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Abstract

We propose a hybrid recommendation framework that marries the local message-passing strengths of graph neural networks
(GNNs) with the global context modeling of Transformers. While GNNs effectively aggregate neighborhood structure, limited
propagation depth hampers long-range reasoning; conversely, Transformers capture long-range dependencies via self-attention but do
not natively encode graph topology. Our model first accumulates structural signals through graph-based message passing and then
refines user and item representations with dedicated Transformer encoders. To inject topology, we introduce spectral positional
encoding derived from Laplacian eigenvectors and jointly leverage low- and high-frequency components: low frequencies capture
smooth, community-level structure, whereas high frequencies highlight abrupt, local variations such as sparse interactions and
boundary effects. This dual-band design balances global and local cues, mitigating oversmoothing and preserving multi-scale
information. Experiments on public benchmarks demonstrate consistent gains over strong baselines, with improvements in Recall@K
and NDCG@XK, validating the effectiveness and generality of the proposed approach.
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