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» Large language models (LLMs) excel at various text-related tasks. [
. . . Large Language Model 3
» It 1s still challenging for LLMs to process molecular graph data. T 1
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» Textualized graph as input —— 1nsufficient graph reasoning Tokenizer & GTTI
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Instruction fine-tuning ——> change the semantics of LLM backbone :,Whmlmm_ﬂ 7
» Graph2Token, an efficient solution that aligns a graph token to LLM tokens. [113 nﬁ,ﬁ.*‘;;ljn%
Graph2Token

Aligning a graph token with the LLLM token vocabulary
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Finetune and few-shot learning performance on molecular datasets

Method Type Method BBBP1T BACET HIVT TOX211 | Avg? Ratio | Dataset  Graph2Token GIN  GCN
Supervised Learning GIN 67.8 76.8 76.5 73.9 73.8 BBBP 64.7 61.8 644
GT 68.7 77.2 74.2 75.5 73.9 S BACE 73.2 644 65.1
HIV 68.5 66.2 62.7
Graph Pretrain Finetuning GraphMVP-C 72.4 81.2 77.0 74.4 76.3 TOX21 70.6 62.6 58.4
Mole-BERT 70.8 79.3 76.0 75.9 75.5
MolFM 72.9 83.9 78.8 77.2 78.2 0 Eﬁgg gz-g gg? 231'(6)
. (&) . . .
SImSGT 72.3 83.6 77.7 75.7 77.3 HIV €0 7 660 60,0
LLM-Based Tuning Llama-2-7B-chat 65.6 74.8 62.3 - 67.6 TOX21 71.2 66.7  68.4
Vicuna-v1.3-7B 60.1 68.3 58.1 - 62.6
MolCA-S 70.8 79.3 - 76.0 75.4 : :
® Few-shot | 9 109
MoICA-GS 70.0 79.8 : 77.2 75.7 ew-shot learning using 5% and 10%
InstructMol-G 64.0 85.9 74.0 ) 746 training data on different molecular
InstructMol-GS 70.0 823 68.9 : 73.7 datasets.
Graph2Token 73.5 85.0 79.4 79.2 79.3
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® Recsults (ROC-AUC) of finetune learning on molecular classification
tasks on different datasets compared with LLM-based methods and
graph learning methods.




	幻灯片编号 1

