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Model Operation Result

Graph Convolutional Networks (GCNs) Feature Smoothing Connected nodes have similar features

GCNs excel at handling graph-structured data, with most methods relying on their feature smoothing operations.
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What kind of graph data does GCN expect?

GCNs assume that Connect nodes are highly likely to share the same labels. (i.e., label smoothness 
assumption)(Zhang et al., 2021)

GCN assumed label distribution

Question: Is the label distribution obtained by GCN feature smoothing consistent with the label 
smoothness assumption?
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Label-Feature Smoothing Alignment Algorithm
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For nodes with unknown labels in the graph, the upper bound of the GCN’s generalization ability
reaches optimal if the true labels of these nodes are equal to the labels generated by the LPA.

Theorem 1

 Theorem 1 establishes the link between the output of LPA and the expected label distribution of GCN (i.e., 
label smoothness assumption)

1. GCN feature smoothing: 2. GCN label smoothness assumption:

Cora Citeseer Pubmed

Answer the Question: There is a fairly significant 
proportion of nodes that are not consistent.



UC Nodes
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Nodes that achieve label smoothing 
assumptions using GCN feature 
smoothing operations are under the 
control of GCN.

OOC Nodes
Nodes affected by GCN's feature 
smoothing operation conflict with the 
label smoothness assumption, making 
it difficult to correct representation 
under the GCN framework.

Unlabeled Nodes

(i) Nodes with few neighbors (left figure).

(ii) Nodes away from labeled nodes (right figure).

Character of OOC nodes.



Use 𝑋𝑋𝑣𝑣(𝑣𝑣 ∈ 𝑉𝑉) as a condition, and to learn the neighbor distribution of 𝑋𝑋𝑢𝑢(𝑢𝑢 ∈ 𝑁𝑁𝑣𝑣) (Liu et al., 2022, Sohn et al., 2015).
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For Nodes with Few Neighbors 

This process allows us to obtain the node v’s virtual neighbor feature vector     .  

Virtual Neighbor Generation

Potential Real Neighbor Identification
Virtual nodes contain only first-order information and can't affect message passing. We posit potential non-
directly connected neighbors can augment message passing for OOC nodes if: 
• They are in the same subspace.
• Their neighbors are in the same subspace.



Theorem 2
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Nodes away from labeled nodes

Given an undirected graph G(V, E) has n nodes and m edges. Assuming there are q nodes in the graph with 
labels selected uniformly at random. The occurrence probability of nodes that are not affected by labels with 
a two-layer GCN is equal to 
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 Theorem 2 tells us the occurrence probability of unaffected by labeled nodes is negatively correlated with 
the number of labels and total edges.

 DSKNN-graph 
 1. Can reduce the probability of OOC nodes.
 2. Allowing flexible addition or removal of edges.

Solution: we just need to make sure that the number of edges in constructing the DSKNN graph is 
much larger than the average degree of the original graph.
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Overall Architecture
Concatenate virtual neighbors'’ feature as input feature:

Propagating the features on the original graph and the 
DSKNN graph :

Adaptive node-level assembling:



Lemma 1
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Some Problem

In semi-supervised learning, the classifier's decision boundary 
should avoid high-density regions of the data distribution.

Fundamental Assumption in Semi-Supervised Learning
Ensuring the classifier outputs low-entropy
predictions on unlabeled data.

An accomplish way

𝐻𝐻(𝜆𝜆𝑝𝑝1 + (1 − 𝜆𝜆)𝑝𝑝2) ≥ 𝜆𝜆𝜆𝜆(𝑝𝑝1) + (1 − 𝜆𝜆)𝐻𝐻(𝑝𝑝2)

In Adaptive node-level assembling

 When the output layer assembles the logits, the entropy 
will increase beyond a linear combination of the two view.

Entropy Reduction Loss:

Violation Solution



Experiments

Jincheng Huang(UESTC) 2024/6/13 10/15

 In the node classification task, our proposed method outperformance the SOTA baseline.

 Most methods (including ours) show similar effectiveness on UC nodes. The key factor differentiating their 
performance is their behavior on OOC nodes. Thus, research on GCNs should primarily focus on OOC nodes.

 Our proposed method significantly improves the performance of GCNs on OOC nodes.

Main Results
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Adversarial Robustness-Metaattack

 Our proposed method has strong adversarial robustness
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Analysis Generalization Ability

 Our proposed improves the GCN’s generalization ability.
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Analysis Adaptive Node-level Assembling 

 The OOC nodes have heavier average weights in the second layer of the DSKNN side compared to the UC 
nodes, suggesting greater benefit for OOC nodes from the DSKNN side.

 The weights learned by each layer are differentiated.
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Analysis Adaptive Node-level Assembling 

 All components are valid.
 The DSKNN-graph part played the biggest effect.

Analysis Parameter Sensitivity

 the temperature parameter τ is significantly important, 
since when τ is in the interval [0.4, 0.8], the model 
performance maintains an excellent level. The 
DSKNN-graph part played the biggest effect.

 if we ensure that τ is in a suitable range, the selection 
of β is not sensitive. 
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 vanilla GCN has been able to achieve high-quality representation learning on UC nodes. 
The advanced model should focus on improving OOC nodes to promote GCN.

 We provide algorithms for locating OOC nodes and provide directions and models to 
promote OOC nodes.

Conclusion

Future Work
 Optimize graph structure from the perspective of reducing OOC nodes and Generalization.



T h a n k s ！
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