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Given: a pre-trained GNN and K task-
specific fine-tuned GNNs.  
Goal: one unified multi-task graph
model that preserves task knowledge,
reducing storage and deployment cost. 

Topological heterogeneity: graph tasks
show clearly separated feature
distributions due to their distinct
topological patterns. 
Naive merging fails: simple parameter
averaging often performs poorly and
loses topology-sensitive knowledge. 
Key insight: effective solution should
preserve both shared knowledge and
task-specific knowledge.

Performance: when merging GCNs and GINs across 8 molecular
graph tasks, G-Merging achieves superior multi-task performance. 
Router Analysis: router adaptively allocates larger weights to
experts from related tasks, enabling cross-task knowledge sharing. 
Efficiency: adapters use only 144K parameters, about 7.75% of a
full GNN, and training costs roughly 1/8 of full fine-tuning.
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2. Training Adapters: two loss functions are
used to align the features with those of the
fine-tuned model. (task-specific knowledge) 

3. MoE Adapters: training-free router dynamically
assigns expert weights based on TWD at inference.

1. Parameters Merging: coarsely obtain a
unified model by computing the parameters as
follows. (shared knowledge) 


