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Abstract: In cross-domain service matching scenarios, user preferences are distributed across multiple service domains
and exhibit pronounced multimodal and heterogeneous characteristics. Accurately modeling users’ cross-domain prefer-
ences is therefore crucial for improving matching performance. Existing methods predominantly rely on unified embed-
ding spaces, which tend to compress multi-source preferences and overlook modality-specific discrepancies. To address
these limitations, we propose a Multimodal User Graph-based Cross-Domain Service Matching method. The proposed
approach constructs a multimodal user graph using preference labels as anchors, explicitly modeling user preferences
across text, image, audio, and video modalities, while incorporating an open knowledge graph and virtual auxiliary nodes
to enhance graph connectivity. Furthermore, a modality-aware graph pooling module, termed MUG POOL, is designed
to adaptively aggregate preferences across different modalities. Experimental results on the Amazon multimodal multi-
domain dataset demonstrate that the proposed method outperforms state-of-the-art cross-domain service matching base-
lines.
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