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Figure 2: Overall framework of MuLTIGPROMPT, consisting of two main stages: (a) Multi-task pre-training, and (b)/(c) Prompt-
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Table 1: Summary of datasets. Table 2: Accuracy evaluation on few-shot node and graph classification.

Graph  Avg Avg Node Node ‘Task® Nhies Node classification Graph classification
. : ~
Graphs classes nodes edges features classes (N/G) Cora Citeseer PROTEINS ENZYMES BZR COX2 PROTEINS ENZYMES
Cora 1 2,708 5,429 1,433 7 N GCN 28.57 £ 5.07 3127+ 453 43.31 £ 9.35 48.08 + 4.71 56.33 + 10.40 50.95 + 23.48 50.56 + 3.01 1710+ 3.53
Citeseer 1 - 3,327 4,732 3,703 6 N GAT 28.40 + 6.25 30.76 £ 5.40 31.79 4 2011 3532 = 1872 50.69 + 23.66 50.58 + 26.16 50.59 + 12.43 16.80 + 2.97
PROTEINS 1,113 2 39.06 72.82 1 3 NG
DGI/INFOGRAPH 54.11 £ 9.60 45.00 + 9.19 45.22 + 11.09 48.05 + 14.83 52.57 + 18.14 54.62 + 15.36 48.21 + 12.35 21.69 + 5.98
ENZYMES 600 6 32.63 62.14 18 3 N,G
GraprHCL 51.96 + 9.43 43.12 + 9.61 46.15 + 10.94 48.88 + 15.98 54.11 + 16.63 54.29 + 17.31 53.69 + 1192 21.57 % 5.20
BZR 405 2 35775 38.36 3 - G
COX2 467 2 4122 4345 3 - G GPPT 15.37 + 4.51 2145+ 345 35.15 £ 11.40 .37 £ 93] - - - -
" indicates the type(s) of downstream task associated with cach dataset: “N” for node GRAPHPROMPT 54.25 +9.38 | 4534+ 1053 | 47.22 +11.05 | 53.54+ 1546 | 54.60 +10.53 | 54.35+ 1478 | 5473+ 887 | 25.06 + 7.56
classification and. 'G™for graph classiieation. MuLTIGPROMPT | 57.72+9.94 | 54.74 + 11.57 | 48.09 +11.49 | 54.47 +1536 | 60.07 + 12.48 | 56.17 + 12.84 | 56.02 + 8.27 | 26.63 + 6.22
. Results are reported in percent. The best method is bolded and the runner-up is underlined.
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R Super\” sed: GCN GAT Table 3: Ablation study on prompt design for multi-task pre-training.
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< 1 < | VARIANT 1 X X X 56.58 50.69 46.48 43.04 49.63 54.35 55.72 21.07
. _ - 1 | | 0 VARIANT 2 X X v 56.54 53.08 47.79 51.09 47.56 54.89 55.61 24.23
Observatlon I] [I " " lI sil VARIANT 3 v X X 45.00 52.36 45.11 50.55 57.14 54.43 55.67 21.06
_ _ oMBIN NROR HRCH HECH HARON HRON HA ﬂ - VARIANT 4 v X / 56.59  50.63 47.64 50.52 57.52  55.21 55.12 24.30
« MultiGPrompt consistently outperforms Cora  Citescer PROTEINS ENZYMES BZR  COX2 PROTEINSENZYMES  VARIANT 5 / / X 56.83  53.72 47.50 5311 | 55.71  53.04 55.15 23.33
Node Classification Graph Classification
” b I d . t BN DGI [ | DGI-+ [ GraphCL [ | GraphCL+ - — MultiGPrompt MuLTiGPROMPT v v v 7.2 54.74 48.09 54.47 60.07 56.17 56.02 26.63
a aselineés ana variations. | Results are evaluated using classification accuracy, reported in percent. The best variant is bolded.
\ Figure 5: Ablation study on pretext tasks.
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