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Introduction
Graph Convolutional Networks

Kipf, T. N., & Welling, M. (2016). Semi-supervised classification with graph convolutional networks. arXiv preprint arXiv:1609.02907.

1489회 인용
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Introduction
Graph Convolutional Networks

Hamilton, W., Ying, Z., & Leskovec, J. (2017). Inductive representation learning on large graphs. In Advances in Neural Information Processing 

Systems (pp. 1024-1034).

564회 인용
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Introduction
Graph Convolutional Networks

Veličković, P., Cucurull, G., Casanova, A., Romero, A., Lio, P., & Bengio, Y. (2017). Graph attention networks. arXiv preprint arXiv:1710.10903. 

398회 인용



6
/107

Introduction
Graph Convolutional Networks

Graph Convolutional Networks

http://snap.stanford.edu/proj/embeddings-www/

http://snap.stanford.edu/proj/embeddings-www/
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Introduction
Graph Convolutional Networks

Graph Convolutional Networks

https://vinodsblog.com/2018/10/15/everything-you-need-to-know-about-convolutional-neural-networks/

https://vinodsblog.com/2018/10/15/everything-you-need-to-know-about-convolutional-neural-networks/
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Introduction
Graph Convolutional Networks

Graph Convolutional Networks

Kipf, T. N., & Welling, M. (2016). Semi-supervised classification with graph convolutional networks. arXiv preprint arXiv:1609.02907.
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Introduction
Graph Convolutional Networks

이미지 데이터 Feature extraction

이미지 데이터 특징에 적합한
NN 구조

Task해결
Classification

Object detection
Segmentation

https://vinodsblog.com/2018/10/15/everything-you-need-to-know-about-convolutional-neural-networks/

https://vinodsblog.com/2018/10/15/everything-you-need-to-know-about-convolutional-neural-networks/
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Introduction
Graph Convolutional Networks

그래프 데이터
Feature extraction

그래프 데이터 특징에 적합한
NN 구조

Task해결
Graph-level
Edge-level
Node-level

Wu, Z., Pan, S., Chen, F., Long, G., Zhang, C., & Yu, P. S. (2019). A comprehensive survey on graph neural networks. arXiv preprint arXiv:1901.00596.
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Graph
Graph structure

 그래프(graph)란 노드(node)와 그 노드를 연결하는 간선(edge)을 하나로 모아놓

은 구조

 Node (Vertex)

 Edge: directed/undirected, weighted/unweighted
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Graph
Graph structure

 그래프(graph)란 노드(node)와 그 노드를 연결하는 간선(edge)을 하나로 모아놓

은 구조

 Node (Vertex)

 Edge: directed/undirected, weighted/unweighted

undirected + unweighted
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Graph
Types of Graph

 Social network graph

 Molecular graph

 3D mesh graph

 Citation graph

……
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Graph
Types of Graph

 Social network graph

 Molecular graph

 3D mesh graph

 Citation graph
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Graph
Types of Graph

 Social network graph

 Molecular graph

 3D mesh graph

 Citation graph

……

https://gisellezeno.com/academic-work/exploring-citeseerx-dataset.html

https://gisellezeno.com/academic-work/exploring-citeseerx-dataset.html
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Graph
Types of Graph

 Social network graph

 Molecular graph

 3D mesh graph

 Citation graph

……

Hammond, D. K., Vandergheynst, P., & Gribonval, R. (2011). Wavelets on graphs via spectral graph theory. Applied and Computational Harmonic 

Analysis, 30(2), 129-150.

Metric data

…...

Observation 1

Observation 2

Observation 3

Observation 4

Graph data

Generalization
 Distance measure
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Graph
Types of Graph

 Social network graph

 Molecular graph

 3D mesh graph

 Citation graph

……

Hammond, D. K., Vandergheynst, P., & Gribonval, R. (2011). Wavelets on graphs via spectral graph theory. Applied and Computational Harmonic 

Analysis, 30(2), 129-150.

Metric data

…...

V
a
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b

le
 1

Graph data

Generalization
 Dependency

 Correlation

V
a
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Graph
Data Representation

그래프 데이터
Task해결

Graph-level
Edge-level
Node-level
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Graph
Data Representation

 이미지 : W × H × C
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Graph
Data Representation

1

4

2

5

3

𝑁𝑜𝑑𝑒 − 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑚𝑎𝑡𝑟𝑖𝑥

𝑋 ∈ 𝑅𝑛×𝐹

 그래프 :  node-feature matrix, adjacency matrix, degree matrix, Laplacian matrix

• 𝑔 = 𝑣, 𝜀

• Vertex set : 𝑣 𝑔 = 𝑣1, … , 𝑣𝑛 , 𝑛 = 𝑣

• Edge set 𝜀 𝑔 = 𝑒𝑖𝑗 , 𝑚 = |𝜀|

Graph structure



24
/107

Graph
Data Representation

 그래프 :  node-feature matrix, adjacency matrix, degree matrix, Laplacian matrix

• 𝑔 = 𝑣, 𝜀

• Vertex set : 𝑣 𝑔 = 𝑣1, … , 𝑣𝑛 , 𝑛 = 𝑣

• Edge set 𝜀 𝑔 = 𝑒𝑖𝑗 , 𝑚 = |𝜀|

1

4

2

5

3

𝐴𝑑𝑗𝑎𝑐𝑒𝑛𝑐𝑦 𝑚𝑎𝑡𝑟𝑖𝑥
𝐴 ∈ 𝑅𝑛×𝑛

𝐴 = ൞

𝐴𝑖𝑗 = 1

𝐴𝑖𝑗 = 0

𝐴𝑖𝑖 = 0

0 1 0 1 0

1 0 1 1 1

0 1 0 0 1

1 1 0 0 1

0 1 1 1 0

𝑖𝑓 𝑡ℎ𝑒𝑟𝑒 𝑖𝑠 𝑎𝑛 𝑒𝑑𝑔𝑒 𝑒𝑖𝑗
𝑖𝑓 𝑡ℎ𝑒𝑟𝑒 𝑖𝑠 𝑛𝑜 𝑒𝑑𝑔𝑒

Graph structure
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Graph
Data Representation

1

4

2

5

3

𝐷𝑒𝑔𝑟𝑒𝑒 𝑚𝑎𝑡𝑟𝑖𝑥
𝐷 ∈ 𝑅𝑛×𝑛

𝐷𝑖𝑖 = 

𝑖~𝑗

𝐴𝑖𝑗

2 0 0 0 0

0 4 0 0 0

0 0 2 0 0

0 0 0 3 0

0 0 0 0 3

 그래프 :  node-feature matrix, adjacency matrix, degree matrix, Laplacian matrix

• 𝑔 = 𝑣, 𝜀

• Vertex set : 𝑣 𝑔 = 𝑣1, … , 𝑣𝑛 , 𝑛 = 𝑣

• Edge set 𝜀 𝑔 = 𝑒𝑖𝑗 , 𝑚 = |𝜀|

Graph structure
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 그래프 :  node-feature matrix, adjacency matrix, degree matrix, Laplacian matrix

• 𝑔 = 𝑣, 𝜀

• Vertex set : 𝑣 𝑔 = 𝑣1, … , 𝑣𝑛 , 𝑛 = 𝑣

• Edge set 𝜀 𝑔 = 𝑒𝑖𝑗 , 𝑚 = |𝜀|

Graph
Data Representation

1

4

2

5

3

𝐿𝑎𝑝𝑙𝑎𝑐𝑖𝑎𝑛 𝑚𝑎𝑡𝑟𝑖𝑥
𝐿 ∈ 𝑅𝑛×𝑛

𝐿 = 𝐷 − 𝐴

2 -1 0 -1 0

-1 4 -1 -1 -1

0 -1 2 0 -1

-1 -1 0 3 -1

0 -1 -1 -1 3

Graph structure
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Graph
Tasks

그래프 데이터

G
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Graph
Tasks

 Graph-level : graph classification

 Edge-level : edge classification and link prediction

 Node-level : node regression and classification

Defferrard, M., Bresson, X., & Vandergheynst, P. (2016). Convolutional neural networks on graphs with fast localized spectral filtering. In Advances in 

neural information processing systems (pp. 3844-3852).

Wu, Z., Pan, S., Chen, F., Long, G., Zhang, C., & Yu, P. S. (2019). A comprehensive survey on graph neural networks. arXiv preprint arXiv:1901.00596.
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Graph
Tasks

 Graph-level : graph classification

 Edge-level : edge classification and link prediction

 Node-level : node regression and classification

http://snap.stanford.edu/proj/embeddings-www/
Wu, Z., Pan, S., Chen, F., Long, G., Zhang, C., & Yu, P. S. (2019). A comprehensive survey on graph neural networks. arXiv preprint arXiv:1901.00596.

http://snap.stanford.edu/proj/embeddings-www/
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Graph
Tasks

 Graph-level : graph classification

 Edge-level : edge classification and link prediction

 Node-level : node regression and classification

http://snap.stanford.edu/proj/embeddings-www/
Wu, Z., Pan, S., Chen, F., Long, G., Zhang, C., & Yu, P. S. (2019). A comprehensive survey on graph neural networks. arXiv preprint arXiv:1901.00596.

http://snap.stanford.edu/proj/embeddings-www/
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Graph
Tasks

 Graph-level : graph classification

 Edge-level : edge classification and link prediction

 Node-level : node regression and classification

• Graph-based semi-supervised learning

http://snap.stanford.edu/proj/embeddings-www/
Wu, Z., Pan, S., Chen, F., Long, G., Zhang, C., & Yu, P. S. (2019). A comprehensive survey on graph neural networks. arXiv preprint arXiv:1901.00596.

http://snap.stanford.edu/proj/embeddings-www/
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Graph
Tasks

 Graph-level : graph classification

 Edge-level : edge classification and link prediction

 Node-level : node regression and classification

• Graph-based semi-supervised learning

http://snap.stanford.edu/proj/embeddings-www/
Wu, Z., Pan, S., Chen, F., Long, G., Zhang, C., & Yu, P. S. (2019). A comprehensive survey on graph neural networks. arXiv preprint arXiv:1901.00596.

http://snap.stanford.edu/proj/embeddings-www/
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Graph
Tasks

 Graph-level : graph classification

 Edge-level : edge classification and link prediction

 Node-level : node regression and classification

• Graph-based semi-supervised learning

Wu, Z., Pan, S., Chen, F., Long, G., Zhang, C., & Yu, P. S. (2019). A comprehensive survey on graph neural networks. arXiv preprint arXiv:1901.00596.

Transductive Inductive Transductive + Inductive
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Graph
Tasks

 Graph-level : graph classification

 Edge-level : edge classification and link prediction

 Node-level : node regression and classification

• Graph-based semi-supervised learning

https://en.wikipedia.org/wiki/Semi-supervised_learning

Small

Labeled data

Decision boundary

https://en.wikipedia.org/wiki/Semi-supervised_learning
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Graph
Tasks

 Graph-level : graph classification

 Edge-level : edge classification and link prediction

 Node-level : node regression and classification

• Graph-based semi-supervised learning

https://en.wikipedia.org/wiki/Semi-supervised_learning

Decision boundary

https://en.wikipedia.org/wiki/Semi-supervised_learning
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Graph
Tasks

 Graph-level : graph classification

 Edge-level : edge classification and link prediction

 Node-level : node regression and classification

• Graph-based semi-supervised learning

https://en.wikipedia.org/wiki/Semi-supervised_learning

Decision boundary

New data

https://en.wikipedia.org/wiki/Semi-supervised_learning
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Graph
Tasks

 Graph-level : graph classification

 Edge-level : edge classification and link prediction

 Node-level : node regression and classification

• Graph-based semi-supervised learning

https://en.wikipedia.org/wiki/Semi-supervised_learning

Decision boundary

https://en.wikipedia.org/wiki/Semi-supervised_learning
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Graph
Tasks

 Graph-level : graph classification

 Edge-level : edge classification and link prediction

 Node-level : node regression and classification

• Graph-based semi-supervised learning

https://en.wikipedia.org/wiki/Semi-supervised_learning

Labeled data

Unlabeled data

https://en.wikipedia.org/wiki/Semi-supervised_learning
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Graph
Tasks

 Graph-level : graph classification

 Edge-level : edge classification and link prediction

 Node-level : node regression and classification

• Graph-based semi-supervised learning

https://en.wikipedia.org/wiki/Semi-supervised_learning

https://en.wikipedia.org/wiki/Semi-supervised_learning
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Graph
Tasks

 Graph-level : graph classification

 Edge-level : edge classification and link prediction

 Node-level : node regression and classification

• Graph-based semi-supervised learning

https://en.wikipedia.org/wiki/Semi-supervised_learning

Decision boundary

https://en.wikipedia.org/wiki/Semi-supervised_learning
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Graph
Tasks

 Graph-level : graph classification

 Edge-level : edge classification and link prediction

 Node-level : node regression and classification

• Graph-based semi-supervised learning

https://en.wikipedia.org/wiki/Semi-supervised_learning

Decision boundary

New data

https://en.wikipedia.org/wiki/Semi-supervised_learning
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Graph
Tasks

 Graph-level : graph classification

 Edge-level : edge classification and link prediction

 Node-level : node regression and classification

• Graph-based semi-supervised learning

https://en.wikipedia.org/wiki/Semi-supervised_learning

Supervised Semi-supervised

https://en.wikipedia.org/wiki/Semi-supervised_learning
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Graph
Tasks

 Graph-level : graph classification

 Edge-level : edge classification and link prediction

 Node-level : node regression and classification

• Graph-based semi-supervised learning

https://en.wikipedia.org/wiki/Semi-supervised_learning

Transductive Inductive

https://en.wikipedia.org/wiki/Semi-supervised_learning
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Graph
Tasks

 Graph-level : graph classification

 Edge-level : edge classification and link prediction

 Node-level : node regression and classification

• Graph-based semi-supervised learning

https://en.wikipedia.org/wiki/Semi-supervised_learning

Transductive Inductive

https://en.wikipedia.org/wiki/Semi-supervised_learning
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Graph
Tasks

 Graph-level : graph classification

 Edge-level : edge classification and link prediction

 Node-level : node regression and classification

• Graph-based semi-supervised learning

https://en.wikipedia.org/wiki/Semi-supervised_learning

Transductive Inductive

New obs

https://en.wikipedia.org/wiki/Semi-supervised_learning
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Graph
Tasks

 Graph-level : graph classification

 Edge-level : edge classification and link prediction

 Node-level : node regression and classification

• Graph-based semi-supervised learning

https://en.wikipedia.org/wiki/Semi-supervised_learning

Transductive Inductive

New obs

https://en.wikipedia.org/wiki/Semi-supervised_learning
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Graph Convolutional Networks

그래프 데이터
Task해결

Graph-level
Edge-level
Node-level
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Graph Convolutional Networks
Convolutional layer

 Sparse connection

 Weight sharing

 Receptive field

40×30

Convolutional layer

Feature extractor
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Graph Convolutional Networks
Convolutional layer

 Sparse connection

 Weight sharing

 Receptive field

40×30

……
Input

……

Dense connection

Layer 1……
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Graph Convolutional Networks
Convolutional layer

 Sparse connection

 Weight sharing

 Receptive field

40×30

Input

Sparse connection

Spatially-Local

Correlation

Layer 1……
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Graph Convolutional Networks
Convolutional layer

 Sparse connection

 Weight sharing

 Receptive field

40×30

Input

Sparse connection

Spatially-Local

Correlation

Layer 1……
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Graph Convolutional Networks
Convolutional layer

 Sparse connection

 Weight sharing

 Receptive field

40×30

Input

Sparse connection

Spatially-Local

Correlation

Layer 1……

……

Feature map
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Graph Convolutional Networks
Convolutional layer

 Sparse connection

 Weight sharing

 Receptive field

40×30

Input

Layer 1……

Invariant Feature

𝒘𝟏 𝒘𝟐 𝑤3 𝑤4 𝑤5

…

… 𝑤24 𝑤25
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Graph Convolutional Networks
Convolutional layer

 Sparse connection

 Weight sharing

 Receptive field

Input Layer 1 Input Layer 1 Layer 2
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Graph Convolutional Networks
Convolutional layer

 Sparse connection

 Weight sharing

 Receptive field
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Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)

Kipf, T. N., & Welling, M. (2016). Semi-supervised classification with graph convolutional networks. arXiv preprint arXiv:1609.02907.

1489회 인용
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Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)

1

3

2

4

Graph-based

1

3

2

4

Semi-supervised Transductive

Class 1

Class 2

Unlabeled

Unlabeled

1

3

2

4

Class 1

Class 2

Class 1

Class 1
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Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)

 기존 문제 해결법 : graph-based regularization

 Graph Laplacian regularization term

1

3

2

4

Class 1

Class 2

Unlabeled

Unlabeled 𝐿𝑜𝑠𝑠 = 𝐿𝑜𝑠𝑠0 + 𝜆𝐿𝑜𝑠𝑠𝑟𝑒𝑔,

𝐿𝑜𝑠𝑠0 = 𝑠𝑢𝑝𝑒𝑟𝑣𝑖𝑠𝑒𝑑 𝑙𝑜𝑠𝑠
𝑤𝑖𝑡ℎ 𝑟𝑒𝑠𝑝𝑒𝑐𝑡 𝑡𝑜 𝑡ℎ𝑒 𝑙𝑎𝑏𝑒𝑙𝑑 𝑝𝑎𝑟𝑡 𝑜𝑓 𝑡ℎ𝑒 𝑔𝑟𝑎𝑝ℎ

𝐿𝑜𝑠𝑠𝑟𝑒𝑔 = 

𝑖,𝑗

𝐴𝑖𝑗ฮ𝑓 𝑋𝑖 − ฮ𝑓 𝑋𝑗
2
= 𝑓 𝑋 𝑇𝐿𝑓 𝑋
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Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)

 기존 문제 해결법 : graph-based regularization

 Graph Laplacian regularization term

1

3

2

4

𝑁𝑜𝑑𝑒 − 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑚𝑎𝑡𝑟𝑖𝑥
𝑋 ∈ 𝑅𝑛×𝐹

𝐴𝑑𝑗𝑎𝑐𝑒𝑛𝑐𝑦 𝑚𝑎𝑡𝑟𝑖𝑥
𝐴 ∈ 𝑅𝑛×𝑛

0 1 1 1

1 0 0 0

1 0 0 0

1 0 0 0
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Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)

 기존 문제 해결법 : graph-based regularization

 Graph Laplacian regularization term

1

3

2

4

Class 1

Class 2

Unlabeled

Unlabeled

Class 1

Class 2

Unlabeled

Unlabeled
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Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)

 기존 문제 해결법 : graph-based regularization

 Graph Laplacian regularization term

Class 1

Class 2

𝑋1

𝑋4

Model

𝑓(𝑋;𝑤)

𝑓(𝑋1)

𝑓(𝑋4)
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Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)

 기존 문제 해결법 : graph-based regularization

 Graph Laplacian regularization term

Class 1

Class 2

𝑋1

𝑋4

Model

𝑓(𝑋;𝑤)

𝑓(𝑋1)

𝑓(𝑋4)

𝑋2

𝑋3

𝑓(𝑋2)
𝑓(𝑋3)
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Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)

 기존 문제 해결법 : graph-based regularization

 Graph Laplacian regularization term

Class 1

Class 2

𝑋1

𝑋4

Model

𝑓(𝑋;𝑤)

𝑓(𝑋1)

𝑓(𝑋4)

𝑋2

𝑋3

𝑓(𝑋2)
𝑓(𝑋3)
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Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)

 기존 문제 해결법 : graph-based regularization

 Graph Laplacian regularization term

Class 1

Class 2

𝑋1

𝑋4

Model

𝑓(𝑋;𝑤)

𝑓(𝑋1)

𝑓(𝑋4)

𝑋2

𝑋3

𝑓(𝑋2)
𝑓(𝑋3)
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Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)

 기존 문제 해결법 : graph-based regularization

 Graph Laplacian regularization term

1

3

2

4

Class 1

Class 2

Unlabeled

Unlabeled 𝐿𝑜𝑠𝑠 = 𝐿𝑜𝑠𝑠0 + 𝜆𝐿𝑜𝑠𝑠𝑟𝑒𝑔,

𝐿𝑜𝑠𝑠0 = 𝑠𝑢𝑝𝑒𝑟𝑣𝑖𝑠𝑒𝑑 𝑙𝑜𝑠𝑠
𝑤𝑖𝑡ℎ 𝑟𝑒𝑠𝑝𝑒𝑐𝑡 𝑡𝑜 𝑡ℎ𝑒 𝑙𝑎𝑏𝑒𝑙𝑑 𝑝𝑎𝑟𝑡 𝑜𝑓 𝑡ℎ𝑒 𝑔𝑟𝑎𝑝ℎ

𝐿𝑜𝑠𝑠𝑟𝑒𝑔 = 

𝑖,𝑗

𝐴𝑖𝑗ฮ𝑓 𝑋𝑖 − ฮ𝑓 𝑋𝑗
2
= 𝑓 𝑋 𝑇𝐿𝑓 𝑋

가정 : 연결된노드는레이블이같다

Edge가 node similarity를 의미하지 않는 경우에 제약 있음
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Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)

Model

𝑓(𝑋, 𝐴;𝑊)

 직접적으로 graph structure가 NN모델에 입력

Z = 𝑓 𝑋, 𝐴 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥( መ𝐴𝑅𝑒𝐿𝑈 መ𝐴𝑋𝑊0 𝑊1)

𝑅𝑒𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑡𝑟𝑖𝑐𝑘 ∶ መ𝐴 = ෩𝐷−
1
2 ሚ𝐴෩𝐷−

1
2, ሚ𝐴 = (𝐴 + 𝐼𝑁)

𝐶𝑟𝑜𝑠𝑠 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 𝐿𝑜𝑠𝑠 = − 

𝑙∈𝑌𝐿



𝑓=1

𝐹

𝑌𝑙𝑓𝑙𝑛𝑍𝑙𝑓
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Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)

 직접적으로 graph structure가 NN모델에 입력

𝐹 ∶ 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑙𝑎𝑠𝑠
𝑌𝐿 ∶ 𝑎𝑙𝑙 𝑙𝑎𝑏𝑒𝑙𝑒𝑑 𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠

Z = 𝑓 𝑋, 𝐴 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥( መ𝐴𝑅𝑒𝐿𝑈 መ𝐴𝑋𝑊0 𝑊1)

𝑅𝑒𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑡𝑟𝑖𝑐𝑘 ∶ መ𝐴 = ෩𝐷−
1
2 ሚ𝐴෩𝐷−

1
2, ሚ𝐴 = (𝐴 + 𝐼𝑁)

𝐶𝑟𝑜𝑠𝑠 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 𝐿𝑜𝑠𝑠 = − 

𝑙∈𝑌𝐿



𝑓=1

𝐹

𝑌𝑙𝑓𝑙𝑛𝑍𝑙𝑓
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Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)

 직접적으로 graph structure가 NN모델에 입력

1 0

0 1

𝑌1 =
[𝑌11𝑌12]

𝑌4 =
[𝑌41𝑌42]

𝑍1 =
[𝑍11𝑍12]

𝑍4 =
[𝑍41𝑍42]

= − 𝒍𝒏𝒁𝟏𝟏 + 𝒍𝒏𝒁𝟒𝟐

Z = 𝑓 𝑋, 𝐴 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥( መ𝐴𝑅𝑒𝐿𝑈 መ𝐴𝑋𝑊0 𝑊1)

𝑅𝑒𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑡𝑟𝑖𝑐𝑘 ∶ መ𝐴 = ෩𝐷−
1
2 ሚ𝐴෩𝐷−

1
2, ሚ𝐴 = (𝐴 + 𝐼𝑁)

𝐶𝑟𝑜𝑠𝑠 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 𝐿𝑜𝑠𝑠 = − 

𝑙∈𝑌𝐿



𝑓=1

𝐹

𝑌𝑙𝑓𝑙𝑛𝑍𝑙𝑓
𝐹 ∶ 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑙𝑎𝑠𝑠

𝑌𝐿 ∶ 𝑎𝑙𝑙 𝑙𝑎𝑏𝑒𝑙𝑒𝑑 𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠
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Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)

 직접적으로 graph structure가 NN모델에 입력

𝑍1 =
[𝑍11𝑍12]

𝑍4 =
[𝑍41𝑍42]

Node Embedding

Z = 𝑓 𝑋, 𝐴 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥( መ𝐴𝑅𝑒𝐿𝑈 መ𝐴𝑋𝑊0 𝑊1)

𝑅𝑒𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑡𝑟𝑖𝑐𝑘 ∶ መ𝐴 = ෩𝐷−
1
2 ሚ𝐴෩𝐷−

1
2, ሚ𝐴 = (𝐴 + 𝐼𝑁)

𝐶𝑟𝑜𝑠𝑠 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 𝐿𝑜𝑠𝑠 = − 

𝑙∈𝑌𝐿



𝑓=1

𝐹

𝑌𝑙𝑓𝑙𝑛𝑍𝑙𝑓
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Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)

 직접적으로 graph structure가 NN모델에 입력

𝑅𝑒𝐿𝑈(𝑨𝑿𝑊0)

0 1 1 1

1 0 0 0

1 0 0 0

1 0 0 0

Z = 𝑓 𝑋, 𝐴 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥( መ𝐴𝑅𝑒𝐿𝑈 መ𝐴𝑋𝑊0 𝑊1)

𝑅𝑒𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑡𝑟𝑖𝑐𝑘 ∶ መ𝐴 = ෩𝐷−
1
2 ሚ𝐴෩𝐷−

1
2, ሚ𝐴 = (𝐴 + 𝐼𝑁)

𝐶𝑟𝑜𝑠𝑠 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 𝐿𝑜𝑠𝑠 = − 

𝑙∈𝑌𝐿



𝑓=1

𝐹

𝑌𝑙𝑓𝑙𝑛𝑍𝑙𝑓
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Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)

 직접적으로 graph structure가 NN모델에 입력

𝑅𝑒𝐿𝑈((𝑨 + 𝑰𝑵)𝑿𝑊
0)

1 1 1 1

1 1 0 0

1 0 1 0

1 0 0 1

Z = 𝑓 𝑋, 𝐴 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥( መ𝐴𝑅𝑒𝐿𝑈 መ𝐴𝑋𝑊0 𝑊1)

𝑅𝑒𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑡𝑟𝑖𝑐𝑘 ∶ መ𝐴 = ෩𝐷−
1
2 ሚ𝐴෩𝐷−

1
2, ሚ𝐴 = (𝐴 + 𝐼𝑁)

𝐶𝑟𝑜𝑠𝑠 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 𝐿𝑜𝑠𝑠 = − 

𝑙∈𝑌𝐿



𝑓=1

𝐹

𝑌𝑙𝑓𝑙𝑛𝑍𝑙𝑓
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Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)

 직접적으로 graph structure가 NN모델에 입력

𝑅𝑒𝐿𝑈((𝑨 + 𝑰𝑵)𝑿𝑊
0)

1 1 1 1

1 1 0 0

1 0 1 0

1 0 0 1

𝑅𝑒𝐿𝑈((𝑨 + 𝑰𝑵)𝑿𝑊
0)

1 1 1 1

1 1 0 0

1 0 1 0

1 0 0 1

Z = 𝑓 𝑋, 𝐴 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥( መ𝐴𝑅𝑒𝐿𝑈 መ𝐴𝑋𝑊0 𝑊1)

𝑅𝑒𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑡𝑟𝑖𝑐𝑘 ∶ መ𝐴 = ෩𝐷−
1
2 ሚ𝐴෩𝐷−

1
2, ሚ𝐴 = (𝐴 + 𝐼𝑁)

𝐶𝑟𝑜𝑠𝑠 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 𝐿𝑜𝑠𝑠 = − 

𝑙∈𝑌𝐿



𝑓=1

𝐹

𝑌𝑙𝑓𝑙𝑛𝑍𝑙𝑓
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Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)

 직접적으로 graph structure가 NN모델에 입력

𝑅𝑒𝐿𝑈((෩𝑫−
𝟏
𝟐(𝑨 + 𝑰𝑵)෩𝑫

−
𝟏
𝟐)𝑿𝑊0)

¼  ¼  ¼  ¼

½  ½  0 0

½  0 ½ 0

½  0 0 ½  

¼  ¼  ¼  ¼

½  ½  0 0

½  0 ½ 0

½  0 0 ½  

Z = 𝑓 𝑋, 𝐴 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥( መ𝐴𝑅𝑒𝐿𝑈 መ𝐴𝑋𝑊0 𝑊1)

𝑅𝑒𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑡𝑟𝑖𝑐𝑘 ∶ መ𝐴 = ෩𝐷−
1
2 ሚ𝐴෩𝐷−

1
2, ሚ𝐴 = (𝐴 + 𝐼𝑁)

𝐶𝑟𝑜𝑠𝑠 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 𝐿𝑜𝑠𝑠 = − 

𝑙∈𝑌𝐿



𝑓=1

𝐹

𝑌𝑙𝑓𝑙𝑛𝑍𝑙𝑓

𝑅𝑒𝐿𝑈((෩𝑫−
𝟏
𝟐(𝑨 + 𝑰𝑵)෩𝑫

−
𝟏
𝟐)𝑿𝑊0)

Average

Average
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Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)

 직접적으로 graph structure가 NN모델에 입력

𝑅𝑒𝐿𝑈((෩𝑫−
𝟏
𝟐(𝑨 + 𝑰𝑵)෩𝑫

−
𝟏
𝟐)𝑿𝑾𝟎)

¼  ¼  ¼  ¼

½  ½  0 0

½  0 ½ 0

½  0 0 ½  

Z = 𝑓 𝑋, 𝐴 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥( መ𝐴𝑅𝑒𝐿𝑈 መ𝐴𝑋𝑊0 𝑊1)

𝑅𝑒𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑡𝑟𝑖𝑐𝑘 ∶ መ𝐴 = ෩𝐷−
1
2 ሚ𝐴෩𝐷−

1
2, ሚ𝐴 = (𝐴 + 𝐼𝑁)

𝐶𝑟𝑜𝑠𝑠 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 𝐿𝑜𝑠𝑠 = − 

𝑙∈𝑌𝐿



𝑓=1

𝐹

𝑌𝑙𝑓𝑙𝑛𝑍𝑙𝑓

𝑅𝑒𝐿𝑈((෩𝑫−
𝟏
𝟐(𝑨 + 𝑰𝑵)෩𝑫

−
𝟏
𝟐)𝑿𝑾𝟎)

¼  ¼  ¼  ¼

½  ½  0 0

½  0 ½ 0

½  0 0 ½  
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Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)

 직접적으로 graph structure가 NN모델에 입력

¼  ¼  ¼  ¼

½  ½  0 0

½  0 ½ 0

½  0 0 ½  

Z = 𝑓 𝑋, 𝐴 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥( መ𝐴𝑅𝑒𝐿𝑈 መ𝐴𝑋𝑊0 𝑊1)

𝑅𝑒𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑡𝑟𝑖𝑐𝑘 ∶ መ𝐴 = ෩𝐷−
1
2 ሚ𝐴෩𝐷−

1
2, ሚ𝐴 = (𝐴 + 𝐼𝑁)

𝐶𝑟𝑜𝑠𝑠 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 𝐿𝑜𝑠𝑠 = − 

𝑙∈𝑌𝐿



𝑓=1

𝐹

𝑌𝑙𝑓𝑙𝑛𝑍𝑙𝑓

𝑹𝒆𝑳𝑼 ෩𝑫−
𝟏
𝟐 𝑨+ 𝑰𝑵 ෩𝑫−

𝟏
𝟐 𝑿𝑾𝟎 = 𝑅𝑒𝐿𝑈 መ𝐴𝑋𝑊0 = 𝐻1

= 𝑹𝒆𝑳𝑼 =
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Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)

 직접적으로 graph structure가 NN모델에 입력

¼  ¼  ¼  ¼

½  ½  0 0

½  0 ½ 0

½  0 0 ½  

Z = 𝑓 𝑋, 𝐴 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥( መ𝐴𝑅𝑒𝐿𝑈 መ𝐴𝑋𝑊0 𝑊1)

𝑅𝑒𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑡𝑟𝑖𝑐𝑘 ∶ መ𝐴 = ෩𝐷−
1
2 ሚ𝐴෩𝐷−

1
2, ሚ𝐴 = (𝐴 + 𝐼𝑁)

𝐶𝑟𝑜𝑠𝑠 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 𝐿𝑜𝑠𝑠 = − 

𝑙∈𝑌𝐿



𝑓=1

𝐹

𝑌𝑙𝑓𝑙𝑛𝑍𝑙𝑓

Z = 𝑓 𝑋, 𝐴 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥( መ𝐴𝐻1𝑊
1)

= 𝒔𝒐𝒇𝒕𝒎𝒂𝒙 =

1 0

0 1

Class 1

Class 2



77
/107

Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)

 직접적으로 graph structure가 NN모델에 입력

Sparse connection

Weight sharing

Z = 𝑓 𝑋, 𝐴 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥( መ𝐴𝑅𝑒𝐿𝑈 መ𝐴𝑋𝑊0 𝑊1)

𝑅𝑒𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑡𝑟𝑖𝑐𝑘 ∶ መ𝐴 = ෩𝐷−
1
2 ሚ𝐴෩𝐷−

1
2, ሚ𝐴 = (𝐴 + 𝐼𝑁)

𝐶𝑟𝑜𝑠𝑠 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 𝐿𝑜𝑠𝑠 = − 

𝑙∈𝑌𝐿



𝑓=1

𝐹

𝑌𝑙𝑓𝑙𝑛𝑍𝑙𝑓
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Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)

 직접적으로 graph structure가 NN모델에 입력

Z = 𝑓 𝑋, 𝐴 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥( መ𝐴𝑅𝑒𝐿𝑈 መ𝐴𝑋𝑊0 𝑊1)

𝑅𝑒𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑡𝑟𝑖𝑐𝑘 ∶ መ𝐴 = ෩𝐷−
1
2 ሚ𝐴෩𝐷−

1
2, ሚ𝐴 = (𝐴 + 𝐼𝑁)

𝐶𝑟𝑜𝑠𝑠 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 𝐿𝑜𝑠𝑠 = − 

𝑙∈𝑌𝐿



𝑓=1

𝐹

𝑌𝑙𝑓𝑙𝑛𝑍𝑙𝑓

Sparse connection

Weight sharing
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Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)

 직접적으로 graph structure가 NN모델에 입력

Z = 𝑓 𝑋, 𝐴 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥( መ𝐴𝑅𝑒𝐿𝑈 መ𝐴𝑋𝑊0 𝑊1)

𝑅𝑒𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑡𝑟𝑖𝑐𝑘 ∶ መ𝐴 = ෩𝐷−
1
2 ሚ𝐴෩𝐷−

1
2, ሚ𝐴 = (𝐴 + 𝐼𝑁)

𝐶𝑟𝑜𝑠𝑠 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 𝐿𝑜𝑠𝑠 = − 

𝑙∈𝑌𝐿



𝑓=1

𝐹

𝑌𝑙𝑓𝑙𝑛𝑍𝑙𝑓

Layer 1

Layer 2

Receptive field



80
/107

Semi-supervised classification with GCN
Graph-based semi-supervised learning (Transductive)
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Inductive Representation Learning on Large Graphs
Graph-based semi-supervised learning (Inductive)

Hamilton, W., Ying, Z., & Leskovec, J. (2017). Inductive representation learning on large graphs. In Advances in Neural Information Processing 

Systems (pp. 1024-1034).

564회 인용
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Inductive Representation Learning on Large Graphs
Graph-based semi-supervised learning (Inductive)

 Transductive 한계점 多 → Inductive 

 Full batch (memory on Large Graphs), Unseen Node, Completely Unseen graph 

New papers

New posts on Reddit

New users

New Youtube videos  
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Inductive Representation Learning on Large Graphs
Graph-based semi-supervised learning (Inductive)

 GraphSAGE (SAmple and aggreGatE)

 Full batch → Mini batch

 Transductive → Inductive (Sampling) 

 Average × → Aggregating (Mean / LSTM / Pooling aggregator)   
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 GraphSAGE (SAmple and aggreGatE)

 Full batch → Mini batch

 Transductive → Inductive (Sampling) 

 Average × → Aggregating (Mean / LSTM / Pooling aggregator)   

Inductive Representation Learning on Large Graphs
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Graph Attention Networks
Graph-based semi-supervised learning + Attention mechanism

Veličković, P., Cucurull, G., Casanova, A., Romero, A., Lio, P., & Bengio, Y. (2017). Graph attention networks. arXiv preprint arXiv:1710.10903. 

398회 인용
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Graph Attention Networks
Graph-based semi-supervised learning + Attention mechanism

 Graph Attention Networks (GATs)
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Graph-based semi-supervised learning + Attention mechanism
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Graph Attention Networks
Graph-based semi-supervised learning + Attention mechanism

 Graph Attention Networks (GATs)

 Masked Self-attention + Multi-head 
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Graph Attention Networks
Graph-based semi-supervised learning + Attention mechanism
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Graph Attention Networks
Graph-based semi-supervised learning + Attention mechanism
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Graph Attention Networks
Graph-based semi-supervised learning + Attention mechanism

 Graph Attention Networks (GATs)

 Masked Self-attention + Multi-head 
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