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Abstract

As the use of artificial intelligence rapidly increases, the de-

velopment of trustworthy artificial intelligence has become

important. However, recent studies have shown that deep

neural networks are susceptible to learn spurious correla-

tions present in datasets. To improve the reliability, we pro-

pose a simple yet effective framework called controllable

feature whitening. We quantify the linear correlation be-

tween the target and bias features by the covariance ma-

trix, and eliminate it through the whitening module. Our re-

sults systemically demonstrate that removing the linear cor-

relations between features fed into the last linear classifier

significantly mitigates the bias, while avoiding the need to

model intractable higher-order dependencies. A particular

advantage of the proposed method is that it does not require

regularization terms or adversarial learning, which often

leads to unstable optimization in practice. Furthermore,

we show that two fairness criteria, demographic parity

and equalized odds, can be effectively handled by whiten-

ing with the re-weighted covariance matrix. Consequently,

our method controls the trade-off between the utility and

fairness of algorithms by adjusting the weighting coeffi-

cient. Finally, we validate that our method outperforms ex-

isting approaches on four benchmark datasets: Corrupted

CIFAR-10, Biased FFHQ, WaterBirds, and Celeb-A.

1. Introduction

Deep neural networks have shown impressive performance

by capturing task-relevant statistical cues from well-curated

training datasets [16, 56]. However, if training datasets are

poorly curated, neural networks often rely on spurious cues

that do not generalize well beyond the training distribution.

Nevertheless, it is challenging to determine which statistical

cues are beneficial for task performance; thus neural net-

works often fail when train dataset is highly biased (i.e.,

datasets in which a target attribute has a strong spurious

correlation with a particular bias attribute). For example,

if neural networks rely on spurious correlations to predict

the target attribute (e.g., recognizing objects by relying on

backgrounds or textures), the generalization capability of

the neural networks is severely reduced [46, 62]. Further-

more, previous studies have empirically demonstrated that

neural networks tend to focus on easier concepts [1, 32],

and over rely on such spurious correlations [36, 40].

To address the issues, several studies have been pro-

posed [2, 11, 36, 40]. A common strategy is to enforce

networks to learn representations that are independent to

the specified bias attributes by incorporating fairness cri-

teria (e.g., demographic parity, equalized odds, and equal

opportunity) [2, 29, 45, 61]. Previous works have quan-

tified the fairness criteria using statistical measures (e.g.,

mutual information, Hilbert Schmidt Independence Crite-

rion, and Hirschfeld-Gebelein-Rényi coefficient) that rep-

resent the dependency between model predictions (or rep-

resentations) and bias attributes. However, these measures

are often analytically intractable or computationally expen-

sive to estimate directly. Therefore, they employed neural

networks to estimate the measures, and achieved fairness by

adopting adversarial learning or regularization terms. How-

ever, it should be noted that adversarial learning can be eas-

ily unstable, and careful tuning of hyperparameters is re-

quired for regularization terms. Furthermore, it is difficult

to evaluate whether the neural estimator precisely estimates

the dependency during the min-max game.

To overcome the limitations, we propose a simple yet ef-

fective feature whitening based approach that is robust to

hyperparameter tunings and facilitates stable training. As

noted in prior works, linear independence can be satisfied

with the whitening transform that multiplies the inverse

square root of the covariance matrix [19, 20]. Although

linear independence does not guarantee statistical indepen-

dence, it ensures that one variable can not be estimated by a

linear layer that takes other variables as inputs. This prop-

erty allows our approach to function similarly to adversar-

ial training, forcing the target representation to "forget" bias

attributes in a linear regime. Furthermore, deep neural net-

works have empirically shown the capability to encode in-

puts into a representation that is linearly separable by a last

linear classifier. Based on these insights, we estimate and
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Figure 1. Overview of proposed method. X is the mini-batch of the images that sampled from the biased training dataset. ht(·) and hb(·)
are target and bias encoder, respectively. To reduce the dependency, we remove the linear correlation between the target feature zt and

bias feature zb using the controllable whitening module Wλ(·), that can handle demographic parity and equalized odds by controlling the

coefficient λ. Subsequently, the whitened target feature zwt and whitened bias feature zwb are linearly independent, while zwt is kept close

to zt by the coupled Newton-Schultz iteration that utilizes the degree of freedom in the Σ−1/2. Then, we train linear classifiers, gwt(·) and

gwb(·), to predict the target attribute and bias attribute, respectively. LW refers to the loss weighting. To make learning stable, we freeze

ht(·) which is pretrained on the same biased dataset.

eliminate the linear dependency between the target and bias

features fed into the last linear classifiers, as illustrated in

Figure 1. Notably, we demonstrate that significant improve-

ments in fairness can be achieved by removing only lin-

ear dependency, without involving analytically intractable

higher-order dependencies, when the whitening transform

is appropriately applied.

In addition, we investigate the efficacy of the proposed

method by evaluating demographic parity, which is one of

the most widely used fairness criteria. Demographic parity

requires the independence between the model predictions

and the bias attribute. Experimental results confirm that our

method effectively reduces demographic parity as the bias

feature is trained to be linearly classified according to the

bias attribute. However, it is well known that enforcement

of strict demographic parity cripples the utility of the al-

gorithm, particularly when the training dataset is highly bi-

ased, as it suppresses target-relevant information correlated

with the bias attributes [15, 50]. By contrast, equalized odds

means conditional independence between predictions and

bias attributes given the target attributes; this does not con-

flict with learning target tasks regardless of the degree of the

dataset bias [15].

To preserve task-relevant information while mitigating

bias, we introduce a re-weighting strategy for covariance

estimation. Specifically, we approximate a covariance ma-

trix over the unbiased distribution by over-weighting the

rare groups and under-weighting the predominant groups.

In this paper, we denote the covariance matrix computed

over the unbiased distribution (i.e., the target and bias at-

tributes are independent) as the unbiased covariance ma-

trix. Since equalized odds and demographic parity become

equivalent in an unbiased distribution, whitening with the

unbiased covariance matrix naturally promotes equalized

odds. Moreover, we empirically verify that whitening with

the unbiased covariance matrix improves equalized odds,

and prevents the task-relevant information loss. However,

we also confirm that whitening with the purely unbiased co-

variance can lead to over-fitting, due to the sample diversity

imbalance between groups which can not be mitigated by

re-weighting.

To balance the trade-off between task-relevant infor-

mation loss and over-fitting, we propose the Controllable

Feature Whitening (CFW), which blends the unbiased

and biased covariance matrices via a weighted arithmetic

mean. By adjusting the weighting coefficient, we achieve a

smoothly interpolated objective between demographic par-

ity and equalized odds, enabling the model to mitigate inter-

group performance disparities while simultaneously pre-

serving the overall performance. Finally, we verify the

efficacy of the proposed method by comparing the perfor-

mance with existing methods on four benchmark datasets,

Corrupted CIFAR-10 [34, 40], Biased FFHQ [25, 30], Wa-

terBirds [49], and Celeb-A [38]. Empirically, we observe

that setting the weighting coefficient to 0.25 consistently

yields strong performance across datasets, suggesting that

our method can be considered hyperparameter-free in prac-

tice. Notably, we demonstrate that its effectiveness can be

further enhanced when integrated with other existing meth-

ods which improve the quality of the representation.
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2. Related Work

Fairness with known biases. Many approaches to im-

prove fairness assume that bias attributes (e.g., gender, age,

and race) are known during training. The most intuitive

strategies are re-weighting and re-sampling [6, 7, 47], ad-

justing the training distribution to mitigate bias. However,

re-weighting and re-sampling often lead networks to over-

fitting due to the lack of the sample diversity of rare groups.

To address the issues, data augmentation techniques such

as BiasSwap [30] and FlowAug [9] generate counterfactual

examples to enhance the sample diversity. However, data

generation may adversely affect learning, depending on the

quality of the generated data. Adversarial learning, another

widely used approach, trains an auxiliary branch to predict

bias attributes, forcing the target network to forget the bias

information [29, 61]. Although adversarial learning based

approaches have demonstrated strong performance, adver-

sarial learning is inherently unstable and requires careful

tuning of hyperparameters. In this paper, we apply a re-

weighting strategy when estimating the unbiased covariance

matrix, and demonstrate reduced over-fitting compared to

standard loss re-weighting. Furthermore, we replace adver-

sarial learning with feature whitening in a linear regime, and

simplify the training by eliminating the need of additional

hyperparameters.

Fairness with unknown biases. On the other hand, re-

cent studies have focused on more challenging yet practi-

cal scenarios in which bias attributes are not provided dur-

ing training. In such cases, models should infer bias at-

tributes from datasets by leveraging properties of biased

networks. Loss-based methods identify bias by detecting

high-loss samples, assuming that they correspond to un-

derrepresented groups [37, 40]. To amplify the loss differ-

ence between groups, the Generalized Cross Entropy (GCE)

loss [60] is widely utilized, and a committee of biased clas-

sifiers [31] is introduced. However, these methods strug-

gle to distinguish between truly biased and intrinsically dif-

ficult examples, making them sensitive to hyperparameter

tuning and requiring a labeled validation set for effective

calibration. Cluster-based approaches, such as Correct-n-

Contrast [59], seek to discover hidden bias attributes by

grouping samples based on feature similarities, although

such clustering may not always align with real-world bi-

ases. While fairness techniques that do not require explicit

bias information have been increasingly studied and have

shown even better performance than previous studies using

the bias label, the absence of bias information can lead to

limited generalization. Therefore, in this paper, we focus

on the scenarios in which bias labels are provided, ensuring

a more controlled approach to fairness.

3. Preliminary

3.1. Whitening and Independence

Whitening is a popular normalization technique which is

widely adopted in various areas, including efficient opti-

mization, domain adaptation, GAN, style transfer, and rep-

resentation learning [10, 13, 48, 51]. It transforms the input

features to have a zero mean and unit variance and removes

the linear correlation between channels. It can be expressed

by the following equation:

  \boldsymbol {\tilde {X}} = \boldsymbol {\Sigma ^{-\frac {1}{2}}}\cdot (\boldsymbol {X} - \boldsymbol {\mu } \cdot \boldsymbol {1}^\top ), \label {eq:whitening}  




       (1)

where X ∈ R
C×N denotes the input features, N denotes

the number of inputs, and C is the dimension size of inputs.

Σ = 1

N (X − µ · 1⊤) · (X − µ · 1⊤)⊤ and µ = 1

NX ·
1 are the covariance matrix and mean vector of the input,

respectively. Since the inverse square root of matrix is not

unique (as multiplying any unitary matrix generates a valid

inverse square root), many studies have been proposed such

as ZCA-whitening [4, 26], Cholesky decomposition [12],

and Newton Schulz iterations [5]. We employ the coupled

Newton-Schultz iterations [17, 18] which is known to be

numerically stable and computationally efficient [55].

Although zero covariance does not imply statistical inde-

pendence between variables, it does ensure linear indepen-

dence, which means that one variable can not be defined as

a linear combination of the others (i.e., variables linearly

unlearn each other). Moreover, if the variables follow a

Gaussian distribution, a zero covariance implies statistical

independence. Previous studies have analyzed that infinite-

width neural network can be approximated as a Gaussian

process by using the Central Limit Theorem [23, 35]. Al-

though this does not rigorously match our work, we empir-

ically demonstrate that whitening improves the fairness.

3.2. Fairness Criterion

Problem Setup. Let (X,Y,B) ∈ X × Y × B denote the

input data, target attribute, and bias attribute, respectively,

sampled from the dataset D. Ŷ ∈ Y denotes the algorithm

prediction. We say that dataset D is biased towards B, when

Y and B are not independent (i.e., P (Y |D) · P (B|D) ̸=
P (Y,B|D)). If a network is trained on a highly biased

dataset, B can be used as a shortcut to predict Y . Fol-

lowing [36, 40], we refer to data samples as bias-aligned

if Y can be correctly predicted by relying on B, which are

predominant in biased datasets. Conversely, we say data

samples are bias-conflicting, if the Y can not be predicted

by relying on B, which are rare in biased datasets. If pre-

dictions, Ŷ , are highly biased toward B, the network poorly

performs on bias-conflicting samples. Therefore, the objec-

tive of this work is not only improving the overall perfor-

mance, but also reducing the performance gap between the

groups.
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Fairness Criteria. Numerous fairness criteria have been

proposed to measure the group fairness of algorithms, in-

cluding demographic parity [28, 57], predictive parity [14],

equalized odds, and equal opportunity [15]. In the paper,

we focus on two representative criteria: demographic parity

and equalized odds, which are widely adopted to regularize

training.

First, demographic parity requires the difference of pre-

diction probability between the bias groups to be zero. This

can be expressed using the following equation:

  \label {eq:dp} P(\hat {Y}=y| B=b_1) = P(\hat {Y}=y | B=b_2) ,               (2)

for ∀(y, b1, b2) ∈ Y × B × B. This condition implies that

the target prediction Ŷ and bias B are independent. Many

successful approaches have been proposed to reduce the sta-

tistical dependency between B and Ŷ (or B and the target

features) to achieve fairness. However, because B and Y

are highly correlated in a biased training dataset, removing

the dependency between B and Ŷ over the biased dataset

inevitably reduces the dependency between Y and Ŷ [15]

as well. In this paper, we quantify the degree of violation

for demographic parity as the following:

  \label {eq:ddp} \Delta _{DP} =& \frac {1}{N_Y} \sum _{y \in \mathcal {Y}} \max _{b_1,b_2}\lvert P(\hat {Y}=y| B=b_1)\notag \\ &- P(\hat {Y}=y | B=b_2) \rvert ,











     

        (3)

where Ny is the number of the classes of Y .

On the other hand, equalized odds requires the true pos-

itive ratio and false positive ratio over different bias groups

to be the same, which can be expressed as the following

equation:

  \label {eq:eo} P(\hat {Y}=y_1 | B=b_1,Y=y_2)\notag \\ = P(\hat {Y}=y_1 | B=b_2,Y=y_2),        

           (4)

for ∀(y1, y2, b1, b2) ∈ Y × Y × B × B. Equalized odds

implies that Ŷ and B are conditionally independent given

Y . Owing to the conditioning on Y , this criterion preserves

the dependency between Y and Ŷ , mitigating the risk of re-

ducing predictive performance. In particular, demographic

parity and equalized odds are equivalent if and only if Y

and B are independent (i.e., dataset is unbiased). We quan-

tify the degree of the violation for equalized odds as the

following:

  \label {eq:deo} \Delta _{EO} =& \frac {1}{N_Y} \sum _{y \in \mathcal {Y}} \max _{b_1,b_2}\lvert P(\hat {Y}=y| B=b_1, Y=y) \notag \\ &- P(\hat {Y}=y | B=b_2, Y=y) \rvert .











        

           (5)

4. Methodology

4.1. Training Debiased Classifier

In this section, we describe the proposed method in detail.

The key component of our approach is the whitening mod-

ule, which makes the features linearly independent between

channels without requiring unstable adversarial learning or

regularization terms. By leveraging this property, we just

need to train the networks to predict the target and bias at-

tributes using the different groups of the channels of the

whitened features. As one group of whitened features is

trained to linearly classify the bias attribute, the other group

inherently becomes incapable of linearly encoding bias in-

formation. The overall framework of the proposed method

is illustrated in Figure 1.

Specifically, we train the network ft(·) : X → Y , which

takes X as the input and predicts the target attribute Y , over

the biased dataset Db using the standard cross-entropy loss.

ft(·) is composed of the encoder network ht(·) : X → R
M

and the linear classifier gt(·) : RM → Y , where M is the

dimension size of the extracted target feature zt = ht(X).
Since, Y and B are highly correlated on Db, the network

ft(·) is likely to make predictions by relying on B (i.e., ft(·)
shows great performance on the bias-aligned samples, but

poor performance on the bias-conflicting samples). We re-

fer this biased network ft(·) as Vanilla network. We bring

the biased target encoder network ht(·) from Vanilla net-

work and do not update, because satisfying fairness con-

straints, especially demographic parity, is known to easily

conflict with learning target tasks [15]. Moreover, previous

works have observed that fine-tuning the last linear layer is

sufficient to achieve fairness [33, 52].

To mitigate the over-reliance of the pretrained Vanilla

network, we remove the bias information from the target

feature zt using the feature whitening. We extract the bias

feature zb = hb(X) using another bias encoder network

hb(·) : X → R
M , which is trained to predict B. Then, the

Controllable Feature Whitening (CFW) Wλ(·) : R
2M →

R
2M takes the concatenated feature z = [zt; zb] as the in-

put, and performs whitening using the Eq 1. Detailed expla-

nations of the whitening process will be provided in Sec-

tion 4.2. Consequently, the whitened feature zw = W (z)
satisfies the orthogonality between all channel pairs, and we

split the zw into whitened target feature zwt and whitened

bias feature zwb. Then, the whitened target feature zwt and

whitened bias feature zwb are linearly independent, while

zwt is kept close to zt by the coupled Newton-Schultz iter-

ation that utilizes the degree of freedom in the Σ−1/2 in the

whitening module. Owing to the linear independence, zwt

and zwb can not be estimated by linear layers takes each

other as the input.

Then, we train the linear target classifier gwt(·) : R
M →

Y , which takes zwt as the input and predicts the Y . Simi-
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larly, we train the linear bias classifier gwb(·) : RM → B,

which takes zwb as the input and predicts B. For evalua-

tion, we use Ŷ = gwt(zwt). The objective is composed

of two terms: Lt(ht, gwt, X, Y ) = LCE(gwt(zwt), Y )
and Lb(hb, gwb, X,B) = LCE(gwb(zwb), B), where

[zwt; zwb] = W ([ht(X);hb(X)]), and LCE is the cross-

entropy loss. Finally the objective function can be written

as the follows:

  \min _{g_{wt}}\mathcal {L}_t(h_t, g_{wt}, X, Y) + \min _{h_{b},g_{wb}} \mathcal {L}_b(h_b, g_{wb}, X, B).


     


   (6)

4.2. Covariance Estimation and Re-weighting

We improve fairness of the network by whitening with the

biased covariance matrix which is estimated over the biased

training dataset in Section 4.1. However, as we mentioned,

removing the correlation between Ŷ and B can conflict with

learning the target task when training dataset is highly bi-

ased. The problem is caused by the fact that Y and B are

not independent in the training dataset. To avoid the prob-

lem, we propose the controllable covariance estimation us-

ing re-weighting. The re-weighting strategy is simple but

effective method to mimic the statistics of unbiased dataset.

We simply over-weight the rare groups (i.e., bias-conflicting

samples), and under-weight the common groups (i.e., bias-

aligned samples). The biased covariance matrix Σb and the

unbiased covariance matrix Σu can be expressed as follows:

  \boldsymbol {\Sigma _{\text {b}}}=\sum _{y,b\in \mathcal {Y},\mathcal {B}}P(y,b|\mathcal {D}_\text {b}) \cdot \mathbb {E}_{\boldsymbol {X_c}\sim \mathcal {D}_\text {b}^{y,b}}[\boldsymbol {X_cX_c}^T],




   





  (7)

  \boldsymbol {\Sigma _{\text {u}}}&=\sum _{y,b\in \mathcal {Y},\mathcal {B}}P(y,b|\mathcal {D}_{\text {u}}) \cdot \mathbb {E}_{\boldsymbol {X_c} \sim \mathcal {D}_\text {b}^{y,b}}[\boldsymbol {X_cX_c}^T],




   





  (8)

where Db and Du are the biased and unbiased distributions,

respectively. Dy,b
b is the subset of Db that contains samples

with Y = y and B = b. Thus, P (y, b|Db) can be obtained

from the training dataset statistics. To ensure independence,

we set P (y, b|Du) = 1

NY ·NB
, where NY and NB are the

number of the classes of Y and B, respectively. To ob-

tain a more general expression of the covariance matrix for

mixed distributions, we add a weight coefficient λ ∈ [0, 1]
to compute the weighted arithmetic mean of the biased and

unbiased covariance matrices as the following:

  \boldsymbol {\Sigma _{\lambda }} &= \lambda \cdot \boldsymbol {\Sigma _{\text {u}}} + (1 - \lambda ) \cdot \boldsymbol {\Sigma _{\text {b}}}.        (9)

Consequently, the proposed Controllable Feature Whiten-

ing (CFW) performs whitening with Σλ by following Eq 1.

Setting λ = 0, we can disable the re-weighting, and perform

whitening with the biased covariance matrix, while increas-

ing λ gradually incorporates unbiased statistics.
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Figure 2. The solid lines and dashed lines in (a) are the test accu-

racy of the bias-aligned and bias-conflicting samples, respectively.

For comparison, we also report the test accuracy of the Vanilla

network, which shares the target encoder ht. (b) is the illustration

of the training loss of Lt and Lb over the bias-aligned and bias-

conflicting samples.

5. Experimental Results

To evaluate the efficacy of the proposed method, we com-

pare the performance with existing methods on one con-

structed dataset (Corrupted CIFAR10 [34, 40]) and three

real-world datasets (Biased FFHQ [30], WaterBirds [49],

and Celeb-A [39]). We conduct ablation studies to analyze

1) the contribution of each component in our method and

2) performance variations under different whitening trans-

forms. Due to space constraints, 1) performance compar-

isons on the WaterBirds dataset, 2) implementation details,

and 3) dataset descriptions are provided in Appendix.

Evaluation metrics. Following previous studies, we re-

port three types of accuracy: unbiased, bias-conflicting, and

worst group [31, 52]. Detailed explanations and equations

to compute the metrics are provided in Appendix. To sum

up, we can evaluate the utility of algorithms with the unbi-

ased test accuracy, and the fairness of algorithms with the

bias-conflicting and worst-group test accuracy.

5.1. Controllable Feature Whitening

To evaluate the efficacy of removing linear correlation be-

tween the target and bias features which are passed to the

last linear layer, we conduct experiments on the bFFHQ

dataset. In Figure 2, we illustrate the test accuracy and

the training loss of Lt and Lb. As shown in Figure 2a, the

Vanilla network, which is highly biased toward B, performs

well only on the bias-aligned samples (i.e., young women

and old men). In contrast, the performance gap between

two groups of our method is significantly reduced, and it

indicates that the prediction of our method Ŷ = gwt(zwt)
is not affected by the bias attribute. Despite the fact that we

reuse the biased target encoder ht(·) from the Vanilla net-

work without update, the proposed whitening module suc-

cessfully removes the dependency between zwt and B as

zwb is trained to predict B.
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Figure 3. Illustration of ∆DP and ∆EO with respect to training

iterations. It shows that whitening with the unbiased covariance

(λ=1) successfully regularizes ∆EO . By contrast, whitening with

the biased covariance (λ=0) successfully regularizes the ∆DP .
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Figure 4. Illustration of training loss of bias-aligned samples with

respect to training iterations, and test accuracy with respect to λ.

As λ is getting larger, training loss of Lt on the bias-aligned sam-

ples is converging better. However, the network tends to be over-

fitting due to the sample diversity imbalance between two groups.

Furthermore, as shown in Figure 2b, the training loss

of Lt for the bias-aligned samples does not converge,

even though the bias-aligned samples are majority in the

dataset. By contrast, the training loss of Lt over the bias-

conflicting samples is well-converged, further indicating

that the whitening module successfully removes the bias

correlated information from zwt including the task-relevant

information. To improve stability of training, we adopt

the re-weighting strategy to Lt by under-weighting the loss

of the bias-aligned samples to mimic the loss of unbiased

dataset. Empirically, it helps stabilizeining, and ablation

studies will be provided in Section 5.3.

To preserve task-relevant information, we introduce the

Controllable Feature Whitening (CFW), and demonstrate

the efficacy by comparing the performance as varying the

weight coefficient λ. In Figure 3, we present ∆DP and

∆EO over the training dataset, computed by Eq 3 and 5.

The results allow us to empirically verify whether elimi-

nation of linear correlations through CFW can effectively

regulate ∆DP and ∆EO. As we expected, with λ of 0, we

observe low ∆DP and high ∆EO. It indicates that whiten-

ing with the biased covariance matrix focuses on removing

dependency between Ŷ and B without conditioning on Y .

By contrast, with λ of 1, we observe high ∆DP and low

(a) bias-aligned samples (zt) (b) bias-aligned samples (zwt)

(c) bias-conflicting samples (zt) (d) bias-conflicting samples (zwt)

Figure 5. Illustration of the 2D projected target features zt and

whitened target features zwt which are extracted with the biased

FFHQ dataset. As we expected, zwt is consistently clustered ac-

cording to the target attribute (old & young) regardless of the

groups, while zt is randomly mixed on bias-conflicting samples.

∆EO. It indicates that whitening with the unbiased covari-

ance matrix removes the dependency between Ŷ and B con-

ditioning on Y . These results confirm that removing linear

correlations between target and bias features with CFW al-

lows us to regulate smoothly interpolated objective between

demographic parity and equalized odds by adjusting λ.

To further analyze the effect of CFW, we visualize

the training loss of Lt on the bias-aligned samples and

test accuracy evaluated on bias-aligned samples and bias-

conflicting samples in Figure 4. As shown in Figure 4a,

the training loss of Lt in the bias-aligned samples success-

fully converges as λ increases. It indicates that the target in-

formation is well-preserved by re-weighting the covariance

matrix. However, in Figure 4b, we empirically verify that

the performance gap between the bias-conflicting and bias-

aligned samples is growing with increasing λ. Although

CFW demonstrates improved accuracy than the Vanilla net-

work regardless of λ, it seems that CFW with large λ is

prone to over-fitting due to the lack of the sample diver-

sity of the bias-conflicting samples. To avoid both target

information loss and over-fitting, we empirically set λ to

0.25 based on the results on the bFFHQ dataset. Notably,

λ of 0.25 is used in all experiments in Section 5, consis-

tently yielding strong performance across datasets. This

demonstrates that our method can be practically considered

hyperparameter-free.
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Method Bias Label
Corrupted CIFAR-10 bFFHQ

0.5% 1.0% 2.0% 5.0% 0.5%

Vanilla ✗ 23.26±0.29 26.10±0.72 31.04±0.44 41.98±0.12 56.20±0.35

HEX [53] ✗ 13.87±0.06 14.81±0.42 15.20±0.54 16.04±0.63 52.83±0.90

Rebias [2] ✗ 22.27±0.41 25.72±0.20 31.66±0.43 43.43±0.41 59.46±0.64

LfF [40] ✗ 28.57±1.30 33.07±0.77 39.91±0.30 50.27±1.56 62.2±1.0

DisEnt [36] ✗ 29.95±0.71 36.49±1.79 41.78±2.29 51.13±1.28 63.87±0.31

SelecMix+L (w/o GT) [22] ✗ 39.44±0.22 43.68±0.51 49.70±0.54 57.03±0.48 70.80±2.95

EnD [52] ✓ 22.54±0.65 26.20±0.39 32.99±0.33 44.90±0.37 56.53±0.61

LISA [54] ✓ 32.71±1.09 38.18±0.90 44.15±0.39 51.57±0.45 64.20±0.53

SelecMix+L (w GT) [22] ✓ 37.02±1.05 41.66±1.10 48.35±0.99 53.47±0.53 75.00±0.53

Ours+V ✓ 32.08±0.32 36.13±0.34 43.51±0.16 53.08±0.22 79.8±0.33

Ours+S ✓ 42.51±0.17 46.87±0.12 50.99±0.16 59.05±0.23 82.77±0.35

Table 1. Comparison of the unbiased test accuracy (%) on Corrupted CIFAR10 and bias-conflicting test accuracy (%) on bFFHQ. We

compare the performance as varying the ratio of bias-conflicting samples in the training dataset. We adopted target encoder networks

pretrained with Vanilla and SelecMix for ‘Ours+V’ and ‘Ours+S’.

Method Backbone Bias Label Unbiased Bias-conflicting Worst-G

Target attribute: BlondHair

Vanilla Res18 (SL) ✗ 70.25±0.35 52.52±0.19 16.48

LfF [40] Res18 (SL) ✗ 85.43 83.40 -

LWBC [31] Res18 (SL) ✗ 85.1±0.6 82.4±1.4 76.6±4.6

Co-Ada [58] Res18 (SL) ✗ - - 78.37

CM [3] Res18 (SL) ✗ - - 81.61

GroupDro [49] Res18 (SL) ✓ 84.24 81.24 -

CSAD [61] Res18 (SL) ✓ 89.36 87.53 -

EnD [52] Res18 (SL) ✓ 91.21 87.45 -

Ours Res18 (SL) ✓ 88.40±0.40 88.07±0.16 84.03±0.19

Vanilla Res18 (SSL) ✗ 80.48±0.91 66.79±2.20 38.5±4.1

LWBC [31] Res18 (SSL) ✗ 88.90±1.55 87.22±1.14 85.5±1.4

Vanilla Res50 (SL) ✗ - - 47.2

JTT [37] Res50 (SL) ✗ - - 81.1

CNC [59] Res50 (SL) △ - - 88.8±0.9

DFR [33] Res50 (SL) △ 91.3±0.3 - 88.3±1.1

FMD [8] Res50 (SL) △ 89.73 - 87.15

SSA [41] Res50 (SL) △ - - 89.8±1.28

GroupDro [49] Res50 (SL) ✓ - - 87.2

LISA [54] Res50 (SL) ✓ - - 89.30

Ours Res50 (SL) ✓ 92.33±0.13 93.24±0.16 91.02±0.17

Target attribute: HeavyMakeup

Vanilla Res18 (SL) ✗ 62.00±0.02 33.75±0.28 -

Vanilla Res18 (SSL) ✗ 66.30±1.15 39.50±2.47 -

LfF [40] Res18 (SL) ✗ 66.20 45.48 -

LWBC [31] Res18 (SSL) ✗ 70.29±1.14 51.28±5.74 -

GroupDro [49] Res18 (SL) ✓ 64.88 50.24 -

CSAD [61] Res18 (SL) ✓ 67.88 53.44 -

EnD [52] Res18 (SL) ✓ 75.93 53.70 -

Ours Res18 (SL) ✓ 65.37±2.8 60.87±5.2 48.15 ±6.42

Table 2. Comparison of the unbiased, bias-conflicting, and worst-

group test accuracy (%) on the Celeb-A. ‘SL’ and ‘SSL’ denote the

adoptation of supervised and self-supervised models as the back-

bone network.

For qualitative evaluations, we visualize the 2D projec-

tions of the target features zt and whitened target features

zwt using t-SNE in Figure 5. These features are extracted

from the bFFHQ dataset, and for better clarity, we sepa-

rately visualize the projections for bias-aligned and bias-

conflicting samples. A highly biased network only performs

great on bias-aligned samples, but a fair network consis-

tently performs regardless of the groups. As shown in Fig-

ure 5b and 5d, the whitened target features zwt are separable

according to the target attribute (old & young) regardless of

the groups. On the other hand, as shown in Figure 5a and

5c, the target features zt are only accurately separable on the

bias-aligned samples. It indicates that the proposed method

successfully reduces the discrepancy between the groups,

and prevents the network predictions from relying on the

bias shortcuts.

5.2. Classification Results

To compare the performance, we report the unbiased and

bias-conflicting test accuracy on corrupted CIFAR-10 and

bFFHQ, respectively, in Table 1. The proposed method

demonstrates superior performance, and we note that its ef-

fectiveness further enhanced by adopting target encoder that

pretrained with SelecMix. We denote our method employ-

ing target encoder networks pretrained with Vanilla and Se-

lecMix as ‘Ours+V’ and ‘Ours+S’, respectively.

In Table 2, we compare the unbiased, bias-conflicting,

and worst-group accuracy of the proposed method with

other existing methods on Celeb-A. For the bias-conflicting

and worst-group accuracy, our method consistently outper-

forms other algorithms. For the unbiased accuracy, our

method shows comparable performance with the best result.

In addition, the performance gap between the unbiased and

bias-conflicting accuracy is significantly reduced with our

method, indicating that our method improves the fairness

without loss of the utility of algorithms. Additionally, in Ta-

ble 3, we compare the unbiased test accuracy and ∆EO of

the proposed method with other baselines using bias label.

The results confirm that our approach achieves both supe-

rior fairness and overall performance. Especially, we verify

that our method shows significantly better performance than

adversarial learning based methods (e.g., GRL and LNL).

5.3. Ablation Study

To investigate the contribution of each component of our

method, we conduct the ablation study by training ResNet-

18 on the bFFHQ under different configurations. LW and
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Method
T=a / S=m T=a / S=y T=b / S=m T=b / S=y T=e / S=m T=e / S=y

∆EO Acc ∆EO Acc ∆EO Acc ∆EO Acc ∆EO Acc ∆EO Acc

Vanilla 27.8 79.6 16.8 79.8 17.6 84.0 14.7 84.5 15.0 83.9 12.7 83.8

GRL [44] 24.9 77.2 14.7 74.6 14.0 82.5 10.0 83.3 6.7 81.9 5.9 82.3

LNL [29] 21.8 79.9 13.7 74.3 10.7 82.3 6.8 82.3 5.0 81.6 3.3 80.3

FD-VAE [42] 15.1 76.9 14.8 77.5 11.2 81.6 6.7 81.7 5.7 82.6 6.2 84.0

MFD [24] 7.4 78.0 14.9 80.0 7.3 78.0 5.4 78.0 8.7 79.0 5.2 78.0

SupCon [27] 30.5 80.5 21.7 80.1 20.7 84.6 16.9 84.4 20.8 84.3 10.8 84.0

FSCL+ [43] 6.5 79.1 12.4 79.1 4.7 82.9 4.8 84.1 3.0 83.4 1.6 83.5

Ours 4.2 80.3 10.4 79.4 5.0 83.5 4.5 84.7 3.4 85.3 2.1 85.2

Table 3. Comparison of the top-1 unbiased test accuracy (%) and equalized odds in various scenarios using Celeb-A. Here a, b, e, m, and

y respectively denote attractiveness, bignose, bag-under-eyes, male, and young. On the other hand, T and S represent target and sensitive

attributes, respectively.

Method Unbiased (%) Bias-conflicting (%) diff. (%)

Vanilla 77.96 56.87 21.09

+ LW 78.5 56.2 22.03

+ CFW, λ = 0.0 80.0 80.6 -0.6

+ CFW, λ = 0.25 83.9 78.1 5.8

+ CFW, λ = 0.25 + LW 84.6 79.8 4.8

Table 4. Ablation study on each component of proposed method.

We train and evaluate on the bFFHQ as varying the components.

Best performing results are marked in bold, while second-best re-

sults are denoted with underlines.

Method Unbiased (%) Bias-conflicting (%) diff. (%)

Vanilla 77.96 56.87 21.09

ZCA 83.83 72.66 11.17

CD 74.06 71.40 2.66

cNS, T=3 84.50 76.80 7.7

cNS, T=7 83.80 78.67 5.13

Ours: cNS, T=5 84.6 79.8 4.8

Table 5. Ablation study on the method to solve the matrix inverse

square root. We train and evaluate on the bFFHQ as varying the

method. Best performing results are marked in bold, while the

second-best results are denoted with underlines.

CFW are abbreviation of loss weighting and Controllable

Feature Whitening, respectively. As shown in Table 4, we

can verify that all components contribute to achieve the fair-

ness while preserving the utility. Although, we verify that

CFW without re-weighting demonstrates the smallest per-

formance gap between two groups, we can optimize the un-

biased accuracy with the negligible bias-conflicting accu-

racy drop by controlling the weight coefficient λ. Notably,

LW does not improve the performance of the Vanilla net-

work, while it improves the performance of the proposed

method. As we mentioned in Section 4.2, LW helps to sta-

bilize the training by under-weighting the noisy gradients of

the bias-aligned samples. However, with Vanilla network,

training loss of both bias-aligned and bias-conflicting sam-

ples converge close to zero even without LW.

We further conduct the ablation study on the whitening

module, training with ResNet-18 on the bFFHQ as vary-

ing the methods to solve the matrix inverse square root.

We adopt three representative methods: ZCA-Whitening [4,

26], Cholesky Decomposition [12], and coupled Newton-

Schultz iterations [17, 18], which are denoted as ZCA, CD,

and cNI, respectively. For cNI, there is the hyperparameter,

iteration number T, which determines the number of itera-

tions to approximate the inverse square root of the matrix.

We use the cNI with T of 5, which is suggested by [20, 55].

As shown in Table 5, the fairness and utility are generally

improved regardless of which whitening modules are used.

However, stochasticity of each modules are different. Ac-

cording to the previous works [21], cNI demonstrates the

most stable behavior, and it also outperforms other methods

in our experiments. Moreover, we empirically verify that

performance improvement is saturated with T of 5.

6. Conclusion

In this paper, we propose a novel framework, Controllable

Feature Whitening (CFW), to mitigate over-reliance on spu-

rious correlations by removing linear correlations between

target features and bias features. Specifically, linear inde-

pendence ensures that two features cannot be linearly pre-

dicted from each other. To enforce this, we whiten the fea-

tures fed into the last linear classifier, effectively prevent-

ing model predictions from relying on bias attributes with-

out requiring intractable modeling of higher-order depen-

dencies. Additionally, we extend our method to achieve

two fairness criteria, demographic parity and equalized

odds, by re-weighting the covariance matrix. Although

our approach assumes access to bias labels, it demonstrates

consistently superior performance across datasets without

requiring additional hyperparameter tuning. We validate

its effectiveness by achieving state-of-the-art performance

on four benchmark datasets: Corrupted CIFAR-10, biased

FFHQ, WaterBirds, and Celeb-A.
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