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Abstract

Semi-supervised node classification is a task that predicts the labels of unlabeled nodes using a limited number of
labeled nodes and a large number of unlabeled nodes. However, in real-world scenarios, graph data often contains both
graph noise and label noise. Existing methods are mostly designed only for a single type of noise, making it difficult to
effectively handle the coexistence of both types of noise, which reduces the model’s robustness.Meanwhile, they lack a
noise-robust collaborative mechanism for aggregating global and local information, leading to semantic distortion of
local features and deviation of global topological relationships. To solve the above problems, this paper proposed an
energy-guided robust graph representation learning method. First, nodes were grouped, and a hierarchical multi-head
self-attention mechanism was used to aggregate intra-group and inter-group information, effectively capturing global

and local features. Then, an energy-guided contrastive learning method was designed, which effectively distinguished
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the true similarity relationships between nodes through an energy function and dynamically optimized the

relationships between nodes by combining Langevin dynamics, so as to enhance the robustness of node representations

and reduce the impact of graph noise. Meanwhile, to mitigate the influence of label noise, a pseudo-labels mechanism

was introduced to filter high-quality labels, further reducing the interference of incorrect labels. Experimental results

on three datasets (Cora, Citeseer, and Pubmed) showed that this method achieved better performance compared with

existing baseline models.
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