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Fig. S1 An example of the NMRExtractor extraction process. Steps 1–2 use the 

expression ''13C.{0,3}NMR'' to locate paragraphs mentioning NMR. To ensure 

completeness, the matched paragraph is concatenated with its adjacent ones, capturing 

the compound’s IUPAC name, 1H/13C NMR spectral data. In Steps 3–5, a fine-tuned 

LLM extracts structured information, including the compound's IUPAC name, 1H/13C 

NMR chemical shifts and conditions. The IUPAC name is then converted to SMILES 

and standardized to generate the final dataset.
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Fig. S2 Prompt for fine-tuning the Mistral-7b-instruct-v-0.2 model
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Fig. S3 Examples of text annotations in the test set 2 (1022)
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Fig. S4 Error cases of NMR data extraction
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Fig. S5 Error cases of NMR data extraction
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Fig. S6 Standardization of SMILES Using RDKit
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Fig. S7 The 115 journals and their data counts for test set 2 (1022)
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Fig. S8 Some regular expressions used by rule-based methods
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Fig. S9 618 common compound group words and atomic count
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Fig. S10 The frequency distribution of these duplicate IUPAC names
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Fig. S11 Accuracy of NMR chemical shift values and their order in NMRBank
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Fig. S12 Regular expression missing case
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Fig. S13 Unconvertible IUPAC names case
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Table. S1 Hyperparameters for the models

Model Hyperparameters

Llama2-13b-chat 

(q-lora fine-tune)

epoch; lora_r 64; lora_alpha 128;

learning rate 1e-4;

Llama3-8b-instruct 

(full fine-tune)

epoch; batch size 2;

learning rate 5e-6;

Mistral-7b-instruct-v0.2 

(full fine-tune)

epoch; batch size 2;

learning rate 5e-6;

Table. S2 Fine-tuning and Inferencing Cost

Model Strategy

Number of 

Fine-tuning 

Data

Fine-tuning Cost Hyperparameters

Test Set 1 

(300) 

Inferencing 

Cost

Test Set 2 

(1022) 

Inferencing 

Cost

Mistral-

7b-

Instruct-

v0.2 

full 

fine-

tuning

800

about 1 epoch × 

12 min/epoch

 on 4×40GB 

A100 (~38 

GB/GPU)

lr = 5e-6,

bs = 1,

 max_length = 

4096

2 min on

 1×40GB 

A100 (using 

vllm)

9 min on

 1×40GB 

A100 (using 

vllm)

Llama-3-

8b-

Instruct

full 

fine-

tuning

800

about 1 epoch × 

12 min/epoch

 on 4×40GB 

A100 (~33 

GB/GPU)

lr = 5e-6,

bs = 1,

 max_length = 

4096

2 min on

 1×40GB 

A100 (using 

vllm)

9 min on

 1×40GB 

A100 (using 

vllm)

Lama-2-

13b-chat-

hf

q-lora 

fine-

tuning

800

about 1 epoch × 

26 min/epoch

 on 1×40GB 

A100 (~20 

GB/GPU)

lr = 1e-4,

bs = 2,

 max_length = 

4096

14 min on

 1×40GB 

A100 (using 

vllm)

50 min on

 1×40GB 

A100 (using 

vllm)

Use 4×40GB A100 for full parameter fine-tuning and 1×40GB A100 for Q-LoRA fine-tuning.

Use vllm on the 1×40GB A100 for inference acceleration.

The average inference speed of Llama3-8b-instruct and Mistral-7b-instruct-v0.2 is 1 second for 2 items.
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Table. S3 Exact match accuracy of open source LLMs on Test Set 1(300)

Model IUPAC
1H NMR 

conditions

1H NMR 
shifts

13C NMR 
conditions

13C NMR 
shifts

Llama2-13b-insturct 96.6 99.3 96.3 99.3 98.6 

Llama3-8b-insturct 95.3 99.0 97.0 99.3 94.0 

Mistral-7b-insturct-v0.2 96.3 99.0 97.3 99.0 99.3 

Table. S4 Exact match accuracy of open source LLMs on Test Set 2 (1022)

Model IUPAC
1H NMR 

conditions

1H NMR 
shifts

13C NMR 
conditions

13C NMR 
shifts

Llama2-13b-insturct 82.9 93.9 87.6 94.2 91.9 

Llama3-8b-insturct 78.7 93.4 84.4 93.7 82.5 

Mistral-7b-insturct-v0.2 86.2 94.9 88.4 95.0 92.0 

Table. S5 Exact match accuracy in three-fold cross-validation at different confidences

Confidence

Intervals
IUPAC name

1H NMR 
conditions

1H NMR shifts
13C NMR 
conditions

13C NMR 
shifts

0-0.2 0.734±0.035 0.874±0.055 0.456±0.05 0.952±0.034 0.609±0.05

0.2-0.4 0.774±0.036 0.951±0.035 0.840±0.042 0.951±0.035 0.811±0.139

0.4-0.6 0.795±0.044 0.949±0.041 0.848±0.096 0.949±0.008 0.949±0.016

0.6-0.8 0.878±0.014 0.958±0.023 0.872±0.025 0.945±0.024 0.977±0.001

0.8-1 0.956±0.018 0.968±0.004 0.967±0.013 0.973±0.008 0.996±0.002

All 0.906±0.008 0.953±0.01 0.907±0.01 0.964±0.007 0.963±0.006
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Table. S6 Table S6 Most frequent duplicate IUPAC names and their frequency

Duplicate IUPAC names Frequency

quercetin 73

lupeol 36

ursolic acid 36

kaempferol 33

gallic acid 30

stigmasterol 28

scopoletin 22

luteolin 20

pyrimidine 19

protocatechuic acid 19

oleanolic acid 19

methyl gallate 18

caffeic acid 17

apigenin 16

benzoic acid 16

4-hydroxybenzoic acid 16

ferulic acid 15

catechin 15

betulinic acid 15

vanillic acid 12

emodin 12

curcumin 12

quercetin-3-o-β-d-glucopyranoside 11

betulin 11

palmitic acid 11

lupeol acetate 11

ergosterol 10

daidzein 10

ellagic acid 10

biphenyl 10

p-hydroxybenzoic acid 9

linoleic acid 9

p-hydroxybenzaldehyde 9

naringenin 8

genistein 8

triazine 8

isorhamnetin 8

epicatechin 8

p-coumaric acid 8

(+)-catechin 8

2,3-diaminopropanol 8

quercetin 3-o-β-d-glucopyranoside 7

acacetin 7

benzamide 7
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2-methyl-5-nitrobenzamide 7

(-)-epicatechin 7

4-methoxy-1,1'-biphenyl 7

pinostrobin 7

quercetin-3-o-β-d-galactopyranoside 7

imidazopyrazine 7

ether 6

caffeine 6

(3'-(benzo-1,4-dioxan-6-yl)-2'-methyl-[1,1'-biphenyl]-4-yl)methanol 6

benzyl alcohol 6

benzyl acetate 6

n-trans-feruloyltyramine 6

ethyl gallate 6

lupenone 6

3-o-methylquercetin 6

hexadecanoic acid 6

gallocatechin 6

methyl oleate 6

triazole 6

cholesterol 6

luteolin-7-o-glucoside 6

pinocembrin 6

catechol 6

acetophenone 6

benzophenone 6

4-methylbiphenyl 6

methyl benzoate 6

benzoxazolyl-alanine 5

myricetin 5

benzaldehyde 5

4-cyanobiphenyl 5

piperonal 5

cyclohexylamine 5

quinazolin-6(7 h )-one 5

penicillic acid 5

sucrose 5

1,2,3,4,6-penta-o-galloyl-β-d-glucopyranose 5

2-(4-chlorophenyl)-2,3-dihydroquinazolin-4(1h)-one 5

cinnamic acid 5

2-(4-methoxyphenyl)imidazo[1,2-a]pyridine 5

kaempferol-3-o-α-l-rhamnopyranoside 5

3-hydroxy-6h-benzo[c]chromen-6-one 5

allylic alcohol 5

silyl ether 5

3,3'-((4-nitrophenyl)methylene)bis(1h-indole) 5

kaempferol-3-o-β-d-glucopyranoside 5

linalool 5
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benzothiazole 5

2-phenylquinazolin-4(3h)-one 5

chalcone 5

taxifolin 5

5-hydroxymethylfurfural 5

phenylamine 5

dibutyl phthalate 5

guanidine 5

4-phenylphenol 5

methyl cinnamate 5

eriodictyol 5

oleic acid 5
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The confidence of the model predictions

The confidence of the model predictions is computed using the cumulative log 

probability of the predicted tokens.

Specifically, the Large Language Model (LLM) calculates the probability accumulation 

using the following formula:

𝐹 =
1
𝑛

𝑛

∑
𝑖 = 1

𝑙𝑜𝑔(𝑃(𝑤𝑖|𝑤1,  𝑤2,…,𝑤𝑖 ‒ 1))

Where  represents the probability of generating the current word 𝑃(𝑤𝑖|𝑤1,  𝑤2,…,𝑤𝑖 ‒ 1)

 given the previous words (or subwords).𝑤𝑖

After obtaining the cumulative log probability, we convert it to a confidence score 

using:

𝑃 = 𝑒𝐹

This transformation results in a confidence value between 0 and 1, indicating the 

model's confidence in its predictions.


