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Setting: Semi-supervised Learning on Graphs
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Challenges: non-robust

• : Deterministic propagation
• Nodes are highly dependent with its neighborhoods,

making GNNs non-robust.
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Motivation: some problems of GCN

• : Propagation is coupled with
transformation.

• Stacking many layers may cause over-fitting and
over-smoothing.
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Grand: Graph Random Neural Network
• Random Propagation (DropNode + Propagation):

– Each node is enabled to be not sensitive to specific
neighborhoods.

– Decouple propagation from feature transformation.
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Graph Random Neural Network(Grand)

• Consistency Regularized Training:
– Random propagation serves as graph data augmentation
– Consistency Regularization: Optimizing the consistency
among S augmentations of the graph.
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Grand training details
Consistency Loss�

Average

Sharpening

Distributions of a node:
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Theoretical Analysis

• With Consistency Regularization Loss:
– Random propagation can enforce the consistency of 

the classification confidence between each node and 
its all multi-hop neighborhoods. 

• With Supervised Cross-entropy Loss:
– Random propagation can enforce the consistency of 

the classification confidence between each node and 
its labeled multi-hop neighborhoods. 
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Different between DropNode and Dropout

• Theoretically, Dropout is an adaptive L2 regularization.
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Results
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Ablation Study
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Robustness Analysis
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Relieving Over-smoothing 
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Generalization Improvement
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Efficiency Analysis
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Results on Large Datasets
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• Again, what are the fundamentals underlying 
the different models?

• Understanding GNNs as Signal Rescaling
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Case Study - GAT
• Message-Passing as attention coefficients

split "⃗ #$%& '⃗ "$( )⃗

convert to matrix form
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Case Study – GraphSAGE-mean

• Message-Passing as heuristic sampling and 
aggregating scheme

convert to matrix form
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Case Study - FastGCN
• Message-Passing as heuristic sampling and 

aggregating scheme

convert to matrix form
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Case Study - ASGCN
• Message-Passing as learned sampling and 

aggregating scheme

convert to matrix form



Jie Tang, Tsinghua     23

Summarization

• " and # are rescaling coefficients matrices.
• $ ⋅ denotes some matrix normalization function.
• ℒ is the model specified Laplacian matrix.
• ' ⋅ can be any activation function.
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Observations
• Propagation – by Laplacian

– Laplacians are normalized adjacency matrix with self-
loop

– ℒ can be #$% & + ( , #$
*
+ & + ( #$

*
+ or even & + (.

• Signal Rescaling
– Before Propagation (Pre-Prop)
– After Propagation (Post-Prop)
– During Propagation (Edge-Wise)
– Re-normalization (For numerical stability)

A combination 
gives 
approximation for
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Observations
• In this way, we

– disentangle rescaling from message-passing 
– decouple rescaling operations into different operators

• Based on our observation, we are able to design a 
general / flexible GCN framework with decoupled 
rescaling operators
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Building Blocks of Signal Rescaling

• Pre-propagation Rescaling
– Vanilla GCN: !" = $(ℒ!')
– Matrix row scaling operator as Diagonal matrix ) and *

– Rescaling before propagation: !" = $ ℒ*!'
– Re-normalization after aggregation: !" = $ )ℒ*!'

– * are extracted from pre-prop feature by a learnable 
vector -⃗: *.. = sigmoid !'5⃗ .

– ) makes the row sum of )ℒ* to be 1.
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Building Blocks of Signal Rescaling
• Post-propagation Rescaling

– Vanilla GCN: !" = $(ℒ!')
– Negative signal rescaling by node adaptive encoder:

$*⃗ + = , $ + , + ≥ 0
$ 0⃗1+ , + < 0

– Rescaling after propagation !" = $*⃗(ℒ!')

– 0⃗ are extracted from post-prop feature by a learnable 
vector 4⃗: 0⃗1 = sigmoid ℒ!';⃗ 1

– Re-normalization are opted out for xLU(⋅) activation’s 
output mostly concentrate on the positive signal.
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Building Blocks of Signal Rescaling
• Edge-wise Rescaling

– Approximated by the combination of Pre-prop rescaling 
and Post-prop rescaling

• Node Sampling Strategy
– (Schematic) Dropout applied to Pre-propagation Matrix
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General Framework

Diagonal Matrix ! as Pre-prop rescaling operator
Node Adaptive Encoder "$⃗(⋅) as Post-prop rescaling operator
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Analysis
• The pre-propagation rescaling redistributes the 

signal energy. It functions as noise reducer.
• The post-propagation rescaling reduce the variance 

before activation. It functions like Layer 
Normalization.

• The Node Sampling Strategy functions like small 
batch trick (Regularization).

• The flexibility of Signal Rescaling framework is 
favorable by Graph AutoML.
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Graph Attention as Signal Rescaling

• GAT
– "# = % & 'ℒ + ℒ* "+
– ℒ = , + -.
– & ⋅ = SparseRowSoftmax LeakyReLU ⋅
– 'AA = "+C⃗ A , *AA = "+E⃗ A
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Graph Attention as Signal Rescaling

• Node Attention
– "#$ = &# 'ℒ)"* #

– '## = +
,⋅+

• Edge Attention
– "#$ = &# 'ℒ)"* #

– '## = +
ℒ.+

• k-hop Edge Attention
– "#$ = &# 'ℒ/)"* #

– '## = +
ℒ0.+

• k-hop Path Attention
– "#$ = &# 'ℒ)/ℒ)/1+⋯ℒ)+"* #

– '## = +
ℒ.0ℒ.034⋯ℒ.4+
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Performance – Citation Networks
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Performance – PPI networks



Jie Tang, Tsinghua     35

Takeaway Messages & Future Works

• The decoupled rescaling operations have their 
separated utilities.

• Node sampling strategy functions as small batch 
trick.
– Can we find a theory?

– How to better use this?

• The graph AutoML has its potential to further 
enhance of the community of GNNs.
– Realization?
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• Let us now revisit the negative sampling?
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SampledNCE Framework
• An trainable encoder E!-- generate node embeddings

– An embedding lookup table 
– A variant of Graph Neural Networks

• A positive sampler -- sample positive nodes
• A negative sampler -- sample negative nodes

1. Z. Yang, M. Ding, C. Zhou, H. Yang, J. Zhou, and J. Tang. Understanding Negative Sampling in Graph Representation Learning. KDD’20.



Jie Tang, Tsinghua     38

Negative Sampling
• Negative Sampling

– serve as a simplified version of noise contrastive estimation.

– a efficient way to accelerate the training of word2vec.

– negative sampling has a huge influence on the performance.

–the best choice varies largely on different datasets.

–few papers systematically analyzed or discussed negative sampling 

in graph representation learning. 
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Related Work
• Degree-based NS: utilize degree to sample negative samples

– Power of Degree (Mikolov, Sutskever & Dean, 2013)
– RNS (Caselles-Dupré, Lesaint & Royo-Letelier, 2018)
– WRMF (Hu, Koren & Volinsky, 2008)

• Hard-samples NS: mine the hard negative samples by rejection
– DNS (Zhang, Chen & Yu, 2013)
– PinSAGE (Rex, Ruining& Jure, 2018)
– WARP (Weston, Bengio & Usunier, 2011)

• GAN-based NS: utilize GAN to adversarially generate “difficult” 
negative samples 
– IRGAN (Wang, Yu & Xu, 2017)
– KBGAN (Cai & Wang, 2018)
– NMRN (Wang, Yin & Wang, 2018)
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Understanding Negative Sampling--Objective

For each        pair, define two Bernoulli distribution:

• P:                                                    Q:  

The objective function for embedding: 

According to Gibbs Inequality, the optimal embedding for each node pair         : 

The objective function can be  simplified as follows:
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Understanding Negative Sampling--Risk

The loss function to minimize empirical risk as follows: 

According to Theorem, the mean squared error of        : 

Theorem: the random variable                   asymptotically converges to a distribution 
with zero mean vector and covariance matrix. 
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The Principle of Negative Sampling

A simple solution is to sample negative nodes positively but sub-linearly correlated 

to their positive sampling distribution. 

• Monotonicity: from the perspective of objective, if we have                          , 

• Accuracy: from the perspective of risk, if                         , 
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MCNS Model

• self-contrast approximation for positive sampling distribution:
– replacing       by inner products based on the current encoder

• Metropolis-Hastings to accelerate negative sampling
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Experiments

Recommendation Task
MovieLens:

2,625 nodes
100,000 links

Amazon:
255,404 nodes
1,689,188 links

Alibaba:
159,633 nodes
907,470 links

Evaluation Metric:
MRR & Hits@30
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Experiments

Node Classification Task

BlogCatalog: 10,312 nodes & 333,983 links

Evaluation Metric: Micro-F1

Link Prediction Task

Arxiv: 5,242 nodes & 28,980 links

Evaluation Metric: AUC
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Efficiency Comparison

The runtime of MCNS and 

hard-samples or GAN-

based strategies with 

GraphSAGE encoder in 

recommendation task.

Runtime Comparisons:

MCNS
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Summary of MCNS
• Analyze the role of negative sampling from the perspectives 
of both objective and risk.

• Derive the theory and quantify that the negative sampling 
distribution should be positively but sub-linearly correlated 
to their positive sampling distribution.

• Approximate the positive distribution with self-contrast 
approximation and accelerating negative sampling by 
Metropolis-Hastings.

• Achieve start-of-art performance in recommendation, link 
prediction and node classification, on a total of 19 
experimental settings.
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Challenges

• How to combine Graph with Pre-Training 
(BERT/CL)?

• Graph Neural Network Pre-Training

+
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GCC: Graph Contrastive Coding for Graph 
Neural Network Pre-Training

• Momentum Contrast for Unsupervised Visual 
Representation Learning 
https://arxiv.org/pdf/1911.05722.pdf

• Train ResNet on ImageNet without image labels
– Competitive results on ImageNet classification
– Outperform supervised ResNet in 7 downstream tasks

1. J. Qiu, Q. Chen, Y. Dong, J. Zhang, H. Yang, M. Ding, K. Wang, and J. Tang. GCC: Graph Contrastive Coding for Graph Neural Network Pre-Training. KDD’20.

https://arxiv.org/pdf/1911.05722.pdf
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Revisit MoCo
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Graph Contrastive Coding (GCC)
• Problem formulation:

– Measuring vertex structural similarity

– New wine in old bottles:
• motif, centrality, clustering coefficient, structural diversity, edge 

density, etc
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Graph Contrastive Coding (GCC)
• Define positive pairs by sub-graph sampling

– Random walk with restart sub-graph sampling

1. J. Qiu, Q. Chen, Y. Dong, J. Zhang, H. Yang, M. Ding, K. Wang, and J. Tang. GCC: Graph Contrastive Coding for Graph Neural Network Pre-Training. KDD’20.
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GCC Pre-Training / Fine-tuning
• Six real-world information networks for pre-training.

• Fine-tuning Tasks:
– Node classification
– Graph classification
– Similarity search

• Two fine-tuning settings.

Graph 
Encoder Classifier Label

Full Fine-tuning

Freezing Fine-
tuning



Jie Tang, Tsinghua     54

Node Classification
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Graph Classification
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Similarity Search
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Takeaway Messages
• Tackle non-robust, over-fitting, and over-smoothing
• Understanding GNNs as Signal Rescaling

– Unifying GCNs
– Unifying GAT

• Pre-training and Self-supervised learning is 
becoming more and more important
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http://keg.cs.tsinghua.edu.cn/jietang
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Jie Tang, KEG, Tsinghua U                    http://keg.cs.tsinghua.edu.cn/jietang
Download all data & Codes https://keg.cs.tsinghua.edu.cn/cogdl/

https://github.com/THUDM
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