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Figure 1: Fine-tuning, Pre-training, and Prompting.
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Figure 1: Illustration of the motivation. (a) Pre-training on
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All tabular results are in percent, with best bolded and runner-up underlined.

Methods Flickr PROTEINS ENZYMES

50-shot 1-shot 1-shot Methods PROTEINS COX2 ENZYMES BZR

5-shot 5-shot 5-shot 5-shot

. + 9. . + . . + 12.
GCN 9.22 £ 9.49 59.60 £ 12.44 61.49 87 GeN 54.87 + 11.20 | 51.37 + 11.06 | 20.37 + 5.24 | 56.16 + 11.07
GRAPHSAGE 13.52 + 11.28 59.12 £ 12.14 6181 £13.19 - \pHSAGE |52.99 = 10.57|52.87 = 11.46 | 18.31 + 6.22 | 57.23 + 10.95
GAT 16.02 + 12.72 58.14 £ 12.05 60.77£13.21 Gt 48.78 + 18.46 | 51.20 + 27.93 | 15.90 + 4.13 | 53.19 + 20.61
GIN 10.18 £ 5.41 60.53 + 12.19 63.81 £11.28 N 58.17 + 8.58 | 51.89 + 8.71 | 20.34 + 5.01 | 57.45 + 10.54
DGI 17.71 £ 1.09 54.92 + 18.46 63.33 + 18.13  INrOGRAPH 5412 + 8.20 | 54.04 + 9.45 | 20.90 + 3.32 | 57.57 + 9.93
GrapruCL 18.37 £ 1.72 52.00 = 15.83 58.73 £ 16.47  GraruCL 56.38 + 7.24 |55.40 + 12.04 | 28.11 + 4.00 | 59.22 + 7.42
GPPT 18.95 + 1.92 50.83 + 16.56 53.79 + 17.46  GrapuPRrOMPT| 64.42 + 437 | 59.21 + 6.82 | 31.45 + 4.32| 61.63 =+ 7.68
GrarHPROMPT | 20.21 + 11.52 63.03 + 12.14 67.04 + 11.48

GraphPrompt: Unifying Pre-Training and Downstream lasks for Graph Neural Networks, WWW2023
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Table 5: Overview of graph-level prediction datasets used in

this study.

Dataset

#Graphs

Prediction Task

Metric

BACE(Wu et al. 2018)
BBBP(Wu et al. 2018)

ClinTox(Wu et al. 2018)
Estrogen(Gaulton et al. 2012)
MetStab(Podlewska and Kafel 2018)

SIDER(Wu et al. 2018)
Tox21(Wu et al. 2018)

ToxCast(Wu et al. 2018)

1513
2039
1478
3122
2267
1427
7831
8575

binary classification
binary classification
2-task classification
2-task classification
2-task classification
27-task classification
12-task classification
617-task classification

AUROC
AUROC
AUROC
AUROC
AUROC
AUROC
AUROC
AUROC

ESOL(Wu et al. 2018)

FreeSolv(Wu et al. 2018)
Lipophilicity(Wu et al. 2018)

1128
642
4200

regression
regression
regression

RMSE
RMSE
RMSE

ogbg-molhiv(Hu et al. 2020a)
ogbg-molpcba(Hu et al. 2020a)
PCQM4Mv2(Hu et al. 2021)

41127
437929
3746620

binary classification
128-task classification
regression

AUROC
Average Precision
Mean Abs. Error
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Table 1: Comparison of the performance of DeepGPT, Fine Tuning (FT) and MPGNN baselins on classification benchmarks.
Entries marked with an asterisk () indicate the use of Performer self-attention. Results represent the mean and standard devia-
tion from 5-fold cross-validation.

Classification Dataset (1)

Model #Param. 1
BACE BBBP* ClinTox™ ~ ~ "Estrogen™ ~ ~ "MefStab®™ ~ ~ ~ SIDER ToxCast* Tox21

Graphormer (Ying et al. 2021) FT 48M 0.704 £0.018 0.778 £0.043 0.839+0.114 0.673+0.034 0.607 £0.015 0.550+0.007 0.665+0.032 0.582 +0.051
Graphormer DeepGPT 100K 0.883 +£0.022 0914 +£0.016 0.884 +0.030 0.941+0.006 0.871+£0.004 0.646+0.003 0.725+0.011 0.813+0.010
GraphGPS (Rampések et al. 2022) FT 14M (x: 103M) 0.898 £0.020 0.888 £0.015 0.910+0.046 0.933+0.014 0.897£0.025 0.610+£0.005 0.722+0.011 0.832 + 0.009
GraphGPS DeepGPT S0K (%: 500K) 0.892+0.022 0.901 £0.015 0.907 £0.044 0944 £0.010 0.899+£0.019 0.609 +£0.020 0.735+£0.005 0.832+0.012
LiGhT (Li, Zhao, and Zeng 2022) FT 90M 0.880 £0.012 0.902 £0.021 0.857 £0.035 0.942+0.012 0.902+£0.012 0.670£0.005 0.745+0.005 0.844 +0.004
LiGhT DeepGPT 370K 0.873£0.020 0917 £0.012 0.862 +0.056 0.950+0.010 0.912+£0.011 0.671£0.011 0.757 £0.011 0.843 + 0.004
GatedGCN (Bresson and Laurent 2017) 2.8M 0.833+£0.013 0.887 £0.025 0.893+0.041 0.919+0.008 0.848+0.018 0.599+0.015 0.683+0.005 0.807 +£0.011
GINE (Hu et al. 2020b) 1.2M 0.599+£0.045 0.613£0.024 0.559+£0.044 0.492+0.024 0.540+£0.016 0.584+£0.025 0.629+0.025 0.714+0.024
PNA (Corso et al. 2020) 1.8M 0.845+0.021 0903 £0.018 0.867 £0.011 0.927 £0.009 0.738 £0.024 0.583 £0.012 0.673 £0.008 0.793 +0.015

Deep Prompt Tuning for Graph Transformers-Arixv2023.09
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Table 2: Comparison of the performance of DeepGPT, Fine
Tuning (FT) and MPGNN baselins on Moleculenet regres-
sion benclhmarks.

Table 3: Comparison of the performance of DeepGPT, Fine
Tuning (FT) and MPGNN baselins on OGB classification

benchmark.

e

1 . 1 |_ ________________ 1
Model Moecylenct Regression Dataset () Mode ' OGB Classification Dataset (1)_!

FreeSolv ESOL Lipo MOLHIV (AUROC) MOLPCBA (AP)

Graphormer FT 1.680+0.013  0.925+0.061 0.909 + 0.237 Graphormer FT 0.805 £ 0.005 0313 £ 0.003
Graphormer DeepGPT 1.668 £0.114 0.943 £0.024 0.834 £ 0.046 Graphormer DeepGPT 0.804 + 0.021 0.289 + 0.009
GraphGPS FT 1.380+0.234 0.772+0.102  0.673 +0.022 GraphGPS FT 0.806  0.007 0.301 +0.013
GraphGPS DeepGPT  1.415+0.254 0.685+0.130  0.528 +0.056 GraphGPS DeepGPT 0.801 + 0.015 0.297 + 0.020
LiGhT FT 0.955+0.051 0.565+0.041 0.530+0.019 LiGhT FT 0.787 + 0.008 0.295 + 0.006
LiGhT DeepGPT 0.983+0.079 0.579 +0.038 0.548 + 0.028 LiGhT DeepGPT 0.799 + 0.010 0.270 + 0.007
GatedGCN 2685+ 1.766 1.373+0.219 0.568 + 0.065 GatedGCN 0.809 +0.016 0.264 +0.021
GINE 6.971 +3.892 3.075+1.034 1.440 + 0.027 GINE 0.679 £ 0.055 -
PNA 2479 +0.556 1.463+0341 0.684 +0.024 PNA 0.782 +0.013 0.257 +0.006

Deep Prompt Tuning for Graph Transformers-Arixv2023.09
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1. A3RE T GNP, Graph Neural Prompting , —
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Prompt Design -
2. GNPBX A SRS ERmEEEIFERTR | | +13.5%

Prompt Tuning -
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=7 +13.5%, ItAh , BIFLoRATGERUEALLM ,
GNPIEH T +1.8%,

Graph Neural Prompting -

2 A
% LLM Tuned ¢% +1.8%

LoRA Fine-tuning - "_

LoRA Fine-tuning + |
Graph Neural Prompting

Graph Neural Prompting with Large Language Models-Arixv2023.09 13



4. GNP

3. [ARE X
® Multiple Choice QA

HE—NERRQ |, (RSERERA = (a ) FI— %Y
ETXC |, ZRFES BT —MRELF g MRIZE S FIRELE
HEE.

® Prompting LLMs for QA

—MEApromptiIQAIEZRRE | #ae , E R CHlfE
IS EAFHERN AT | T —FRIIRRPHEERIIZX
BIE , AR BLLMIERA: i Finss

Y = F([P.X])

Question:
What is the best way to guess a babies
eye color?

Options:

(a) The surroundings they are born in

(b) Their parents usual diet

(c) Just take a random guess

(d) The genealogy records of their family

Model Prediction:
Prompt Tuning: (c) Just take ... 0
GNP: (d) The genealogy ... O
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5. SLEGZER
o HIEEE
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. Commonsense Reasoning Biomedical Reasoning Total
LLM Setting Method OBQA  ARC  PIQA  Riddle PubMedQA BioASQ  °%
LLM-only 69.20 68.24 58.43 53.73 71.50 65.85 64.49
Prompt Designs* 72.20 70.99 60.94 52.75 70.50 67.48 65.33
KG Flattening REL 61.80 64.12 57.56 43.33 69.25 65.04 60.18
KG Flattening BFS 62.80 63.86 56.69 44.12 69.25 65.04 60.29
LLM Frozen KAPING TH 58.80 63.52 52.34 40.78 70.00 65.04 58.41
FLAN-TS KAPING OH 60.00 63.09 51.69 41.37 70.00 65.04 58.53
large (3B) Prompt Tuning 72.20 70.64 60.83 53.33 72.00 606.67 65.95
xlarg GNP 79.80 71.85 61.48 66.86 76.75 89.43 74.36
Apr 110.53% 1T1.71% 11.07% 12537% 16.60% 134.14% 1 12.76%
Full Fine-tuning 82.80 73.30 63.55 74.12 76.25 91.06 76.85
LLM Tuned LoRA 80.40 71.33 63.76 72.94 76.25 92.68 76.23
LoRA + GNP 83.40 72.45 64.31 75.49 76.25 92.68 77.43
ALorA 1373% 1T157% 710.86% 13.50% N/A N/A 1T 1.58%
LLM-only 76.80 68.93 56.58 61.37 71.75 65.85 66.88
Prompt Designs* 79.60 74.16 58.00 60.59 71.25 606.67 68.38
KG Flattening REL 72.80 66.78 56.80 53.53 69.50 66.67 64.35
KG Flattening BES 72.40 66.95 56.37 54.90 68.75 65.85 64.20
LLM Frozen KAPING TH 60.60 57.25 53.21 48.43 68.75 66.67 59.15
FLAN-TS KAPING OH 60.00 56.65 52.99 47.65 69.25 66.67 58.87
large (11B) Prompt Tuning 78.80 74.85 61.26 61.37 70.00 65.04 68.55
ocarg GNP 8720 7820  63.66  70.98 76.75 90.24 77.84
Apr 110.66% 1448% 13.92% 1 15.66% 19.64% 138.75% 1 13.54%
Full Fine-tuning 89.40 76.82 65.61 80.78 78.00 92.68 80.55
LLM Tuned LoRA 88.60 78.54 65.61 74.90 717.75 91.06 79.41
LoRA + GNP 89.60 78.71 65.94 76.67 79.75 94.31 80.83
ArorA T1.13%  1022% 710.50% 12.36% 12.57% 1357% 1 1.79%
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5.

X

==
A= by

Commonsense Biomedical
LLM Variant -
OBQA ARC PubMedQA BioASQ
w/o CMP 78.00 69.44 76.00 86.18
FLAN-TS w/o SLP 78.80 69.18 75.75 88.62
xlarge (3B) w/o DP 73.00  70.30 76.25 83.74
GNP 79.80 71.85 76.75 89.43
w/o CMP 85.20 76.91 75.75 87.80
FLAN-TS w/o SLP 83.60 76.74 73.25 89.43
xxlarge (11B) w/o DP 79.40 74.59 71.75 85.37
GNP 87.20 78.20 76.25 90.24
Table 3: Results of integrating different model designs.
Commonsense Biomedical
LLM Design -
OBQA ARC PubMedQA BioASQ
GNP 79.80 71.85 76.75 89.43
xl;‘;AeN('g‘l; + DLP 79.80 70.30 75.50 89.43
ge (- + RGNN 79.00 71.49 75.50 89.43
GNP 87.20 78.20 76.25 90.24
l:‘LAN{EfB) + DLP 86.20 76.05 75.00 88.62
Xxlarge +RGNN 8520  76.48 75.25 89.43

Question:
What is the best way to guess a babies
eye color?

Options:

(a) The surroundings they are born in

(b) Their parents usual diet

(c) Just take a random guess

(d) The genealogy records of their family

Model Prediction:

Prompt Tuning: (c) Just take ... 0
GNP: (d) The genealogy ... O

i Retrieved subgraph from question entities:

nursery

pedigree child

\\famlly
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ab ~born
v\-\amblance
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rou d d|chr\macy

Question:
were there fossil fuels in the ground
when humans evolved?

Options:

(a) This was only created by humans

(b) Humans predate fossil fuel formation
(c) Significant supplies accumulated prior
(d) None of these

Model Prediction:
Prompt Tuning: (b) Humans pre ... Q
GNP: (c) Significant supplies ...

Sl
" humargrior /3\

Created —
ate

Retrieved subgraph from question entities:

Zero biodiesel

/ 5|gn|f|cant

accumulate
jue{4\

evo fuels
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