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What is GPT-GNN framework?

Initialize Graph Neural Network by learning generative pretext task
self-supervised learning

Motivated from GPT (Generative Pre—trained Transformer)

Graph Neural Network



Self-supervised Learning

e Self-Supervised Learning= unlabeled

dataOllAl =Rt EAEE ==l LH7] f/t
Pretext Task= & A5t Unsupervised b= I |
LearningS T&i5H CHUSH TaskOll A i A < e
Sost JEE =5 + W

e 0| ZES Downstream TaskOi| CHaH L. RN

Transfer Learning2 T &5t sliE
AT O =2 3222 7HAA &2 +

A A
O| |_—_|; Pre-training Task-specific
AA . Data Data




Self-supervised Learning

(¢) Channel splitting

fa1 c:::::::.f:i:}
77 I
4
f31
(b) Feature Extraction (c) Order Prediction
Shuffled Sequence
(b) (© & (a)

Sequence Sorting

\

Ordered Sequence

- s



GPT — Generative Pre—trained Transformer
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Graph Neural Network
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MessagePassing
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GAT — Graph Attention Network
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GPT-GNN
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GPT-GNN
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GPT-GNN
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LOSS

Attribute Decoder= feature typed| (2} MLP, LSTM &= AFE 7ts
Distance Function (L2-Norm S<) 2 £3l Loss 82|

Edge Decoder= pairwise score (= ==7t AZEX| =X 22=X]) ALS
0|20 gle cE=stadl O B0l ataE[ =5 ANAl Eata!

Lf‘”r = Distance(DecA”r(h‘i“”),X,-)

B exp (DecEdge(hfdge, hlidge))
L7499 = — Z lo !
i g

Edge ,Edge
j*€Eio  Njes;u{j+) exp (Dect9e (70, BT




Experiments

Open Academic Graph (OAG)
Amazon Recommendation Dataset
OAG Task — Prediction of Field, Venue, Author ND

[
o
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e Amazon Task — Prediction Score of Review (Fashion, Beauty, Luxury fields)



Experiments

Downstream Dataset OAG Amazon

Evaluation Task Paper-Field Paper-Venue Author ND Fashion Beauty Luxury

No Pre-train .336+.149 .365+.122 .794+.105 .586+.074  .546+.071  .494+.067
.. GAE .403+.114 .418+.093 .816+.084 .610+.070  .568+.066  .516+.071
< GraphSAGE (unsp.) .368+.125 .401+.096 .803+.092 597+.065  .554+.061  .509+.052
§ Graph Infomax .387+£.112 .404£.097 .810£.084 .604£.063  .561£.063  .506+.074
)
= GPT-GNN (Attr) .396+.118 .423+.105 .818+.086 .621£.053  .576+.056  .528+.061
',_?:) GPT-GNN (Edge) .401£.109 .428+.096 .826+.093 .616£.060  .570£.059  .520+.047

GPT-GNN .407+.107 .432+.098 .831+.102 .625+.055 .577+.054 .531+.043
.. GAE .384+.117 412+.101 .812+.095 .603+£.065  .562+.063  .510+.071
"a GraphSAGE (unsp.) .352+.121 .394+.105 .799+.093 .594+.067  .553+.069  .501+.064
§ Graph Infomax 369+.116 .398+.102 .805+.089 .599+.063  .558+.060  .503+.063
=
CLE) GPT-GNN (Attr) .382+.114 .414+.098 .811+.089 .614+.057 .573+.053  .522+.051
& GPT-GNN (Edge) .392+.105 421+.102 .821+.088 .608+.055  .567+.038  .513+.058

GPT-GNN .400+.108 .429+.101 .825+.093 .617+.059  .572+.059 .525+.057
5 GAE 371+.124 .403+.108 .806=+.102 596+.065  .554+.063  .505+.061
ué GraphSAGE (unsp.) .349+.130 .393+.118 F97X£:097 .589+.071  .545+.068  .498+.064
EES Graph Infomax .360+.121 .391+.102 .800+£.093 591+£.068  .550+.058  .501+.063
% GPT-GNN (Attr) .364+.115 .409+.103 .809+.094 .608+.062  .569+.057  .517+.057
i — (w/o node separation) .347+.128 .391+.102 .791+.108 .585+.068  .546+.062  .497+.062
:; GPT-GNN (Edge) .386+.116 414+.104 .815+.105 .604+.058  .565+.057  .514+.047
E — (w/o adaptive queue) .376+.121 410+£.115 .808+.104 .599+.068  .562+.065  .509+.062

GPT-GNN .393+.112 .420+.108 .818+.102 .610+£.054 .572+.063 .521+.049

Table 1: Performance of different downstream tasks on OAG and Amazon by using different pre-training frameworks with
the heterogeneous graph transformer (HGT) [15] as the base model. 10% of labeled data is used for fine-tuning,.
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