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Motivation
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• In past decade, DNNs made significant advancements in image recognition.

• However, these advancements focus on overall performance ignoring the 

class-wise performance disparity.

• " The best class achieves 100% top-1 accuracy while the worst class only 

achieves 16% top-1 accuracy with a ResNet-50 model on ImageNet. [1]"

• This Fairness Problem in image recognition is studied extensively [1].
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Adversarial Training
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Adversarial Training (AT) uses both clean and perturbed data during training to enhance 

robustness to adversarial perturbations.
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However, all Adversarial Training 
approaches focus on overall 
robustness performance of 
models.



Adversarial Fairness Problem
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This fairness problem in image recognition is exacerbated by adversarial training[2].
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Some Classes have extremely 
higher robustness to 
perturbations than Other Classes.

Adversarial fairness has been widely 
studied [3,4,5], with a focus on achieving 
consistent performance across all 
classes.



Potential Reasons
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• Diverse representations across classes.

• Classifier Bias.

• Assumption of uniform vulnerability when perturbing data during AT.

• So on.....

• In this Project, we analyze the reasons for this adversarial fairness problem and 

in image recognition models in general.
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Team Project Plan
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• Robustness & Fairness Analysis on adversarially trained image recognition 

models.

• Benchmarking the works, which focus on adversarial fairness.

• Analyzing the factors contributing to this class-wise disparity in performance.
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Key Takeaways & Requirements
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• Robustness & Fairness in ML.

• Adversarial Training Research.

• Hands-on Model Training.

• Teamwork & Project Management.

• Requirements for Project:

o Basic Programming skills in python & Usage of Pytorch.

o Deep Learning or High-Level computer vision lecture.
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Useful Information
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Responsible person (Chair): Tejaswini Medi  (Prof. Margret Keuper, Chair of Machine Learning)

Language: English

Duration:  6 months

Min/max number of participants: 3-6

Prerequisites:

• Python Programming

• Pytorch, Machine Learning

Applicable to MMDS: yes

Online: If preferred



Thank you!
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Appendix: Robustness

• Model's ability to maintain performance when faced with adversarial inputs. 

• Ideally, Model should be robust to common corruptions and affine 
transformations.
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