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Information Extraction in Materials Science Based on Large Language Model
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Abstract: The distinctive terminology and intricate semantic relationships inherent to scientific literature continue to present a significant ob-
stacle to directly utilizing existing LLM for the extraction of specialized domain knowledge. This study aims to address the limitations in the
knowledge extraction capabilities of LLM within the field of materials science. We put forth a methodology to augment their efficacy through do-
main—specific fine-tuning and illustrate the deployment of the fine—tuned LLM for the extraction of pivotal information from materials science
literature. The preliminary stage of the methodology utilises LLM with robust linguistic capabilities and prompt engineering to facilitate the
manual annotation of the materials domain dataset. Subsequently, fine—tuning of QLoRA is performed on LLM with parameter 7B, thereby en-
abling the fine—tuned LLM to accurately extract information from materials science literature in accordance with the instructions. The fine—
tuned LLM demonstrated exceptional performance in material entity recognition, achieving an F1 score of 0.94. It also showed high accuracy in
material type recognition and material property value extraction, with scores of 0.91 and 0.89, respectively. The experimental results demon-
strate that the method is effective in addressing complex terminology and semantic relationships in materials science literature , exhibiting ro-
bust generalization capabilitiesand offers a novel approach to knowledge extraction in the field of materials science.
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The all-PSC based on PN-Se as polymer acceptor and PBDB-T36 as polymer donor
demonstrated a high PCE of 16.16% with a Voc of 0.907 V, Jsc of 24.82 mA cm-2, and FF of 0.718,
while the PS-Se-based all-PSC showed a moderate PCE of 13.83% with a Voc of 0.874 V, Jsc of

23.27 mAcm-2, and fill factor (FF) of 0.680.

Question: Based on the Input: List material names which could be found in the sentence.
Don't use a full sentence. Only give the material names and split with "\n".

PN-Se
PBDB-T

Question: Based on the Input. what role does PN-Se play? You can choose from the following types

{

ATEEZ ¥ PN-Se
248: acceptor
PCE: 16.16%

"donor" "acceptor" and "other". Don't use a full sentence. Give the type only. )

TSR
acceptor

Question: Based on the Input. What is the PCE value of the PN=S& . Give the number only with

units, don't use a full sentence.

16

Fig.1 The example of manual annotation combined with prompts
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### Instruction: You are a chemical and material assistant. Your task is to find a specific type of material.

### Question: Based on the following sentence: The absorption spectra for the donor D149 and the acceptor

C70 and PC70BM are quite similar in the absorption region, but with differences in the density of each absorption peak.
What is the acceptor material that appears in the text. Don't use a full sentence. Only give the material names

and split with "\n"". If the acceptor material is not present give "None™".

##H# Answer:

C70
PC70BM

Fig. 2 The example of instruction dataset
B2 iELHIEETRA)
Table 1 The questions and instructions included in the instruction dataset

®1 ESEPESHEENES

TE55 2 84 [1a] 2t
List material names which could be found in the sentence. Don't use a full sentence. Only give the materi-
. . . al names and split with "\n". If the material name is not present type "None". Don’t explain why and gener-
N You are a chemical and material assistant. Your
MR FR ate other words which is not in the sentence.

task is to extract material name. . . . . . . .
Provide a list of materials present in the given sentence, separated by "\n". If no materials are mentioned ,

simply state "None"

According to the above sentence, answer what role does {MAT! play? You can choose from the following

"o,

types "donor" "acceptor" and "other". Don't use a full sentence. Give the type only. the type of {MAT is

You are a chemical and material assistant. Your

MR . . " . . What is the {TYPE! material that appears in the text. Don’t use a full sentence. Only give the material
task is to find a specific type of material.
names and split with "\n". If the {TYPE| material is not present give "None". Don't explain why and gen-
erate other words which is not in the sentence.
[ You are a chemical and material assistant. Your What is the {PROPERTY | value of the {MAT!. Give the number only with units, don’t use a full sen-

task is to find an attribute value of material. tence. if the value is not present type "None". Don’t explain why.
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Fig.3 The distribution of Token lengths in training samples
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Fig. 4 The loss variation of different LLMs during fine—tuning
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Table 3 The results of entity recognition and type classification in the
field of organic optoelectronic materials for fine—tuning LL.Ms and
pre—trained modules
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#i)\: We observed that the CT emissions gradually decreased and finally disappeared \

fully realized.

LLMZ Z: other

\QI%E: acceptor

from J71:ZITI-S, J71:ZITI-C to J71:ZITI-N blends, which means that, when the
active layers have both optimized morphology and excellent absorption, by narrowing
HOMO offset between donor and acceptor materials, the superiority of NFAs can be

[a]#: According to the above sentence, answer what role does ZITI-S play? You can
choose from the following types ""donor"" ""acceptor"" and ""other"".

/

Fig. 5 Examples of incorrect answers in the material type discrimination task
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Table 4 The impact of different values of r on the fine—tuning results
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Fig. 6 The results of the Mistral model after fine—tuning with train-

ing data from other domains
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Table 5 The results of fine—tuning with different combinations of
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Fig. 7 The training loss of the Mistral model with different combina-
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Table 6 The generalization ability of different LLMs in material type
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Fig.8 Common donor and acceptor materials and trend of PCE changes
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