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Figure 1: Taking the age attribute in the CelebA dataset as an example for analyzing the agnostic biases problem. (a)
Representative samples in CelebA containing multiple biases. By analyzing the attribute distribution of all data within
the young/old category, we found that three attributes can be biased: gender (female/male), attractiveness (attractive/not
attractive), and wearing lipstick (lipstick/no lipstick). (b) Proportion of samples with 0 – 3 biases in a single image within the
young and old groups. This indicates that the number of images with multiple biases dominated other cases in the dataset.
(c) Age classification accuracy (%) of the existing methods for the worst groups of three bias attributes in CelebA degrades
under this realistic bias scenario. For clarification, when discussing biases in this paper, we refer to abstract words like age
as “attribute”, and the italic words which describe the labels of age like young/old as “category”.

Abstract

Bias mitigation in image classification has been widely
researched, and existing methods have yielded notable re-
sults. However, most of these methods implicitly assume
that a given image contains only one type of known or un-
known bias, failing to consider the complexities of real-
world biases. We introduce a more challenging scenario,
agnostic biases mitigation, aiming at bias removal regard-
less of whether the type of bias or the number of types is
unknown in the datasets. To address this difficult task, we
present the Partition-and-Debias (PnD) method that uses
a mixture of biases-specific experts to implicitly divide the

bias space into multiple subspaces and a gating module to
find a consensus among experts to achieve debiased classifi-
cation. Experiments on both public and constructed bench-
marks demonstrated the efficacy of the PnD. Code is avail-
able at: https://github.com/Jiaxuan-Li/PnD.

1. Introduction

One of the reasons for poor generalization in image
classification is the presence of biased features in training
data [19, 31, 13], which distracts the model from learning
the target features associated with the classification objects.
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Thus, accurately capturing the target features while reduc-
ing the influence of these biases1 has become a critical issue,
resulting in increased bias mitigation research [26].

Unlike most previous studies that implicitly assumed
that only one type of known/unknown bias exists in a given
image, we investigate the coexistence of multiple unknown
biases in an image. For instance, most young samples in
CelebA [17] are associated with the female, attractive, and
lipstick categories (Fig. 1a), whereas the old samples have
corresponding yet reversed ones. Consequently, for the
age (young/old) classification in CelebA, these three biases,
including gender, attractiveness, and wearing lipstick, de-
grade the prediction performance. Overall, we discovered
that 43.75% of the young samples had three biases, which
means they were all annotated with female, attractive, and
lipstick, whereas 58.28% of the samples had at least two
of them (Fig. 1b). The old samples show similar patterns.
These observations imply that multiple biases are inevitable
in a given image. At the same time, we cannot determine
all types of bias that may appear in the image. Dealing with
multiple unknown biases is thus emergent, and cannot be
fully solved using prior methods (Fig. 1c) because (i) they
fail to capture the biases of different types and (ii) removing
a single bias does not always eliminate the effects of all bi-
ases. Therefore, we introduce a more challenging scenario,
agnostic biases, in which the unknown biases include not
only the type of bias, but also the number of types. Here,
we use “agnostic biases” to bring attention to biases in real-
world scenarios, where the bias type and number of types
are unknown. We do not use “unknown biases” proposed
in [9], because it ignores multiple unknown biases. Our
scenario overcomes the existing bias constraints, boosting
the performance of real-world applications.

We hypothesized and empirically found that the features
of agnostic biases scatter at different depths of the network
depending on the biases’ nature. Even if multiple biases are
entangled at the same depth, they can be be regarded as one
type of bias. Thus, agnostic biases can be grouped by their
feature levels and processed individually at different net-
work depths. As a result, we propose a Partition-and-Debias
(PnD) approach based on the divide-and-conquer strategy
to capture and remove agnostic biases at different levels for
debiased classification. Thus, the entire agnostic bias sce-
nario space is divided into multiple subscenario spaces that
can be handled by multiple biases-specific experts. The fi-
nal prediction is obtained based on the consensus of all the
experts using a gating module. Our contributions are:

• We point out the existence of multiple biases in the real
world, proposing a new scenario with agnostic biases that
fills in the gaps of previous works’ bias assumptions.

1Similar to [25], “bias” refers to the attribute spuriously correlated
with the target attribute.

• We present a Partition-and-Debias approach to solve the
new scenario via a mixture of biases-specific experts.

• On both public and our constructed challenging bias
datasets, experimental results show that the proposed
method achieves cutting-edge performance.

2. Related Work

2.1. Bias mitigation

Bias mitigation learns the target features without influ-
ence by spurious correlations when training data is biased.
Known bias mitigation assumes the annotation of bias or
the type of bias is accessible. The previous methods can be
classified as supervised or unsupervised. The former in-
cludes reweighting samples with higher uncertainty [14],
regularization [22, 25], data augmentation [20], and su-
pervised bias estimation [2, 11, 1]. The latter often uses
mixup [7], a two-branch network [18, 13], prioritizing
simple target features while ignoring complex biased fea-
tures [24], and MaskTune [3]. These methods make strong
assumptions about the type of bias. For instance, bias can
be easily learned [18, 13, 7], target features are simpler than
bias features [24], and the bias is editable [3]. Furthermore,
most studies considered only a single type of bias appear-
ing in an image. Although [24] used a multiple-bias dataset
in their experiments, they still adhered to the limitations of
the assumptions on the type of bias. Our method belongs
to the unsupervised approach, yet we relax the strong bias
assumptions and use a partition-and-debias strategy.
Unknown bias mitigation does not require a pre-definition
for bias in the dataset. Jeon et al. [9] proposed obtaining
unbiased target features from the shallow layers of the clas-
sification network. However, their definition of unknown
bias misses that there are multiple unknown biases in the
data. For real-world datasets, spurious correlations are com-
plex and cannot be defined simply as a result of a specific
attribute. By contrast, our agnostic biases assumption em-
phasizes that both the type and number of bias types are
unknown. Also, Li et al. [16] proposed an Equal Oppor-
tunity Violation loss to discover the most salient bias from
unknown biases and then mitigate it by reweighting. Al-
though they considered two biases in their experiments,
their method theoretically could only eliminate one domi-
nating bias, which was binary rather than multi-class bias.
In contrast to them, our model overcomes these limitations.

2.2. Mixture of experts

The mixture of experts (MoE) technique was originally
proposed by Jacobs et al. [8] to mitigate the effects of dif-
ferent types of samples on the training data. It divides data
into different domains using a gating network and assigns
multiple experts to handle each domain. Recently, Zuo et
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Figure 2: Classification accuracy scores (%) for the 8 at-
tributes when retraining in features learned from target class
classification at blocks of different depths in ResNet-18.
We find that the classification performance for different at-
tributes trends differently across the depths.

al. [32] used MoE in language models by breaking a pre-
trained model into multiple experts to speed up the infer-
ence process. Zhang et al. [29] combined MoE with fine-
grained categorization by training each subsequent expert
using prior information obtained from the previous expert.
Unlike these methods, we employ the MoE strategy for de-
biasing and specifically design it to remove agnostic biases
by inserting experts at different depths of the network.

3. Features of Different Levels Matters

Our hypothesis. When training a neural network with tar-
get categories, agnostic biases manifest as scattered features
at different network depths.
Experimental setup. We use the Biased MNIST [24]
dataset (see Sec. 5.1) in this exploratory experiment. The
biases arise from the co-occurrence of each digit category
with specific categories from all other attributes, such as
digit color and digit position. Unlike an image with a sin-
gle bias, one image in this dataset may have up to seven
biases. The bias ratio, which denotes the probability of co-
occurrence, is 0.95. We selected ResNet-18 [6] consisting
of four residual blocks, as the classification network.

First, we trained a classification network from scratch us-
ing the target categories 0 – 9 in the digits and obtained an
average classification accuracy of 33.73% for all categories.
The learned features obtained from the trained model can
then be visualized to investigate how bias features are dis-
tributed across the network when training the network with

target categories. However, since many attributes such as
digital color, digit position, and digit scale are interdepen-
dent, their features overlap in feature maps, making it dif-
ficult to distinguish their differences by simply looking at
feature maps. We used the classification accuracy for each
attribute separately in each block to determine their distri-
butions. Specifically, we froze the trained network weights
and added a binary classifier after each trained block. We
trained the additional four classifiers to obtain the corre-
sponding classification accuracies for all eight attributes.
Features of biases with different levels are distributed at
different depths of the network. We obtained 4× 8 accu-
racy results after retraining, as shown in Fig. 2. (i) From the
perspective of different attributes, the classification accu-
racy of all attributes except texture color was notably higher
than that of the digit in the last block (block 4), which is
usually used to determine the final prediction. Furthermore,
the other blocks followed the same pattern as the last block.
This phenomenon implies that the previously learned fea-
tures from the target attribute classification (here, digits)
are more easily classifiable in the bias attribute classifica-
tion than in the target attribute classification. We concluded
that many spuriously correlated features exist at all depths
of the network, degrading the target attribute predictions.
(ii) From the perspective of different blocks, although most
bias attributes can be classified in each layer, the classifi-
cation performance for some bias attributes varies depend-
ing on the block. Texture-relevant attribute classifiers per-
formed well in the first block, while those with position- and
scale-relevant attributes performed better in the last block;
the remaining attributes achieved the best results in the third
block. These findings are consistent with our intuition re-
garding the distribution of image features, which holds that
texture features are more abundant in the shallower parts of
the network and that spatial and scale information are more
prevalent in the deeper parts of the network. We conclude
that each bias attribute feature exists at all network depths,
yet these features are clustered at different network depths.

4. Proposed Partition-and-Debias
The above experiment suggests that an ideal strategy for

resolving our problem should be able to remove as many
biases from the network depths as possible. Thus, we adopt
a partition-and-debias strategy in our method, namely PnD,
which divides the entire agnostic bias scenario space into
different subscenario spaces across the classification net-
work depths. Multiple biases of the same level are allowed
in each subscenario space because they can be viewed nat-
urally as a type of bias. This simple concept overcomes the
limitations of previous studies allow the model to simulta-
neously capture and remove multiple biases at one time.

Our PnD consists of a debiased encoder D, bias encoder
B, biases-specific experts E , and gating module (Fig. 3).
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Figure 3: (a) Schematic of our proposed PnD, including a debiased encoder, a bias encoder, multiple biases-specific experts,
and a gating module. The debiased encoder and bias encoder extract target and bias features from input images, which are fed
into the biases-specific expert after each block for debiased classification and bias detection. The gating module adaptively
mixes all the debiased classification results for the final output. (b) Biases-specific expert. It processes target features and
bias features by combining them in the order of the original input batch for initial training, and recombining them to generate
positive and negative samples during counterfactual training.

Both D and B contain several blocks of convolution lay-
ers to generate the target and bias features from an image
(Sec. 4.1). E are responsible for purifying the target and bias
features under agnostic bias scenarios (Sec. 4.2). Finally, a
gating module adaptively gathers all the expert predictions
before making a final decision (Sec. 4.3).

4.1. Target and bias features extraction

Given an image x with the target label y (vector-like is
used to represent class y for simplicity), we use a debiased
encoder D = {D(i)}Mi=1 and bias encoder B = {B(i)}Mi=1

to extract target and bias features separately. Note that D(i)

and B(i) are residual blocks in ResNet [6] although the net-
work architecture can be any and M = 4.

The image is fed into D to obtain the target features z(i)d

in ith block. Simultaneously, we obtain the bias features
z
(i)
b for each block in B. The size of z

(i)
d is identical to

that of z(i)b . We omitted the feature size when referencing
the extracted features to simplify the process. Next, biases-
specific experts processed these features.

4.2. Biases-specific experts

The biases-specific experts E consist of four experts
E(i). Each of them contains two classifiers: a debiased clas-
sifier C(i)

d and bias classifier C(i)
b . The inputs of each E(i)

are created from the features z
(i)
d and z

(i)
b obtained from

the corresponding D(i) and B(i). We combined z
(i)
d and

z
(i)
b features in two ways, creating the original and counter-

factual features used in our two-stage training (initial and
counterfactual trainings). In both training stages, debiased
classifier C(i)

d and bias classifier C(i)
b are used for debiased

classification and bias detection, respectively.

4.2.1 Initial training

We combine the features z(i)d and z
(i)
b to create the orig-

inal features z(i) = [z
(i)
d ; z

(i)
b ] ([·; ·] denotes concatenation)

(Fig. 3b, left). The ith expert E(i) takes z(i) as the input,
and outputs a bias detection result ŷ(i)

b and a debiased clas-
sification result ŷ(i)

d made by C
(i)
b and C

(i)
d , respectively.

Bias detection. This encourages the bias encoder to learn
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the bias features. Because the bias features are easier to
learn during training with target categories, we can concen-
trate our bias encoder on the more easily learned features
by employing GCE loss [30] as discussed in [18, 13, 12],
although the bias information in the dataset is unavailable:

Lbias =

M∑
i=1

GCE
(
ŷ
(i)
b ,y

)
. (1)

Debiased classification. To optimize the debiased and
bias encoders separately, as opposed to bias detection, de-
biased classification should prioritize unbiased samples,
which do not contain bias features and are difficult to
fit using the bias encoder. Consequently, when bias de-
tection is used, these samples are misclassified or classi-
fied with lower confidence, whereas debiased classification
classifies them correctly or with higher confidence. Con-
sidering this, we follow [18] and add a weight w(i) to
each sample in debiased classification. w(i) is defined as:

w(i) =
CE

(
ŷ
(i)
b ,y

)
CE

(
ŷ
(i)
d ,y

)
+CE

(
ŷ
(i)
b ,y

) , where we use CE(ŷ(i)
d ,y)

and CE(ŷ(i)
b ,y) to measure the relative difficulty between

debiased classification and bias detection, CE(·, ·) denotes
cross-entropy loss function. The loss for debiased classifi-
cation is expressed as:

Ldebias =

M∑
i=1

w(i) × CE
(
ŷ
(i)
d ,y

)
. (2)

Combining Eq. 1 and Eq. 2, we obtain the total classifica-
tion loss Lcls for debiased classification and bias detection:
Lcls = α×Ldebias+Lbias, α is hyperparameter that balances
Ldebias and Lbias; Ldebias forces the debiased classification to
focus more on unbiased samples with weight w(i) added to
CE loss, whereas Lbias focuses on bias features owing to the
GCE loss to support easier-learned features.
Diversity penalty for biases-specific experts. To achieve
diversified biases-specific experts, we introduc a Kullback-
Leibler (KL) divergence-based loss function [28] to penal-
ize the bias detection of each expert. The diversity loss for
experts can be formulated as:

Ldiv =

M∑
i=2

exp
(
−KL

(
ŷ
(i)
b , ŷ

(i−1)
b

))
. (3)

Thus, using Eq. 3, we can regularize the diversity of the bias
detection by each expert, allowing them to capture as many
biases as possible. In this way, each expert can focus on
different level features, and thus, different biases.

4.2.2 Counterfactual training

We obtain relatively accurate bias and target features af-
ter warming the model during the initial training. Coun-

terfactual training is used to further separate target features
from bias features. This approach is based on two coun-
terfactual procedures. (i) When we change the sample’s
target features while keeping its bias features unchanged,
the model’s decision should be changed; (ii) When we keep
its target features unchanged while changing the sample’s
bias features, the model should make the same decision for
the changed features as for the original features. To lever-
age these two procedures, we first synthesize counterfactual
features before conducting counterfactual inference using
contrastive loss.
Synthesizing counterfactual features. We randomly sam-
ple a mini-batch of K samples to construct the counterfac-
tual features. For the jth sample, in the mini-batch, we
first randomly select one bias feature and P target features
from the other samples as follows: Z̃(i)

b = {z(i)bq
}, and

Z̃(i)
d = {z(i)dl

}Pl=1, where q ̸= j, l ̸= j, and 0 < q ≤ K.

Subsequently, the target feature z
(i)
dj

is paired with the

selected bias feature to construct positive features Zpos
(i) =

{[z(i)dj
; z

(i)
bq
]} (Fig. 3b, right). Similarly, the bias feature z

(i)
bj

is paired with the other P target features to construct its
negative features Zneg

(i) = {[z(i)dl
; z

(i)
bj
]}Pl=1.

Counterfactual inference. Positive and negative features
were fed into the debiased classifier C(i)

d and bias classifier
C

(i)
b , respectively. We obtain a positive prediction Y(i)

pos =

{ŷ(i)
pos} and a set of negative predictions Y(i)

neg = {ŷ(i)
negl}

P
l=1

for the original result ŷ(i)
d . We then use the contrastive loss

Lcon for this counterfactual inference:

Lcon =

M∑
i=1

−log
exp

(
−dist

(
ŷ
(i)
d , ŷ

(i)
pos

))
∑

y′∈Y(i)
neg ∪{ŷ(i)

pos }
exp

(
−dist

(
ŷ
(i)
d ,y′

)) ,
where dist(·, ·) denotes Euclidean distance. This encour-
ages the model to group samples with identical target fea-
tures into the same category, regardless of their bias fea-
tures. Conversely, even if samples have the same bias fea-
tures, they can be classified into different categories if they
have different target features.

4.3. Mixture of biases-specific experts using adap-
tively gating

The final output ŷd of the model is obtained by combin-
ing the debiased classification results ŷ(i)

d from each biases-
specific expert through an gating module. The gating loss
for this operation can be presented as: Lgate = CE (ŷd,y).
ŷd =

∑M
i=1 p

(i) × ŷ
(i)
d , where p(i) denotes the probabil-

ity value assigned to the biased classification result ŷ(i)
d of

E(i); it is the softmax result from the gating module by tak-
ing all experts’ debiased classification results as the input.
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Figure 4: Examples from Modified IMDB dataset, the left
two are annotated with young, but also with female and
wearing glasses. The right two are annotated with old, but
also with male and not wearing glasses.

We call this module “gating” derived from the “gating” in
MoE [8], where it refers to the weighted inputs from the
gating network followed by a softmax function.

The complete loss for updating the entire model is:

L =

{
Lcls + Lgate + Ldiv initial training
Lcls + Lgate + Ldiv + β × Lcon counterfactual training

(4)
where β balances Lcon with other terms.

5. Experiments
5.1. Datasets

Biased MNIST [24] contains ten digits (0 – 9) as its target
categories and seven biases: digit color, digit scale, digit
position, type of background texture, background texture
color, co-occurring letter, and letter color. There are 50000,
10000, 10000 images for training, validation, and testing.
BAR [18] consists of typical action-place pairs, like climb-
ing and rockwall in the training set; and unseen samples
beyond the settled pairs in the test set. There are six target
actions in 1941 training and 654 test images.
Modified IMDB is our constructed dataset using IMDB
face images [21], containing 20000 training, 1617 valida-
tion, and 1617 test images. The targets are young and old,
and the biases are gender and wearing glasses (Fig. 4).
MIMIC-CXR + NIH was constructed by simulating the bi-
ases brought about by different data sources when collecting
the datasets. We mixed the MIMIC-CXR [10] and NIH [27]
datasets into a MIMIC-CXR + NIH dataset. The target cat-
egories are no finding and pneumonia, and the biases come
from two data sources where the correlation between the
target and biases is not tangible. It contains 8500 training,
500 validation, and 500 test images.

5.2. Implementation details

Model architecture. We employed feature extraction lay-
ers of ResNet-18 [6] as the backbone of the debiased en-
coder and bias encoder. Two convolutional and two linear
layers were used to design classifiers for biases-specific ex-

perts, and one linear layer was used to construct the gating
module.
Training procedure. Our PnD was built using PyTorch,
and all the experiments were conducted on an NVIDIA
RTX A4000 GPU. For input to the PnD model, all images
were resized to 160 × 160 × 3 except for the BAR where
they were randomly cropped to 224× 224× 3 and horizon-
tally flipped following [18].

6. Results and Analysis
We compared our model to ResNet-18 [6], LfF [18],

DFA [13], OccamNet [24], DebiAN [16], and UBNet [9].
ResNet-18 was pretrained using ImageNet [4] and simply
used cross-entropy as its loss function without any debias-
ing strategy. In all the experiments, we calculated the means
and standard deviations of accuracies of the test set across
three runs for all datasets. Unless otherwise specified, the
bias ratio is 0.95 for all cases in the following subsections.

6.1. Comparisons against state-of-the-art

Overall comparisons. We report the accuracy scores of
all compared methods in Tab. 1. We used the results with
two different bias ratios for each dataset except for BAR,
because almost all of its training images were biased, and
no bias labels were provided. We selected a relatively large
bias ratio and a small bias ratio for this set of experiments.
Nevertheless, due to the limitations of the original dataset,
we could not set a smaller bias ratio for the Modified IMDB.

We can see that PnD outperforms all methods on Biased
MNIST and MIMIC-CXR + NIH. Meanwhile, for the BAR,
our method achieved the second-best performance, which is
comparable to the results of DebiAN [16]. BAR has only
one type of bias for each target category, and the images
in the training set are purely biased. In addition, the pro-
posed framework requires unbiased data. Therefore, our ac-
curacy score is slightly lower than that of DebiAN [16]. For
the Modified IMDB, PnD contains the best or second-best
scores. Because there are only two biases in this dataset
and this classification task is relatively simpler than that
of the Biased MNIST, ResNet-18 also works well on it,
whereas the SOTAs are inferior to PnD and ResNet-18 on
this dataset. We conclude that PnD performs best in agnos-
tic biases mitigation owing to the mixture of biases-specific
experts, especially in the presence of multiple biases. Even
when the number of biases was small, its performance was
comparable to that of the others.
Robustness to different numbers of bias types. To evalu-
ate the performance of all methods under different numbers
of biases, we synthesized multiple biased MNISTs with
varying numbers of biases (ranging from 1 to 7) by grad-
ually adding digit color, digit scale, digit position, texture,
texture color, letter, and letter color following the data syn-
thesis operation in [24] as shown in the supplement.
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Table 1: Accuracy scores (%) on Biased MNIST, Modified IMDB, MIMIC-CXR + NIH, and BAR datasets with different
bias ratios. We compare our proposed method with ResNet-18 and other SOTA methods. Our method is clearly far superior
or close to other methods. The best results are highlighted in blue, and the second-best results are in red.

Method Biased MNIST (7 biases) BAR (1 bias) Modified IMDB (2 biases) MIMIC-CXR + NIH (1 bias)
0.75 0.95 0.95 0.99 0.80 0.95

ResNet-18 [6] 94.49 ± 0.15 53.86 ± 1.90 51.85 ± 5.92 74.31 ± 0.44 67.04 ± 2.07 64.53 ± 2.07 56.83 ± 2.07
LfF [18] 84.58 ± 2.46 35.16 ± 9.80 62.98 ± 2.76 63.22 ± 1.53 62.01 ± 1.58 55.40 ± 0.00 56.23 ± 0.67
DFA [13] 90.79 ± 0.14 44.52 ± 2.51 58.97 ± 1.28 64.19 ± 2.92 62.46 ± 0.71 52.67 ± 2.70 50.93 ± 0.58
OccamNet [24] 96.06 ± 0.33 66.85 ± 0.55 52.60 ± 1.90 68.17 ± 0.99 61.60 ± 1.07 61.93 ± 0.40 52.15 ± 0.35
DebiAN [16] 90.90 ± 1.36 46.52 ± 2.65 69.88 ± 2.92 72.42 ± 0.33 65.99 ± 0.80 67.40 ± 0.96 60.00 ± 1.40
UBNet [9] 90.40 ± 0.05 54.31 ± 1.13 61.93 ± 0.46 70.62 ± 0.25 63.02 ± 0.21 66.00 ± 0.46 55.00 ± 0.17

PnD 96.60 ± 0.22 70.43 ± 0.74 69.83 ± 2.09 74.34 ± 0.22 66.58 ± 0.26 67.87 ± 0.91 60.73 ± 0.87
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Figure 5: The accuracy scores (%) when changing the num-
ber of bias types from 1 to 7 in Biased MNIST. Regardless
of the number of biases, PnD always achieves the best.

Regardless of the number of biases, PnD always
achieved the best performance (Fig. 5). When the num-
ber of biases was one (digit color), all methods achieved
high scores. This is because, at this time, the digit only
occupies a small area in the center of the images, result-
ing in difficulty in learning digit color features. Owing to
the partition-and-debiasing strategy, our method does not
eliminate its performance was as fast as those of the other
methods after adding the second bias. Although our method
suffers from a performance drop after the fourth bias, it still
outperforms the other methods and remains nearly stable
when additional biases are added.

6.2. Ablation study

Ablation study for different loss terms. The ablation
study results on the biased MNIST and MIMIC-CXR + NIH

Table 2: Ablation study on Biased MNIST and MIMIC-
CXR + NIH, including ablating the loss terms in PnD (3rd
– 6th rows), the implementation strategies (7th – 8th rows),
and training procedure (9th – 10th rows). The results reveal
that each component in PnD is effective.

Method Dataset

Lcls Lgate Ldiv Lcon Biased MNIST MIMIC-CXR + NIH

✓ 44.11 ± 0.76 54.30 ± 0.46
✓ ✓ 68.90 ± 0.38 57.87 ± 0.71
✓ ✓ ✓ 69.88 ± 1.43 58.10 ± 0.99
✓ ✓ ✓ 69.48 ± 1.78 59.20 ± 0.26. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

w/o concatenation 67.11 ± 0.90 58.57 ± 0.49
w/o adaptive gating 67.84 ± 0.38 58.13 ± 0.64. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
initial training only 69.03 ± 0.53 58.07 ± 1.27
counterfactual training only 69.61 ± 1.22 59.00 ± 0.56. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
PnD (full model) 70.43 ± 0.74 60.73 ± 0.87

datasets are shown in Tab. 2. We evaluated the impact of us-
ing multiple loss terms in Eq. 4 by dropping each loss term
individually (3rd – 6th rows). Note that we drop each loss
term in both training phases. For clarity, we only discuss
the impact of the loss on the overall framework, not involv-
ing the analysis of the two training phases. The model with
only Lcls (3rd row) (i.e., the model with only two encoders
and two classifiers following the ends of the blocks) per-
formed the worst. This is because it attempted to remove
agnostic biases only once from the end of the network, as in
previous studies, ignoring the fact that the number and type
of agnostic biases are unknown. When other loss terms are
gradually added, the performance improves. Particularly,
the model with Lgate (4th row) boosts the performance sig-
nificantly because we begin to process the agnostic biases
according to the network depth. Moreover, the model with
either Ldiv or Lcon (5th and 6th rows) slightly improves the
performance (less than 1%). When we used both Ldiv and
Lcon (11th row), the performance increased by 1.53% com-
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Figure 6: The accuracy scores (%) when changing the num-
ber of experts from 1 to 4 on Biased MNIST, Modified
IMDB, MIMIC-CXR + NIH, and BAR datasets. In the case
of multiple biases (Biased MNIST), the debiased classifica-
tion accuracy is raised as the number of experts increases.
But for two biases (Modified IMDB) or single bias (BAR
and MIMIC-CXR + NIH), the number of experts does not
affect the performance too much.

pared to the model with Lgate. This is because Ldiv regular-
izes the diversity of each block in the bias encoder, which
also increases the diversity of counterfactual features, thus
improving the results. We conclude that the absence of
any loss term reduces PnD’s performance, indicating that
all terms work properly and contribute to the final results.
Ablation study for different strategies used in our im-
plementation. In PnD, we do not feed the bias and target
features into the classifier separately for classification, but
combine them and then classify them. The purpose, on the
one hand, is to make the bias features a perturbation term
on the target features to prevent overfitting, and on the other
hand, to facilitate the synthesis of counterfactual features.
We verified the results of a separate classification in our ab-
lation experiments without concatenation (7th row), which
showed significant decreases of 3.32% and 2.16%. For the
adaptively gating operation, we demonstrated the effect of
unweighted averaging (8th row), with a drop of 2.59% and
2.60% without adaptive gating.
Ablation study for two training phases. For a fair com-
parison, we still keep the same epochs. We can see that
the two-stage training is better than only the first stage (9th
row) or the second stage (10th row). The first training pro-
vides relatively purer target and bias features for the second
stage, whereas the second stage further disentangles these
two features via counterfactual inference. Consequently,
performance improves when the two stages work together.
Ablation study for multiple biases-specific experts. We

Table 3: Further ablation study for multiple biases-specific
experts on Biased MNIST and MIMIC-CXR + NIH. The
accuracy (%) results reveal that inserting multiple biases-
specific experts at different depths of PnD is effective.

Method Biased MNIST MIMIC-CXR + NIH

MoE on the last block 52.06 ±1.10 58.83 ± 0.42
MoE on all blocks w/o other debiasing strategies 67.49 ±1.41 58.47 ± 0.45

PnD 70.43 ± 0.74 60.73 ± 0.87

individually removed the expert modules inserted into the
shallowest block of ResNet-18, to obtain the classification
results when the number of experts ranged from 1 to 4
(Fig. 6). When multiple biases exist, we can see that the
greater the number of blocks covered by the expert, the bet-
ter the debiased classification effect. When the number of
biases is two or one, the performance remains almost stable.
This also confirmed the conclusion from the exploratory ex-
periment and the sufficiency of our strategy.

We further evaluate the performance of multiple experts
ensemble in Tab. 3. We give the results of ensemble multi-
ple biases-specific experts only in the last block (2nd row).
When a single bias (MIMIC-CXR + NIH) exists, its per-
formance drops by 1.9% compared to the PnD. However,
when multiple biases (Biased MNIST), the performance de-
creases significantly by 18.37%. It fully illustrates the effec-
tiveness of our idea that we should remove multiple biases
from different depths in the network. In order to distinguish
the effect of MoE and other debiasing strategies, we added
an additional set of experiments, where we only keep the
classification loss without weight for samples and the gat-
ing loss. The results show that the MoE strategy can also
achieve relatively great results (3rd row). This is because
we consider the features from the network in a depth-by-
depth manner. The network focuses on more diverse re-
gions, thus outputting a prediction result that is not limited
to a single feature, which may be bias.

6.3. Detailed analysis

More results on real-world dataset. We additionally eval-
uate the performance on CelebA [17], a real-world dataset,
in Tab. 4. For wearing lipstick or not classification, we show
the accuracy scores of worst group and all groups in four
bias attributes (2nd – 5th cols). From this table, we can see
that the performance of PnD outperforms other methods in
worst groups and all groups of almost all bias attributes. It
demonstrates the advantage of our method in removing ag-
nostic biases for real-world dataset.
Visualization of learned target and bias features. We vi-
sualized the region of interest of each expert using Grad-
CAM [23] (Fig. 7) to qualitatively verify the debiased clas-
sification (upper) and bias detection (lower) performances
of each block in PnD. In the debiased classification, all ex-
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Table 4: Accuracy scores on worst groups and all groups for wearing lipstick or not classification on CelebA, where bias
attributes are attractive or not, heavy makeup or not, high cheekbone or not, and gender. In the last column, we average the
results in four bias attributes. The best results are highlighted in blue, and the second best results are in red.

Method Attractive or not Heavy makeup or not High cheekbones or not Gender Average
Worst group All groups Worst group All groups Worst group All groups Worst group All groups Worst group All groups

ResNet-18 [6] 85.92 ± 0.19 91.53 ± 0.29 26.23 ± 1.73 74.77 ± 0.07 91.54 ± 0.48 93.32 ± 0.05 25.96 ± 4.08 71.54 ± 0.99 57.41 ± 1.62 82.79 ± 0.35
DebiAN [16] 85.82 ± 1.56 91.49 ± 0.14 24.51 ± 6.24 74.37 ± 0.55 90.27 ± 2.14 93.03 ± 0.26 32.05 ± 1.81 73.41 ± 3.33 58.16 ± 2.94 83.07 ± 1.07

PAD 87.33 ± 1.94 91.77 ± 0.02 27.94 ± 6.32 75.08 ± 1.17 92.00 ± 1.29 93.37 ± 0.08 32.69 ± 5.44 73.39 ± 0.51 60.00 ± 1.53 83.40 ± 0.44

(a) (b) (c) (d) (e)

High

Low

Figure 7: Regions of interest (ROIs) for biases-specific ex-
perts of our PnD in the debiased (upper) and bias (lower)
encoders, when conducting action classification in the test
set of BAR. (a) are original images, (b)-(e) are their saliency
maps generated using Grad-CAM, from the first expert to
the fourth expert. The ROIs for debiased classification and
bias detection are changing as the network gets deeper, and
there are also significant differences between the two tasks.

Table 5: Accuracy scores (%) for debiased classification re-
sults ŷ(i)

d of each expert (from E(1) to E(4)), and the prob-
ability p(i) (in parentheses) assigned by the gating module
on Biased MNIST, Modified IMDB, MIMIC-CXR + NIH,
and BAR datasets. We can see that each dataset has differ-
ent trends in classification accuracy across experts.

E(1) E(2) E(3) E(4) Final

Biased MNIST 48.47 (0.07) 68.75 (0.15) 70.66 (0.46) 68.19 (0.32) 70.43
BAR 33.44 (0.10) 49.54 (0.19) 61.57 (0.18) 69.83 (0.53) 69.83
Modified IMDB 68.13 (0.04) 72.89 (0.35) 74.71 (0.38) 74.25 (0.22) 74.34
MIMIC-CXR+NIH 51.77 (0.11) 57.90 (0.30) 60.70 (0.23) 61.00 (0.36) 60.73

perts were able to focus on the target region (climbing).
Meanwhile, in bias detection, each expert could handle bias
features differently; for instance, the first expert focuses on
background texture, and the third expert concentrates on
snowy slopes. We conclude that the two encoders can cap-
ture target and bias features properly and independently.
Analysis on the mixed debiased classification of experts.
To analyze the effectiveness of mixing different expert re-
sults using adaptively gating, we checked the output from
each expert and the probability assigned by the gating mod-
ule. Tab. 5 shows that, across these four datasets, the high-
est debiased classification accuracy scores were located at
3rd or 4th expert due to the different complexities of bi-
ases. Additionally, the results of the expert modules slightly

exceeded the final results coordinated by multiple experts.
This is reasonable because shallow blocks may contain few
target features, resulting in poor performance of the corre-
sponding experts, and thus degrading the final results. This
occurs particularly when the probability p(i) assigned to
the best expert is relatively low. However, we cannot re-
move shallow experts directly (see the results of reducing
the number of experts in Fig. 6). We may be able to en-
hance the performance by selecting the output of the expert
that has the highest p(i) during testing.
Limitations. We employed multiple expert modules, which
inevitably increased the number of network parameters.
One potential solution is to increase the sparsity of expert
networks [5]. Furthermore, as discussed in [15], removing
multiple unknown biases without an inductive bias is diffi-
cult. Due to the requirement of unbiased training data, PnD
does not perform as well on fully biased datasets such as
BAR. We will examine these issues further in the future.
Societal impacts. This study introduces a more realistic
bias scenario and provides a simple yet effective approach
to ensure that deep learning-based decision processes are
not biased toward agnostic attributes in the data. We believe
that the proposed approach will encourage the development
of more trustworthy AI applications. For example, it can in-
crease racial and gender equity in face recognition systems
by protecting minority populations from systemic biases.

7. Conclusion
Existing bias mitigation methods struggle to deal with

multiple unknown biases in real-world scenarios. To ad-
dress these limitations, we presented a novel bias scenario,
namely, agnostic biases mitigation. First, we investigated
our hypothesis that different bias features would cluster at
different depths in a network. We then proposed a PnD
method to address the new scenario by dividing the bias
space into multiple subspaces across network depths and
removing them using a mixture of biases-specific experts.
Extensive experiments on both public and our constructed
datasets demonstrated PnD’s excellent performance.
Acknowledgement. This work was supported by JST
SPRING Grant Number JPMJSP2108, Institute for AI and
Beyond of the University of Tokyo, JSPS KAKENHI Grant
Numbers JP23H03449, JP23KJ0404, and JP22K17947.

4932



References
[1] Ehsan Adeli, Qingyu Zhao, Adolf Pfefferbaum, Edith V Sul-

livan, Li Fei-Fei, Juan Carlos Niebles, and Kilian M Pohl.
Representation learning with statistical independence to mit-
igate bias. In Proc. IEEE Winter Conference on Applications
of Computer Vision (WACV), 2021. 2

[2] Mohsan Alvi, Andrew Zisserman, and Christoffer Nellåker.
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