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Abstract: Graph Neural Networks (GNNs) learn from graph-structured data by aggregating and
updating node features based on neighborhood structure. Although GNNs have achieved high ac-
curacy for node and graph classifications, many methods implicitly assume strong homophily and
the absence of missing data or noise. Recently, contrastive learning has been explored to obtain
useful node embeddings on graphs and is considered to offer a certain degree of robustness to noise.
However, existing contrastive approaches still face limitations in representation power and training
stability when graphs are noisy. To address this issue, we propose a contrastive framework that
combines H2GCN which explicitly separates 1-hop and 2-hop neighborhoods and is effective on
heterophilous graphs with NAGphormer, a Transformer based model that captures global depen-
dencies. In addition, we employ an ensemble scheme that integrates multiple contrastive learners.
Experimental results on nine benchmark datasets spanning both homophilous and heterophilous
settings with injected noise demonstrate that our method consistently outperforms existing base-

lines.
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