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Graph Learning from Homophily to Heterophily.

• Traditional GNNs often aggregate features from local neighbors hop-by-hop, 
relying on the homophily assumption that near neighbors are of intra-class.

• Graphs often meet heterophily, i.e., connected nodes are of inter-class, where 
traditional GNNs suffer due to mixture of inter-class nodes.

• One effective solution tends to leverage global homophily – nodes with 
distance in the whole graph range within intra-class.
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Leverage Global Information into heterophily GNNs.

• Feature Similarity: 
calculate cosine similarity for all node pairs’ embedding and select the relevant ones.

• Learned Global Homophily: iteratively calculating and learning homophily 
correlation based on local structure for all node pairs.

• Can we grasp effective global homophily with superior efficiency?

- Useful while requires 𝑂(𝑛!) calculation cost.

- Complicated learning process. 
- Expensive aggregation complexity, linear to the number of edges 𝑂 𝑘"𝑚 .

- The answer is SimRank!
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SimRank – Global Similarity with Great Homophily Patterns.

• SimRank is a measure of node pair similarity based on graph topology, with the 
intuition that two nodes are similar if they are connected by similar neighbors.

• Empirically, it succeeds in assigning higher values for nodes of intra-class.

Detecting more homophily nodes Intra-class node pairs achieve higher SimRank scores
• Why is SimRank effective?
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Why SimRank Works – intuitive understanding.

• SimRank can be calculated as:

The two nodes representing staffs’ websites are more likely to 
be considered similar and assigned the same label because of 
their similar neighbors, i.e., respective students.

Likewise, student nodes are similar if connecting to similar 
projects. By this means, it establishes distinct relationships for 
similar nodes even though they are not directly connected.
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Why SimRank Works – perspective from pairwise random walk.

• Pairwise random walk, measures the probability that two random walks starting 
from node 𝑢 and 𝑣 simultaneously and meet at the same node 𝑤 for the first time.

• Re-formulate the SimRank-based aggregation as follow:

SimRank-based aggregation is global, by counting on all possible tours connecting each node pair (𝑢, 𝑣).

• The probability of such random walk pairs for all tours 𝑡(!ℓ) with length 2ℓ can be 
formulated as:

Generally, a higher probability of such walks indicates strong connectivity between the source and end nodes.



• The probability of nodes 𝑢 and 𝑣 being homophily, denoted as 𝐻)ℓ is calculated as:

𝑝 denotes the heterophily extent.
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Why SimRank Works – perspective from pairwise random walk.

• Under heterophily graph settings with 𝑝 > 0.5 such the derivative ∆ > 0, we conclude:
1) Larger ℓ results in a faster increase in the homophily probability.

2) ∆ increases rapidly as p grows, causing 𝐻)ℓ to approach one more quickly. 

• Derivative it over 𝑝, we get:

The probability of a central node being homophily rockets when graph becomes more heterophily.



• SIGMA with simple and elegant design:
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SIGMA – an efficient heterophily GNN.



• Superior calculation complexity:
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SIGMA – an efficient heterophily GNN.

• We improve previous aggregation time cost to linear of node size, i.e. 𝑂 𝑛 .
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Experiments – classification accuracy

• Top ranking at 1.2 among 13 baselines, achieving the highest average accuracy on 
9 out of 12 commonly used datasets.
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Experiments – efficiency

• SIGMA costs the least learning time over the six large-scale dataset, outperforms 
GloGNN by around 𝟏𝟎× and 𝟓× faster, on Penn94 and pokec correspondingly.



• We found that SimRank, with the re-formulation understanding from pairwise 
random walk, and empirical insights, is capable of grasping global graph homophily.
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Conclusion

• Based on this, we design an efficient and effective heterophily graph neural 
network, named SIGMA, to address heterophily graph learning problems, with 
theoretical guarantee and superior computation complexity.

In future, we consider extend SIGMA to dynamic and attributed graphs.
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