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Abstract. Deep neural networks often show poor generalization when
trained on biased datasets presenting spurious relations between sam-
ples and target labels. Unsupervised debiasing methods aim at mitigat-
ing models’ dependency on bias, without relying on bias information.
Bias shortcuts are typically learned early in training, with the model
rapidly overfitting the few samples not sharing the same related at-
tributes. Avoiding bias conflicting memorization for mining bias infor-
mation useful for mitigation (e.g., in the form of pseudo-labels) is still a
fundamental open issue in this context, with existing approaches propos-
ing to learn for a few epochs or to rely on unbiased validation sets for early
stopping. In this work, we propose to exploit intermediate layers’ features
for achieving bias mitigation robust to the memorization problem, replac-
ing the when to stop with a where to look paradigm. Specifically, we pro-
pose AracNet, an unsupervised debiasing framework for self-mitigation.
Attaching one linear layer to each network’s block, which we refer to as
Shallow Monitor, we obtain a useful debiasing signal capable of miti-
gating bias dependency in the same model when randomly reinitialized.
Our results on typical benchmark datasets with single and multiple biases
confirm the effectiveness of the proposed approach, paving the way for
further research in understanding how bias propagates in trained models.
Code is available at https://github.com/Malga-Vision/AracNet

Keywords: Model Debiasing - Image Classification

1 Introduction

Deep neural networks are sensitive to bias in training data. When training images
show bias attributes highly correlated with target labels, deep models generally
learn bias-related shortcuts, with poor generalization to test samples that do not
possess the same bias |30]. The majority of the training samples showing bias
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attributes correlated with their target class are referred to as bias-aligned, while
we name the few remaining samples (with no or different bias attributes) as bias-
conflicting. In the last few years, several model debiasing methods have been pro-
posed to deal with this issue, aiming to increase models’ generality, diminishing
their dependency on bias-related features when making predictions |10]. Among
them, supervised methods exploit bias labels to either up-weight or up-sample
the few bias-conflicting samples [9], employ robust optimization techniques based
on pre-defined bias groups |18,21})33], or adversarial optimization objectives |14].
However, biased information is generally not available in real-world scenarios,
paving the way for the development of bias-unsupervised methods, which do not
exploit prior knowledge for debiasing. In the unsupervised frameworks, existing
approaches either rely on intentionally biased external models to provide indi-
rect debiasing signals (for instance coming from individual loss values [30] or
gradients |1]), or to extract bias pseudo-labels [4}|25,31}/36] later employed for
up-sample or up-weighting estimated bias-conflicting population [25}31] or as
group estimation for applying robust optimization techniques [6}34}36].

A foundational assumption in unsupervised methods is that neural networks
naturally learn simple, bias-aligned features early in the training process before
memorizing more complex, bias-conflicting examples [30]. Consequently, several
methods in this context employ dedicated heuristics to determine an optimal
moment to stop the training of the auxiliary intentionally biased model, as this
is fundamental for optimal bias-mining [5L[8l|25}/28,/31]. Importantly, mining bias
from a model that is currently underfitting or overfitting the training set (up
to complete memorization) impedes a correct modeling of the actual training
subpopulations [8,20,31], as in both cases the auxiliary model tends to pro-
vide similar learning signals for both bias-aligned and bias-conflicting samples,
becoming uninformative. To tackle this crucial aspect, some methods rely on
bias-annotated validation sets or train the auxiliary model (or an ensemble) for
very few epochs [20,[25]. However, how to make the bias mining step robust to
conflicting memorization is still an open issue. Recently, a solution to this issue
has been proposed in [5]: synthetic bias-aligned samples are generated through
a conditional diffusion model, later used to train an auxiliary biased model ro-
bust to bias-conflicting memorization by construction. However, it requires the
training of a generative model, which brings a considerable computational over-
head, requiring several compute hours to provide the synthetic dataset for the
auxiliary model training.

In this context, we argue that rather than focusing on when to stop for effec-
tive bias mining, relying on heuristics or annotated validation sets, it is possible
to shift to the where to look in the model as a paradigm for producing useful de-
biasing signals. Our intuition is that memorization predominantly happens in the
last layers of the network, depending on the specific type of bias. For instance, if
the bias is in the background, this may be mostly encoded in the earliest layers,
while for semantic biases (such as gender in face images) this may happen in
later stages of the network. Accordingly, we propose AracNet, an unsupervised
self-mitigation framework based on shallow classifiers (named monitors) that
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we attach to each network’s block, acting as bias sensors. After a model has
been pre-trained on the biased training set, it is frozen, and the monitors are
trained on the intermediate feature representations coming from the correspond-
ing model’s blocks on the same classification task. As the model representation
is biased, we expect corresponding monitors to be very confident on bias-aligned
samples, as they rely on bias-related shortcuts encoded in their layers’ features,
with an opposite behavior for the few bias-conflicting samples. Leveraging this,
AracNet automatically identifies the most biased layer with a bimodality score
(see Section computed on top of the corresponding monitor’s output probabil-
ity. This monitor is then exploited to provide a per-sample reweighing coeflicient,
constructed from its confidence and its loss, employed in a self-mitigation frame-
work to debias the same model reinitialized with random weights. To the best
of our knowledge, this is the first work proposing to exploit signals coming from
internal layers for model debiasing, serving as a computationally light potential
solution to the conflicting memorization problem, without relying on external
annotated validation sets or heuristic procedures. AracNet, in fact, introduces
an almost negligible computational overhead, limited to the training of a few
additional linear classifiers. Results on several benchmark datasets show the ef-
fectiveness of the proposed approach, leading to competitive or state-of-the-art
performance on different types of bias.

To summarize our main contributions include: (i) a self-mitigation method
based on intermediate layer signals via shallow monitors, capable of automati-
cally adapting for debiasing different sources of bias; (ii) the proposal of a po-
tential solution to the training conflicting memorization for unsupervised debi-
asing methods, without the requirement of annotated validation sets or heuristic
early stopping for bias mining, (iii) differently from other methods tackling the
same challenge, our solution does not require computationally heavy training
or pre-processing, relying only on intermediate feature representations, which as
a byproduct, provide insights on how bias propagates across the network and
potential indirect information on bias nature.

2 Related work

In this section, we describe the most relevant literature addressing model debi-
asing, focusing on unsupervised debiasing methods.

Model Debiasing and Spurious Correlations. Deep neural networks trained
via standard Empirical Risk Minimization (ERM) are highly vulnerable to learn-
ing spurious correlations, often adopting shortcuts associated with bias attributes
rather than the true semantic features of a target class [2,/10]. In the context
of image classification, this technical bias manifests as systematic errors where
the model over-relies on specific shared features (e.g., backgrounds, textures, or
co-occurring objects), leading to unfair advantages or disadvantages for certain
subgroups. Supervised debiasing methods address this by utilizing explicit bias
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annotations to balance the learning process, often through group distribution-
ally robust optimization [21}/2733], tailored data augmentation |22|, or strategic
sample reweighting [9]. However, explicit bias annotations are rarely available in
real-world scenarios, making these approaches difficult to scale and driving the
need for unsupervised alternatives.

Unsupervised Debiasing. Unsupervised debiasing frameworks aim to simul-
taneously identify and mitigate bias without relying on predefined bias labels.
Many works rely on the learned early phenomenon regarding bias, which posits
that neural networks naturally learn simple, bias-aligned features early in the
training process before memorizing more complex, bias-conflicting examples |30}
33]. Prominent methods like Learning from Failure (LfF) and Just Train Twice
(JTT) exploit this dynamic. JTT, for example, deliberately trains an auxiliary
model for only a few epochs to identify bias-conflicting samples via misclassi-
fication, subsequently upweighting them in a second training phase |25]. Other
approaches utilize a Generalized Cross Entropy (GCE) loss [42| to amplify the
predictions of an early-stage, bias-capturing model [15}20,/36].

However, a critical bottleneck in these methods is determining the optimal
moment to stop the auxiliary model’s training. Stopping too early results in
uninformative underfitting, while stopping too late leads to the complete mem-
orization of bias-conflicting samples [20]. Recent advancements have challenged
the strict learned early assumption, demonstrating that models adapt to biases
dynamically [29]. Alternatively, recent works have resorted to generative mod-
els, either to synthesize bias-aligned data for training the auxiliary model [6],
or to apply various style transfers to training images [13]. The usage of gener-
ative models introduces significant computational overhead and complexity. An
alternative line of work explored contrastive learning objectives to enforce more
compact representations while retaining good average performance [12,39], or
even adversarial techniques to penalize bias reliance [24}32]. Furthermore, ap-
proaches like [5,/16}/41] leverage foundation vision-language models to discover
potential biases in an image classification model, providing natural language de-
scriptions.

Debiasing Image Classification through Dedicated Architectures. While
many debiasing strategies prioritize loss reweighting or sample clustering, an
emerging line of research tackles bias mitigation directly through dedicated net-
work architectures and internal representation analysis [35,37]. These architecture-
based approaches hypothesize that structural inductive biases can inherently
prevent the assimilation of spurious correlations. For instance, multi-exit archi-
tectures like OccamNets favor the simplest correct hypothesis, utilizing early exit
gates to minimize the network’s reliance on overly complex bias features [35].
Other frameworks, such as SIFER, introduce auxiliary layers at intermediate
depths to explicitly identify and sieve out simple predictive features, apply-
ing a targeted forgetting loss that forces deeper layers to learn more robust,
unbiased representations [37]. Furthermore, methods utilizing network pruning
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demonstrate that over-parameterized models inherently contain unbiased sub-
networks, which can be isolated by applying gating parameters and privacy heads
to bottleneck layers [28].

AracNet as a Self-Mitigating Framework. Following past observations on
how intermediate representations can provide insights into a model’s reaction to
spurious correlations, we propose AracNet as an effective, self-contained miti-
gation framework. Unlike existing unsupervised methods that struggle with the
early-stopping dilemma, rely on computationally expensive generative models,
or require external foundation models for open-set bias discovery, AracNet shifts
the paradigm from when to stop to where to look. By leveraging feature responses
across network blocks through dedicated shallow MLPs (Shallow Monitors), we
demonstrate how it is possible to derive strong debiasing signals and map how
bias propagates across the backbone. Because these Shallow Monitors evalu-
ate frozen, pre-trained representations, they are robust to typical training set
memorization. This allows them to provide a reliable, stable debiasing signal
throughout the entire mitigation process. By automatically locating the layer
where bias is most separable, AracNet seamlessly integrates bias identification
and mitigation into a single, efficient pipeline. A schematic representation is
provided in [T}

3 Method

3.1 Problem formulation

Let D = {(2:,%:)}, be a training dataset, where z; € X C R? being the input
and y; € Y ={1,...,C} are the target outputs.

If the dataset is biased, we assume the existence of some bias attributes b € B,
statistically correlated with the labels in the training distribution P, so that
the mutual information Ip, (y ; b) > 0, with weaker or absent correlations in
the test distribution.

Generally, the training distribution can be represented as a mixture of bias-
aligned P4 (x,y,b) and bias-conflicting Pe(z,y,b) subpopulations

Ptr(xvyvb):pPA(‘rayvb)—’_(1_p)PC(xvyvb)a pE(O,l), (1)
where p represents the degree of bias-target relation, with standard benchmark

datasets typically showing a p € [0.950,0.995].

3.2 Representation Learning through the network layers

Let fg : X — Y be a deep neural network trained via empirical risk minimization:

Hgn E@,y)~p [L(fo(2), )] (2)

We consider fy decomposed into L sequential blocks (e.g., the residual blocks
in a ResNet) and denote hy(z) € R% the intermediate representation at block £.
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Fig.1: Schematic overview of AracNet. The features at each network’s block are
given as input to a monitor, further used to provide effective debiasing signals via
loss reweighting.

In [30], it is empirically shown how bias features are typically learned early
in training, while in a few epochs bias-conflicting samples are memorized, with
the model correctly classifying with high confidence all training samples, while
still failing to generalize, as it relies on bias-related shortcuts.

In AracNet, we hypothesize that within the L blocks, there are intermediate
layers where features hy(x) allow for a good linear separation of bias-aligned and
bias-conflicting samples. As such, after training fy, we freeze its parameters and
attach to each block £ a linear classifier, which we refer to as monitor.

3.3 Monitors as bias linear probes

We refer to each monitor as my(z), and it corresponds to a pooling plus a single
dense layer with a softmax (my(z) = softmax(Uy hy(z)) . The monitor parameters
U, are updated with conventional ERM, employing a cross-entropy loss:

H[l]ign E((E,y)NP” [ﬁ(mg(x),y)] 3 (3)

while keeping the backbone fy frozen.

Let ¢¢(z) = my(z), denote the confidence of monitor ¢ on its ground truth
class y. We are interested in identifying the block £* with the most biased fea-
tures hj(z), meaning that bias-conflicting and bias-aligned samples should be
as separable as possible with these features, among the network blocks. Con-
sequently, we expect ¢} () to be very small for bias-conflicting and very high
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for bias-aligned samples. Considering that the latter are the majority of train-
ing samples in a biased dataset, when bias features dominate the representation
learned at layer ¢, we expect the confidence distribution c¢¢(z) to become bi-
modal, with a large mode with high-confidence values for bias-aligned samples,
and a tail with low confidence for bias-conflicting samples.

As such, we define a bimodality score B() (see Section[4.2)) computed exploiting
the empirical distribution of ¢;(x) and select:

0 = arg max B(¢) (4)

Importantly, this selection does not require early stopping or unbiased vali-
dation data.

3.4 Self-mitigation with monitor debiasing signals

At this stage, while maintaining a copy of the pre-trained weights for training
our monitors, we randomly re-initialize fy to learn a target debiased model, ex-
ploiting the monitor to provide an effective debiasing signal, in a self-mitigation
framework. We re-initialize the model as the pre-trained features for fy are
severely biased, making its mitigation impractical (as shown in [2531]). We
train the target debiased model fgeb employing the monitor £* as a bias sen-
sor to provide an indirect bias information incorporated in a per-sample weight
for the loss function. Let CE(mj(z),y) be the loss function corresponding to
monitor £*, while CE(fgleb(w), y) be the loss for the target debiasing model. Our
debiasing model is trained employing the following loss function:

L(xaya fgeb) = Wsurprisal = Wex - CE( geb(l')ay) (5)

_ CE(mZ‘ (), y)
CE(fedEb(x)’ y) + CE(mE (.’L‘), y)

Here, wsurprisal is @& coefficient exploiting the surprisal for monitor £*, being high
for bias-conflicting and low for bias-aligned samples, with A being a tunable
parameter that allows to further increase the weight for low-confidence and de-
crease the weight for high-confidence samples, while the second term is inspired
by [30], being close to 0 for bias-aligned and towards 1 for bias-conflicting sam-
ples. The monitor £* and the target debiasing model are trained together, in an
alternate scheme. At each epoch, we first update the monitor on the frozen fea-
tures hg«(z), and then we update the target debiasing model employing the loss
described in Eq. b, with the monitor £* kept frozen. A pseudocode description
for the entire AracNet debiasing pipeline is provided in Algorithm

(6)

A
Wsurprisal = — log (Cz (1’)) y  Wex

4 Experiments

In this section, we describe the datasets used in this work, provide details on the
experimental protocol, and present and discuss the obtained results.
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Algorithm 1 Pseudocode for AracNet

Require: D = {(zi,y:)}]_1; backbone f(-) with L blocks; hyperparameter \; constant
€; warmup epoch T,
Train biased backbone: fgpre < argming E(, )~p [CE(fo(z),y)].
Freeze backbone fgpre.
Initialize monitors {Ue}f_;.
fort=1to T, do

(A) Monitor update on fypre

for { =1to L do

Extract features he(z) from fopre.
Compute monitor prediction m(z) = softmax(Ughe(x)).

9: Update U, with SGD and CE(m¢(x),y).
10:  end for
11: end for
12: (B) Select layer that maximizes bimodality
13: Compute confidence c¢(x) = me(x)y.
14: Compute bimodality score B(¢) from the empirical distribution of {c,(x)}.
15: Select £* < argmaxy B(£).
16: Discard monitors {Uy}se, keeping only Up-.
17: for t =T, to T do
18:  (C) Debias model update using selected monitor
19: Freeze monitor Up«.
20:  Compute debias loss CE(fyden (), y).
21:  Compute monitor loss CE(mg=(x), y).
22:  Compute confidence ¢ = my«(z)y.
23: Compute surprisal weight Wsyrprisal = (— log c)’\.
24:  Compute monitor weight w¢- as per Eq. [6]
25:  Update fyaer using AdamW on L(z, y; £§°) = ws - wes - CE(Fpaen (2), ).
26: (D) Update monitor Uy on fypere
27: end for
28: return Debiased parameters

adeb

4.1 Datasets and evaluation metrics

We employ both synthetic and realistic datasets for our evaluation.

Corrupted CIFAR-10. Introduced in [30], this dataset is built starting from
the regular CIFAR-10 dataset, exploiting the image corruptions described in [11]
as bias attributes. The dataset is available with four different degrees of corre-
lation p € [0.995,0.990,0.980,0.950]. The unbiased test set presents a ratio of
90/10 for bias-conflicting and bias-aligned samples. In our results, we report the
average accuracy on the test set, as done in [19}[30].

BFFHQ. Gender-Biased Flickr-Faces-HQ (BFFHQ) is introduced in [15] and
presents 19.200 images with two classes: "young" and "old". Here, the bias-
attribute is the perceived gender, with "young females" and "old males" being
bias-aligned samples. The degree of correlation is p = 0.995, and the unbiased
test set presents 50% of bias-aligned and bias-conflicting samples. In our results,
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we report the accuracy on the conflicting samples, as done in [6}15]38].

Waterbirds. Introduced in [33], this dataset presents waterbirds and landbirds
as target classes, with the bias-attribute represented by the background, such
that around 95% of the training samples are either waterbirds on water back-
ground or landbirds on land background. The dataset is strongly imbalanced,
with 4.795 training images and landbird training samples being 2.67 times the
number of waterbird samples. The unbiased test set presents 50% of bias-aligned
and bias-conflicting samples, while keeping the same class-imbalance ratio as the
training set. In our results, we report the Worst Group Accuracy (WGA), as done
in [16l[33.[43].

BAR. Originally introduced in |30] without explicit bias annotations, this dataset
presents six classes corresponding to actions including: climbing, diving, fishing,
pole vaulting, racing and throwing, with the bias represented by the scene con-
text associated with each action. In this work, we utilize the version released
in [20], providing two different degrees of correlations p € [0.990, 0.950], with the
unbiased test set presenting only bias-conflicting samples. Here, we report the
average test accuracy, as done in [32}/38].

UrbanCars. UrbanCars is a semi-realistic image classification dataset intro-
duced in [22]|, where the task is to recognize between car vehicles typical of ur-
ban environments (mainly sedans) or countryside environments (e.g., off-roads,
pick-ups). This dataset provides two distinct sources of bias, one coming from
background correlations and the other due to co-occurring objects. Multiple bias
benchmark are becoming more and more used in the literature, as it has been
shown how methods usually targeting single biases may exacerbate reliance on
one while mitigating dependency from the other [22}23]. The total number of
images for this benchmark is 8,000: among them, 90.25% of training samples
are aligned with respect to both bias attributes, 9.50% conflicts for a single
attribute, and 0.25% conflicts with both bias attributes. Performance on this
dataset is measured through In-Distribution accuracy (I.D. Acc) and the gaps
between accuracy on the conflicting subgroups and the I.D. Acc itself [22].

4.2 Implementation details

We adopt the same experimental protocol described in [154/30L/31L/38]. Specif-
ically, for all the datasets, we resize images to 224 x 224, but for Corrupted
CIFAR-10, we keep the original resolution 32 x 32. We employ an ImageNet-
pretrained ResNet50 backbone for Waterbirds and UrbanCars, an ImageNet-
pretrained ResNet18 for BAR and BFFHQ, and a ResNet20 with random ini-
tialization for Corrupted-CIFAR10. The number of warmup epochs is fixed to
30 for all the datasets, but Corrupted-CIFAR10, where we employ 50 warmup
epochs, as the model starts with random weights. For all the datasets, regard-
less the degree of correlation, the bimodality score B(¢) is defined starting from
c¢(x) computed with respect to the class label (see Algorithm [I)), defining a
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Method Corrupted CIFAR-10

p=10.995 p =0.990 p =0.980 p =0.950
ERM+CE 26.59 +0.82 29.84 +2.24 34.95+ 0.20 44.88 £ 0.08
BiaSwap |15] 29.11 32.54 35.25 41.62
LF |30] 28.81+0.44 33.07+0.77 40.66+0.70 50.72+1.31
DFA |19] 29.95+0.71 36.49+1.79 41.78 £2.29 51.13 +£1.28
MoDAD |31] 27.26 +0.47 - 41.27+0.26 50.48 4 0.42

DeNetDM |38] 38.93 £1.16 44.20 +0.77 47.35+£0.70 56.30 + 0.42
AracNet (Ours) 33.23+1.93 39.6140.28 47.48 +1.89 56.80 +0.78

Table 1: Results comparison on Corrupted CIFAR-10. We highlight in bold the best
results from unsupervised debiasing works, second-best are underlined.

margin as the difference between the 99th percentile and the 1st percentile, fur-
ther multiplied for the 50th percentile in ¢¢(z), to penalize large margins arising
from uni-modal (e.g., gaussian) distribution in the confidence space rather than
bimodality. Batch size is fixed to 256 for Corrupted-CIFARI10, 64 for all the re-
maining datasets. The backbone is pre-trained with SGD and a learning rate of
0.001 for all the datasets, and the monitors are trained with SGD and a learning
rate of 0.05 for all the datasets, but UrbanCars and Waterbirds, where we employ
0.005. For debiasing, we employ AdamW for all the datasets, with a learning rate
of 0.005 for Corrupted-CIFAR10, 1e~5 for UrbanCars, and 5e~° for Waterbirds,
BFFHQ, and BAR. All the results report the average and standard deviation
computed across three independent runs of AracNet.

4.3 Results

We evaluate AracNet across several benchmark datasets, measuring the effective-
ness of the proposed method with different sources of bias (including synthetic,
background, contextual, and multiple), across varying levels of bias severity.

Corrupted CIFAR-10. As shown in Table [] AracNet consistently achieves
highly competitive results across varying degrees of bias correlation (p). No-
tably, it outperforms or closely matches other unsupervised methods for lower
correlation thresholds, providing the second-best results on higher degrees of
correlation. This experiment confirms how AracNet’s monitors can effectively
capture synthetic bias.

BFFHQ. Table [3] presents the results on the gender-biased BFFHQ dataset,
which presents a severe bias correlation (p = 0.995). Here, AracNet provides the
best performance, with an average increasing if 0.23% over DeNetDM and of
1.26% over DDB. These results highlight how our monitors can provide effective
debiasing signals even with highly biased training sets and with finer semantic
biases, such as perceiving gender in face images.

Waterbirds. As shown in Table [2] AracNet achieves a WGA of 91.27 £ 0.56,
establishing the highest performance compared to strong recent baselines like
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Method Waterbirds (WGA)
ERM 62.60 & 0.30 BFFHQ
ERM (ViT-S/16) 67.69 +2.14 Method oo
George [36] 76.20 + 2.00 P==
JTT |25 83.80 + 1.20 Vanilla ERM 60.13 +0.46
CNC [40] 88.50 +0.30 LfF {30] 65.19
B2T+GDRO |17] 90.70 £+ 0.30 CDvG+LAF 13| 62.20 £ 0.45
LfF {30] 78.00 DebiAN 23] 67.36
SaMyNa [5] 90.62 £ 0.10 MoDAD [3I]  68.33+£2.89
DDB [6] 90.81 + 0.49 LoYS [32] 68.50 & 0.70
GERNE |3 89.88 + 0.67 DeNetDM [38] 75.70
CCDB |43| 90.48 + 0.28 DDB 6] 74.67 + 2.37
FG-CCDB [44] 90.56 + 0.24

AracNet (ours) 75.93 +£0.76
AracNet (ours) 91.27 + 0.56 -
AracNet (ViT-S/16) 00.66 & 0.49 Table 3: Results comparison on BFFHQ.

Table 2: Results comparison on Water- We  highlight %n bold .th.e best results
birds. We highlight in bold the best re- from unsupervised debiasing works; the
sults from unsupervised debiasing works; ~Second-best are underlined.

the second-best are underlined.

Method BAR
p = 0.990 p=10.950

ERM{CE 70.16 82.95
LfF [30] 70.55 82.53
AmpliBias [19] 73.30 84.67

A? |26] 71.15 83.07
LfF + BE [31] 73.36 83.87
DeNetDM |38 73.8442.56 79.61 +3.18
DisEnt + BE [38] 73.29 84.96
LoYS |[32] 75.9240.93 85.00 + 0.66

AracNet (Ours)  76.22+1.47 85.00+0.73
Table 4: Results comparison on BAR. We highlight in bold the best results from
unsupervised debiasing works; the second-best are underlined.

[3L[5%6],16],[43L[44]. Specifically, we improve of ~ 0.5% over methods employing
vision-language foundation models for debiasing [5,/16], with a similar increase
for generative-based methods [6] and unsupervised approaches based on group
robustness objectives [43/44].

BAR. On the BAR dataset (Table , our method shows the best overall perfor-
mance, yielding 76.65 + 1.47 for p = 0.990, with an average increase of ~ 0.70%
over the second-best performing LoYS and 85.00 4+ 0.73 for p = 0.950, with
similar performance to LoYS and DisEnt + BE. These results confirm the effec-
tiveness of AracNet on context bias across two different bias strength levels.

UrbanCars. Regarding the challenge provided by the presence of multiple
sources of bias, in Table [5| we provide the results obtained by AracNet and a
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comparison with recent SOTA methods. Similar to DDB, while AracNet shows
an I.D. ACC below 90%, the bias mitigation is evident as all the gaps are very
low (a negative gap in Table refers to an increase over ID.ACC), with the sub-
group corresponding to conflicting co-occurrent objects showing the best per-
formance. This indicates that, at the cost of a reasonable trade-off in terms
of overall accuracy, the resulting model behaves consistently across subgroups,
without promoting or demoting any of them in terms of final accuracy. AracNet
is capable of simultaneously mitigating both bias attributes, while methods such
as EIIL, JTT, LfF end up mitigating one bias attribute while amplifying the
dependence on the other (see [22]|). Furthermore, AracNet provides better mit-
igation than LoYS and FC-CCDB, with similar performance to DDB. Notably,
AracNet requires only 50 minutes on average for UrbanCars debiasing, includ-
ing the backbone pre-training, monitors warmup and actual debiasing (on an
Nvidia A100 GPU, with 20 GB of VRAM), while DDB requires the training of
a diffusion model followed by the generation of synthetic bias-aligned samples,
with several hours of computation.

4.4 AracNet provides insights on bias-propagation through the
model

AracNet exploits shallow monitors to provide debiasing signals. Given a fixed ar-
chitecture, rather than assuming the existence of a specific layer that universally
encodes bias, we employ an automatic procedure for identifying the most biased
layer according to the specific type of bias. Besides the indirect debiasing signals,
as a byproduct, the monitors can provide insights on bias propagation through-
out the model, which correlates with the type of bias. As an example, we report in
Figure [2] confidence histograms of our monitors when debiasing Waterbirds and
BFFHQ for 50 epochs. We can notice how in the first case (top), characterized
by background bias, the monitor attached to the fourth layer shows, very soon,
high confidence on all the training samples, while the inner layers, starting from
the one attached to the first block, show an almost clear separation in confidence

Method ID.ACC 1t BG-Gap | CoObj-Gap | BG-CoObj-Gap |
ERM [22] 97.30 15.30 11.20 69.20
LLE* [22] 96.70 2.10 2.70 5.90
EIIL 7] 95.50 4.20 24.70 44.90
JTT [25] 95.90 8.10 13.30 40.10
LfF |30| 97.20 11.60 18.40 63.20
DebiAN |23 98.00 14.90 10.50 69.00
LoYS |32 97.46 8.08 9.86 39.98
DDB |6 86.39 1.85 0.52 0.12
FG-CCDB |[44] 92.98 4.17 7.37 4.90
AracNet (ours) 85.95+1.01 2.35+0.63 —1.51+0.76 0.35 £1.40

Table 5: Results comparison on UrbanCars. We highlight in bold the best results from
unsupervised debiasing works; the second-best are underlined.
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between bias-aligned and bias-conflicting samples. Interestingly, this behaviour
is different for BFFHQ (bottom), where the bias attribute is finer (gender). Here,
the confidence of the first monitors reflects unpredictable features, the last layer,
once again, shows training set memorization, while the third block seems to pro-
vide the best separation between conflicting and aligned subpopulations, showing
that the best features to separate bias-aligned and bias-conflicting samples are
of higher-level nature and reside in later stages of the model. Considering that
our method is unsupervised, the per-monitor confidence distribution can provide
additional information on the type of bias, allowing for a finer understanding of
the bias captured by the model.
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Fig. 2: Shallow Monitors’ confidence histograms across 4 ResNet blocks after 1, 20, and
50 training epochs on Waterbirds (top) and BFFHQ (bottom). The last layer (closer to
the network classifier) shows clear memorization patterns, with a single predominant
peak where confidence is close to 1, regardless of the training epoch. On the other hand,
it is possible to see how layers 1 and 2 show consistent separation between aligned and
conflicting samples for Waterbirds, which is not the case for BFFHQ. The finer nature

of gender bias seems to be better encoded in a later network stage (Layer 3).
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A WGA
Method WGA 1 89.63 £ 0.49 #Epochs WGA

3 90.46 £ 0.34
(AracNet w/0 Waurprisat) 84.94 141 88.05 &+ 2.09 50 91.27 +0.56
AracNet w/o w} 88.78 £ 1.36 : : 100 90.98 £ 0.21
(Ours) 91.27+ 056 ° 84.47£2.58  9gp 90.85 + 0.74

2 (Ours) 91.27 + 0.56
(a) Loss weighting factors w; and (c) Pretraining epochs for
Wsurprisal - (b) Effect of A. fopre.

Table 6: Ablation studies for AracNet. All the ablations are measured on Waterbirds.

4.5 Additional results and ablation studies

In this Section, we perform additional experiments to evaluate the generality of
AracNet while assessing the impact of its main components on the target model
debiasing. All the ablation studies employ Waterbirds as the dataset.

Debiasing a vision transformer We design an experiment to assess whether
our debiasing framework, based on monitors to probe bias across the model,
can effectively generalize to vision transformers, where CNN’s inductive bias is
absent, with a different feature extraction mechanism. Specifically, we replicate
our analysis on a ViT small with patch 16 (ViT-s/16), attaching a monitor at
each transformer block (12, in this case). The results are reported in Table [2|and
confirm how our monitors can provide effective debiasing also for transformer
architectures, with a ~ 23% improvement in WGA over the ERM model.

The impact of Wsurprisal and wy-. Here, we replicate our analysis removing
either Weurprisal Or wy+ from AracNet’s loss function. Table @ summarizes the
obtained results. A drop of ~ 3% corresponds to the usage of Wsyrprisal only,
while a more significant decrease in performance is observed when only using
wy~, confirming the benefit of employing both weighing factors in our loss.

The impact of . Table [6b] shows the results obtained for different values of
lambda when computing wsurprisal.- When A is set to 5, we observe a decrease of
~ 7% in the performance, while a more modest gap corresponds to the other
investigated values, with best results for A = 2.

Stability of AracNet debiasing with pre-training epochs. Here, we repli-
cate our analysis by pre-training the backbone for a more extreme number of
epochs, up to 200. As shown in Table even with 200 epochs, our monitors
provide useful bias separation signals, leading to state-of-the-art performance
on this dataset, confirming how the where to look protocol effectively solves the
when to stop problem for unsupervised debiasing.
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Transferring the Debiasing Signal to an External Model. While we gener-
ally intend our debiasing mechanism to work in a self-debiasing fashion, with the
debiasing signal used to mitigate bias dependency directly on the same reinitial-
ized backbone, this is not a strict rule per se. The per-sample reweighing scheme
obtained from the selected shallow monitor can also be effective across differ-
ent models, and no layer-to-layer correspondence is needed. In other words, the
frozen backbone can be different from the model to debias. To verify the efficacy
of this feature, we perform three runs using the selected best monitor from a
ResNet18 biased backbone to debias a ResNet50 and a ViT-s-16, obtaining a
WGA of 91.06 + 0.36 and 90.68 + 0.37, respectively.

5 Conclusion

This paper introduces AracNet, an unsupervised debiasing framework providing
a solution to training conflicting memorization, exploiting effective debiasing sig-
nals extracted from specific intermediate layers for mining bias in vanilla models.
By attaching shallow monitors to intermediate layers of a pre-trained network, we
automatically identify the most biased layer and leverage its outputs to reweight
samples, mitigating bias without requiring heuristic early stopping or annotated
validation sets for avoiding conflicting memorization, with effective signals even
after very long pre-training. Our approach exploits the observation that bias
memorization varies across layers—early for background biases, later for seman-
tic ones—enabling adaptive debiasing with negligible computational overhead.
Experiments on standard benchmarks demonstrate that AracNet matches or
surpasses state-of-the-art methods, offering a simple yet effective solution for
real-world scenarios where bias labels are unavailable. Beyond its performance,
AracNet’s reliance on internal feature representations eliminates the need for
external validation sets, addressing key limitations of prior work. This work not
only advances unsupervised debiasing but also highlights the untapped poten-
tial of intermediate layers for understanding and correcting model biases. Future
directions include extending our method to multi-modal biases and exploring dy-
namic monitor architectures for even greater adaptability.
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