple augmentation methods have a effect to this task with experiments.

1. Introduction

Upon development of peripheral environment of compu-
tational learning such as accumulation of big data and the ad-
vanced technology of parallel computing, deep neural net-
works have renown for its learning capability and ability to
solve various range of tasks (e.g. image recognition [2], ma-
chine translation [3], generative model [4]). At this moment of
artificial intelligence being integrated to real world services,
non-technical issues (e.g. ethical, social) are emerged. For in-
stance, the existence of accuracy disparities in neural network
model which trained to solve face recognition task was re-
ported on Buolamwini et. al. to warn for commercial gender
classification applications and the authors demanded urgent
attention to this problem(gender shades MIT media-lab). To
outline this, the model made worst accuracy score when they
predict darker-skinned female. On the other hand, lighter-skin
male showed the best error rate. This was supposed to occur
with respect to class biased training dataset. The other problem
also reported that trained deep network doesn’t use the main
feature of target class to decide its prediction, instead it looks
other background information [10]. For example, to predict
woman the model use features like ‘long hair’ or ‘white dress’
rather than utilize the physical characteristics of female. Other
method [6] proposed the measurement of gender bias of image
feature space using reverse engineering strategy and proposed
adversarial approach this gender bias problem on MS-COCO
dataset [1].

In this paper, we propose simple and applicable data aug-
mentation strategy to many neural network pipeline especially
image recognition task. Named mixup [7] and cutmix [8], these
methods are mixing two or more data onto one which has con-
taining many soften features and relaxed class label infor-
mation. We was able to show that the gender bias problem was
mitigated by augmentation approach on subset of MS-COCO
dataset which male is major class whereas female is minor.
We will introduce about the two augmentation method and

leakage measurement to measure gender bias. Then, we will
show the specific experiment method and results at following
sections.

2. Leakage measurement

In image recognition problem, such relationships between
classes can occur class correlation on dataset. For instance,
class ‘long hair’, ‘lipstick’ are more likely to be appeared with
‘woman’ class. Models trained with this type of datasets are
prone to predict images which has ‘long hair’ or ‘lipstick’ as
‘woman’ class. Numerically express how trained model likely
to be affected by internal classes relation of dataset, we use
leakage [6]. Leakage is measured by train and evaluate base
model called attacker [6] with internal class label and its orig-
inal label. Attacker is expected to behave as reverse engineer-
ing about internal classes in the input images original label.
we simply point out formal definition of leakage and other no-
tations. Suppose an annotated dataset D is given which con-
tain three attributes (x,y,c) that mean image, class label, in-
ternal class label each. And we refer attacker as f. The dataset
leakage € is:
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Where 1{-} isthe indicator functionand (y;,c;) is datasam-
pled from dataset D. The |D| indicates the number of sam-
pled in dataset D. The term dataset leakage ¥ is identical
to performance of attacker f w.r.t training dataset, in other
words, ‘accuracy’. For measure the degree of model bias we
introduce similar measurement to dataset leakage which
named model leakage €y:
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Where J; = H(x;), prediction of model H about input data
x;. H 1is pretrained with data x and its original targets y.
The magnitude of model bias defined to distance of two leak-
age scores called bias amplification, A = €y — €. Our goal
is to curtail A to introduce simple approach.

3. Data augmentation

‘Mixing’ strategies are able to show effect to mitigate the
proposed problems by internal class bias [5, 6]. The following
two methods are simple and easy to apply to current training
pipeline.

3.1 Mixup

One of our augmentation strategy to relax biased training
with internal class representation is mixup [7]. Mixup linearly
mixes two different data sampled from same dataset with mix-
ing proportion parameter A. The proportion of two different
data A is determined at random and drawn from the beta dis-
tribution A ~ Beta(a, a),a € (0,). Then, we can define
mixed data (Xpixedr Vmixea) Which is sampled from the fol-
lowing vicinal distribution [9] called mixup:

,U(xmixupr Vmixup |Xi, yi)
n

= = B [B (S H1A% V351 )]
J

Also we can write sampled data from this distribution as:

Xmixup = Ax; +(1'/1)'Xj
ymixup = yi+(l_;\‘)' y]

Where the (x;,y;) and (x;,y;) are two data sampled at ran-
dom from dataset.

In this paper, the key property of mixup that blends two data
while they keep their characteristics after mixed will help to
achieve our goal ‘reduce internal bias’. Features of each data
are weaken by multiplied with A or 1 —A but the mixed
data X,,;.q contains broader range of features. The target
Ymixea has two different softened labels with regarding to
data x,,;xeq- In learning procedure, this mixed information
which contain two different internal classes feature will guide
model to learn less biased representation.

3.2 Cutmix

Possessing the key property of mixup, blending infor-
mation of two data, cutmix [8] showed effect on relaxing bi-
ased learning. However, in detail of mixing algorithm mixup
and cutmix are distinct. Suppose we manage image datasets.
To generate mixed sample (Xcytmixs Yeurmiz) from (x;, y;)
and (x;,y;), proportion of two different data A drawn from
uniform distribution which is a special case of beta distribu-
tion Beta(1,1). The masking area M is generated from A.
Then the mask region of sample image x; will be replaced to
cropped patch of x; by the mask M. Following show this

Xeutmix = M Oxj +(1-M)Ox
Yeutmix = /1')/]. + (1 -y,

Gender Split Man # Woman #
balance
False no balance 16,225 6,601
y=1 3,078 3,078
y=2 8,885 6,588
y =3 10,876 6,598
Val 3,813 1,554
Test 3,894 1,579
True Train 3,000 3,000
Val 1,500 1,500
Test 1,500 1,500

Table 1. Dataset with several split conditions, used to train,
validation, test Resnet model and measure leakage. Gender
balance and y is hyperparameter which influence to gender
quantity of data.

Learning Model mAP

rate mixup cutmix normal
le-5 42.593 39.555 45.765
le-4 51.274 50.062 52.858
le-3 52.882 49.595 52.901

Table 2. This table shows the resnet model suffered underfit-
ting problem. Instead to extend training epoch we increase
learning rate to observe convergence. Lr with 1e-3 shows best
mAP scores.

Where ©® iselement-wise multiplication. W, H are width and
height of image. Mask region M € {binary}"*# is initial-
ized to zero first then filled with 1 accordingly box coordinates
(T Ty Twy ). Ty and 7, are the center coordinates of mask-
ing region which are drawn from uniform distribution
1,,~U(0,W),1,~U(0,H). 7, and 1, are determined by A,
Ty =WVl—-A4r =HVl—-A

Similar to mixup, Xcyuimixz ad Yeuemix also has two differ-
ent softened features and labels. However, ‘erase out and fill
with another one’ strategy is able to lead a risk to lost some
information of original in image space. But this strategy can
assist to relax down the internal class bias problem by cutting
off correlation between features and internal classes.

4. Experiments

In this paper, we show the effect of two mixing augmenta-
tion methods on the relaxing internal class bias problem. Ex-
periment setting and training method are introduced at section
4.1 and the results are shown at table 2 of section 4.2.

4.1 Experiment Environment

We have taken experiments based on the similar setting of
Wang et. al. which discussed about gender bias problem. Gen-
der dataset of extracted subset of MS-COCO was used with
several setting in regard of gender class balance. This gender
class balance was determined by hyper-parameter y. Transfer
learning is effective strategy to handle classification task. We
used ResNet-50 [11] pretrained on Imagenet as base model to
train and evaluate internal gender bias. We set training epoch
to 50 for fine-tuning pretrained Resnet model. We followed
the same architecture of attacker to measure leakage and bias.
We did not use F1 score measurement to derive bias amplific-
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Attacker | Augment Model leakage Minimun
gender gender Splits Dataset leakage . . bias
balance balance mixup cutmix normal amplification
no balance | 73.85+0.19 7738+ 0.39 | 77.61£0.17 | 78.49 £ 0.29 3.98
False y=3 73.28 + 0.37 7482+ 036 | 7484+0.62 | 7597 +0.14 1.54
False y=2 68.42+2.19 | 74264+036 | 73.04+0.43 | 76.21 +0.42 4.62
y=1 5234 +1.14 64.78+1.60 | 64.66+1.71 | 67.79 +1.55 12.32
y=3 73.28 + 0.37 75.07 £ 0.56 | 76.63+0.50 | 75.97 +£0.14 1.79
True y=2 68.42 + 2.19 73.85+0.54 | 73.09+0.57 | 76.21+0.42 4.67
y=1 5234 +1.14 6430+ 0.82 | 6494+0.79 | 67.79 +£ 1.55 11.96
y=3 70.78+ 046 | 69.20£0.87 | 71.33+0.12 2.14
False y=2 69.43+0.80 | 67.75+0.61 | 70.86 +1.21 0.69
y=1 68.69+0.37 | 68.58+0.87 | 69.86+ 0.53 1.52
True y=3 | 07061056 =i 106 | 6892+ 054 | 7133 & 0.12 1.06
True y=2 69.65+1.24 | 67.53+0.62 | 70.86 +1.21 0.47
y=1 64.30+0.82 | 64.94+0.79 | 69.86+ 0.53 -2.12

Table 3. Comparisons of two different training data augmentation and normal(without any other augmentation) conditions.
Highlighted to light gray color indicates that best condition of each experiment environment. The model was trained with
learning rate 1e-3. We also highlight best bias amplification score to gray color, the model trained with dataset split ratio 2 and
cutmix with balancing sampled gender class method shows best amplification score when the attacker trained with gender
balanced status. In every experiment setting on this table, mixup or cutmix shows better model leakage.

ation instead we use accuracy measure. Performance of
trained model is measured with mAP score. We compared ex-
periments of three different settings, ‘with mixup’, ‘with cut-
mix’, ‘without mixing augment’.

In detail of learning process, every model was trained with
splits of dataset (Table 1). We wrapped Pytorch dataset to
mixup dataset with fixed parameter of beta distribution a to
one. Cutmix implemented similar way to mixup. We mixing
only two images and we divided mixing sampling into two
cases, one was sampling two data at random and the other was
sampling data at balanced gender ratio. Later case means that
mixed image should contain both gender features and the label
should contain two gender classes. Wang did experiments
with fixed learning rate but we used learning rate of le-5, le-
4, le-3. The attacker was trained with different splits of da-
tasets contrasting with Wang et. al. which used only gender
balanced dataset.

4.2 Results

To summarize the results of our experiments, in most cases,
mixup and cutmix have shown that they reduced bias amplifi-
cation between model and dataset leakage (Table 3). However,
the performances of Resnet model which trained with selected
MS-COCO dataset are dropped slightly measured with mAP
score whereas performance improvement was reported on
mixup and cutmix with Imagenet dataset. We conducted ex-
periments to observe the influence of internal class balance on
the leakage and bias amplification. We was able to observe
that leakage was decreased when the class ratio goes to equal
but the bias amplification was largely increased. Control
learning rate of transfer learning also have shown effect to
model performance (Table 2). We conducted other experi-
ments with learning rate 1e-3 which showed the best model
performances. In default setting of Wang et. al., we could dis-
cover the underfitting issue it was arisen owing to insufficient
learning rate which makes model parameters to stopped before
it trained enough.

5. Conclusion

In this paper, we investigated to simple augmentation
method to relax internal bias problem called mixing augment
which is effective to this type of task. However it still remains
hard work to remedy bias problem and improve model perfor-
mance both.
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