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Introduction - Hypergraph
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Generalization of a graph
 Hyperedge can join any number of nodes

 Examples
 Co-citation

 Co-authorship

 Chemical reaction

 3D point cloud

 Tasks (like graphs)
 SSL

 Combinatorial optimization
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Backgrounds - Remind
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GCN
 𝒢 = 𝑉, 𝐸 , 𝑉 = 𝑛, 𝐸 = 𝑚, 𝑉𝐿 ⊂ 𝑉

 ҧ𝐴 = ෩𝐷−
1

2 ሚ𝐴෩𝐷−
1

2, ሚ𝐴 = 𝐴 + 𝐼, ෩𝐷𝑖𝑖 = σ𝑗
ሚ𝐴𝑖𝑗

 𝐺𝐶𝑁: 𝜎 ҧ𝐴𝑋Θ , 𝑋 ∈ ℝ𝑛×𝑝, Θ ∈ ℝ𝑝×𝑟

 SSL 
 Cross-entropy
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Backgrounds - Hypergraph
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Definition
 ℋ = 𝑉, 𝐸 , 𝑉 = 𝑛, 𝐸 = 𝑚, 𝑉𝐿 ⊂ 𝑉

 𝑥𝑣 ∈ ℝ𝑝, 𝑋 ∈ ℝ𝑛×𝑝, 𝐻 = 1𝑛×𝑚

Normalized Hypergraph Cut

 Relaxation with constraints
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Backgrounds - Hypergraph
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Hypergraph convolution(HGNN)

 Δ = 𝐼 − 𝐷𝑣
−
1

2𝐻𝑊𝐷𝑒
−1𝐻𝑇𝐷𝑣

−
1

2
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Backgrounds - Hypergraph
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Hypergraph approximation
 Hypergraph to graph

 Clique expansion
 Hyperedge to Clique

 𝑂(𝑠2) edges

 Star expansion
 Hyperedge to 

 a new vertex

 edges connecting the new vertex to each vertex in the hyperedge

 𝑂(𝑠) edges
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Backgrounds - Hypergraph
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Hypergraph approximation

 Δ = 𝐼 − 𝐷𝑣
−
1

2𝐻𝑊𝐷𝑒
−1𝐻𝑇𝐷𝑣

−
1

2

 𝐿 = 𝐼 − 𝐷−
1

2𝐴𝐷−
1

2

 Hypergraph Laplacian implies clique expansion
 Inefficient when hyperedges are large
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HyperGCN

 Let’s reduce order of edges added for each hyperedge
 Explicit hyperedge expansion

 Select all edge = Clique

 Select some edges?

 Select 1 edge?

What do we learn?
 SSL node classification setting: nodes in hyperedge should be similar

 Smoothness regularizer: σ𝑒∈𝐸max
𝑖,𝑗∈𝑒

ℎ𝑖 − ℎ𝑗
2

 Let’s select with 𝑎𝑟𝑔max
𝑖,𝑗∈𝑒

ℎ𝑖 − ℎ𝑗
2

 Edges with large difference should be “learned” more

9



J. Y. Choi. SNU

HyperGCN

 1-HyperGCN (select 1 edge)

 𝐺𝑆 = 𝑉, 𝐸𝑆 , 𝐸𝑆 = 𝑎𝑟𝑔max
𝑖,𝑗∈𝑒

ℎ𝑖 − ℎ𝑗
2
: 𝑒 ∈ 𝐸 + 𝑠𝑒𝑙𝑓 𝑒𝑑𝑔𝑒𝑠

 𝑤 𝑖𝑒 , 𝑗𝑒 =
1

𝑒
, 𝐴𝑆= 𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝑎𝑑𝑗𝑎𝑐𝑒𝑛𝑐𝑦 𝑚𝑎𝑡𝑟𝑖𝑥

 GCN step: 𝜎(𝐴𝑆𝑋Θ)

10
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HyperGCN

 1-HyperGCN
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HyperGCN

One is not enough: ignores nodes in 𝐾𝑒 = {𝑘 ∈ 𝑒 ∶ 𝑘 ≠ 𝑖𝑒 , 𝑘 ≠ 𝑗𝑒}

Enhance by using them as mediators

HyperGCN (Select more)

 𝐺𝑆 = 𝑉, 𝐸𝑆 , 𝐸𝑆 = 𝑎𝑟𝑔max
𝑖,𝑗∈𝑒

ℎ𝑖 − ℎ𝑗
2
: 𝑒 ∈ 𝐸

 + 𝑘, 𝑙 : 𝑙 ∈ 𝑖𝑒 , 𝑗𝑒 , 𝑘 ∈ 𝐾𝑒 , 𝑒 ∈ 𝐸 + 𝑠𝑒𝑙𝑓 𝑒𝑑𝑔𝑒𝑠

 𝑤 𝑖𝑒 , 𝑗𝑒 =
1

2 𝑒 −3
, 𝐴𝑆= 𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝑎𝑑𝑗𝑎𝑐𝑒𝑛𝑐𝑦 𝑚𝑎𝑡𝑟𝑖𝑥

 GCN step: 𝜎(𝐴𝑆𝑋Θ)
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HyperGCN

𝐺𝑆 is recomputed every epoch
 To learn different structures as parameter changes

 FastHyperGCN
 Use initial features 𝑋 to construct fixed Laplacian 

14
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Experiments

 Dataset: Co-citation/authorship hypergraph

 SSL: Hypernode classification task

 Combinatorial Optimization: K-subhypergraph problem
 Find subset W ⊆ 𝑉 of 𝑘 hypernodes s.t. maximize # of hyperedges in 𝑊 (NPhard)
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Experiments

 SSL: Hypernode classification task

 Clique expansion = expansion with mediators when |𝑒| = 2, 3
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Experiments

 SSL: Hypernode classification task
 Robust to noisiness (𝑙𝑜𝑤 𝜂 = 𝑛𝑜𝑖𝑠𝑦 )

 Training time

18
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Experiments

 Combinatorial Optimization: K-subhypergraph problem

 Maxmizing “density”

 Greedy heuristic
 MaxDegree: select k nodes with largest degree

 RemoveMinDegree: remove all hyperedge including smallest degree node (repeat n-k times)

19



Thank you
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Experiments - reproducing

Settings

 SSL Node classification

 Dataset: DBLP co-authorship

CORA co-citation

 Parameters

 lr=0.01, weight_decay=5e-4, epochs=200 

 hidden=16, dropout=0.5

21
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• Cora results
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Experiments - reproducing
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• DBLP results
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Experiments - reproducing
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• Results in the paper is not reliable
• Train-test split experiments

• While Train-val-test should be done

• Numbers in the table: 1 – accuracy
• Too high error, experiment settings are not clear

• It reached certain performance
• Near 77.3%(cora), 87.5%(dblp)  

• But worse than reported performances from other works
• GCN(81.5%, cora), HGNN(81.6%, cora)

• There might be bugs in my code
• but also couldn’t reach the performance from official public code

24

Experiments - reproducing
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Repository

 Link: https://github.com/nikriz/HyperGCN

How to run (README.md)
conda env create –f env.yaml

conda activate hypergcn

python train.py    --dataset 

--split_id

--one/fast   

--epochs    

--lr

--weight_decay

--hidden          

--dropout         

25

<“cora” or “dblp”> to choose the dataset

<1~10> to choose the split, for dblp

to choose the 1-HyperGCN/FastHyperGCN

<value> to choose training epochs

<value> to choose learning rate

<value> to choose weight decay

<value> to choose hidden layer size

<value> to choose dropout rate

https://github.com/nikriz/HyperGCN
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Implementation

Code structure

 Model.py: basic GCN model 

ref) https://github.com/tkipf/pygcn/blob/master/pygcn/models.py

 Train.py: training code

 Util.py: graph utility functions and graph update 

ref) https://github.com/malllabiisc/HyperGCN/blob/master/model/utils.py

 Data/: dataset and load scripts

26

https://github.com/tkipf/pygcn/blob/master/pygcn/models.py
https://github.com/malllabiisc/HyperGCN/blob/master/model/utils.py
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Implementation

Model.py
 Graph Convolution

 Same as reference 

 reset_parameters

 Gaussian initialization

 forward

 (output) = A(input)Θ+b

27
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Implementation

Model.py
 2-layer GCN module

 Same as reference

 Softmax(gc2(Dropout(Relu(gc1)))

 Little modifications

 To use intermediate features in 
graph structure update, return 
layers argument is added to 
retrieve features from wanted 
layer.
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Implementation

Util.py
 Utility functions

 Same as reference

 Symnormalize: 𝐷−
1

2𝑀𝐷−
1

2

 Referenced, but not copied

 Format modifiers

29
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Implementation

Util.py
 Utility functions

 Same as reference

 Evaluation function

 Not from reference

 Sparse Identity generator

30
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Implementation

Util.py
 Graph Updater

 Refactored reference

 Sparse dictionary edge adder

 Graph updating function
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Again Thank you
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