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e The systemic bias that can be present in the decisions and predictions Temperature

made by Machine Learning (ML) models is called algorithmic bias.
Figure 3: Temperature vs. Test Accuracy/Class Bias. Number of non-distilled vs. distilled

® There are a wide range of sources of bias in the deep learning context, student significantly affected classes (S.S.C.) and the number of teacher vs. distilled

although existing bias in the training dataset is one of the main reasons for student significantly affected classes (T.S.C.) by distillation in (a) CIFAR-100 (ResNet-

biased prediction. 56/ResNet-20) and (b) ImageNet datasets (ResNet-50/ResNet-18).
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e Biasin a model can lead to unfair outcomes.

e When a model consistently favours certain groups over others due to its
biases, it fails to treat individuals equitably, resulting in unfair decisions.
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Figure 4: Evaluation of Fairness Metrics for Distilled Students. EOD and DPD are reported
in % and lower values indicate improved fairness. (a) illustrates fairness metrics for the
; o . PR ) T - 1 . : Ik CglebA dataset conFernmg the You’ng d?mographlc attribute, and (b) metrics for the
Trifeature dataset with regard to the 'color’ attribute.
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Figure 1. Class-wise Disagreement. Disagreement between a ResNet-56 teacher and
ResNet-20 (left) non-distilled/(right) distilled student for CIFAR-10 using T = 9. The
diagonals are excluded since here both models predict the same class without any
disagreement.

e Distillation influences the class bias and fairness of distilled student models,
even where there is no substantial change in the model’s overall test accuracy.

e Distillation improves the student model’s fairness concerning demographic

Los0 * =3 0.7 i § : attributes, and employing higher temperatures increases the model’s fairness.
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