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Problem

• Link prediction: fundamental task with many applications 

social networks, recommendation, knowledge graph completion, etc.   

• Modern approaches: Contrastive learning

– Aims to learn robust node representations

– Requires positive and negative samples for a given query node

– Negative sampling: huge search space and highly false negatives
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→ Negative sampling for contrastive link prediction on graph
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Challenges & Related Work 

1. How to flexibly model and control the quality of negative nodes?

– Heuristics [1,2,3] or automatic generative [4,5] designs are inflexible

→ Multi-level negative sampling strategy

2. How do we find sufficient negative examples of variable hardness?

– Most negative sampling approaches [1,2,3,4,6] are limited from observed graphs

→ Diffusion models: naturally generate multi-level samples at different steps
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DMNS: Overall Framework
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DMNS 
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• Forward process

Conditional Diffusion

GNN Encoder

• Reverse process
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Overall Loss

8

• Link Prediction Loss

• Diffusion Loss

• Multi-level Negative Sampling

query node
positive node real negative node

DMNS negative sets:
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Experimental Setup
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Classic GNNs
• GCN [1]
• GAT [2]
• SAGE [3]

Baselines 
Heuristic NS
• PNS [4]
• DNS [5]
• MCNS [6]

Generative NS
• GraphGAN [7]
• ARGVA [8]
• KBGAN [9]

Subgraph-based GNNs
• SEAL [10]
• ScaLed [11]
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Link Prediction 
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Link Prediction 
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• DMNS improves performance of various base GNN encoders, demonstrating its flexibility.
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Ablation Studies
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(a) On model design
Performance drops on: 

• Unconditional diffusion

• Unweighted negative examples

(b) On sampling choice
• Performance of each single time step varies, 

but worse than combining them together

• Smaller time steps outperform larger ones
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Embedding Visualization
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Embedding distance as proxy to

hardness: smaller distances from the

query node imply harder examples

• Examples of DMNS: generally harder 

than uniform sampling, but not too hard 

to impair the performance 

• Multi-level samples capture wide range 

of hardness levels for negative sampling. 
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Conclusions 

• Problem
– Multi-level negative sampling for graph link prediction

• Proposed model: DMNS
– Empowers the sampling of multi-level negative examples, by sampling at different 

denoised steps of diffusion models

– Adheres the sub-linear positivity principle for robust negative sampling 

• Experiments
– Extensive experiments demonstrate the effectiveness of DMNS 
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