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1. Graph Neural Network
- Graph Data
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1. Graph Neural Network
- Graph Data2 & 4 U&= A2?

Task 1: Node Classification

Task 2: Link (Edge) Prediction
A
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Task 3: Graph Classification
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1. Graph Neural Network
- Basic GNN Operation

1) Message 2)Aggregate 3) Update
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2. GNNExplainer
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2. GNNExplainer
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2. GNNExplainer
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3. GNNExplainer

- Problem Formulation
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4. GNNExplainer - Overview
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4. GNNExplainer - Overview (1)
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4. GNNExplainer - Overview (2)

- Adjacency / Feature Mask 444
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4. GNNExplainer - Overview (3)
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4. GNNExplainer - Overview (4)
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4, GNNEprainer - Overview (5)
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4. GNNExplainer - Overview (6)
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5. How Many Instances

- Adjacency Mask Generation Algorithm
- Single Instance explanations
- & Instanced| CiSt Subgraph EHAH

- Multi Instance explanations
- 3ILIQ| Label c2 ZH= 2 Instanced| Cist Subgraph EHA
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6. Single Instance explanations
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6. Single Instance explanations
. min H(YIG = G_g,x = Xs) = —E(YIGS,XS)[IOQPCD(YIG = GS,X = Xg)]
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7. GNNExplainer Optimization Framework
. H(YlG = Gs,X = X_g) = _E(Y|GS,X5)[109P¢>(Y|G = Gs,X = Xs)]
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7. GNNExplainer Optimization Framework

- Mean Field Variational Approximation
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7. GNNExplainer Optimization Framework

- 9} Variational Inference?t Z&t=|0f AS7t?
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7. GNNExplainer Optimization Framework

Single Instance explanations : =+ instanceol 3t Subgraph EHA

- Model Prediction VS Masked Prediction
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8. Dataset (1)
- Synthetic Datasets
- EvaluationZtS /s A[2Fet G|O[E{ Al
- Node Classification0f &
BA-Shapes BA-Community Tree-Cycles Tree-Grid
B ® @
Base © . o Community O Community 1 & (i) &) )
o 40 & 40 &
- £ 3
N(“le Ul)
Node Features None where | = community 1D None None
Explanation Graph structure
et Graph structure Kot sk e W ioralion Graph structure Graph structure
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8. Dataset (2)

24 | 32

- Synthetic Datasets
Random Graph 7|8t H|O|E] Al (BA-Shaples / BA-Community)
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8. Dataset (3)

- Synthetic Datasets
Tree Graph 7|8t G|O|E{ Al (Tree-Cycles / Tree-Grid)
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8. Datasets (4)

- Real World Datasets
- A= 2Ast= HIZ|0t=2 G|O|E{ Al
- Graph Classification0]| &

MUTAG Reddit-Binary

- 4,337702| EAF Q2= ot giE|2|ofof| = E&E e R B3t - Reddit E2 A A|TH
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- Label : Mutagenic Effect - Edge : Comment
Ground Truth Question-Answer Thread
e ® Ground Truth
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9. Experiments (1)

- Node Classification
- Datasets : Synthetic Dataset

1. Node Classification Model 7+

‘

2. Ed & MEH -5 GNNExplainer —

— 1

27 132

3. Hlad CH
Node £320]| &85|= 70| Motifo| 22 0|2 Ground Truth2 M3

Prediction Ground Truth
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VS
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9. Experiments (2)

- Graph Classification
- Datasets : Real World Dataset

1. Graph Classification Model 22/

Online-Discussion

Interaction Graph

2 MEH -5 GNNExplainer > 3. H|u T : Ground TruthE oj2| 214

Prediction Ground Truth

(EI
: VS
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9. Experiments (3)
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9. Experiments (4)

- Quantitative Analysis

BA-Shapes Tree-Cycles Tree-Grid
K @ Q 8
Base « B SR o R
o 50 &0 5060
£} - 33
N, 01)
Node Features None where ! = community 1D None None
Explanation Graph structure
coilont Graph structure Nisdle fackiva klorvialion Graph structure Graph structure
Explanation accuracy
Att 0.815 0.739 0.824 0.612
Grad 0.882 0.750 0.905 0.667
GNNExplainer 0.925 0.836 0.948 0.875
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9. Experiments (5)

- Qualitative Analysis

Synthetic Datasets

Computation graph  GNNExplainer Grad Att Ground Truth Computation graph GNNExplainer Grad Att Ground Truth
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10. Pytorch-GeometricOl|M2| A&

- GNNExplainer_Example_(Pytorch_Geometric_Version).ipynb 211
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