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paving a plausible path toward artificial general intelligence.

Challenges

e Different domains exhibit various structural characteristics

pre-training?

downstream tasks?

Multi-domain pre-training

Motivation

= How to build foundation models has emerged as an important question,

C1: How do we harmonize structural variance across multiple domains during

C2: How do we adapt multi-domain prior structural knowledge to cross-domain

SAMGPT: Text-free Graph Foundation Model for

Multi-domain Pre-training and Cross-domain Adaptation

Xingtong Yu, Zechuan Gong, Chang Zhou, Yuan Fang, Hui Zhang
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Figure 1: Motivation of SAMGPT.
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Figure 2: Overall framework of SAMGPT.
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Table 2: Accuracy (%) of one-shot node classification with standard deviations. Each column represents a target domain, using Table 3: Accuracy (%) of one-shot graph classification with standard deviations. Each column represents a target domain, using
other columns as source domains. The best method in each column is bolded, and the runner-up is underlined. other columns as source domains. The best method in each column is bolded, and the runner-up is underlined.
Method \ Target domain Cora Citeseer Pubmed Photo Computers Facebook LastFM Method \ Target domain Cora Citeseer Pubmed Photo Computers Facebook LastEFM
GCN 2953 £ 796 | 2629+ 6.50 | 23.32 £ 11.56 | 2096 £ 1294 1 2440+ 562 ) 2045+ 5.62 -2+ 311 GCN 30.64 + 1031 | 2690+ 7.15 | 3884+11.82 | 1560+ 877 | 21.94+1451 | 3133+ 947 | 2883+ 9.60
GAT 2427+ 926 | 2156+ 8.09 | 2228+ 976 | 17.85+10.22 | 23.03+12.12 | 2927+ 6.47 9.01 + 2.61 GAT o780+ 785 | 2750+ 713 | 2166+ 870 | 15744 762 | 160241346 | 2190+ 731 | 2780+ 785
bl 534021048 1) 2580 % 8.27 | 47.22+ 950 1 30.89£10.58 1 275k 1245 ) 5436k 907 ) 14ddx 6.5 INFOGRAPH 34.98 + 10.15 | 3587+ 9.84 | 48.67+1229 | 2570 +11.73 | 19.02+14.09 | 31.26+ 9.65 | 2329+ 7.99
GrapHCL 2772+ 937 | 3502+ 846 | 48.89+ 9.03 | 3478 +11.56 | 23.79+12.28 | 3485+ 7.07 | 1893+ 7.32 CrApHCL 1270 £ 1064 | 3666+ 867 | 475311150 | 3307 2 1231 16021347 | 2199+ 13.00 | 2130 £ 10.45
GPPT 27.18 + 4.88 | 2590+ 4.68 | 39.82+ 879 | 31.58+10.27 | 1994+ 961 | 3473+ 399 | 2098+ 3.98 a RA;H === = om= o oo e e e SOt
GRAPHPROMPT 28.26 + 12.68 | 3251+ 873 | 4747+ 915 | 4811+ 989 | 4282+11.67 | 4044+ 968 | 1984+ 7.23 RAPHEROMPT 37.58 £14.05 | 36.66 £ 9.19 | 4955 +£10.25 | 5079+ 1231 1 430941145 | 4l71+£1061 | 3262+ 8.4
GPF 1217+ 656 | 3679+ 770 | 4128+ 814 | 4747+ 819 | 3575+ 712 | 4045+ 634 | 2726+ 550 GPF 39.62+ 852 | 36.73+ 7.66 | 4508 +10.36 | 4757 +10.16 | 3570+ 871 | 3484+ 514 | 3431+ 7.05
HASSANI 3335 + 693 | 3366+ 724 | 3987+ 816 | 4848+ 707 | 3999+ 701 | 3770+ 579 | 2716+ 4.94 HASSANI 36.86 + 10.74 | 3578 + 8.80 | 43.97 +13.27 | 4155+13.08 | 29.49+1386 | 3557+ 9.00 | 2539+ 8.14
GCOPE 3562 + 11.93 38.33 + 9.28 4538 + 987 5287 + 919 4565 + 10.69 40.63 + 8.50 2884 + 7.59 GCOPE 38.85 + 10.99 3993 + 9.82 47.05 + 11.74 5393+ 9.74 45.60 + 10.96 40.26 £ 9.53 34.68 + 7.70
SAMGPT 47.80 + 11.88 36.38 + 9.10 50.25 + 10.43 58.71+ 8.69 48.22 + 8.17 42.70 + 8.73 33.36 + 8.11 SAMGPT 33.35 + 13.62 38.75 + 9.40 48.69 + 10.16 28.75 £ 11.67 48.72 + 11.18 43.71+ 9.54 48.28 + 9.72
Table 5: Model ablation study on key components of SAMGPT.
Table 4: Data ablation study with an increasing number of
source domains, while fixing Cora as the target domain. — ) _ _ _ ) ) )
Method Structure  Holistic Specific Target domain for node classification Target domain for graph classification
ethods
tokens prompts  prompts Cora Photo Facebook Cora Photo Facebook
Number of source domains
Method 1 ) 3 4 VARIANT 1 X X X 36.36 + 12.71 49.10 £ 9.94 35.36 £ 9.06 45.44 + 13.47 22.45 + 12.537 38.74 + 10.26
VARIANT 2 X X v 40.62 + 11.79 56.23 + 9.04 39.80 + 10.39 45.63 + 13.52 57.78 £ 11.64 42.22 + 10.95
GRAPHPROMPT | 35.53+12.06 37.13+11.79 36.90+11.23 38.54+11.84 VARIANT 3 v X X 44.26 + 10.92 56.61 £ 10.14 41.11 + 8.34 22.88 + 12.25 58.14 + 12.01 43.12 + 9.76
GCOPE 394741214 36.63+ 946 35.28+11.99 38.61+12.74 VARIANT 4 v v X 46.10 + 12.02 57.76 £ 10.00 40.46 + 8.89 24.52 + 14.32 58.12 + 12.50 43.15 + 10.12
SAMGPT 40.43+11.00 41.97+11.01 42.30+1156 45.95+12.96 SAMGPT v ve v 47.80 + 11.88 58.71 + 8.69 42.70 £ 8.73 95.35 £ 13.62 58.75 £ 11.67 43.71 + 9.54
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