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e Spurious correlations between class labels and samples; G)
o B _ yv', je{1,...,C}
* Shortcuts learned by models to minimize empirical risk; b®. ke {1,..., B}
«  Present in most training samples (bias-aligned);
. . . . Problematic Bias when: .
« Absent in a small percentage (bias-conflicting); Most of the samples z: belonging to class ¥”share the same attribute 5,
A model learns these spurious correlations (instead of semantic i.e. |Dbias—atigne| >> |Dbias—conficting| .
attributes).

Training a model in this scenario often results in poor Generalization, i.e.

Train Errorbias—con flicting << Test Errorbias—con flicting
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Real Biased

Dataset Training Conflicting
Samples Memorization

Real Biased Synthetic Biased

. Real Data is never
Generations

seen but bias is still
learned

Bias Amplifier Training

Diffusion
Model
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Assume £
D = {(Xz’,yz’) 'fil

D = Duynbiased U Dyjased

Dunbiased ~ Pdata

Real Biased D
Dataset Training Conflicting Dy
- Samples Memorization biased ~ Pdata (X, Y | b)
- B y
E Collapse to same b o . ] ]
'[::c rgpre%elntaﬁon. hard to Our hypothesis is that a Conditional Diffusion
identif
= B y . .
& Model can naturally approximate the biased
Real Biased Synthetic _Biased 2, Reallbaocneler A
_Dataset Senerations 0 seen but bias s stil distribution of the training set.
e, f 2l learned )
(b) B Diffusion Straightforward
— bias identification If |Dbiase d| > |Dunbiase d|
y

Jo(x|y) =p(x|y)
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First we leverage a Conditional
Diffusion Model (CDPM), to create a
substitute of the original training set
with a synthetic and bias-amplified

set of images.

With this new dataset, we train a
Bias-Amplifier, which can act as a
plug-in for existing debiasing
methods.
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DDB Improvement Over State-of-the-Art Methods

Performance delta (A%) compared to best competitor per benchmark
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Waterbirds BAR BFFHQ ImageNet-A Average
WGA Avg. Confil. Avg. Improvement

Our Bias Amplifier, regardless
of the employed recipe, shows
improvements over SOTA in all
the explored benchmarks,
surpassing other plug-in
approaches employing our
same debiasing methods.
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Real Biased Synthetic Biased

c Real Data is never
Generations
—

seen but bias is still
learned

Bias Amplifier Training

A) Diffusing the Bias BN

In Diffusing DeBias, we show:
- Diffusion Models capture biases in the training distribution.

* bias-conflicting memorization issue solved by construction using aligned synthetically

generated images to train a bias amplifier.

- Our Bias Amplifier improves Bias Identification capabilities

‘ Bias Amplifier 2] = Debiased
Model

- Acting as a plug-in, provides improvements over SOTA

D Bias-Align Sample D Bias-Conflicting Sample Trainable / Freezed
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