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n Imbalance Learning
n Class-imbalance (Quantity-imbalance)

n performance is dominated by the majority class

n Re-sampling: balance the number (data-level)

n Re-weighting: adjust sample weights (algorithm-level)

n Topology-imbalance (graph-specific, node classification)

n asymmetric & uneven topology positions of labeled nodes
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n ReNode

n classical re-weighting on node loss

n directed by an influence conflict detection 

based metric

n Other method? Graph Structure Learning!

Acknowledgement from https://arxiv.org/abs/2110.04099
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nGraph Structure Learning (GSL)
n Target: jointly learning an optimized structure and  corresponding representations to 

improving the robustness of GNN models.

n Paradigm: Structure Modeling → Message Passing → Learning Objective

n Measurements for modeling nodes relations

n node features/degrees/encodings, edge attributes, etc. Node positions?
Acknowledgement from https://arxiv.org/abs/2103.03036
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Input: raw graph Output: refined graph (topology-balanced)
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nUnderstanding Topology-imbalance
n Q1: Why does topology-imbalance affect graph representation learning?

n Q2: What kind of graphs are susceptible to topology-imbalance?

n Conclusion: hurts the performance by under-reaching and over-squashing.
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“bottleneck”

n Under-reaching è Reaching Coefficient (RC) 

RC ↑: better reachability (more shortcuts/paths)

n Over-squashing è Squashing Coefficient (SC)

SC ↑: lower squashing (more ring structures)
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nUnderstanding Topology-imbalance
n Q1: Why does topology-imbalance affect graph representation learning?

n Q2: What kind of graphs are susceptible to topology-imbalance? SBM

n Conclusion: poor reachability (smaller RC ) and stronger squashing (smaller SC ) 
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nPosition-Aware STructurE Learning framework (PASTEL)

n Task: Semi-supervised node classification

n Position-aware Structure Learning: anchor-based position encoding method

n Class-wise Conflict Measure: guide what nodes should be more closely connected

n Learning with the Optimized Structure: original + position + feature + constraints 
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nPosition-aware Structure Learning
n Anchor-based Position Encoding

n separate labeled nodes by class:

n considerate an unlabeled node 𝒗𝒊 (e.g. 𝑣"):

n measure position relations between 𝑣# and anchor sets:

n position-aware encoding of node 𝑣#:

n transform to learnable vector:

n Position-aware Metric Learning

n consider both feature info and position-based similarity to form an edge:
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nClass-wise Conflict Measure
n Group PageRank (GPR)

n traditional PageRank è Group PageRank (label-aware):

measure supervision information from labeled nodes of each class

n Expecting: GPR vector of nodes to form a “sharp” distribution focusing on their             

ground truth label (see Experiments Sec.)

n Control the connection strength of an edge

n GPR vectors measure conflict: 

n conflict è edge weight:                                          ,                  è position-aware
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n Learning with the Optimized Structure
n Graph structure mixing and optimization

n position-aware adjacency:

n node feature view adjacency:                                      ,

n mixing: 

n Learning objectives

n structure quality control:                                  ,                             ,

n classification loss:                                                       ,

n overall loss:  
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n Experimental Setups
n Datasets

n real-world datasets: Cora, Citeseer, Photo, Actor, Chameleon, Squirrel

n synthetic graph: Stochastic Block Model (SBM)

n Baselines

n GNN backbones: GCN, GAT, APPNP, GraphSAGE

n topology-imbalance specific baselines: ReNode

n graph structure learning baselines: DropEdge, AddEdge, SDRF, NeuralSparse, IDGL

n Classification task setting: set the number of labeled nodes in each class to be 20

n Metrics

n Weighted-F1 (W-F1) ± standard deviation

n Macro-F1 (M-F1) ± standard deviation
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nNode Classification on Real-world Graphs

n PASTEL shows overwhelming superiority in improving the performance of backbones on all datasets.
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nNode Classification on Cora with different imbalance level
n Cora-L, Cora-M, Cora-H: topology-imbalance level low(L)/medium(M)/high(H)

n GNN backbone: GCN

n PASTEL performs best on all datasets with different imbalance level.

n achieve up to 4.4% improvement on the highly topology-imbalance dataset.
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nNode Classification on Synthetic Graphs
n Stochastic Block Model (SBM)    (N=3000, C=6)

n GNN backbone: GCN

n PASTEL can increase the classification Weighted-F1 score by 5.38%-21.35% 

on SBM graphs with different community structures, showing superior 

effectiveness.
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topology-imbalance level: high à low
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nAblation Study: Impact of the Position Encoding
n Variant: PASTEL (w/o PE) with GCN as backbone

n removes the position encoding module

n directly take the node features for metric learning

n The structure learning strategy of PASTEL contributes the most.

n The position encoding still benefits learning better structure.
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nAblation Study: Impact of the Class-wise Conflict Measure
n Variant: PASTEL (w/o CCM) with GCN as backbone

n remove the class-wise conflict measure, directly takes the learned edge possibilities

n Variant: PASTEL (Totoro) with GCN as backbone

n take the Totoro metric introduced in ReNode as the conflict measure of nodes

n PASTEL consistently outperforms the other two variants.
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nAnalysis of Learned Structure: Visualization of Cora

n PASTEL can obtain graph structure with clearer class boundaries.
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(a) Original Graph (b) ReNode (c) SDRF

(d) IDGL (e) PASTEL (Ours)
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nAnalysis of Learned Structure: Change of RC and SC

n All the structure learning methods learn structures with larger RC & SC, 

leading the performance improvement of node classification.
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(a) Original Graph (b) ReNode (c) SDRF (d) IDGL (e) PASTEL (Ours)
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nAnalysis of Learned Structure: Change of GPR Vector
n randomly choose 10 nodes for each class in Cora 

n visualize their GPR vectors on the original graph and the learned graph

n the class-wise conflict measure plays an important role on giving guidance 

for more class connectivity orthogonality.
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(a) Original Graph (b) Learned Graph

n : 10 nodes of class i

n : the i-th class
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nConclusion and Future Works
n We provide a new understanding and two metrics of topology-imbalance in 

the perspective of under-reaching and over-squashing, answering:

n how topology-imbalance affects GNN’s performance

n what graphs are susceptible to topology-imbalance

n PASTEL designs an anchor-based position encoding mechanism and a class-

wise conflict measure to obtain structures with better in-class connectivity.

n Future works: incorporate the proposed two quantitative metrics into the 

learning process to address topology-imbalance more directly.
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