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Abstract. Deep image classifiers have been found to learn biases from
datasets. To mitigate the biases, most previous methods require labels of
protected attributes (e.g., age, skin tone) as full-supervision, which has
two limitations: 1) it is infeasible when the labels are unavailable; 2) they
are incapable of mitigating unknown biases—biases that humans do not
preconceive. To resolve those problems, we propose Debiasing Alternate
Networks (DebiAN), which comprises two networks—a Discoverer and
a Classifier. By training in an alternate manner, the discoverer tries to
find multiple unknown biases of the classifier without any annotations of
biases, and the classifier aims at unlearning the biases identified by the
discoverer. While previous works evaluate debiasing results in terms of a
single bias, we create Multi-Color MNIST dataset to better benchmark
mitigation of multiple biases in a multi-bias setting, which not only reveals
the problems in previous methods but also demonstrates the advantage of
DebiAN in identifying and mitigating multiple biases simultaneously. We
further conduct extensive experiments on real-world datasets, showing
that the discoverer in DebiAN can identify unknown biases that may
be hard to be found by humans. Regarding debiasing, DebiAN achieves
strong bias mitigation performance.

Keywords: Bias Identification, Bias Mitigation, Fairness, Unsupervised
Debiasing

1 Introduction

Many studies have verified that AI algorithms learn undesirable biases from the
dataset. Some biases provide shortcuts [18] for the network to learn superficial
features instead of the intended decision rule causing robustness issues, e.g.,
static cues for action recognition [7,11,40]. Other biases make AT algorithms dis-
criminate against different protected demographic groups such as genders* [3,25—
27,58,61,66] and skin tones [9,23], leading to serious fairness problems. Therefore,
it is imperative to mitigate the biases in Al algorithms. However, most previous
bias mitigation methods [4,54,60,64,66] are supervised methods—requiring anno-
tations of the biases, which has several limitations: First, bias mitigation cannot
be performed when labels are not available due to privacy concerns. Second,

*In this work, “gender” denotes visually perceived gender, not real gender identity.
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they cannot mitigate unknown biases—Dbiases that humans did not preconceive,
making the biases impossible to be labeled and mitigated.

Since supervised debiasing methods present many disadvantages, in this work,
we focus on a more challenging task—unsupervised debiasing, which mitigates the
unknown biases in a learned classifier without any annotations. Without loss of
generality, we focus on mitigating biases in image classifiers. Solving this problem
contains two steps [2,14,36,45,52]: bias identification and bias mitigation.

Due to the absence of bias annotations, the

first step is to assign the training samples into
different bias groups as the pseudo bias labels, D discovers unknown biases in C.
which is challenging since the biases are even
unknown. The crux of the problem is to define
the unknown bias. Some previous works make
strong assumptions about the unknown biases € mitigates unknown biases identified by D.
based on empirical observations, such as bi- Fig.1: DEBIASING ALTERNATE
ases are easier to be learned [45], samples from NETWORKs (DebiAN). We alter-
the same bias group are clustered in feature nDately train two networks—a dis-
space [52], which can be tenuous for different ¢over and a classifier. Discoverer
datasets or networks. Other works quantify actively ,ldentlﬁes classifi er’s.un—
the unknown biases by inversely using the de- known bl.ases' At the same Flme’

o L X . the classifier mitigates the biases
biasing objective functions [2,14], which can 3. a0 by the discoverer.
face numerical or convergence problems (more
details in Sec. 2). Unlike previous works, we follow an axiomatic principle to
define the unknown biases—classifier’s predictions that violate a fairness crite-
rion [13,17,21,22,35,46,55]. Based on this definition, we propose a novel Fqual
Opportunity Violation (EOV) loss to train a discoverer network to identify the
classifier’s biases. In specific, it shepherds the discoverer network to predict bias
group assignments such that the classifier violates the Equal Opportunity [22,46)
fairness criterion (Figs. 1, 2).

classifier

discoverer

Regarding debiasing as the second step, most previous approaches [2,14,52]
preprocess the identified biases into pseudo bias labels and resort to other super-
vised bias mitigation methods [6,47] for debiasing. In contrast, we propose a novel
Reweighted Cross-Entropy (RCE) loss that leverages soft bias group assignments
predicted by the discoverer network to mitigate the biases in the classifier (Fig. 1).
In this way, the classifier is guided to meet the Equal Opportunity.

In addition, many previous works [2,14,52] treat bias identification and bias
mitigation as two isolated steps. In [2,14], the biases are identified from an
undertrained classifier, which is suboptimal since the classifier may learn different
biases at different training stages. Consequently, these two-stage methods fail to
mitigate other biases learned by the classifier at later training stages. In contrast,
we employ an alternate training scheme to carry out bias identification and bias
mitigation simultaneously. We jointly update the discoverer and classifier in an
interleaving fashion (Figs. 1 and 2). In this way, the discoverer can repetitively
inspect multiple biases that the classifier learns at the entire training stage.
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We integrate our novel losses and training scheme into a unified framework—
DEBIASING ALTERNATE NETWORKS (DebiAN), which contains two networks—a
discoverer D and a classifier C (see Fig. 1). We jointly train the two networks in
an alternate manner. Supervised by our novel EOV loss, D tries to discover C’s
multiple unknown biases that violate the Equal Opportunity fairness criterion.
Trained with our RCE loss, C' aims at mitigating multiple biases identified by
the discoverer D to satisfy Equal Opportunity. After the alternate training, the
unknown biases in classifier C' are mitigated, leading to a fairer and more robust
classification model. Besides, when employed with other network explanation
methods [49,50,67], the discoverer is helpful to interpret the discovered unknown
biases, facilitating dataset curators to locate dataset biases [53].

While previous works [7,31,41,45,47] only evaluate debiasing results in terms
of a single bias, we create Multi-Color MNIST dataset with two biases in the
dataset, which benchmarks debiasing algorithms in the multi-bias setting. Our
new dataset surfaces the problems in previous methods (e.g., LfF [45]) and
demonstrates the advantage of DebiAN in discovering and mitigating multiple
biases. We further conduct extensive experiments to verify the efficacy of DebiAN
in real-world image datasets. In the face image domain, DebiAN achieves better
gender bias mitigation results on CelebA [43] and bFFHQ [32] datasets. On the
gender classification task, DebiAN achieves better debiasing results on CelebA
w.r.t. multiple bias attributes. We further show an interesting unknown bias
discovered by DebiAN in gender classification—visible hair area. Lastly, we
show that DebiAN applies to other image domains for broader tasks, such as
action recognition and scene classification. Our method not only achieves better
debiasing results, but also identifies interesting unknown biases in scene classifiers.

Our contributions are summarized as follows: (1) We propose a novel objective
function, Equal Opportunity Violation (EOV) loss, for identifying unknown biases
of a classifier based on Equal Opportunity. (2) We propose a Reweighted Cross-
Entropy (RCE) loss to mitigate the discovered unknown biases by leveraging
the soft bias group assignments. (3) We create Multi-Color MNIST dataset to
benchmark debiasing algorithms in a multi-bias setting. (4) Our DEBIASING
ALTERNATE NETWORKS (DebiAN) outperforms previous unsupervised debiasing
methods on both synthetic and real-world datasets.

2 Related Work

Bias Identification Most previous works identify known biases based on bias
labels. In [9], face images are labeled with gender and skin tone to identify the
performance gaps across intersectional groups. Balakrishnan et al. [8] further
synthesize intersectional groups of images and analyze the biases with additional
labels. Beyond face images, recent works [44,56] compute the statistics of labels
based on the rule mining algorithm [1] or external tools. [34] uses clustering on
image embeddings to discover unknown biases. [37,42] discovers unknown biases
without labels. However, these works rely on GAN [20,29] to synthesize images,
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which suffers from image quality issues. In contrast, DebiAN directly classifies
real images into different bias attribute groups to discover the unknown biases.
Supervised Debiasing Supervised debiasing methods use bias labels for debi-
asing. [28] proposes a supervised reweighing method. Wang et al. [62] benchmark
recent supervised debiasing methods [4,54,64,66]. [15] lets the model be flexibly
fair to different attributes during testing. [48] uses disentanglement for debiasing.
Singh et al. [51] propose a feature splitting approach to mitigate contextual bias.
[16,19] use adversarial training to mitigate biases in face recognition.

Known Bias Mitigation with Prior knowledge Without using labels, some
works use prior knowledge to mitigate certain known biases. ReBias [7] uses model
capacity as the inductive bias to mitigate texture bias and static bias in image
and video classification. HEX [57] introduces a texture extractor to mitigate
the texture bias. Beyond image classification, RUBI [10] and LearnedMixin [12]
mitigate unimodal bias for visual question answering [5] with prior knowledge.
Unsupervised Debiasing In the field of mitigating unknown biases, Sohoni
et al. [52] apply clustering on samples in each class and use the clustering
assignment as the predicted bias labels, which could be inaccurate due to its
unsupervised nature. Li et al. [39,40] fix the parameters of feature extractors and
focus on mitigating the representation bias. L{F [45] identifies biases by finding
easier samples in the training data through training a bias-amplified network
supervised by GCE loss [65], which up-weights the samples with smaller loss
values and down-weights the samples with larger loss values. In other words,
GCE loss does not consider the information of the classifier, e.g., the classifier’s
output. Therefore, LfF’s bias-amplified network blindly finds the biases in the
data samples instead of the classifier. Unlike LfF, the EOV loss in DebiAN
actively identifies biases in the classifier based on the classifier’s predictions,
leading to better debiasing performance. Following L{fF, BiaSwap [32] uses L{F to
discover biases and generate more underrepesented images via style-transfer for
training. Other works [2,14,36,59] inversely use the debiasing objective function
to maximize an unbounded loss (e.g., gradient norm penalty in IRMv1 [6]) for
bias identification, which may encounter numerical or convergence problems. As
a comparison, our EOV loss (Eq. (2)) minimizes negative log-likelihood, which is
numerically stable and easier to converge.

3 Method

Overview The overview of our proposed DEBIASING ALTERNATE NETWORKS
(DebiAN) is shown in Fig. 2. It contains two networks—a discoverer D and
a classifier C. As shown in Fig. 2 (a), the discoverer D tries to discover the
unknown biases in the classifier C' by optimizing our proposed EOV loss (Lgov)
and UA penalty (Lua) (Sec. 3.1). As shown in Fig. 2 (b), the classifier C’s goal
is to mitigate the biases identified by D via a novel Reweighted Cross-Entropy
loss (Lrcr) (Sec. 3.2). Lastly, we train the two networks in an alternate manner
as the full model for discovering and mitigating the unknown biases (Sec. 3.3).
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Fig. 2: Overview of DEBIASING ALTERNATE NETWORKS (DebiAN). DebiAN consists
of two networks—a discoverer D and a classifier C. D is trained with Lgov and Lua
(Sec. 3.1) to find the unknown biases in C. C' is optimized with Lrcr (Sec. 3.2) to
mitigate the biases identified by D

Background To better explain our motivation for discovering the unknown
biases (without manual annotations of biases), let us first revisit the traditional
approach for identifying known biases when labels of biases (e.g., protected
attributes) are available, which is illustrated in Fig. 3 (a). The following are given
for identifying known biases—a well-trained classifier C for predicting a target
attribute, n testing images {I;}1_,, target attribute labels of each image {y;}" 4,
and bias attribute labels {b;}7_;. We denote the i-th image target attribute as
y; € {1,2,..K} and K is the number of classes. We consider the bias attribute
that is binary or continuously valued (i.e., b; € {0,1} or b; € [0,1]), such as
biological gender (e.g., female and male) and skin tones (e.g., from dark skin
tones to light skin tones in Fitzpatrick skin type scale). We leave bias attributes
with multi-class values for future works. Then, the given classifier C' is tested
for predicting the target attribute g; for each testing image I;. Finally, we check
whether the predictions meet a fairness criterion, such as Equal Opportunity [22]:

Pr{g=k|b=0,y=k}=Pr{g=k|b=1y =k}, (1)

where the LHS and RHS are true positive rates (TPR) in negative (b = 0)
and positive (b = 1) bias attribute groups, respectively. k € {1...K} is a target
attribute class. Equal Opportunity requires the same TPR across two different
bias attribute groups. That is, if the TPR is significantly different in two groups
of the bias attribute, we conclude that classifier C' contains the bias of attribute
b because C violates the Equal Opportunity fairness criterion. For example, as
shown in Fig. 3 (a), although all images are female, a gender classifier may have a
larger TPR for the group of long-hair female images than the group of short-hair
female images. Thus the gender classifier is biased against different hair lengths.

3.1 Unknown Bias Discovery

As for identifying unknown biases, we do not have the labels to assign images into
two groups for comparing TPR since 1) we do not assume images come with bias
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Fig. 3: (a): The traditional approach for identifying the known bias attribute (e.g., hair
length) by comparing true positive rates (TPR) of the target attribute (e.g., gender) in
two groups of bias attributes (e.g., long hair and short hair), where the group assignment
of bias attribute is based on the labels of the bias attribute. (b): Our method trains
a discoverer (D) to predict the groups of the unknown bias attribute such that the
difference of averaged predicted probabilities on the target attribute (e.g., gender) in
two groups are maximized (see Eq. 2)

attribute labels, and 2) the type of bias is even unknown. However, we can compare
the difference in TPR for any group assignments based on speculated biases—a
significant difference in TPR hints that the Equal Opportunity fairness criterion
is most violated (our method mainly focuses on the Equal Opportunity fairness
criterion, and we leave other fairness criteria for future work). Motivated by this
finding, instead of using labels of bias attribute {b;}_, for group assignment,
we train a discoverer D to predict the group assignment for each image, i.e.,
p(b | I;) :== D(I;). By optimizing loss functions below, we find the most salient
bias of the classifier C that violates the Equal Opportunity fairness criterion,
which is illustrated in Fig. 3 (b).

Equal Opportunity Violation (EOV) Loss To shepherd the discoverer D
to find the group assignment where classifier C violates the Equal Opportu-
nity fairness criterion, we propose the Equal Opportunity Violation (EOV) loss,
denoted by Lgov, as the objective function to train D. For computing Lgov,
we sample a set of n images {I;}?_; with the same target attribute labels (i.e.,
Viy; = k), e.g., all images in Fig. 3 (b) are female. The classifier C' has been
trained for predicting the target attribute y of the images (i.e., p(§ | I;) :== C(I;)).
For simplicity, we denote p; as C’s prediction on images of the ground-truth class
(i.e., pe(L;) = p(§ = yi | 1I;)). Meanwhile, the same set of images {I;} are fed
to the discoverer D for predicting the binary bias attribute group assignment:
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p(b | IL;) := D(I;). Finally, we define the EOV loss as:

Lyov = —log (|Py+(9) — Po-(3)]) , (2)
where P+ () and P, (¢)) are defined by:

5 (o) = 2icP(b=11T)p(L)
Pyt — Lai i |

o Yiapb=1]L N
Py (9) = i p(b=0] L)p (L)

Yip(b=0]1)

Intuitively, Py+ () and P, (7)) are the weighted average predicted probabilities
of the target attribute in two bias attribute groups, which can be regarded as a
relaxation to Equal Opportunity’s true positive rate (Eq. 1) where the predicted
probabilities are binarized into predictions with a threshold (e.g., 0.5). Minimizing
Lrov leads D to maximize the discrepancy of averaged predicted probabilities of
target attributes in two bias attribute groups (i.e., see maxp |Py+ (9) — P (9)]
in Fig. 3), thus finding the bias attribute group assignments where C' violates the
Equal Opportunity fairness criterion. For example, in Fig. 3 (b), if the gender
classifier C' is biased against different hair lengths, then by optimizing Lgov,
D can assign the female images into two bias attribute groups (i.e., short hair
and long hair) with the predicted bias attribute group assignment probability
p(l; | I;), such that the difference of averaged predicted probabilities on gender in
these two groups is maximized.

Unbalanced Assignment (UA) penalty However, we find that optimizing
Lrov alone may let the discoverer D find a trivial solution—assigning all images
into one bias attribute group. For example, suppose D assigns all images to the
positive bias attribute group (i.e., Vi, p(b = 1 | I;) = 1). In that case, P,—(3)
becomes zero since the negative group contains no images. Py+ () becomes a
large positive number by simply averaging p;(I;) for all of the n images, which
can trivially increase |Py+ () — Py (9)|, leading to a small Lgoy. To prevent this
trivial solution, we propose the Unbalanced Assignment (UA) loss denoted by:

) "

Intuitively, minimizing Lya penalizes the unbalanced assignment that leads to
large difference between Y27 p(b =1 | I;) and 327 p(b = 0 | I;), which can
be regarded as the numbers of images assigned into positive and negative bias
attribute groups, respectively. Therefore, Lrov is jointly optimized with Lya
to prevent the trivial solution. We acknowledge a limitation of the UA penalty.
Although it resolves the trivial solution, it introduces a trade-off since the bias
attribute groups are usually spuriously correlated with the target attribute
(e.g., more long-hair females than the short-hair females in the dataset). Hence
encouraging balanced assignments may make the discoverer harder to find the
correct assignment. However, our ablation study shows that the benefits of using
Lya outweigh its limitations. The results are shown in Sec. 4.1 and Tab. 1.

1
Lyua = —log <1—
n

> pb=1]L)—pb=0|1,)
i=1
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3.2 Unknown Bias Mitigation by Reweighing

We further mitigate C’s unknown biases identified by D. To this end, we propose
a novel Reweighted Cross-Entropy loss that adjusts the weight of each image’s
classification loss. Based on the bias attribute group assignment p(b | I;) predicted
by D, we define the weight W(I;) of classification loss for each image I; as:

W) =1 [Py (9) > Py (9)] p(b =0 L)
1

T T (5)
+ 1 [P+ () < Po-(9)] p(b =
where 1 is an indicator function. Then, the Reweighted Cross-Entropy loss (Lrcr)
is defined by:
1 n
Lrce = *EZ(1+W(Ii))10g}7t (T) - (6)

i=1

For example, when C performs better on images from the positive bias
attribute group (i.e., Pyt (§) > P, (7)), we use p(l; = 0| I;) as the weight, which
up-weights the images from the negative bias attribute group, where classifier
C is worse-performed. At the same time, it down-weights the images from the
positive bias attribute group where C' is already better-performed. Adding one to
the weight in Eq. (6) lets the loss function degenerate to standard cross-entropy
loss when W(I;) = 0. By minimizing the Reweighted Cross-Entropy loss, C is
guided to meet Equal Opportunity.

3.3 Full Model

We summarize the proposed losses in Sec. 3.1 and Sec. 3.2 for the full model of
DEBIASING ALTERNATE NETWORKS (DebiAN), which is shown in Fig. 2. When
the task is to only discover (i.e., not mitigate) the unknown biases of a given
classifier, the classifier’s parameters are fixed and we only train the discoverer D
by minimizing Lroy (Eq. 2) and Lya (Eq. 4) on the classifier’s training data.
When the task is to mitigate the unknown biases, we jointly train two networks
in an alternate fashion:

m[i)n Lrov + Lya, (7)

mc{n LRCE- (8)

In Eq. 7, C’s parameters are fixed, and D is optimized to identify C’s unknown
biases where C' violates the Equal Opportunity. Through Eq. 8, C' is optimized for
mitigating the unknown biases discovered by D to satisfy the Equal Opportunity
while D’s parameters are frozen. After the alternate training, C’s unknown biases
identified by D are mitigated, leading to a fairer and more robust classifier. The
pseudocode of the complete algorithm is in Appendix A.
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4 Experiment

We conduct extensive experiments to verify the efficacy of DebiAN. First, we
evaluate the results on our newly created Multi-Color MNIST dataset (Sec. 4.1)
in a multi-bias setting. We further conduct experiments on real-world datasets
in multiple image domains—face (Sec. 4.2) and other image domains (e.g., scene,
action recognition) (Sec. 4.3). More details (e.g., evaluation metrics) are intro-
duced in each subsection. The code and our newly created Multi-Color MNIST
dataset are released at https://github.com/zhihengli-UR/DebiAN.
Comparison Methods We mainly compare with three unsupervised debiasing
methods: 1) LfF [45] uses Generalized Cross-entropy (GCE) loss [65] to train a
“biased model” for reweighing the classifier; 2) EIIL [14] identifies the bias groups
by optimizing bias group assignment to maximize the IRMv1 [6] objective function.
The identified bias groups will serve as pseudo bias labels for other supervised
debiasing methods to mitigate the biases. Following [14], IRM [6] is used as the
debiasing algorithm for EIIL. 3) PGI [2] follows EIIL to identify the biases by
training a small multi-layer perceptron for bias label predictions. Concerning
debiasing, PGI minimizes the KL-divergence of the classifier’s predictions across
different bias groups. We use the officially released code of L{F, EIIL, and PGI in
our experiment. Besides, we also compare with vanilla models, which do not have
any debiasing techniques (i.e., only using standard cross-entropy loss for training).
On bFFHQ [32] and BAR [45] datasets, we also compare with BiaSwap [32],
which follows LfF to identify unknown biases, and then uses style-transfer to
generate more underrepresented images for training. Since its code has not been
released, we cannot compare DebiAN with BiaSwap on other datasets. All results
shown below are the mean results over three random seeds of runs, and we also
report the standard deviation as the error bar.

4.1 Experiment on Multi-Color MNIST

Many previous works use synthetic datasets to benchmark bias mitigation per-
formance. For example, Colored MNIST [7,31,41] adds color bias to the original
MNIST [38] dataset, where each digit class is spuriously correlated with color
(see Fig. 4 (a)). We compare DebiAN with other methods on the Colored MNIST
dataset in Appendix E. However, we believe that the single-bias setting is an
oversimplification of the real-world scenario where multiple biases may exist. For
instance, Lang et al. [37] find that gender classifiers are biased with multiple
independent bias attributes, including wearing lipsticks, eyebrow thickness, nose
width, etc. The benchmarking results on such a single-bias synthetic dataset may
not help us to design better debiasing algorithms for real-world usage.

To this end, we propose Multi-Color MNIST dataset to benchmark debi-
asing methods under the multi-bias setting. In the training set, each digit class
is spuriously correlated with two bias attributes—1left color and right color
(Fig. 4 (b)). Following the terms used in LfF [45], we call samples that can be
correctly predicted with the bias attribute as bias-aligned samples. Samples that
cannot be correctly predicted with the bias attribute are called bias-conflicting
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samples. For example, if most digit “0” images are in red 1left color in the train-
ing set, we call them bias-aligned samples w.r.t. left color attribute, and we
regard digit “0” images in a different left color (e.g., yellow) as bias-conflicting
samples. Since the dataset contains two bias attributes, there exist images that
are bias-aligned w.r.t. to left color and bias-conflicting w.r.t. right color
simultaneously, or vice versa. Following [45], we use the ratio of the bias-aligned
samples for each bias attribute to indicate how strong the spurious correlation is
in the training set. The two ratios for two bias attributes can be different, which
is more common in the real-world scenario. The images in the testing set also
contain two background colors, but the testing set has a balanced distribution of
bias-aligned and bias-conflicting samples w.r.t. each bias attribute.
Evaluation Metrics and Settings Following [45], we report the accuracy
results in bias-aligned and bias-conflicting samples on the testing set. Since
Multi-Color MNIST contains two bias attributes, we report the four accuracy
results in the combination of (bias-aligned, bias-conflicting) x (left color,
right color), e.g., middle four rows in Tab. 1 for each method. We also report
the unbiased accuracy, which averages the four results above. Here, we choose
0.99 as the ratio of bias-aligned samples w.r.t. left color and 0.95 as the ratio
of bias-aligned samples w.r.t. right color. In this way, the left color is a
more salient bias than the right color. We report the results of other ratio
combinations in Appendix C.3. We strictly use the same set of hyperparameters
used in (single) Colored MNIST in LfF. More details are in Appendix B.
Debiasing Results on Multi-Color MINIST The debiasing results are shown
in Tab. 1. Except for LfF, all other methods achieve higher accuracy results on
left color bias-aligned samples (1st and 2nd rows) than right color bias-
aligned samples (1st and 3rd rows), indicating that most methods are more biased
w.r.t. the more salient bias, i.e., left color (ratio=0.99) in the multi-bias setting.
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Table 1: Debiasing results on Multi-Color MNIST dataset. The accuracy results in
the four combinations of two bias attributes, (i.e., left color and right color) and
(bias-aligned and bias-conflicting) are reported. Unbiased accuracy averages the results
over all four combinations. We bold top-2 results and underline lowest results

left color right color

atio — 0.99  ratio — 0.95 vanilla LfF EIIL PGI w/o Lua (Ours) DebiAN (Ours)

bias-aligned bias-aligned 100.0+0.0 99.6+0.5 100.0+0.0 98.6+2.3 100.0+0.0 100.0+0.0
bias-aligned bias-conflicting 97.1+05 4.7:05 97.2+1.5 82.6+106 97.2:05 95.6+0.8
bias-conflicting bias-aligned = 27.5+36 98.6:04 70.8+40 26.6+5.5 71.6x0.7 76.5+0.7
bias-conflicting bias-conflicting 5.2+0.4  5.1+04 10.9+0s 9.5+3.2 13.8+1.1 16.0+1.8
unbiased accuracy 57.4x07 52.0t01 69.7+10 54.3x40 70.6+x0.3 72.0x0.8

Unlike all other methods, LfF gives abnormal results—high accuracy results (e.g.,
99.6, 98.6) for the right color bias-aligned samples and low accuracy results
(e.g., 4.7, 5.1) for the right color bias-conflicting samples. Consequently, LfF
achieves the worst unbiased accuracy (52.0). The results indicate that LfF only
mitigates the more salient 1eft color bias, rendering the classifier to learn the
less salient right color bias (ratio=0.95). Compared with all other methods,
DebiAN achieves better unbiased accuracy results (72.0). More importantly,
DebiAN achieves much better debiasing result (16.0) in bias-conflicting samples
w.r.t. both left color and right color attributes, where neither color can
provide the shortcut for the correct digit class prediction, demonstrating better
debiasing results of DebiAN for mitigating multiple biases simultaneously in the
multi-bias setting, which is closer to the real-world scenarios.

Bias Discovery: LfF vs. DebiAN We further evaluate the bias discovery
results throughout the entire training epochs, which helps us better understand
LfF’s abnormal results and DebiAN’s advantages. We use LfF’s “biased model”
and DebiAN’s discoverer to predict if a given image is bias-aligned or bias-
conflicting w.r.t. a bias attribute (i.e., binary classification, more details in
Appendix D.1). We show the accuracy results of bias discovery w.r.t. each bias
attribute at the end of each epoch in Fig. 5, which shows that LfF only discovers
the more salient left color bias attribute (100% accuracy), but completely
ignores the less salient right color bias (50% accuracy) throughout the entire
training stage. It reveals the problem of LfF’s definition of the unknown bias—
an attribute in the dataset that is easier, which only holds in the single-bias
setting but does not generalize to the multi-bias setting. In contrast, DebiAN
uses the principled definition to define the bias—classifier’s predictions that
violate equal opportunity, enabling discoverer to find both biases accurately
at the beginning (it achieves about 60% to 70% accuracy because debiasing
is simultaneously performed before the end of the first epoch). At the same
time, DebiAN’s alternate training scheme lets the classifier mitigate both biases,
making the discoverer harder to predict the biases, e.g., accuracies of both bias
attributes gradually converge to 50%. More discussions are in Appendix D.4.

Ablation Study on UA penalty We conduct an ablation study to show the
effectiveness of Unbalanced Assignment (UA) penalty (Sec. 3.1). Tab. 1 shows



12 Li et al.

Table 2: Results of mitigating the gender bias Table 3: Accuracy results on bias-
of Blond Hair classifier on CelebA [43] conflicting samples on bFFHQ [32]

vanilla LIF BlIL  PGL DebiaN (Ours) /011 PGl EIL BiaSwap DebiAN
Avg Group Acc. 79.8+0.3 80.9+1.4 82.0+1.1 81.6+0.3 84.0+1.4 - - [ -
Worst Group Acc. 37.9+11 43,3550 46,1500 40.9464 529247 5103 55.61 552455 59.2+10 5887 62.8+00

that Ly improves the debiasing results (see w/o Lya ). Besides, we also conduct
ablation studies on different batch sizes, which are included in Appendix C.2.

4.2 Experiments on Face Image Dataset

Gender Bias Mitigation In the face image domain, we conduct experiments
to evaluate gender bias mitigation results on CelebA [43] dataset, which contains
200K celebrity faces annotated with 40 binary attributes. The dataset has spurious
correlations between gender and Blond Hair, leading to gender biases when
performing hair color classification. We follow most of the settings used in L{F,
such as using ResNet-18 [24] as the backbone, using Adam [33] optimizer, etc.
The only difference is that LfF reports the results on the validation set of CelebA,
whereas we use the validation set to select the epoch with the best validation set
accuracy (bias labels in the validation set are not used) to report the results on
the testing set. All methods (including L{F) are benchmarked under the same
setting. We report results in two evaluation metrics: 1) Average Group Accuracy
(Avg. Group Acc.), which calculates the unweighted average of accuracies in four
groups between target attribute and bias attribute, i.e., (male, female) x (blond,
not blond); 2) Worst Group Accuracy (Worst Group Acc.) [47], which takes
the lowest accuracy in the four groups. As shown in Tab. 2, DebiAN achieves
better Average and Worst Group accuracy results, which shows that DebiAN
can better mitigate gender bias without labels. We also conduct experiments on
bFFHQ [32] where the training data contains the spurious correlation between age
and gender. We compare DebiAN with other methods of gender bias mitigation.
We strictly follow the setting in [32]. We report the age accuracy results on the
bias-conflicting samples in the testing set in Tab. 3. The results of vanilla, LfF,
and BiaSwap are from [32] and [32] does not provide the error bars. DebiAN
achieves the best unsupervised results for mitigating gender bias.

Mitigating Multiple Biases in Gender Classifier The results on Multi-
Color MNIST dataset suggest that DebiAN better mitigates multiple biases in the
classifier. In the face image domain, a recent study [37] shows that gender classifier
is biased by multiple attributes, such as Heavy Makeup and Wearing Lipstick.
Hence, we train gender classifiers on CelebA dataset and evaluate Average Group
Accuracy and Worst Group Accuracy w.r.t. these two bias attributes. As shown
in Tab. 4, DebiAN achieves better debiasing results w.r.t. both bias attributes,
proving that the discoverer can find multiple biases in the classifier C' during the
alternate training, enabling classifier to mitigate multiple biases simultaneously.
Identified Unknown Bias in Gender Classifier Gender classifier can have
more biases beyond Wearing Lipstick and Heavy Makeup. For example, Bal-
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Table 4: Results of mitigating multiple biases (i.e., Wearing Lipstick and Heavy
Makeup) in gender classifier on CelebA dataset

bias attribute metric ‘ vanilla  LfF PGI  EIIL DebiAN (Ours)
Wearing Libstick Avg. Group Acc. [86.6+0.4 87.0+0.9 86.9+3.1 86.3+1.0 88.5+1.1
g ~iP Worst Group Acc.[53.9+1.2 55.31+3.6 56.0+11.7 52.4+3.2 61.7T142
H Mak Avg. Group Acc. [85.1+0.0 85.5+0.6 85.4+34 84.0+1.2 87.8+1.3
eavy MaXeUP  Worst Group Acc.|45.440.0 46.912.6 46.9415.1 409445 56.015.2

twin size bed king / queen size bed

ID: 1901

p(bedroom) = 0.89 p(bedroom) = 1.00
(a) Discovered bias in the bedroom class.

outdoor indoor

ID: 1983

p(enale) =0.84

plfemale) = 1.00

p(restaurant) = 0.25

Fig. 6: Discovered bias of gender classi-
(b) Discovered bias in the restaurant class.

fier: visible hair area based on dis-
coverer’s saliency map. p(female) is

vanilla classifier’s predicted probability Fig. 7: Discovered biases in Places [68]

of the face is female. In the two groups
predicted by D, the visible hair areas
are different, where the classifier has
different confidences on gender for the
same identity

dataset. We apply CAM on discoverer
to generate saliency map. The value
p(bedroom) (p(restaurant)) is vanilla
classifier’s predicted probability of the
scene image is bedroom (restaurant)

akrishnan et al. [8] leverages StyleGAN2 [30] to generate high-quality synthesized
images and identify the hair length bias of the gender classifier, e.g., longer
hair length makes the classifier predict the face as female. Related to their finding,
the discoverer D in DebiAN identifies an interesting unknown bias: visible
hair area. We use D to predict the bias attribute group assignment on images
in CelebA. To better interpret the bias attribute, we further use the identity
labels in CelebA to cluster images with the same identity. Fig. 6 shows that D
assigns images of the same identity into two distinct groups based on the visible
hair area, which is verified by D’s CAM [67] saliency maps. Strictly speaking, all
females in Fig. 6 have long hair. However, due to the hairstyle, pose, or occlusion,
visible hair areas differ between the two groups. As a result, the gender classifier
has lower predicted probabilities on the female images with smaller visible hair
areas. More visualizations are shown in Appendix G.1.

4.3 Experiments on Other Image Domains

Our method is not limited to synthetic and face image domains. Here we conduct
experiments on action recognition and scene classification tasks.
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Table 5: Results on Biased Action Table 6: Scene classification accuracy re-
Recognition (BAR) [45] dataset sults on the unseen LSUN [63] dataset
vanilla  LfF PGI  EIL BiaSwap DebiAN vanilla. LfF  PGI  EIIL DebiAN (Ours)
51854502 62.9852.76 65.1941.2 65445117 52.44  69.8812.0 79.3405 T1.1o1.0 T4 1410 T9.4xo2 80.020.4

Mitigating Place Bias in Action Recognition We conduct experiments
on Biased Action Recognition (BAR) dataset [45], an image dataset with the
spurious correlation between action and place in the training set. The testing
set only contains bias-conflicting samples. Hence, higher accuracy results on the
testing set indicate better debiasing results. The accuracy results in Tab. 5 show
that DebiAN achieves better debiasing results than other methods.
Improving Cross-dataset Generalization on Scene Classification We
conduct experiments on the more challenging scene classification task, where
datasets are more complex and may contain multiple unknown biases. The
biases in this task are underexplored by previous works partly due to the lack
of attribute labels. Due to the absence of attribute labels, we use cross-dataset
generalization [53] to evaluate the debiasing results. Concretely, models are
trained on Places [68] with ten classes overlapped with LSUN [63] (e.g., bedroom,
classroom, etc.), and evaluated on the unseen LSUN dataset. The results are
shown in Tab. 6. DebiAN achieves the best result on the unseen LSUN dataset,
showing that DebiAN unlearns the dataset biases [53] in Places to improve the
robustness against distributional shifts between different datasets.

Identified Unknown Biases in Scene Classifier DebiAN discovers Places
dataset’s unknown biases that humans may not preconceive. In Fig. 7, the
discoverer separates bedroom and restaurant images based on size of beds and
indoor/outdoor. The vanilla classifier performs worse on bedroom images with
twin-size beds and outdoor restaurant images (see more in Appendix G.2).

5 Conclusion

We propose DEBIASING ALTERNATE NETWORKS to discover and mitigate the
unknown biases. DebiAN identifies unknown biases that humans may not precon-
ceive and achieves better unsupervised debiasing results. Our Multi-Color MNIST
dataset surfaces previous methods’ problems and demonstrates DebiAN’s advan-
tages in the multi-bias setting. Admittedly, our work has some limitations, e.g.,
DebiAN focuses on binary or continuously valued bias attributes, not multi-class
ones. We hope our work can facilitate research on bias discovery and mitigation.
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