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Problems

➢ Existing GCN models often utilize the graph Laplacian norm to suppress the propagation 

of information to enhance performance.

➢ Suppression methods may dilute valuable interaction information and make the model 

slowly learn sparse interaction relationships from neighbors, which increases training 

time and negatively affects performance.



Our Solution

✓ Our BoostGCN focuses on amplifying significant interactions with first-order neighbors.

✓ BoostGCN has the following advantages:

1.Great Performance 

                                                                                2.Low Training Time 

3.Popularity Debiasing 

4.Parameter Friendly 



Method

✓ More interactions, 

✓ More Importance,

✓ Amplifying More.                                                  
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BoostGCN (Ours) LightGCN

✓ More interactions, 

✓ Less Importance,

✓ Suppressing More.
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When 𝜷 → +∞, 

BoostGCN equals LightGCN



Recommendation Performance

✓ We conducted experiments on 

four datasets

✓ BoostGCN outperforms the 

latest existing baselines.

✓ In terms of layer ablation, 

BoostGCN far outperforms 

popular framework, LightGCN, 

in the performance of each 

layer.



Training Efficiency 

✓ BoostGCN not only far outperforms 

LightGCN in performance, but also 

significantly improves training efficiency.



Popularity Debiasing

✓ BoostGCN is able to

recommend about 2%-16% 

more unpopular items, 

achieving a better performance 

of popularity debiasing.



Noise Resistance

✓ We randomly added 5%-20% spurious 

interactions to the dataset and compared it 

with LightGCN.

✓ We can see that BoostGCN outperforms 

LightGCN at different noise levels, 

demonstrating its superior noise resistance.



Parameter Friendly

✓ BoostGCN achieves optimal performance 

with 𝜷 = 𝒆 on all datasets when the 

parameter 𝜷 ranges from {0.5e, 0.75e, e, 2e, 

3e, 4e}.
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