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 Goal: to learn informative node embeddings in hypergraphs without
any supervision (e.g., labels) or extra information (e.g., features)

* Previous Work:

— Requires external node features.

— Captures only structural information (no label information)

* Proposed Method (VilLain):

— Inspired by higher-order label homogeneity in real hypergraphs;

— Learns virtual labels (v-labels) to reproduce the observed pattern
without relying on actual labels and input features;

— Generates embeddings from v-label probability assignment vectors
— Captures potential structure-label relationships

 Advantages:

— Minimum Requirements: Does not require any supervision (e.g.,
node labels) or external information (e.g., node features)

— Versatility: Generates general-purpose embeddings

— Accuracy: Outperforms the competitors up to 72% > accuracy

Background: Hypergraphs

 Hypergraphs model group interactions.
— Each hyperedge is a subset of any number of nodes

Publication Co-cited patents

 Hypergraph Representation Learning (HEL) learns node embeddings.
— Self-supervised HRL learns embeddings without external node labels.
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Proposed Method: VilLain

* VilLain learns versatile node embeddings for hypergraphs.

— Learns distributions of “virtual” labels (v-labels) w/o actual labels;

— V-labels are propagated across the hypergraph;

— Versatile node embeddings are generated from v-label probability
assignment vectors.

v-label distribution:

v-labels: [ (red) -

k-hop node
v-labels X%

0-hop node v-labels
X = softmax(X)

1-hop node
v-labels X

1-hop hyperedge
v-labels YV

* VilLain aims to reproduce the higher-order label homogeneity
present in real-world hypergraphs by optimizing v-label distributions.
— Specifically, it aims to minimize the following self-supervised losses:

Local Loss
Capture the higher-order homogeneity of v-labels,
motivated by the observations in real-world hypergraphs.

* Most methods require external features.
— External features are often missing in real-world hypergraphs.
* Existing methods that do not require external features
consider only structural information.
— They do not consider potential interplay with labels.
— They can be suboptimal in some applications (e.g., node cls.).
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* Obs 1. Label homogeneity in real-world hyperedges
— Hyperedges tend to contain the same labeled nodes.

e Obs 2. Higher-order label homogeneity in real-world hyperedges
— Label homogeneity is maintained strong even when labels are
propagated for multiple steps.
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Experimental Results
* Q1. Accuracy: VilLain outperforms graph and hypergraph
Method |  DBLP Trivago Amazon Primary High Citeseer Cora Pubmed | Rank
GCN 67.37 + 145 38.06 +1.49 28.73 +473 75.63 +5.08 96.25 + 255 60.64 + 347 72.96 + 182 77.56 +258 7.00 + 2091
GAT 61.74 +1.97 51.52 + 068 30.94 +213 66.79 +4.73 90.58 + 276 49.57 + 2.64 58.09 +2.14 73.67 +1.78 11.75 + 383
Deepwalk 29.03 + 143 16.85 + 0.45 25.43 +1.72 84.89 + 367 99.31 + 048 45.10 +3.18 56.58 + 188 68.58 +2.60 11.62 +a71
Node2vec 29.21 +1.89 16.88 +0.44 25.27 +236 83.53 +3.09 99.38 +0.45 45.37 +3.17 59.15 + 134 69.05 +3.00 11.00 + 435
DGI 62.37 +332 73.46 +1.22 31.80 + 145 86.66 + 451 92.49 + 060 61.36 + 291 71.23 + 204 77.51 +1.38 7.25 + 359
GRACE 71.86 + 251 OOM 00M 63.78 +5.12 99.03 + 030 61.16 +2.78 73.43 + 181 77.70 + 181 5.50 +475
GMI 64.19 + 163 OOM OOM 80.10 + 494 96.61 + 263 58.67 + 268 71.31 + 169 75.51 + 277 9.16 +157
HGNN 66.60 +2.18 OOM 00M 88.28 +5.02 92.19 + 384 60.91 + 232 72.90 +2.00 76.58 + 286 7.50 +3.00
HNHN 63.99 + 221 59.52 + 164 28.99 + 263 91.31 + 247 96.83 +1.25 59.02 + 163 68.81 +1.26 75.33 +1.77 7.50 + 230
AllSet 63.67 +1.89 36.58 +0.93 21.75 +1.67 85.94 +3.02 95.70 + 166 56.08 +1.95 67.73 + 181 74.11 + 2.04 10.75 +1.08
UniGNN 67.16 +2.15 69.98 + 160 33.77 +3.22 88.88 + 13538 95.12 +3097 59.10 +2.76 71.44 + 103 74.37 +2.10 7.12 +3.00
HyperGCL 58.72 + 154 74.99 + 123 22.86 +2.01 74.07 + 6.06 85.79 +892 57.54 + 161 74.99 + 133 78.44 + 333 8.87 +5.18
Hypeerec 67.18 +1.78 75.82 + 145 00T 92.52 + 245 96.34 + 134 61.50 + 260 71.79 + 163 77.04 + 151 4.85 +235
LBSN 22.63 +220 47.99 + 032 11.56 +0.90 86.71 +371 95.87 +2.28 45.43 + 215 59.70 + 131 54.89 + 238 11.87 +3.21
TriCL 68.18 + 136 OOM OOM 92.67 + 250 98.10 +1.02 59.17 +335 72.35 + 153 78.57 + 188 416 +1.95
I VilLain ‘ 77.16 +126 79.43 +163 57.95+247 93.66 +3.93 99.19 +0.41 61.53 +317 75.03 +138 78.82 + 147 | 1.25 +o0.66 I

* Q2. Versatility: VilLain performs best in various downstream

Method Hyperedge Prediction (Acc.) Node Clustering (NMI) Node Retrieval (MAP)

DB TV AZ PR HG CS CR PM|Rank| DB TV AZ PR HG CS CR PM|Rank| DB TV AZ PR HG CS CR PM |Rank
Deepwalk [63.9 613 694 838 859 69.6 672 659[6.25| 0.7 167 7.8 852 100.0 146 239 344|500 | 21.3 75 27.7 81.6 98.7 27.6 29.2 49.0 6.37
Node2vec [64.2 614 69.3 832 854 704 669 658(6.62 | 0.9 170 7.7 835 100.0 145 23.8 328|587 | 21.6 7.1 27.8 811 98.6 27.3 29.4 49.4| 6.50
DGI 86.1 838 90.8 79.1 844 792 763 80.9|3.75 | 16.6 445 13.0 844 739 29.1 321 313|562 | 36.1 373 311 89.7 97.8 43.8 50.6 61.7|3.25
GRACE |85.4 oom ooM 80.3 87.4 77.9 745 79.1|4.00 | 43.0 oom ooM 67.6 98.2 33.0 46.0 31.6| 5.00 | 50.2 ooM oOM 61.4 99.5 41.1 54.2 60.9 | 4.00
GMI 75.6 oOM OOM 824 859 744 694 723|550 | 27.8 oom oom 84.1 93.1 253 426 18.7|6.50 | 346 oom oom 80.0 97.8 359 41.6 55.1|6.33
Hyper2vec|71.2 724 00T 764 79.6 781 717 715|6.14 | 434 663 oor 925 993 343 455 336|227 | 355 431 00T 85.7 90.7 412 46.7 55.6| 4.85
LBSN (487 89.1 637 794 87.1 743 69.6 66.1|587 | 1.1 394 27 855 97.8 121 29.0 46 |650 | 21.0 191 29.1 813 93.2 30.6 40.1 43.5| 6.62
TriCL  [77.4 ooM ooM 84.0 87.8 820 76.7 805|233 | 38.0 ooM ooM 87.8 987 344 448 33.7|3.00 | 45.1 ooM oOM 89.9 97.6 424 55.0 61.9|3.16
IVilLain 816 95.1 94.9 83.2 87.8 82.1 79.0 82.8| 1.50 | 46.6 69.4 35.2 85.7 98.7 34.5 50.4 32.7|2.25| 60.2 67.2 53.6 91.3 99.0 46.4 58.0 64.4| 1.12|

* Q3. Scalability: VilLain scales linearly with hypergraph size and # steps.
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* QA4. Generalizability: VilLain performs well on unobserved nodes.

© Observed Nodes

(O Unobserved Nodes Node Group 2

Node Group 1

/’ \ Model&  Node
/ 1 Unobserved Setting Group DB TV AZ CS CR PM
\ hyperedges
VilLain Groupl 7801 80.03 56.77 62.75 7543 79.21
@‘ R Group 2 ¢6.19 76.07 58.74 57.52 73.46 69.62
@ ) Group 1 76.45 78.66 53.72 6249 73.79 77.78
, Group 2 6586 74.71 55.23 56.42 7227 69.71
~ o -
. Group1l 69.20 OOM OOM 60.83 72.94 78.99
TriC
Fully Observed Group2 5511 OOM OOM 53.74 70.02 68.60
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https://github.com/geon0325/VilLain

