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Objective: The problem of bias in the outcome of the machine learning algorithms is a concern of present
times. Specially, the machine learning algorithms are growingly used for high-stake decision making, such as
recidivism of accused persons, endowing an insurance, recruiting freelancers. Thus, it is imperative to assess
the bias of the ML algorithms to certain demographics over the others, and also to mitigate it Chouldechova
and Roth (2020); Mehrabi et al. (2019).
In this project, we extend the ongoing research on fairness verifiers Bastani et al. (2019); Ghosh et al.
(2021, 2022). Fairness verifiers consider an ML algorithm as a black-box operating on a dataset (X1 , . . . , Xn ) ⊂
X obtained from a data-generating distribution D(X ), and producing a set of outputs (Y1 , . . . , Yn ) ⊂ Y.
The fairness verifiers operate on these input-output pairs and estimate the bias of the ML algorithm
towards a specific part u ⊆ X with respect to all other v ⊆ X . These subsets are often predefined depending
on the sensitive features in input (e.g. gender, economic status etc.). But in applications like e-commerce,
these sensitive attributes are often less clearly defined and identifying the u and v for which the unfairness
occurs is an open problem. In this project, we aim to identify such subspaces of the input space for which
the outcomes are discriminated the most. For this purpose, we aim to use adaptive sampling Bollapragada
et al. (2018) and online learning methods (e.g. bandits Lattimore and Szepesvári (2020)) that can use the
knowledge of the previously chosen samples to adaptively choose the next samples.
This will require developing theoretical and algorithmic tools as the present set of verifiers use the full
input dataset and outputs to estimate the fairness of the ML algorithm, and also to specify the sensitive
features beforehand.
The candidate is also expected to be comfortable with Python and coding. As the problem under
investigation is practical, an open-source code demonstrating the usefulness of the developed algorithm is
also desired.
This project is endorsed by the pilot project of Inria and French government, namely Regalia, to regulate
the bias in the algorithms used for e-commerce and web platforms.
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Lattimore, T. and Szepesvári, C. (2020). Bandit algorithms. Cambridge University Press.
Mehrabi, N., Morstatter, F., Saxena, N., Lerman, K., and Galstyan, A. (2019). A survey on bias and fairness
in machine learning. arXiv preprint arXiv:1908.09635.

2

