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A. Ablation studies on pre-training for the
softly biased teacher model

Using GCE loss for training fieacher When training the
softly biased teacher model, we employ a GCE loss func-
tion, pre-training the model for 5 epochs, across all the con-
sidered datasets.

We use a GCE loss function as it provides a weaker
learning signal from harder samples (i.e. bias-conflicting
samples in this context), reducing the risk of memorizing in-
formative samples from the training set, thus being helpful
for the training of an intentionally biased model, as shown
in [1, 3-5]. The benefit of employing a GCE loss function is
confirmed by a dedicated ablation study on BAR (p = 0.99)
in Table 1.

# Loss function GCE CE
Accuracy (%) 75.92 4+ 0.93 72.58 +0.93

Table 1. Ablation study on our choice of using GCE loss in place
of Cross-Entropy, for pre-training the softly biased teacher model
freacher- The ablation study is performed on BAR (p = 0.99).

Number of pre-training epochs for fiacher Regarding
the number of epochs for training the teacher model, we
would like to specify that we select 5 epochs for all the
employed benchmarks, as we found this choice to be rea-
sonable across all our experiments. Other works employing
even just 1 epoch, actually tune this value for each exam-
ined dataset [2], exploiting a bias-annotated validation set.
Here, we provide an ablation study on this matter, showing
how our performance varies when the softly-biased teacher
model fieacher s trained from 1 epoch, up to 15. Table 2
shows the obtained results. As it can be noticed, too few
epochs do not allow for reaching the best performance,
while the choice of 5 epochs provides the best trade-off
between computational overhead and accuracy, also with
lower standard deviations.

# Pre-Training Epochs 15 10 5 3 1
74.40 +2.03 74.58 £1.42 75.92 4+ 0.93 72.99 + 0.90 69.36 &+ 2.56

Accuracy (%)

Table 2. Ablation study on the number of pre-training epochs for
the teacher model fieacher on BAR (p = 0.99).

B. Computational time

LoYS’s adversarial debiasing scheme requires the joint
training of the target classifier head and a bias adversarial
head. However, for the latter we employ 5 fully connected
layers, requiring only an extra effort of computation, when
compared to the ERM regular training.

Considering BFFHQ as an example, when using a batch
size of 64 on an RTX4060, a single epoch of standard
ERM training takes roughly 18 seconds of compute time.
LoYS’s debiasing scheme, in comparison, requires roughly
23 seconds. This little overhead is negligible if considering
the advantages in terms of generalization brought by our
method.
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