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Instruction Tuning for Developing Large Language Models
Specialized in Chemical Domain
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In recent years, notable progress in natural language processing (NLP) has been attributed to the advent of large
language models (LLM), exemplified by innovations such as chat generative pre-trained transformer (ChatGPT)
developed by OpenAl. Complementary LLMs such as Llama and Vicuna, are also being rapidly developed.
Despite these advancements, LLMs still have limitations because of their training on generic text sources like
Wikipedia. While some LLMs are trained on data spanning multiple domains, they often exhibit suboptimal
performance in specialized domains like chemistry or finance. This study aims to address this limitation by
developing an LLM specialized for the chemical domain through instruction tuning. We use a diverse dataset in
both Korean and English, encompassing multiple tasks such as summarization, keyword extraction, and question
answering for instruction tuning. The baseline model for our study is Llama2. Evaluation using both Korean and
English datasets demonstrates that our specialized Llama2 outperforms its untuned counterpart in both
languages. This demonstrates the effectiveness of our approach in enhancing the performance of models across
languages and domains, particularly in chemistry. Additionally, we propose efficient instruction tuning strategies

through various experiments.
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153

o[E{ Al o] w3 F-Za}7] Wi, B AT A& <Figure 1>9]
Step 17} o] 53} Hof Y 1E HloJE & F714 0.2 A3}
At F7HAQ A Ao T Ho|HAL 7]1E 38 o H o]
EW&% 71HEO 2 GPT-3.5, GPT-4% A3 A3t A4

dolHAE “«(F, AA o, H) #o2 FAHH, 89k

aéé,a%a?ﬁiﬁﬂ%%:@ééﬂﬁTQMAﬂﬂﬂ
Fgoll AHgdlet
209 F3 Aol A-43 Ho AL 85 Bop = F %

& wgo® F4% 7]€ Royal Society of Chemistry
Summary(RSCSUM)(Chen et al., 2020) H o] E]Al-& H 3}
AHEFTE o] HolE Al (Lo, “AlE”, “2F7) FHE
TR = o] glom, Bt dlo]HE A(chat) 2EFY R ¥ 33l
AEAT =E 25& GPT ZR ol Y stod, ofof thgk 8.9

= =] >
T3 A4 dojE YIS At} o W, =% 257 T
- - o =
g 224 042 2 AT 44 33 BIL A s
@/
( Output 1:Conjugated
oligoelectroytes (COEs)
— increase outer membrane
permeability in ...
Output 2: 0: “oligoelectrolytes”.
N 1: “CIEs”
®

{*Ql: ‘Au, Pt’, ‘Q2’: ‘glassy
carbon (GC)’,
‘Q3’: “The GC imprint mold
was ...

N _>

© £

Output 1: 0.001
Output 2: 0: 1 poise = 0.1kg/ms

o]
o

Step 2. Instruction tuning

Figure 1. Overall framework of our instruction tuning. In Step 1, instruction tuning datasets are generated through LLM APIs. In Step 2,

instruction tuning is performed on Llama2 for various tasks. (@) Example of a summarization and extraction task, () Example

of an information extraction task, and (©) Example of a text classification task

Table 1. Example of a Summarization and Extraction Task

Input

Abstract: “Conjugated oligoelectrolytes (COEs) boost the electrical performance of a wide range of bioelectrochemical systems,

yet their mechanism of action remains incompletely understood. One possible -

”»

Prompt: You are an expert in Chemistry and reviewer for the Royal Society of Chemistry. Write a very short summary of this

text and a list of chemical compounds mentioned in the test.”

Output
Summary:

“Conjugated oligoelectrolytes (COE) increase outer membrane permeability in Escherichia coli,

improve transport of

small molecules through the cell envelope and thus accelerate whole-cell catalysis.”

“oligoelectrolytes”, 1: “COEs”}

Chemnames: {0:
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Table 2. Example of a Summarization and Translation Task

Input

Text: “Metal assisted chemical etching (MACE), as an emerging wet chemical etching method for fabricating semiconductor
micro / nano-structures (MNS), has attracted wide attentions because of the advantages of --+”

Prompt: “From now on, answer my question absolutely in accordance with the JSON format for the preceding article. ‘Key’ in
JSON format is ‘Q1’, ‘Q2°, ‘Q3” and corresponding ‘VALUE’ for each question record your answer. {‘Q1’: your answer, ‘Q2’:
your answer, ‘Q3’: your answer}. Q1) Summarize this document in three sentences in Korean. Q2) Write in Korean within 20

”

words about the purpose of writing this document. Q3) Write in Korean within 20 words about the result of writing this document.

Answer: “{‘Q1": ‘T& A Y33 A F(MACE) 7l& /MAsty] Hd 7188 yedzdE BHe AR, Q2 =
& oot 5 o] 29SS WASHEA BEA weldR/Ukx FEES AFSe Aol FHY”, Q3 GC YxYzd
E 58< /\}%3}@1 14% WEA melag/ My FRES AFse WHe AUF Y

fr o

Table 3. Example of an Information Extraction Task 1

Input

Text: “Metal-assisted chemical etching (MACE), as an emerging wet chemical etching method for fabricating semiconductor
micro / nanostructures (MNS), has attracted wide attention because of the advantages of ---”

Prompt: “From now on, answer my question absolutely in accordance with the JSON format for the preceding article. ‘Key’ in
JSON format is ‘Q1°, ‘Q2’, ‘Q3” and the corresponding ‘“VALUE’ for each question records your answer. {‘Q1’: your answer, ‘Q2”:
your answer, ‘Q3’: your answer, ‘Q4’: your answer}. Q1) Tell me what catalyst material is used in this literature, if there is no
mention then answer ‘N/A’. Q2) Tell me which support material is used in this literature to improve the activity of the catalyst
or to stably immobilize it, if there is no mention then answer ‘N/A’. Q3) If a special processing method has been applied to support
material, tell me that method. Q4) Tell me for what purpose the treatment was introduced into Support material.”

Output
Answer: “{‘Q1’: ‘Au, Pt’, ‘Q2’:’glassy carbon (GC)’, ‘Q3’: ‘The GC imprint mold was connected to a Pt sheet in the
cathodic chamber’, ‘Q4”: ‘To overcome the poor electrocatalytic activity of GC.’}”
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Table 4. Example of an Information Extraction Task 2

Input

Text: “A high-performance anion exchange membrane (AEM) is critical for the development of alkaline fuel cell. In this
work, AEMs with an interpenetrating polymer network (IPN) are synthesized. -

Prompt: “The water uptake is expressed with various expressions such as ‘WU’, ‘water absorption’, ‘water affinity’. Do not
extract the properties of the following stop list exception rate, relatively humidity (RH), acid recovery, power density,
desalination rate, coulombic efficiencies, energy efficiencies, mechanical strength. Extract all the water uptake value including
its unit and replace the ANSWER2 with them. If the document has no water uptake, write ‘-’ without attaching any other
explanation for the value. Extract all the material name matched with the water uptake above and replace the ANSWERI
with it. If the document has no material name, write ‘-’.”

System: “You are my engineering assistant, an expert in anion exchange membrane research. Answer the questions about the
above document accurately by strictly matching the dictionary FORMAT below. {‘AEM_MAT’: {ANSWERI: {‘WU’:
ANSWER2}}}”

Output
Answer: “{*AEM_MAT’: {-: {WU": ‘’}}}”

Table 5. Example of a Text Classification Task

Input

Question: “&2] HAA() 0.01 poiseE SI GAZ FAISH & 2 kg/ms7F H=71 B7]: D0.001 20.01 30.1 @1 G107
Prompt: &4 AEd dGsle G FE «ByoA ZFu AP S-S {‘Answer’: your answer, ‘Explanation’: your
answer} FEIE Z¥s}A Q.

Output

Answer: “{‘Answer’: @ 0.01, ‘Explanation’: 1 poise = 0.1 kg/ms}”
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o, Z dlo]E Al thgh 8ok <Table 6>l 23t Th.

Table 6. Description of Instruction Tuning Datasets

The number
Dataset Task of dataset
samples
Summarization and Extraction 30,776
Summarization and Translation 1,345
LG Chem
Information Extraction 1 4,035
Information Extraction 2 3,510
Chemrxiv: Keyword Extraction 6,269
Adnerson_chemistry: Question 150
Public Answering
HydralLM_chemistry:
Question Answering with long 255
answers
Korean Text Classification 12,280

1) LG Chem ©l o] E} Al

LG Chem Blo[EHAE LG 38t -9 A&7 I8 4 &
A AT ZoF HlolEAlE 2&35t] F5E AT o] HolHA
-2 proton exchange membrane(PEM) S A7+ #-ok9} #A 3}

)
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Table 7. Evaluation results of F1 score with “no tuning” model
for each sub-category dataset in MMLU dataset. Bold
indicates the best performance between results among

model sizes

Model High School College Average
Llama2 - 7B 0.3596 0.2700 0.3148
Llama2 - 3B 0.4286 0.3900 0.4093

Table 8. Evaluation results of F1 score with “no tuning” model
for each sub-category dataset in Korean dataset. Bold

indicates the best performance among model sizes

Model High School| College |Professional| Average
Llama2- 7B 0.2732 0.2672 0.2665 0.2741
Llama2- 13B| 0.3319 0.3161 0.3110 0.3277
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Table 9. Evaluation results of F1 score for each sub-category
dataset in MMLU dataset. Bold indicates the best
performance among results from the instruction

tuning dataset

Instruction tuning High School | College Average
dataset

No tuning 0.4286 0.3900 0.4093

English 0.4286 0.4000 0.4143

Korean 0.4433 0.4200 0.4317

Total 0.4286 0.4200 0.4243

Table 10. Evaluation results of F1 score for each sub-category
dataset in Korean dataset. Bold indicates the best
performance among results from the instruction

tuning dataset

Instruction ) .
. High School| College | Professional | Average
tuning dataset
No tuning 0.3319 0.3161 0.3110 0.3277
English 0.3480 0.3436 0.3134 0.3435
Korean 0.3587 0.3680 0.3622 0.3645
Total 0.3648 0.3658 0.3436 0.3655
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Table 11. Evaluation results comparing the F1 score of the original
Llama2 and Chat-Llama2 for each sub-category
dataset in MMLU dataset. Bold indicates the best

performance between the two types of Llama2 models

Instruction tuning High School| College Average
dataset
Original 0.4680 0.4200 0.4440
Chat 0.4286 0.3900 0.4093
Original + English 0.4286 0.4000 0.4143
Chat + English 0.4138 0.3800 0.3969
Original + Korean 0.4433 0.4200 0.4317
Chat + Korean 0.4532 0.3700 0.4116
Original + Total 0.4286 0.4200 0.4243
Chat + Total 0.4187 0.3900 0.4044

Table 12. Evaluation results comparing the F1 score of the original
Llama2 and Chat-Llama2 in for each sub-category
dataset Korean dataset. Bold indicates the best

performance between the two types of Llama2 models

. o])\g_/': .

Instru(cig;r;e:umng S}jllli}(l)l College [Professional| Average
Original 0.3453 0.3466 0.3288 0.3456
Chat 0.3319 0.3161 0.3110 0.3227
Original + English| 0.3480 0.3436 0.3134 0.3435
Chat + English | 0.3375 0.3225 0.3204 0.3327
Original + Korean| 0.3587 0.3680 0.3622 0.3645
Chat + Korean | 0.3610 0.3681 0.3524 0.3655
Original + Total | 0.3648 0.3658 0.3436 0.3655
Chat + Total 0.3616 0.3715 0.3540 0.3678
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