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Motivation

GNNs are conventionally trained on a per-domain, per-task basis, which creates 

a significant barrier in GNN model reuse and arbitrary graph knowledge 

transfer. There are 2 main challenges towards arbitrary graph transfer learning:

• Hard to fit various input dimensions and output forms of downstream tasks, 

considering that we only have a frozen pre-trained backbone without any 

additional dimension transformation. 

• Insufficient tuning methods' capacity to make good use of the knowledge 

from pre-trained models for adaptation in the target domain, since the 

substantial domain gap between upstream and downstream tasks exists.

Task heterogeneity (Multi Input & Output)

Domain heterogeneity 



Major Work

To enable knowledge transfer across disparate tasks and domains in GNNs, we:

• Propose GraphBridge to enable knowledge transfer across disparate tasks and domains in 
GNNs without modifying task configurations or graph topologies;

• Design the resource-efficient graph side-tuning method to save temporary and memory 
resources in arbitrary graph transfer learning;

 

          

      

       

        

        
        

 
         
        

       
        

    

              

       

        

             

        

        

          

                            

 

                        

        
                    

      

       

        

             

 

         

                    

  

          

        

             

        

    

       

        

     

       

        

             

        
        

 
         
        

       
        

             

        

       

        
    

       

        

    

       

        

    

           

      

         

    

          

         

                

• Present the Task Pyramid for 
evaluating transfer tasks across 
different graph domains of varying 
difficulty.

• Validate that GraphBridge attains 
SOTA performance on different 
datasets across different task 
scenarios. with only 5% ~ 20% of the 
tunable parameter.



Methods - Framework
GraphBridge Framework comprises a Pre-training Stage, aimed at extracting generalized graph 
knowledge, and a Tuning Stage dedicated to downstream tasks adaptation.

 

                    

              

                   

            

   

        

        

 

                                     

       

        

                          

   

   

   

                          

          
        

            
               

  

              
         

           
          
              
             
         

            
                
               
          
        

         

                 

   
 
  

                

 

                 

 

        

        

   

                    
       

                               
                            
               

 

 

  

                                      

                

 

                                  

 
 
 
 
  

    
 

            
           

 
 
 
 
  

    
 

 
 
 
 
  

    
 

                

                 

 

   
 
  

   
 
  

   
 
  

        

           

             

              
        

           

                   
    

   
 
  

 
 
 
 
 

 
 
 
   

 

                  
    

   
 
  

                   
    

   
 
  

 
 
 
 

       

      
    

          
          

           

                                                         

  
 
 
   

   
   

 

 
 
  

 
   

   
   

 

                 



Methods - Side tuning

In the tuning stage, we introduce novel graph side tuning technique, enabling 
effective transfer learning of different graph tasks. 

• On the one hand, Side tuning 
showcases resource efficiency by 
maintaining performance with fewer 
parameter manipulations. 

• On the other hand, the flexible 
architecture of Side tuning facilitates 
the design of solutions to address 
negative transfers occurring during 
large gap domain transfer. 

      
      
     

      
     

     

 
 
 

  
   

 
  

 
 
 

  
   

 
  

      

 
 
 

  
   

 
  

 

     
    

      

          

          

          

          

 
       
                          

     

      
     

      
     

          

          

             
     

 

 

 

 

     

    

         

    
           

                  

           
       

                           

                         

     



Experiments - Setups

Pre-training Methods 

• SOTA graph-level pre-training methods: GraphCL & SimGRACE.

Foundational Backbone of the Base Model 

• Classic GNN Architectures: 2-layers GCN, GAT and GIN.

Dataset



Experiments

Results of Graph2Graph Transfer. Test ROC-AUC (%) performances on molecular prediction 

benchmarks with different pre-train-tuning workflows. Imp. refers to the improvement of 

parameter-efficient tuning methods in comparison to the fine-tuning.

Easy



Experiments

Results of Node2Node Transfer. Test Acc. (%) on diverse node-classification benchmarks with 

different tuning methods and backbones under different data pre-training methods. 

Medium



Experiments

Hard

Results of Graph2Node Transfer. Test Acc. (%) on diverse node-classification benchmarks with 

different tuning methods and backbones under different data pre-training methods. 



Experiments

Extension

Results of Graph2PtCld Transfer. I configure pre-trained models on graph-level and node-level 

data across distinct types of graph models as the initialization for backbone. 



Experiments

Efficacy & Efficiency

Adjustable parameter sizes in different tuning methods

across distinct backbones. We conduct statistics on 5-

layer backbones.

Ablation studies on the effects of GSST and GMST 

modules designed for arbitrary graph transfer 

learning. we conduct tests under three training scenarios: 

direct inference without tuning, tuning with GSST, and 

tuning with GMST. 

Training speed-up of different tuning methods 

compared to Scratch Training. We selected the 

transfer experiment on Cora dataset in the 

challenging scenario as a representative.

                                       

         

   

   

   

   

  
     

     

      

     
     

     

     

      

     
     

      

     

      

     
     

      



Conclusion

• We introduce a novel GraphBridge framework for resource-efficient 
graph transfer learning toward arbitrary downstream tasks and 
domains.

• We will strive to tackle transfer tasks across more benchmarks, 
backbones and pre-training methods in the future.



Thank you!

Code: https://github.com/jujulili888/GraphBridge


	Slide 1: GraphBridge: Towards Arbitrary Transfer Learning in GNNs
	Slide 2: Motivation
	Slide 3: Major Work
	Slide 4: Methods - Framework
	Slide 5: Methods - Side tuning 
	Slide 6: Experiments - Setups
	Slide 7: Experiments
	Slide 8: Experiments
	Slide 9: Experiments
	Slide 10: Experiments
	Slide 11: Experiments
	Slide 12: Conclusion
	Slide 13: Thank you!

