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Detailed subject Addressing fairness for graph data has only recently started to draw attention from the scientific
community. The challenge behind dealing with this particular data type is due to the fact that existing fairness
enhancing approaches originally developed for standard tabular data may not and usually do not work on relational
graph data. In particular, graphs are non-iid (independent and identically distributed) and non-euclidean by nature.
The first assumption implies that changing or altering information about a given node (attributes or connections) in
the graph will impact its neighbors. As a result, evaluating and mitigating potential bias requires proper handling of
this important graph property. The second assumption implies that before learning any model solving a particular
task such as, classification, ranking or clustering, one should first learn a representation of the graph in the form
of a vector. At the node level, this corresponds to node embedding models. Depending on the objective function
used in these models, the learned node representation can capture different amount of bias, or make it more difficult
to mitigate the bias afterward. Contributions in the domain of fair graph mining differ according to where the bias
mitigation happens in the machine learning pipeline: directly on the edge distribution of the graph [6, 5, 13], during
the representation learning step [10, 2], notably with GNNs-based models [9], or through the use of adversaries
[1, 8, 3]. However, in practical applications, such as social networks, a vast majority of graphs are dynamic meaning
that their graph topology (links between individuals) evolves over time. To capture the evolution in this setting,
graphs are most commonly represented as a collection of static graphs at different timestamps, and for each graph a
new representation is systematically learned to solve the downstream task. While the dynamic graphs were studied
previously, there exist no previous work or study on fair graph mining that considers the impact of these temporal
dynamics on bias. This is despite the fact that the shifting distribution of population (e.g. the protected group may
change over time), or the altering of decisions being made following users feedback may lead to counter-intuitive
phenomena (like the Simpson’s paradox) leading to bias being amplified. As a result, imposing static fairness criteria
at every timestep may actually exacerbate unfairness [4, 7, 12].

The objective of this internship is to explore, in a simulated environment, the impact of fairness constraints on
time-evolving graphs. Starting from a generative process for continuous temporal graphs proposed in [11], our first
objective is to define a set of dynamic use case scenarios and to implement them. This should allow us to perform
the first study on the short term and long term implications of fair interventions on graph machine learning models.
In a second step, we are interested in designing an appropriate evaluation framework to compare the graph structure
(e.g. with an appropriate graph distance) resulting from the unbiased vs biased generative process. Overall, we
are particularly interested in addressing the three following research questions: (1) Are fairness constraints actually
improving fairness on the long term? (2) Do all fairness constraints have a similar effect on the evolution of the
graph? (3) Are all nodes impacted in a similar manner by imposing fairness constraints and their potential side
effects? For this latter, we are particularly attentive to the properties of the nodes (eg. degree) for which this impact
might be significant.
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Candidate profile Student having master 2 research

• Statistical learning, bases of probability

• Good level of programming (Python)

• Good command of English

• Strong interest in AI ethics

Application To send on charlotte.laclau@telecom-paris.fr:

• Curriculum Vitae

• Personalized motivation letter that explains interest of the candidate in the subject (can be directly in the body
of the email)

• Grade reports for recent years

• Contact of a person willing to give recommendation

Incomplete applications will not be considered.
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