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MOTIVATION: MISSING FEATURES IN GRAPH

In real-world scenarios, features are not always available for graph data.

Missing Features
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EMPIRICAL MOTIVATION

For graphs with severely missing features (observed rate ≤ 0.1), 
structure-based models outperform GNN-based models.

CiteSeer graph with missing features

Structure-based (no features used)

Structure-based + GNN (Hybrid)
[Node features are initialized with 
node2vec embedding]

GNN-based

0.0 1.0
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LABEL PROPAGATION (OLDIE)

We revisit classical Label Propagation (Oldie) as an effective remedy for missing features,
thanks to its ability to exploit both structure and label information.
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METHODOLOGY (GOODIE)

We propose a hybrid approach that bridges the gap between the traditional structure-based model and 
the recent GNN-based model, especially when only a few features are available.

1. Label/Feature Propagation 2. Structure-Feature 
Attention

3. Pseudo-Label 
Contrastive Learning

Prediction
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METHODOLOGY
‣ Step 1. LP & FP branch

Label/Feature Propagation Structure-Feature 
Attention

Pseudo-Label 
Contrastive Learning

Prediction

• Label Propagation

⋯ replace with the known label if it exists

• Feature Propagation

⋯ replace with the known feature if available

We compensate for missing label or feature values using a propagation method
until each converges at iteration 𝐾, and project both onto an embedding space.
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METHODOLOGY
‣ Step 2. Structure-Feature Attention

Label/Feature Propagation Structure-Feature 
Attention

Pseudo-Label 
Contrastive Learning

Prediction

Due to the uncertainty in missing feature rates, we adaptively capture attention between embeddings 
from each label and feature branch.

1 − 𝛼!,#$

High when features are abundantLow when features are sparse
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METHODOLOGY
‣ Step 3. Pseudo-Label Contrastive Learning (PseudoCon)

Structure-Feature 
Attention

Pseudo-Label 
Contrastive Learning

Prediction

We further leverage the potential of the LP branch by exploiting additional supervision it provides. 
Specifically, we design a contrastive learning objective using the pseudo-labels generated by LP.

• Vanilla SupCon [1] loss

• Pseudo-Label Contrastive loss (Ours)

[1] Supervised Contrastive Learning (NeurIPS 2020)
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METHODOLOGY
‣ Step 3. Pseudo-Label Contrastive Learning (PseudoCon)

We adjust the supervision weight based on the reliability of the labels.

• Pseudo-Label Contrastive loss (Ours)

Final Loss of GOODIE:
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EXPERIMENTS
‣ 1. Performance (%) of GOODIE on Node Classification across various observed feature rates
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EXPERIMENTS
‣ 2. Performance (%) of GOODIE on Node Classification at missing rate (mr) of 99.99%

GNN-based Hybrid
Label/Feature 
Propagation
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EXPERIMENTS
‣ 3. Performance (%) of GOODIE on Link Prediction at missing rate (mr) 0.9999

• Uniformly Missing • Structurally Missing× ×
× ×
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EXPERIMENTS
‣ 4. Effectiveness of  Structure-Feature Attention and its Score at Different Observed Rates

When handling embeddings from the FP and LP branches, attention appears to be the most effective
strategy, as it naturally places more weight on the FP branch as the observed rates increase.
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EXPERIMENTS
‣ 5. Effectiveness of PseudoCon Loss

PseudoCon appears effective when both strong and weak positive pairs are involved,
as it enhances intra-class embedding cohesion while promoting inter-class separation.

PseudoCon
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CONCLUSION

GNNs 
underperform 

structure-
based models 
at low feature 
observed rates

Observation

Revisit
Label

Propagation
(Oldie but
Goodie)

Challenges
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1. Missing rate?

Structure-
Feature 

Attention

2. Label Reliability?

Pseudo-label 
Weighting

Evaluation 
Under Missing 

Features

Evaluation

Oldie but Goodie: Re-illuminating Label Propagation on Graphs with Partially Observed Features
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APPENDIX
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ENHANCING SCALABILITY OF PSEUDO-LABEL CONTRASTIVE LEARNING
‣ Comparison with Scalaed PseudoCon Loss

(1) PseudoCon Loss ➝ 𝓞 𝑵𝟐 , 𝑁 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑛𝑜𝑑𝑒𝑠

(2) Scaled PseudoCon Loss ➝ 𝓞 𝑪𝟐 , 𝐶 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑙𝑎𝑠𝑠𝑒𝑠

where,

Class Prototypes

To reduce PseudoCon Loss complexity 𝓞 𝑵𝟐 , we introduce scaled PseudoCon,
a class prototype-based variant that maintains strong performance with improved efficiency, 𝓞 𝑪𝟐 .
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METHODOLOGY
Algorithm
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EXPERIMENTS
Datasets and Baselines

Baseline
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EXPERIMENTS
Hyperparameter Setting
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EXPERIMENTS
‣ Sensitivity analysis on pseudo label controlling parameter, 𝝀 at missing rate (mr) 0.9999

Across diverse datasets, 𝝀 demonstrates robustness in the range from 1e-5 to 10.


