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Fig. 1 Solid-state electrolyte synthesis information extraction process
¢ 'SSE': {
LiSiPSCI electrolyte powders ‘product’: {

were svnthesized by a solid - ‘name’: LiSIPSCI electrolyte powders'

state method [23‘“]' The ‘)}ncthod" ‘solid-state method'’,
above-prepared SiS2and ‘raw_material’: [SIS2', 'Li2S', "P255', 'LiCI',
commercial Li2S (Aladdin: 99.5 ‘step': {

wi%)., P2S5(9 Ding Chem. Co.. mix: {

China; 99 wt%) and LiCl
(Sigma-Aladdin: 99 wt%) 3
powders were mixed according ‘seal’: {

to the nominal molar ratio of linstrument’: ZrO2 pot’,
Li9.54Si1.74P1.44S11.70C10.30. volume: 120 m!

Then the mixture was sealed in
a ZrO2pot (120 ml in volume)
containing a certain amount of
ZrO2balls (¢10 mm. balls : )
powders =30 : 1. wt%) and ‘press': {

ground in a planetary ball mill ‘instrument': ‘stainless-steel die’,
at 370 rpm for 40 h. The ball - load'1 t (127 MPa)',

milled powder was pressed into size: 110 mm

pellets with a stainless -steel die 'I‘wcatt(

($10mm) under a load of 1 t ‘temperature’: '450 / 475 / 500°C,
(127 MPa). Pellets were scaled ‘time': '8 b,

in tubes under vacuum and then
heated at 450 /475 /500 °C for
8 h (labeled as SE-450, SE-475,
SE-500, respectively). Finally,

)
‘grind: {

‘instrument’: ‘planetary ball milf',
‘speed': ‘370 rpm,

‘time: '40 h'

}
‘ground”: {},
‘preserve’: {
‘instrument': ‘glove-box’

}

‘reagents” ['SiS2', ‘Li2S', 'P2S5', 'LiCI'],
‘ratio’: 'Li9.545i1.74P1.44511.70CI0.30"

‘label": ['SE-450', 'SE-475', 'SE-500]

they were taken out, ground to )
powders and preserved in the }
glove-box. }
Paragraph Extraction Flow chart
B2 A AR S S S SRR

Fig. 2 Solid-state electrolyte synthesis information extraction example
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Paragraph classification dataset

{"role": "system", "content": "You are a text classifier, analyze and judge whether the following text is a description of the solid electrolyte preparation process. If

| so, the output number is 1, otherwise the output number is 0."},

| {"role": "user", "content": To prepare L-DTFTE electrolyte, DME and TFTE solvents with a volume ratio of 1:1 were stirred in a plastic vial inside the glove box
| for 1\u00a0h to form a homogenous solution. Afterward, 2\u00a0M LiFSI was added to the above solution and stirred for 2\u00a0h. For the LN-DTFTE electrolyte,

| volume of DME solvent and stirred for 0.5\u00a0h to form a homogenous solution. After that, 2\u00aOM LiFSI (based on the total volume of DME and TFTE solvents
| (1:1 with volume ratio)) and the corresponding volume of TFTE solvent was added in the obtained homogenous solution and stirred for 1\u00a0h to get LN-DTFTE

[ electrolyte. The obtained electrolytes were stored in the glove box with H20 content <1\u00aOppm and O2content <1\u00aOppm before use.},

[ {"role": "assistant", "content": 1}

|
\
\
\
\
\
[ 0.1\u00a0M LiNO3(based on the total volume of DME and TFTE solvents (1:1 with volume ratio)) was added in a plastic vial only containing the corresponding ‘
\
\
\
\
\
\
|

{ Synthetic information extraction dataset

|

| .
| messages = [
|

{"role": "system", "content": "You are a material synthesis information extraction scientist, extract the catalyst synthesis route from the following."},

{“role”: “user”, “content”: The supported tungsten oxide catalysts were all prepared by incipient wetness impregnation of aqueous ammonium metatungstate,
(NH4)10W12041-5H20 (Pfaltz & Bauer, 99.5% purity), onto different oxide supports: A1203(Harshaw/Engelhard, 178 m2/g), TiO2(Degussa P-25, 51 m2/g),

|calcincd in flowing air for 4 h at 450 °C. Several supported WO3/ZrO2catalysts were also calcined at elevated temperatures (700-900 °C) to examine the effect of

calcination temperature. },

{"role": "assistant", "content": {'Catalyst': {'product': 'supported tungsten oxide catalysts', 'method": 'incipient wetness impregnation', 'raw material':
|['(NH4)10WI2041¢5H20‘, 'Al1203', 'Ti02', 'Nb205', 'ZrO2'], 'step': {'impregnation": {'reagents': ['\(NH4)10W12041-5H20", 'A1203', 'TiO2', Nb205', 'ZrO2']}, 'dry"
{'temperature': 'room temperature', 'time': 'overnight'}, 'calcined": {'temperature': '450 °C', 'time': '4 h', 'atmosphere': 'flowing air'}, 'calcined2": {'temperature': '700-900

|°C‘. 'time': '4 h', 'atmosphere': 'flowing air'} } } } }

|
\
\
\
\
\
Nb205(CBMM AD1927 HY-340, 66 m2/g), and ZrO2(Degussa, 60 m2/g). After impregnation, the samples were initially dried at room temperature overnight and then |
\
\
\
\
\
\
\
\

K3 R EdESE R

Fig. 3 Examples of fine-tuning datasets
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Fig. 5 Validation loss curve and training loss curve of the 3B model in the paragraph classification task
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Large Language Models Extract Synthesis Information of Lithium-ion Battery Solid-state
Electrolytes from Literature
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Extended Abstract

Introduction Lithium-ion batteries are widely used in electric vehicles due to their high energy density and environmental
compatibility, but their safety and endurance are limited by liquid-state electrolytes. Solid-state electrolytes have attracted recent
attention for their high safety and energy density, but their research faces some challenges. Artificial intelligence technologies, such as
machine learning, can accelerate the discovery and optimization of solid-state electrolyte materials. However, extracting synthesis
information from literature is time-consuming and prone to errors. Large language models (LLMs) become popular in the field of
natural language processing. This paper was to propose the use of LLMs to automatically extract solid-state electrolyte synthesis
information from literature via building datasets to train and fine-tune models.

Methods The process of extracting synthesis information for solid-state electrolytes included five parts, i.e., literature downloading,
parsing and processing, paragraph classification, information extraction, and synthesis process visualization. Initially, the downloaded
XML documents were parsed to extract all paragraphs under the headings of "Experimental" or "Method". A classification dataset
was constructed using these paragraphs, with the training set used to train and fine-tune a Bayesian model, a BERT model, and three
different LLMs. The test set was used to evaluate the classification performance of different models. Three LLMs are fine-tuned using
a dataset previously built for the extraction of synthesis information in inorganic catalysts, enabling them to complete the task of
extracting synthesis information for solid-state electrolytes, outputting four parts of contents, i.e., product, raw materials, methods,
and steps, and testing and evaluating with the synthesis paragraphs filtered by the classification models.

Results and discussion The NB model slightly underperforms the other models in terms of precision, recall, and F1 score. This
may be attributed to the pre-training of LLMs and BERT on extensive text data and their fine-tuning on paragraph classification data,
endowing them with strong language comprehension abilities. The comparable overall performance of the 3B and 8B models may be
attributed to the 3B model being derived from the 8B model through pruning and knowledge distillation, resulting in similar
performance characteristics. The classification task in this paper is limited to the classification of solid-state electrolyte synthesis
paragraphs and the training and testing data are relatively scarce, the superior performance of the 7B model does not imply that it is
always superior to other models. The comparison between the 3B and 8B models demonstrates that in certain scenarios,
smaller-parameter models can outperform their larger-parameter counterparts. Therefore, it is not always necessary to pursue models
with more parameters. Instead, reasonable choices should be made based on the specific requirements of the task. In misclassifications,
there is a higher incidence of predicting label 0 as 1, which may be due to the inclusion of descriptions of electrode preparation and
battery assembly in paragraphs about non-solid electrolytes, involving the use of electrolytes, leading to the model to misjudge these
paragraphs as solid-state electrolyte paragraphs. To further enhance the classification performance of LLMs, the way prompts the
construction of the dataset that can be adjusted to allow LLMs to better understand the subtle differences between different
paragraphs.

The three LLMs perform exceptionally well in the task of extracting synthesis information for solid-state electrolytes,
demonstrating that the combination of pre-training and fine-tuning can fully leverage the text understanding and instruction following
capabilities of large models, making them competent for the crucial task of extracting important information from the synthesis
process of solid-state electrolytes. Moreover, the fine-tuning dataset used originates from the field of inorganic catalysts and shows
excellent performance in the field of solid-state electrolytes, indicating a great generalization ability of large models. They learn the
ability to extract structured information from unstructured text, rather than just extracting information about fixed materials and
synthesis processes. The extraction effects of the 3B, 7B, and 8B models are comparable, indicating that the size of the model is not a
sole factor determining performance. The design and training strategies of the models are equally important.

Conclusions In the paragraph classification task, LLMs and BERT, benefiting from their pre-training on large-scale text data and
fine-tuning for specific classification tasks, demonstrated classification performance that surpassed that of Bayesian models. Among
the LLMs of different sizes, the 3B model, derived from the 8B model through pruning and knowledge distillation, showed similar
classification effectiveness to the 8B model. The 7B model achieved an F1 score exceeding 0.9, thus highlighting its superior
performance in handling such tasks.

In the synthesis information extraction task, LLMs were fine-tuned using a dataset of inorganic catalyst synthesis information.
The results showed that the F1 scores of all three models exceeded 0.9, demonstrating great generalization capabilities of LLMs. This
indicated that LLMs could learn the ability to extract structured information from unstructured text, rather than just extracting
information about fixed materials and synthesis processes. The extraction performance of the 3B model was slightly better than that of
the 7B and 8B models, thus indicating that the number of parameters could not be a sole factor determining performance. The design
and training strategies of the models could be equally important.

Keywords large language models; lithium-ion batteries; solid-state electrolytes; extraction



