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Temporal Text-attributed Graphs (TTAGs)
O Nodes and edges are associated with text attributes
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Limitations of Existing TGNNs for TTAG Modeling

0 Neglect of semantic dynamics: failing to capture the dynamic
semantic shift of nodes within TTAGs

J Ineffective encoding for semantic—structural reinforcement:

Temporal Graph

solely emphasizing graph structures and overly reliant on
structural dynamics
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CROSS: a flexible LLM-based framework that unifies text
semantics and graph structures for TTAG modeling
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Temporal Graph Tlme-aware Representatlcn Framework Experiments

0 Realizing SOTA performance for temporal link prediction
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Temporal Semantics Extractor (for extracting semantic dynamics)
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Limitations of LLM4GTAug Methods for TTAG Modeling
1 Inability of dynamic reasoning: cannot provide semantic
dynamics within the dynamic reasoning capability

Can we advance LLMs for TTAG modeling as a promising

solution to the aforementioned limitations of existing TGNNs?

1 LLM Summarization: extracting temporal semantics in natural
language modality with LLMs

(iu(i) = LLM (du, i, {7\}*&7{“(5); PROMPT)
Semantic-structural Co-encoder (to ensure unimodal reinforcement)
0 Semantic Layer: encoding semantic information with Transformer
(1), 80 (te) = TRHO (0D (t1),.., el (1))
1 Structural Layer: aggregating structural information with TGNNs
h()(t) = up® (hff’l)(t) | AcG (Hg)(t)))
0 Cross-modal Mixer: performing hierarchical (layer-wise) modality
fusion throughout the whole encoding process

e(t); B (1) = Mixer® (80 () || BY ()

0 Ablation study for the texts and encoding mechanisms
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o  Case study
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PN AVaw (b) TGN as the backbone.

(a) TGAT as the backbone.

Please refer to our paper for more interesting experimental results




