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GOAL: Graph Neural Networks (GNNs) are being increas-
ingly adopted in various real-world applications, including
drug and material discovery [16, 17, 27], recommendation
engines [29], congestion modeling on road networks [5], and
weather forecasting [11]. However, similar to other deep-
learning models, GNNs are considered black boxes due to
their limited capacity to provide explanations for their pre-
dictions. This lack of interpretability poses a significant bar-
rier to their adoption in critical domains such as healthcare,
finance, and law enforcement, where transparency and trust-
worthiness are essential for decision-making processes. In
these pivotal domains, understanding the rationale behind
model predictions is crucial not only for compliance with
interpretability requirements but also for identifying poten-
tial vulnerabilities and gaining insights to refine the model
further. How do we make GNNs interpretable? This is a
central motivating question driving my research pursuits.

BACKGROUND: Existing GNN explainers can be grouped
into model-level and instance-level explainers. Model-level
explainers [8, 26, 32] aim to explain the overall behavior
of the model that generalize across instances. Instance-level
explainers [1, 3,7, 12, 13, 14, 19, 21, 25, 30, 33, 34] explain
a specific input graph by highlighting the subgraph compo-
nents used by a GNN to make its prediction. The type of
explanation offered is either factual [15, 24, 28, 32] or coun-
terfactual [2, 4, 13, 22]. Factual explainers aim to find an
important subgraph that correlates most with the underlying
GNN prediction. In contrast, counterfactual reasoning at-
tempt to identify the smallest amount of perturbation on the
input graph (e.g., removal/addition of edges or nodes) that
changes the GNN’s prediction. Thus, while factual explain-
ers surface factors influencing a prediction, counterfactual
explainers provide insights into how small changes in the in-
put lead to different outcomes.

CHALLENGES AND IDEAS:

Completeness: Factual explanations aim to identify the
cause of a particular prediction. However, an interesting ob-
servation has emerged: when the explanations (subgraph)
are removed from the input graphs, and the GNN is retrained
on the residual graphs, it often manages to recover the cor-
rect predictions [9, 10]. This observation prompts a crucial
inquiry: Are the explanations complete? The incomplete-
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ness of explainers is likely a manifestation of their post-
hoc learning framework. Specifically, the post-hoc paradigm
treats the GNN as a black box where the explainers have
no visibility to model internals such as the loss surface and
hyper-parameters.

Idea: Remedies may lie within the ante-hoc paradigm,
where the GNN and the explainer undergo joint training [9].
Joint training enables access to a more comprehensive set of
information influencing the GNN predictions, including the
loss surface, topological components of the input activating
neurons, and gradient flows through the layers.

Feasibility: An important facet of counterfactual reasoning
lies in its ability to offer recourse options. The practical ef-
fectiveness of the recourse hinges on its alignment with spe-
cific domain constraints. In molecular datasets, for instance,
a valid recourse should yield a chemically sound molecule.
Current counterfactual explainers predominantly focus on
pinpointing the shortest edit path that steers the graph to-
ward the decision boundary, often overlooking the feasibility
of the proposed edits [10].

Idea: The loss associated with a counterfactual explana-
tion is typically a function of: (7) the size of the explanation
and (2) the quality of the explanation. I propose the addi-
tion of a third term that models the feasibility of the expla-
nation. Modeling feasibility presents non-trivial challenges,
and potential solutions may be found in the area of gener-
ative modeling for graphs [6, 23, 31]. Generative models
learn the underlying distribution of topological patterns in
the training data and utilize that knowledge to generate new,
similar graphs. This paradigm can be extended to estimate
the probability of the recourse being generated, correspond-
ing to the feasibility term in the loss function.

Stability: Humans are the intended audience for explana-
tions. Hence, they need to be stable. Explainers are neu-
ral networks themselves optimizing parameters on a non-
convex loss surface. Consequently, they are unstable to the
initialization seeds [10] impacting human interpretability.

Idea: A neural network’s stability is connected to its Lip-
schitz constant [20]. Lipschitz-constrained neural networks
augment stability by bounding its Lipschitz constant [18].
Exploring Lipschitz-constrained GNN explainers represents
a promising research avenue.
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