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Contributions Proposed Model Experiments

• DistillHGNN transfers soft labels and structural knowledge from HGNN to 
TinyGCN, resulting in richer and more effective knowledge distillation than 
methods like LightHGNN.

• DistillHGNN utilises a contrastive learning strategy to maximise the similarity 
between embeddings generated by the HGNN and TinyGCN, effectively 
transferring high-order structural knowledge to the student model.

• TinyGCN is streamlined to a single layer without activation functions, reducing 
computational complexity while effectively capturing the high-order 
relationships of the teacher HGNN.
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Graph Convolutional Networks (Single 
Layer)

The teacher is trained using the contrastive 
learning strategy combined with supervised 
learning on limited labelled data.

• Proposed model consists of a teacher (HGNN) and a student (TinyGCN). The HGNN represents hypergraphs 
and generates soft labels using high-order relationships.

• TinyGCN captures direct neighborhoods relations in graphs. The soft labels guide the student model via a KL 
divergence term and are also used to generate labels for datasets with insufficient ground truth annotations.

•  Both models are trained using a combination of supervised loss and contrastive loss to align their embeddings, 
enabling efficient knowledge distillation from teacher to student.Rr

The student model is trained using limited 
labelled data and soft labels received from the 
teacher.

Comparison of model accuracy and inference time across different 
methods on the IMDB-AW and DBLP datasets. The figure illustrates the 
trade-off between predictive performance and computational 
efficiency, highlighting the balance achieved by DistillHGNN.

t-SNE visualisations comparing teacher and 
student embeddings for IMDB-AW dataset 
shows scattered and overlapping class 
distributions in the teacher embeddings, 
which are effectively refined into cohesive and 
distinct clusters in the student embeddings, 
indicating successful knowledge transfer. 

The proposed model is evaluated using 
three different knowledge transfer 
methods: (1) soft labels alone, (2) 
structural knowledge alone, and (3) a 
combination of both (DistillHGNN). The 
evaluation includes calculating both 
accuracy and inference time for each 
method

t-SNE for DBLP dataset reveals fragmented 
and abnormal class clusters in the teacher 
embeddings due to the hypergraph model's 
high-dimensional feature complexities and 
high-order relationships. In contrast, the 
student embeddings display well-organised 
and continuous class regions, demonstrating 
the effectiveness of knowledge distillation in 
simplifying and structuring complex 
representations into interpretable embeddings

The proposed model is evaluated based 
on the absence of contrastive learning 
(lack of CL) and with contrastive learning 
(DistillHGNN), focusing on accuracy 
across four datasets.
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