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Graph Network Task
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Graph Network Task
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Self attention
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Self attention
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Self attention
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Self attention
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Centrality Encoding
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Spatial Encoding

Uy Vg V3 Vg Vs

[Linea:]

[Lineaﬂ

[Lineal]

L@

/5%

V)

Node Feature

Spatial Encoding _!

V1 V9 V3 Vg4 Vs

U1

Uy

®

— U3

Uy

Us

Edge Encoding

LI T[]

Centrality Encoding

)

U3

Us

Uy

v

v

Jzo REH YE oS

DA B9 E= nodel| ?/X| G2 & LIEILHOF &

EdgeE Soll A4E HEE 7|HOZ node?t HEIE =
(Relative positional encoding)

& node?t E[ThAH 2| A 4AtSt= g4 Ol (Shortest Path)
«  ZX[CHAZ] =M= Floyd-Warshall €12|F AHE
« Bt &= nodeZt HAEOUX| EEZ A0 -1

¢l e=0lA ot he 2 QEME|= scalar bE F node?t
attention score2| bias 422 O| & (Learnable)



18

02. Method

Edge Encoding
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@ OGB Large-Scale Challenge
« OGB-LSC Dataset : 2tetZel HIO|E{Al -> Graph regression Task
« VN:[Vnode] A & -> 7|& RHO| AFE A| 45 20| oiE

method #param. | train MAE validate MAE
GCN [26] 2.0M 0.1318 0.1691 (0.1684%*)
GIN [50] 3.8M 0.1203 0.1537 (0.1536%*)
GCN-VN [26, 15] 4.9M 0.1225 0.1485 (0.1510%)
GIN-vN [50, 15] 6.7M 0.1150 0.1395 (0.1396%*)
GINE-VN [5, 15] 13.2M 0.1248 0.1430
DeeperGCN-VN [30, 15] 25.5M 0.1059 0.1398
GT [13] 0.6M 0.0944 0.1400
GT-wide [13] 83.2M 0.0955 0.1408
Graphormergy ;. 12.5M 0.0778 0.1264
Graphormer 47.1M 0.0582 0.1234
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@ Graph representation (Pre-train)

* Pre-train ZINC Dataset -> OGB-LSC Dataset Inference
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Table 4: Results on ZINC.

method #param. test MAE
GIN [50] 509,549 | 0.526+0.051
GraphSage [18] 505,341 | 0.398+0.002
GAT [47] 531,345 | 0.384+0.007
GCN [26] 505,079 | 0.367+0.011

GatedGCN-PE [4] | 505,011 | 0.214+0.006
MPNN (sum) [15] | 480,805 | 0.1454-0.007

PNA [10] 387,155 | 0.142+0.010
GT [13] 588,929 | 0.226+0.014
SAN [28] 508, 577 | 0.139+0.006

Graphormersyim 489,321 | 0.122+0.006
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@ Ablation Study
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