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1. Dataset Preparation and Annotation

1.1.  Overview of Datasets

In this work, we fine-tuned ChatGPT on five complex tasks in chemical text 

mining: Paragraph2Compound, Paragraph2RXNRole, Paragraph2MOFInfo, 

Paragraph2NMR, and Paragraph2Action. (Table S1)

Table S1. Statistic of Dataset for the Five Chemical Text Mining Tasks.
Task Data source and processing Training set size Evaluation set size

Based on USPTO’s data by Lowe1,
Paragraph2Compound

automatedly annotated by us.
10000, 1000, 100, 10 1000

Paragraph2RXNRole
 (Product Extraction)

Manually annotated by Guo et.al2, 
post-processed by us.

6163 723

Paragraph2RXNRole
(Reaction Role Labeling)

Manually annotated by Guo et.al2

post-processed by us.
599 111

Based on raw data by Zheng et.al.3 ,
Paragraph2MOFInfo 

re-annotated by us.
329 329

Paragraph2NMR Manually collected and annotated by us. 300, 200, 100, 50, 25 300
Paragraph2Action Manually annotated by Vaucher et.al.4 . 14168, 1060 352

For Paragraph2Compound task, we compiled an automatically annotated dataset. 

For Paragraph2RXNRole and Paragraph2Action, we utilized annotated data provided 

by others. For Paragraph2MOFInfo and Paragraph2NMR, we manually collected, 

annotated, and processed the data. We will illustrate the process of annotation for 

Paragraph2MOFInfo and Paragraph2NMR.

1.2.  Paragraph2MOFInfo Data Annotation

For Paragraph2MOFInfo task, the raw data was collected from the work of Omar 

M. Yaghi et.al., and re-annotated by us (Fig. S1). The annotation process can be 

summarized as the following steps. 
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Step 1: we corrected symbols that are susceptible to mistakes or become garbled in the 

original data, especially symbols like "°C", "·", "μL", and "?" which are particularly 

prone to errors during the PDF parsing process.

Step 2: we annotated more complete information about substances’ quantity. If both 

molecular mass and molar quantities are provided in the text, we provided exactly all 

these properties in the re-annotation. 

Step 3: when a synthesis condition includes multiple components, we employed 

symbol "|" to separate them. The separated substances and quantities correspond 

separately.
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Fig. S1. Example of data re-annotation for Paragraph2MOFInfo task.
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1.3.  Paragraph2NMR Data Collection and Annotation

The original data of Nuclear magnetic resonance (NMR) were collected from the 

PubMed database (https://ftp.ncbi.nlm.nih.gov/pub/pmc/oa_bulk/oa_comm/), and 

consisted of 600 data items selected from as many different articles as possible, 

including text passages in a variety of formats and expressions. Each data entry contains 

seven items, IUPAC name of the compound, a text field containing the hydrogen 

spectrum and carbon spectrum, the conditions for measuring the hydrogen spectrum 

and carbon spectrum, and the hydrogen spectrum and carbon spectrum data containing 

only numerical values. The paragraphs have been carefully selected, and should contain 

the following elements:

1. The paragraphs should contain IUPAC name, or the IUPAC name should be replaced 

with “the title compound” or “compound a”.

2. The paragraphs should contain the nuclear magnetic conditions, such as temperature, 

solvent, and equipment power.

3. The paragraphs should contain hydrogen spectrum and carbon spectrum.

After obtaining the text segments, we organized the data for fine-tuning the 

ChatGPT according to the following format:  

1. If the IUPAC name is unavailable in the text, the pronoun provided in the text will 

be used instead, such as “The title compound” and “compound a”, will be utilized.

2. The NMR-related text often begins with as “1H NMR” and “13C NMR”.

An example: 13C NMR (151 MHz, CDCl3): δ 160.1, 134.6, 123.0, 115.3, 112.3, 55.5, 

32.6, 30.4, 20.8

https://ftp.ncbi.nlm.nih.gov/pub/pmc/oa_bulk/oa_comm/
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3. NMR conditions include equipment frequency, solvent, or temperature, are listed in 

sequence, and separated by “,”. Such as: 400 MHz, DMSO–d6, 298 K

4. NMR data only retain numerical values of chemical shift, including range values. 

NMR data is separated by comma and space(“，”). Such as: 4.26, 4.15, 3.81, 3.73, 

2.87–2.80
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2. Examples of Prompt Engineering for Chemical Text Mining

2.1.  Example for Paragraph2Compound Task

Fig. S2. An Illustration of Prompt Engineering for Paragraph2Compound Task.
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2.2.  Example for Paragraph2RXNRole (Product Extraction) Task

Fig. S3. An Illustration of Prompt Engineering for Paragraph2RXNRole (Product Extraction) 
Task.
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2.3.  Example for Paragraph2RXNRole (Reaction Role Labelling) Task

Fig. S4. An Illustration of Prompt Engineering for Paragraph2RXNRole (Reaction Role 
Labelling) Task.
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2.4.  Example for Paragraph2MOFInfo Task

Fig. S5. An Illustration of Prompt Engineering for Paragraph2MOFInfo Task.
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2.5.  Example for Paragraph2NMR Task

Fig. S6. An Illustration of Prompt Engineering for Paragraph2NMR Task.
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2.6.  Example for Paragraph2Action Task

Fig. S7. An Illustration of Prompt Engineering for Paragraph2Action Task.
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2.7.  Example for Zero-shot Prompts Designing on Paragraph2NMR Task

Fig. S8. The process of repeatedly revising prompts to extract expected formatting 
data.
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3. Processing Details

3.1.  Processing for ChatGPT

Thanks to its powerful comprehension and formatted capabilities, apart from 

transforming data into jsonl format before fine-tuning, no additional special 

preprocessing or postprocessing is required.

3.2.  Post-Processing for Open-source LLMs (Mistral, Llama3, Llama2)

We found that the fine-tuned LLMs often finds it difficult to stop, as if it is difficult 

to generate the built-in "</s>" stop token. Therefore, we added "!!!" as a stop signal at 

the end of each output of the training set when fine-tuning LLMs. We then consider the 

content up to the first occurrence of '!!!' in the generated text as the response, by setting 

“!!!” as the stop token.

3.3.  Pre-Processing for T5 and BART

We employ the multi-task learning strategy to fine-tune T5 and BART for 

Paragraph2MOFInfo and Paragraph2NMR, due to their limitation in generating multi-

attribute long text. (Fig. S8, S9) 

3.4.  Post-Processing for T5 and BART

In Paragraph2RXNRole task, we found that LLMs such as ChatGPT, Mistral, 

Llama3, and Llama2 work well with little extra post-processing, but T5 and BART do 

necessitate additional, specialized post-processing. This requirement stems mainly 

from T5 and BART's limitation to accurately replicate text from the source, often 

resulting in missed or incorrectly copied characters. Also, T5 doesn't have tokens like 
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'<', '{', '}', and '/' in its vocabulary. Thus, the generated sentences by T5 always miss 

these tokens. To fix this for the Paragraph2RXNRole task, we modify the output by 

replacing 'Prod*' with '<Prod*', 'Reactants*' with '<Reactants*', 'Yield*' with '<Yield*', 

'Solvent*' with '<Solvent*', 'Catalyst_Reagents*' with '<Catalyst_Reagents*', 

'Temperature*' with '<Temperature*', 'Reaction*' with '<Reaction*', and 'Time*' with 

'<Time*'. This post-processing step ensures the inclusion of necessary tokens and 

improves the accuracy of the model's output for this task.
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4. Training Details

4.1.  Hyperparameters Tuning

Since ChatGPT fine-tuning does not allow for adjusting hyperparameters, we 

reported the performances of all models at the best epoch selected from the evaluation 

set for fair comparison. For the prompt-only ChatGPT, we provided the different 

number of examples and experimented with different prompts to enhance the model's 

performance. For T5-base and BART-base models, the hyperparameter we adjusted 

include epoch, learning rate and batch_size. In addition to epoch and learning rate, we 

also tried to adjust the lora_r and lora_alpha parameters for the llama2-13b-chat model, 

large lora_r is better (Table S2). For full fine-tuning Llama3-8b-instruct and Mistral-

7b-instruct-v0.2, the hyperparameter we adjusted include epoch and learning rate. 

Default hyperparameters can be found in the GitHub. The best epochs are determined 

by the inference results of each epoch rather than evaluating loss.

Table S2. Hyperparameters for the models.

Model Hyperparameters

GPT-3.5-turbo (prompt-only) prompts; examples; number of examples
GPT-3.5-turbo (fine-tune) epoch

Llama2-13b-chat (q-lora fine-tune)
epoch; lora_r {8, 64}; lora_alpha {16, 128}; 

learning rate {1e-3, 1e-4, 1e-5}
Llama3-8b-instruct (full fine-tune) epoch; learning rate {1e-5, 5e-6, 1e-6}; batch size {2, 4}

Mistral-7b-instruct-v0.2 (full fine-tune) epoch; learning rate {1e-5, 5e-6, 1e-6}; batch size {2, 4}
T5-base (full fine-tune) epoch; learning rate {1e-3, 1e-4, 1e-5}; batch size {4, 8}

BART-base (full fine-tune) epoch; learning rate {1e-3, 1e-4, 1e-5}; batch size {4, 8}

The hyperparameters in black bold are recommended.
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4.2.  Hardware resources and memory cost

Table S3. Fine-tuning and Inferencing Cost
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4.3.  Multi-Task Learning of T5 and BART for Paragraph2MOFInfo

Fig. S9. Multi-task Learning Scheme of T5 and BART for Paragraph2MOF Task. 
Multiple components are separated with “||”. The different values of the same 
component are separated with “|”.
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4.4.  Multi-Task Learning of T5 and BART for Paragraph2NMR

Fig. S10. Multi-Task Learning Scheme of T5 and BART for Paragraph2NMR Task.
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5. Supplemental Results of the Performances

5.1.  Performance of Paragraph2Compound

Table S4 Performance on Trial 1 for Paragraph2Compound

Model
Train 

set
Test 
set

Precision Recall
F1 

score
Jaccard index

GPT-3.5-turbo-0613 (zero-shot) 0 1000 0.648 0.590 0.600 0.479 
GPT-3.5-turbo-0613 (three-shots) 0 1000 0.732 0.721 0.711 0.579 

GPT-4-0613 (zero-shot) 0 1000 0.789 0.662 0.705 0.575 
GPT-4-0613 (three-shots) 0 1000 0.793 0.731 0.748 0.625 

GPT-3.5-turbo-0613 (fine-tuned) 10 1000 0.739 0.761 0.727 0.596 
GPT-3.5-turbo-0613 (fine-tuned) 100 1000 0.825 0.859 0.832 0.736 
GPT-3.5-turbo-0613 (fine-tuned) 1000 1000 0.849 0.883 0.860 0.776 
GPT-3.5-turbo-0613 (fine-tuned) 1000 10000 0.851 0.879 0.859 0.775
GPT-3.5-turbo-0613 (fine-tuned) 10000 1000 0.878 0.897 0.883 0.812 
Llama3-8b-instruct (fine-tuned) 10 1000 0.535 0.624 0.545 0.434 
Llama3-8b-instruct (fine-tuned) 100 1000 0.790 0.816 0.791 0.683 
Llama3-8b-instruct (fine-tuned) 1000 1000 0.854 0.848 0.842 0.752 
Llama3-8b-instruct (fine-tuned) 1000 10000 0.854 0.841 0.839 0.747
Llama3-8b-instruct (fine-tuned) 10000 1000 0.859 0.873 0.860 0.778 

Mistral-7b-instruct-v0.2 (fine-tuned) 10 1000 0.642 0.765 0.666 0.539 
Mistral-7b-instruct-v0.2 (fine-tuned) 100 1000 0.809 0.836 0.811 0.711 
Mistral-7b-instruct-v0.2 (fine-tuned) 1000 1000 0.848 0.872 0.853 0.767 
Mistral-7b-instruct-v0.2 (fine-tuned) 1000 10000 0.853 0.866 0.853 0.768
Mistral-7b-instruct-v0.2 (fine-tuned) 10000 1000 0.875 0.889 0.878 0.804 
Llama2-13b-chat (q-lora fine-tuned) 10 1000 0.625 0.621 0.579 0.443 
Llama2-13b-chat (q-lora fine-tuned) 100 1000 0.758 0.794 0.756 0.643 
Llama2-13b-chat (q-lora fine-tuned) 1000 1000 0.830 0.853 0.830 0.737 
Llama2-13b-chat (q-lora fine-tuned) 1000 10000 0.829 0.844 0.826 0.731
Llama2-13b-chat (q-lora fine-tuned) 10000 1000 0.856 0.882 0.863 0.783 

T5-base (fine-tuned) 10 1000 0.691 0.734 0.693 0.564 
T5-base (fine-tuned) 100 1000 0.806 0.829 0.810 0.708 
T5-base (fine-tuned) 1000 1000 0.823 0.863 0.837 0.746 
T5-base (fine-tuned) 1000 10000 0.829 0.861 0.839 0.750
T5-base (fine-tuned) 10000 1000 0.865 0.880 0.870 0.796 

BART-base (fine-tuned) 10 1000 0.607 0.547 0.552 0.415 
BART-base (fine-tuned) 100 1000 0.732 0.640 0.666 0.539 
BART-base (fine-tuned) 1000 1000 0.777 0.690 0.718 0.599 
BART-base (fine-tuned) 1000 10000 0.786 0.685 0.717 0.596
BART-base (fine-tuned) 10000 1000 0.793 0.723 0.747 0.631 
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Table S5 Performance on Trial 2 for Paragraph2Compound

Model
Train 

set
Test 
set

Precision Recall
F1 

score
Jaccard index

GPT-3.5-turbo-0613 (zero-shot) 0 1000 0.663 0.612 0.611 0.480 
GPT-3.5-turbo-0613 (three-shots) 0 1000 0.683 0.710 0.680 0.542 

GPT-4-0613 (zero-shot) 0 1000 0.776 0.670 0.704 0.571 
GPT-4-0613 (three-shots) 0 1000 0.776 0.708 0.729 0.600 

GPT-3.5-turbo-0613 (fine-tuned) 10 1000 0.741 0.746 0.720 0.593 
GPT-3.5-turbo-0613 (fine-tuned) 100 1000 0.817 0.856 0.826 0.729 
GPT-3.5-turbo-0613 (fine-tuned) 1000 1000 0.849 0.880 0.857 0.772 
GPT-3.5-turbo-0613 (fine-tuned) 10000 1000 0.879 0.891 0.881 0.810 
Llama3-8b-instruct (fine-tuned) 10 1000 0.578 0.635 0.572 0.482
Llama3-8b-instruct (fine-tuned) 100 1000 0.759 0.779 0.752 0.633
Llama3-8b-instruct (fine-tuned) 1000 1000 0.821 0.853 0.844 0.755
Llama3-8b-instruct (fine-tuned) 10000 1000 0.863 0.878 0.864 0.783

Mistral-7b-instruct-v0.2 (fine-tuned) 10 1000 0.656 0.744 0.674 0.545 
Mistral-7b-instruct-v0.2 (fine-tuned) 100 1000 0.778 0.824 0.788 0.681 
Mistral-7b-instruct-v0.2 (fine-tuned) 1000 1000 0.851 0.870 0.853 0.768 
Mistral-7b-instruct-v0.2 (fine-tuned) 10000 1000 0.880 0.887 0.879 0.807 
Llama2-13b-chat (q-lora fine-tuned) 10 1000 0.620 0.617 0.582 0.445 
Llama2-13b-chat (q-lora fine-tuned) 100 1000 0.758 0.772 0.745 0.629 
Llama2-13b-chat (q-lora fine-tuned) 1000 1000 0.837 0.832 0.825 0.728 
Llama2-13b-chat (q-lora fine-tuned) 10000 1000 0.867 0.873 0.866 0.787 

T5-base (fine-tuned) 10 1000 0.706 0.710 0.688 0.558 
T5-base (fine-tuned) 100 1000 0.791 0.822 0.797 0.692 
T5-base (fine-tuned) 1000 1000 0.829 0.858 0.838 0.748 
T5-base (fine-tuned) 10000 1000 0.869 0.877 0.870 0.796 

BART-base (fine-tuned) 10 1000 0.562 0.463 0.477 0.342 
BART-base (fine-tuned) 100 1000 0.715 0.655 0.668 0.536 
BART-base (fine-tuned) 1000 1000 0.819 0.633 0.693 0.572 
BART-base (fine-tuned) 10000 1000 0.795 0.714 0.740 0.625 
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Table S6 Performance on Trial 3 for Paragraph2Compound

Model
Train 

set
Test 
set

Precision Recall
F1 

score
Jaccard index

GPT-3.5-turbo-0613 (zero-shot) 0 1000 0.643 0.676 0.638 0.503
GPT-3.5-turbo -0613 (three-shots) 0 1000 0.675 0.75 0.694 0.56

GPT-4-0613 (zero-shot) 0 1000 0.805 0.672 0.716 0.584
GPT-4-0613 (three-shots) 0 1000 0.781 0.779 0.770 0.654

GPT-3.5-turbo-0613 (fine-tuned) 10 1000 0.704 0.765 0.711 0.584
GPT-3.5-turbo-0613 (fine-tuned) 100 1000 0.807 0.861 0.823 0.724
GPT-3.5-turbo-0613 (fine-tuned) 1000 1000 0.851 0.880 0.859 0.775
GPT-3.5-turbo-0613 (fine-tuned) 10000 1000 0.879 0.893 0.881 0.809
Llama3-8b-instruct (fine-tuned) 10 1000 0.661 0.603 0.605 0.479
Llama3-8b-instruct (fine-tuned) 100 1000 0.763 0.768 0.751 0.635
Llama3-8b-instruct (fine-tuned) 1000 1000 0.853 0.841 0.839 0.748
Llama3-8b-instruct (fine-tuned) 10000 1000 0.867 0.872 0.863 0.782

Mistral-7b-instruct-v0.2 (fine-tuned) 10 1000 0.674 0.744 0.671 0.550
Mistral-7b-instruct-v0.2 (fine-tuned) 100 1000 0.810 0.825 0.805 0.703
Mistral-7b-instruct-v0.2 (fine-tuned) 1000 1000 0.856 0.861 0.851 0.766
Mistral-7b-instruct-v0.2 (fine-tuned) 10000 1000 0.878 0.887 0.879 0.807
Llama2-13b-chat (q-lora fine-tuned) 10 1000 0.624 0.632 0.595 0.461
Llama2-13b-chat (q-lora fine-tuned) 100 1000 0.750 0.788 0.748 0.636
Llama2-13b-chat (q-lora fine-tuned) 1000 1000 0.819 0.844 0.820 0.726
Llama2-13b-chat (q-lora fine-tuned) 10000 1000 0.860 0.882 0.866 0.787

T5-base (fine-tuned) 10 1000 0.630 0.721 0.648 0.513
T5-base (fine-tuned) 100 1000 0.793 0.821 0.798 0.692
T5-base (fine-tuned) 1000 1000 0.833 0.856 0.839 0.750
T5-base (fine-tuned) 10000 1000 0.868 0.878 0.870 0.795

BART-base (fine-tuned) 10 1000 0.590 0.496 0.515 0.381
BART-base (fine-tuned) 100 1000 0.708 0.653 0.665 0.536
BART-base (fine-tuned) 1000 1000 0.786 0.671 0.708 0.585
BART-base (fine-tuned) 10000 1000 0.785 0.717 0.739 0.624
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5.2.  Performance of Paragraph2RXNRole

Table S7 Performance of Paragraph2Prod

Model
Precision 

(%)
Recall 

(%)
F1 (%) Ratio of Post-Process-free

OPSIN 18.8 5.4 8.4 -
BERT 78.8 56.8 66.0 -

BioBERT 76.4 61.3 68.0 -
ChemBERT 84.6 69.4 76.2 -

GPT-3.5-turbo-0613 (20-shots) 14.7 54.1 23.1 67.5 
GPT-4-0613 (20-shots) 9.3 74.8 16.6 96.1 
BART-base (fine-tuned) 66.2 42.3 51.6 40.1 

T5-base (fine-tuned) 71.3 55.9 62.6 39.3 
Llama2-13b-chat (q-lora fine-tuned) 75.0 72.9 73.9 99.5 

Llama3-8b-instruct (fine-tuned) 78.3 58.6 67.0 99.7 
Mistral-7b-instruct-v0.2 (fine-tuned) 71.7 73.0 72.3 99.2 

GPT-3.5-turbo-0613 (fine-tuned) 78.5 75.7 77.1 100.0 

Table S8 Performance of Paragraph2Role 

Model
Precision 

(%)
Recall 

(%)
F1 
(%)

Ratio of Post-Process-free (%)

BERT 69.2 69.2 69.2 -
BioBERT 73.3 75.5 74.3 -

ChemBERT 77.0 76.4 76.7 -
ChemRxnBERT 79.3 78.1 78.7 -

GPT-3.5-turbo-0613 (20-shots) 81.1 45.2 58.1 64.9 
GPT-4-0613 (20-shots) 59.4 71.7 65.0 94.6 
BART-base (fine-tuned) 82.4 55.7 66.5 27.9 

T5-base (fine-tuned) 77.6 72.6 74.9 27.9 
Llama2-13b-chat (q-lora fine-tuned) 80.1 72.8 76.2 98.2 

Llama3-8b-instruct (fine-tuned) 77.0 76.5 76.8 95.5 
Mistral-7b-instruct-v0.2 (fine-tuned) 78.0 80.0 79.0 98.2 

GPT-3.5-turbo-0613 (fine-tuned) 84.7 81.3 83.0 100.0 
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5.3.  Performance of Paragraph2MOFInfo

Table S9 Mean performance of Levenshtein similarity and Exact match accuracy 

for extracting paragraphs containing single reactions and multiple reactions 

respectively by different models (Paragraph2MOFInfo) 

Model

Mean 
Levenshtein 
Similarity
for single 
reactions

Mean 
Exact Accuracy

for single 
reactions

Mean 
Levenshtein 
Similarity 
for multi 
reactions

Mean 
Exact Accuracy

for multi 
reactions

BART-base
 (full fine-tuned)

0.8683 0.7488 0.5338 0.3326

T5-base
 (full fine-tuned)

0.8797 0.7369 0.5736 0.4037

GPT-3.5-turbo-0613
 (zero-shot)

0.7887 0.6326 0.656 0.5083

GPT-4-0613
(zero-shot)

0.8418 0.7217 0.6683 0.5337

Llama2-13b-chat
 (q-lora fine-tuned)

0.8477 0.7544 0.3942 0.3285

Llama3-8b-instruct 
(full fine-tuned)

0.8976 0.8166 0.7343 0.608

Mistral-7b-instruct-v0.2 
(full fine-tuned)

0.8946 0.816 0.7693 0.609

GPT-3.5-turbo-0613
(full fine-tuned)

0.9052 0.8272 0.7844 0.6882
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Table S10 Levenshtein similarity for 11 parameters in Paragraph2MOFInfo

Model

BART-base

 (full fine-

tuned)

T5-base

 (full 

fine-

tuned)

GPT-3.5-

turbo

 (zero-

shot)

GPT-4 

(zero-

shot)

Llama2-

13b-chat

 (q-lora 

fine-tuned)

Llama3-

8b-

instruct 

(full fine-

tuned)

Mistral-

7b-

instruct-

v0.2 

(full fine-

tuned)

GPT-

3.5-

turbo 

(full 

fine-

tuned)

Compound 
Name

0.7688 0.8183 0.7664 0.8411 0.7187 0.8641 0.9014 0.9129

Metal 
Source

0.8312 0.8286 0.8825 0.8825 0.8056 0.9342 0.9298 0.9124

Metal 
Amount

0.7856 0.8128 0.7468 0.7753 0.7641 0.8655 0.8705 0.8575

Linker 0.793 0.8269 0.7695 0.7927 0.71 0.8513 0.8598 0.8766
Linker 

Amount
0.7632 0.7905 0.6608 0.737 0.714 0.8404 0.8231 0.8374

Modulator 0.724 0.7305 0.663 0.771 0.65 0.7762 0.7808 0.8294
Modulator 
Amount

0.7048 0.7228 0.6652 0.7397 0.673 0.781 0.7948 0.8419

Solvent 0.7733 0.7996 0.7353 0.7678 0.691 0.8371 0.8371 0.8506
Solvent 
Volume

0.7481 0.7686 0.6838 0.7263 0.7022 0.8178 0.8249 0.8254

Reaction 
Temperature

0.8741 0.8885 0.8841 0.8882 0.8372 0.945 0.9496 0.9397

Reaction 
Time

0.8962 0.8768 0.8661 0.8767 0.8544 0.9271 0.9361 0.9521
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Table S11 Exact match accuracy for 11 parameters in Paragraph2MOFInfo

Parameter

BART-
base
 (full 
fine-

tuned)

T5-
base
 (full 
fine-

tuned)

GPT-
3.5-turbo
 (zero-
shot)

GPT-4 
(zero-
shot)

Llama2-
13b-chat
 (q-lora 

fine-
tuned)

Llama3-
8b-

instruct 
(full 
fine-

tuned)

Mistral-
7b-

instruct-
v0.2 

(full fine-
tuned)

GPT-
3.5-

turbo 
(full 
fine-

tuned)
Compound 

name
0.4961 0.5299 0.5299 0.613 0.5065 0.5974 0.6312 0.7507

Metal 
Source

0.7273 0.3117 0.8156 0.8078 0.7325 0.8883 0.8727 0.8468

Metal
 Amount

0.6546 0.7065 0.5403 0.5948 0.6909 0.7766 0.7792 0.761

Linker 0.6286 0.7117 0.6286 0.6416 0.626 0.7714 0.761 0.8
Linker

Amount
0.5403 0.6494 0.4234 0.5247 0.6052 0.7481 0.7143 0.7351

Modulator 0.6494 0.6779 0.5844 0.7221 0.5974 0.7143 0.7143 0.7844
Modulator
Amount

0.652 0.6156 0.5714 0.6623 0.5974 0.7221 0.7091 0.761

Solvent 0.6078 0.6649 0.4675 0.613 0.587 0.7039 0.7065 0.7247
Solvent 
Volume

0.5481 0.6364 0.4234 0.574 0.574 0.6935 0.7065 0.7195

Reaction 
Temperature

0.7584 0.8597 0.8468 0.8571 0.8156 0.9195 0.9427 0.9169

Reaction
Time

0.8416 0.8571 0.7974 0.8286 0.8338 0.8935 0.9065 0.9299
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5.4.  Performance of Paragraph2NMR

Table S12 Levenshtein similarity of Paragraph2NMR 

Model IUPAC
1H 

NMR 
text

1H NMR 
conditions

1H 
NMR 
data

13C 
NMR 
text

13C 
NMR 

conditions

13C 
NMR 
data

GPT-3.5-turbo-0613
(finetuned w/ prompt)

99.1 97.2 98.4 99.5 96.8 98.1 99.7

GPT-3.5-turbo-0613
(finetuned w/o prompt)

98.6 97.9 98.6 99.7 97.6 98.1 99.8

Mistral-7b-insturct-v0.2 
(finetuned w/ prompt)

98.2 99.0 99.2 99.4 99.0 98.6 99.8

Mistral-7b-insturct-v0.2 
(finetuned w/o prompt)

98.4 99.3 98.8 99.6 98.9 98.5 99.5

Llama3-8b-insturct
(finetuned w/ prompt)

97.2 96.6 97.1 97.5 96.4 96.1 96.2

Llama3-8b-insturct
(finetuned w/o prompt)

97.8 97.1 97.9 98.8 96.6 97.6 98.8

Llama2-13b-insturct
(q-lora finetuned w/ prompt)

96.8 96.3 91.6 96.9 96.8 90.1 96.9

Llama2-13b-insturct
(q-lora finetuned w/o prompt)

97.0 96.8 92.1 97.9 97.2 90.3 98.3

T5-base
(finetuned)

97.2 92.3 97.6 93.6 86.2 94.0 87.8

Bart-base
(finetuned)

95.3 77.2 97.2 73.7 80.4 96.7 81.0

GPT-4-0613
(one-shot)

98.6 96.6 89.6 95.6 96.2 88.0 96.7

GPT-4-0613
(zero-shot)

94.5 97.4 91.8 97.1 97.0 90.3 97.6

GPT-3.5-turbo-0613
(one-shot)

97.6 95.7 94.9 97.4 95.9 96.0 97.9

GPT-3.5-turbo-0613
(zero-shot)

91.6 95.2 90.5 95.4 94.8 90.1 97.4
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Table S13 Exact match accuracy of Paragraph2NMR

Model IUPAC
1H 

NMR 
text

1H NMR 
conditions

1H 
NMR 
data

13C 
NMR 
text

13C 
NMR 

conditions

13C 
NMR 
data

GPT-3.5-turbo-0613
(finetuned w/ prompt)

96.0 86.7 93.0 94.0 87.0 92.7 95.7 

GPT-3.5-turbo-0613
(finetuned w/o prompt)

96.3 85.3 92.3 94.7 85.7 91.0 95.0 

Mistral-7b-insturct-v0.2 
(finetuned w/ prompt)

95.7 82.0 92.3 92.3 84.7 90.3 95.3 

Mistral-7b-insturct-v0.2 
(finetuned w/o prompt)

94.7 84.3 92.7 93.0 86.3 92.7 94.3 

Llama3-8b-insturct
(finetuned w/ prompt)

89.3 83.7 91.0 90.7 83.0 90.3 89.3 

Llama3-8b-insturct
(finetuned w/o prompt)

92.7 84.3 91.3 92.7 82.7 91.0 92.3 

Llama2-13b-insturct
(q-lora finetuned w/ prompt)

91.0 82.3 85.3 90.0 83.0 82.7 89.7 

Llama2-13b-insturct
(q-lora finetuned w/o prompt)

89.3 82.3 86.3 91.3 86.0 84.3 93.0 

T5-base
(finetuned)

88.7 5.0 86.0 76.7 4.7 80.3 73.0 

Bart-base
(finetuned)

64.3 2.0 90.3 9.0 8.0 87.0 13.3 

GPT-4-0613
(one-shot)

94.7 84.7 79.3 72.3 82.0 78.3 90.0 

GPT-4-0613
(zero-shot)

48.0 78.0 84.3 83.7 75.0 83.3 89.0 

GPT-3.5-turbo-0613
(one-shot)

92.0 67.0 85.7 72.3 70.0 88.0 89.7 

GPT-3.5-turbo-0613
(zero-shot)

37.4 61.3 76.3 71.7 63.7 75.7 88.7 
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5.5.  Performance of Paragraph2Action

Table S14 Performance of GPT-3.5-Turbo-0126 using In-context Learning and 

Fine-tuning for Paragraph2Action

Model Strategy
100%

acc
90%
acc

75%
acc

Modified
BLEU 
score

Levenshtein 
similarity

GPT-3.5-turbo-0126 
(30-shots)

0.1790 0.2840 0.4744 0.5016 0.6742

GPT-3.5-turbo-0126
(60-shots)

0.1960 0.2983 0.4772 0.5098 0.6663

GPT-3.5-turbo-0126 
(60-shots)

0.2131 0.3153 0.5170 0.4895 0.6943

GPT-3.5-turbo-0126
 (120-shots)

In-context 

Learning

0.2273 0.3153 0.5057 0.5440 0.6826

GPT-3.5-turbo-0126 
(30-data)

0.3807 0.4659 0.6477 0.6889 0.7548

GPT-3.5-turbo-0126 
(60-data)

0.2642 0.3580 0.5398 0.5885 0.6765

GPT-3.5-turbo-0126 
(90-data)

0.3892 0.4716 0.6648 0.6987 0.7616

GPT-3.5-turbo-0126
(120-data)

Fine-tuning

0.4204 0.5057 0.6818 0.7224 0.7812
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5.6. Performance Trends with Increasing Training Data

Fig. S11. Performance Improvement with Increasing Training Data
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6. Analysis of Error Predictions by Fine-tuned ChatGPT

For each task, we have taken some examples where the prediction does not 

completely match to the ground truth label.

6.1.  Error cases for Paragraph2Compound Task

Fig. S12. Example of incorrect predictions for Paragraph2Compound task. 
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6.2.  Error cases for Paragraph2RXNRole Task

Fig. S13. Example of incorrect predictions for Paragraph2RXNRole task.
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6.3.  Error cases for Paragraph2MOFInfo Task

Fig. S14. Example of incorrect predictions for Paragraph2MOFInfo task. The cells in 
green represented the annotated label (ground truth). The cells in blue represented the 
predictions.
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6.4.  Error cases for Paragraph2NMR Task

Fig. S15. Example of incorrect predictions for Paragraph2NMR task.
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6.5.  Error cases for Paragraph2Action Task

Fig. S16. Example of incorrect predictions for Paragraph2Action task.
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