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Abstract
This research addresses challenges in link prediction, a founda-
tional task in graph machine learning, by investigating the limi-
tations in the evaluation frameworks for sparse graphs and fair
link recommendation. Our first project introduces Gelato, a novel
similarity-based framework that leverages graph learning to inte-
grate node attributes into the graph topology and a topological
heuristic optimized via a ranking loss, designed to tackle extreme
class imbalance and hard negative sampling. Gelato outperforms
state-of-the-art GNNs in accuracy and scalability on multiple real-
world datasets. The second project focuses on fairness in link pre-
diction by highlighting the importance of considering the ranking
aspect in fairness metrics, borrowing properties from Information
Retrieval, and proposing a simple post-processing method to miti-
gate bias effectively while maintaining high utility. Experiments on
diverse datasets demonstrate the efficacy of our fairness approach
compared with existing methods. Collectively, this work enhances
the robustness and ethical considerations of link prediction models.
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1 Introduction
Graphs naturally represent complex relational data in domains
such as social networks, recommender systems, natural language
processing, and scientific modeling. Link prediction—inferring miss-
ing or future edges—plays a critical role both as an independent
task and as a fundamental component in graph-based machine
learning pipelines. Recently, Graph Neural Networks (GNNs) have
achieved remarkable success in node and graph classification, and
have become the dominant approach for link prediction [9, 10, 29].
However, our empirical studies reveal that standard evaluation
protocols for GNN-based link prediction are overly optimistic, es-
pecially on sparse and modular real-world graphs, due to biased
negative sampling and balanced testing sets.

Furthermore, fairness of link prediction models remains under-
explored, with prior methods[3, 5, 11, 12, 15] often neglecting the
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influence of ranking on exposure bias [17]. Our research addresses
these gaps by proposing novel methodologies combining rigor-
ous analysis, methodological innovations, and practical fairness
interventions.

2 Gelato — Enhancing Link Prediction in Sparse
Graphs via Graph Learning and Topological
Heuristics

2.1 Motivation and Challenges
Real-world graphs such as citation networks are extremely sparse
with strongmodular structures, where fewer than 0.2% of node pairs
are linked [9]. GNN-based link prediction methods typically frame
the task as binary classification, handling extreme class imbalance
via uniform negative sampling [10, 29]. This results in balanced
training and evaluation, which do not capture the challenges of the
real-world scenario where all disconnected pairs (i.e., all negatives)
must be considered. Under this realistic evaluation (we refer to
as unbiased sampling), classical topological heuristics (e.g. Com-
monNeighbors) often outperform GNNs, showing GNNs struggle to
learn topological similarity measures under extreme imbalance[13].

We claim that successful link prediction in realistic settings re-
quires discriminating positive links from hard negatives that are
similar in structure and attributes. We demonstrate that the key
limitations of existing GNN approaches include reliance on classi-
fication losses sensitive to imbalance, biased training mimicking
biased evaluation, and relying on topological heuristics that strug-
gle in distinguishing between positive samples and hard negatives.

2.2 Methodology
Gelato combines an expressive topological heuristic (Autocovari-
ance [4]) with graph learning to jointly leverage topology and node
attributes for link prediction. Our approach learns an attribute-
enhanced adjacency matrix via a ranking-based N-pair loss [18],
distinguishing between easy and hard negative pairs.

The method comprises three components:

• Negative Sampling: We sample negative and positive pairs
following the distribution found in the original graph. This
attempts to simulate the challenging scenario of link predic-
tion found in the real world, for both training and evaluation.

• Graph Learning: Starting from the original graph adjacency
matrix, Gelato augments edges between node pairs based on
untrained attribute similarity, yielding an enhanced graph.
A Multi-layer Perceptron (MLP) learns edge weights on this
graph to integrate attribute information directly into the
topology. The MLP is trained end-to-end with respect to
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a ranking loss, enabling the enhanced adjacency matrix to
capture similarities in both feature and structure domains.

• Topological Heuristic: Gelato applies the Autocovariance (AC)
heuristic on the attribute-enhanced adjacency matrix to com-
pute pairwise link scores. This exploits local structural simi-
larity while also leveraging node attributes.

• N-pair Loss: To enable distinguishing between positive links
and hard negatives and learning in unbalanced scenarios, we
model link prediction as a ranking task, adopting the N-pair
Loss. Since most pairs are easy negatives, this contrastive
approach enables the model to capture what sets easy from
hard negatives apart, addressing the issue with binary clas-
sification that considers all negative pairs the same.

2.3 Results
Experiments on five real-world graph datasets show that Gelato
consistently outperforms state-of-the-art GNN-based link predic-
tion methods such as SEAL[29], BUDDY[2], and NCN[21] in terms
of hits@1000 and average precision. Ablation studies confirm that
combining graph learning, AC heuristic, N-pair ranking loss, and
partition-based negative sampling is crucial for superior perfor-
mance. Sensitivity analyses reveal robustness with respect to thresh-
olding parameters controlling the incorporation of learned vs. at-
tribute similarity.

We also empirically demonstrate the efficacy of the partitioned
sampling mechanism. This sampling technique filters out easy neg-
ative samples, focusing training on the (more informative) hard
negatives, enabling a lower training time. Gelato thus addresses fun-
damental challenges in link prediction on sparse graphs, providing
a scalable alternative to GNN-based approaches.

3 Fairness in Link Prediction — Ranking-Aware
Metrics and Bias Mitigation

3.1 Problem Statement and Motivation
Link prediction increasingly impacts socially sensitive applications,
making fairness with respect to protected attributes a critical con-
cern. Prior work often focuses on demographic parity[3, 5, 11, 12,
15], considering only dyadic fairness settings and not accounting
for the ranking nature of link prediction, which governs exposure
and can induce bias [8, 17, 26]. In addition, previous GNN-based
approaches address bias in link prediction by either obtaining fair
node representations (node-based approaches) or by forcing pre-
dictions across sensitive groups to have similar positive rates. Both
approaches raise fairness concerns, since GNNs are not expressive
enough for link-level tasks [23, 29], casting doubt on the capacity of
these methods to distinguish and ensure fairness between sensitive
groups.

We tackle the task of fairness in link prediction on a graph with
sensitive attributes by demonstrating the necessity of considering
more than two sensitive groups and incorporating ranking notions
on fairness evaluation. Our work aims to shed light on hidden biases
that arise from the existing dyadic formulation of fairness in link
prediction based on demographic parity as a fairness metric and
propose a new post-processing method for bias mitigation.

3.2 Contributions
• Dyadic Fairness and Hidden Biases: We formalize and demon-
strate the existence of two main sources of biases that are not
addressed by previous literature. The first one is based on
the dyadic formulation and evaluation of fairness adopted by
previous approaches. The second is based on unawareness of
ranking positions, which leaves an open door for exposure
biases and feedback loops in which the same group of pairs
is overrepresented in recommendations.

• Fairness Properties: We propose to adopt two novel proper-
ties that evaluation metrics should satisfy: (1) respecting the
original graph’s edge distribution to prevent hidden bias, and
(2) sensitivity to exposure disparity inherent in ranking sce-
narios. We demonstrate how these properties help mitigate
the hidden biases occurring in the current link prediction
methods existing in the literature.

• Bias Mitigation: We propose a simple post-processing tech-
nique that allocates predicted scores from decoupled classi-
fiers to enforce these fairness properties while maintaining
high link prediction utility and scalability.

3.3 Experimental Validation
Evaluations on six real-world datasets [6] with varying graph struc-
tures and sensitive attribute distributions corroborate our claims
and reveal biases undetected by demographic parity in previous
approaches. Results show our post-processing method significantly
reduces statistical unfairness measured via normalized discounted
KL divergence (NDKL) and preserves 𝑝𝑟𝑒𝑐@𝑘 , when compared to
pre-processing (EDITS [5]), in-processing (GRAPHAIR [12]), and
random-walk (FairWalk [15]) baselines.

4 Future Research Directions
Spatial-temporal learning is an important research area with appli-
cations in domains such as Traffic Analysis[19, 22, 25, 27], Simula-
tion [16] andWeather Forecasting[14]. Previous approaches are suc-
cessful in adopting GNNs and Graph Transformers as themain back-
bone to capture spatial-temporal inductive biases in these domains.
One of our future research directions is to explore pair-wise rela-
tionships in spatial-temporal tasks, an active area of research[24].

Finally, our second research direction to be explored is the in-
tersection between Graph Neural Networks and Large Language
Models (LLMs) ([1, 7, 20]). In particular, recent research sheds light
on how LLMs can be interpreted as Graph Neural Networks [20]
and on the theoretical properties that arise by doing so. On the
opposite direction, adopting the Message Passing mechanism for
reasoning tasks or AI agents’ communication networks [28] is a
promising way of improving reasoning and the general capabilities
of these systems that we also aim to explore in the near future.
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