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Synthesis of polymeric materials assisted by large-scale language models and robotic devices

('Tokyo Institute of Technology, *Tohoku University)
Kan Hatakeyama', Hiroki Ishikawa', Shinya Takaishi?, Yuta Nabae', Teruaki Hayakawa'

Automating chemical research using deep learning models, such as GPT-4, is gaining
attention. One of its applications is collaboration with robotics, where precise control and
acceleration of material processes are expected. This presentation will introduce its
characteristics via polyimide synthesis. Additionally, we will discuss the status and challenges
of large language models and laboratory automation.

Keywords : Materials informatics, Deep learning, Robotics
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3. D. A. Boiko, R. MacKnight, et al., Nature, 2023, 624, 570-578.

4, K. Hatakeyama-Sato, N. Yamane, et al., Sci. Technol. Adv. Mater.: Methods, 2023, 3,
2260300.

5. Google DeepMind RT-2: New model translates vision and language into action.

https://deepmind.google/discover/blog/rt-2-new-model-translates-vision-and-
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N. J. Szymanski, B. Rendy, et al., Nature, 2023, 624, 86-91.

K. Hatakeyama-Sato, S. Watanabe, et al., Digital Discovery, 2023, 2, 1548-1557.
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Exploration and Enhanced Performances of Functional Organic Materials by Small-Data-
Driven Materials Informatics (Faculty of Science and Technology, Keio University) OYuya
Oaki

Our group has developed materials informatics combining sparse modeling and chemical
insight for small data to optimize processes and explore new materials. I introduce the method
of spars modeling for small data (SpM-S) and its case studies to explore new functional organic
materials for energy-related applications, such as battery and electrocatalyst.

Keywords : Small Data; Materials Informatics, Sparse Modeling; Conjugated Polymers;
Energy-related Applications
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1) Y. Oaki, Y. Igarashi, Bull. Chem. Soc. Jpn. 2021, 94, 2410 (Account). 2) G. Nakada, Y. Igarashi, H.
Imai, Y. Oaki, Adv. Theory Simul. 2019, 2, 1800180. 3) K. Noda, Y. Igarashi, H. Imai, Y. Oaki, 4dv.
Theory Simul. 2020, 3, 2000084. 4) R. Mizuguchi, Y. Igarashi, H. Imai, Y. Oaki, Nanoscale 2021, 13,
3853.5) Y. Haraguchi, Y. Igarashi, H. Imai, Y. Oaki, Adv. Theory Simul. 2021, 4, 2100158. 6) K. Noda,
Y. Igarashi, H. Imai, Y. Oaki, Chem. Commun. 2021, 57,5921. 7) H. Numazawa, Y. Igarashi, K. Sato, H.
Imai, Y.Oaki, Adv. Theory Simul. 2019, 2, 1900130. 8) T. Komura, K. Sakano, Y. Igarashi, H. Numazawa,
H. Imai, Y. Oaki, ACS Appl. Energy Mater. 2022, 5, 8990. 9) K. Sakano, Y. Igarashi, H. Imai, S.
Miyakawa, T. Saito, Y. Takayanagi, K. Nishiyama, Y. Oaki, ACS Appl. Energy Mater. 2022, 5,2074. 10)
H. Tobita, Y. Namiuchi, T. Komura, H. Imai, K. Obinata, M. Okada, Y. Igarashi, Y. Oaki, Energy Adv.
2023, 2,1014. 11) W. Hamada, M. Hishida, R. Sugiura, H. Tobita, H. Imai, Y. Igarashi, Y. Oaki, J. Mater.
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Digital Discovery 2022, 1, 26. 13) J. Suzuki, A. Ishizone, K. Sato, H. Imai, Y. J. Tseng, C. H. Peng, Y.
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Co-creation of polymer properties data platform by automated molecular simulation through
industry-academia collaboration ('The Institute of Statistical Mathematics, Research
Organization of Information and Systems) (O Yoshihiro Hayashi'

In recent years, data-driven materials design techniques, known as materials informatics,
have been rapidly introduced into the field of materials research. Needless to say, the most
important resource of data-driven research is data. However, the amount of data on polymeric
materials is overwhelmingly small, and at present there is practically no polymer property
database that contributes to data-driven research. In order to develop a database of polymer
properties based on molecular simulations, we have developed RadonPy,"» a Python library
that supports the automation of polymer property calculations based on molecular dynamics
(MD) simulations. RadonPy fully automates a series of processes required to perform MD
calculations, including initial structure generation, charge and force field assignment,
equilibration and nonequilibrium MD calculations, and calculation of physical properties. The
vast computational resources of Fugaku and the industry-academia collaboration of 5
universities and 30 companies, led by the Institute of Statistical Mathematics, are producing
data with the aim of constructing a database that includes more than 103 polymer skeletons.

Equilibration calculations for about 77,000 (3 mp simulation

polymers were completed by the end 0f 2023 ce (oo xpansion conticient
using RadonPy, of which thermal .. o3 g“_mmg s
conductivity calculations for about 71,000 :*= ;i' 5 oo

polymers and Tg calculations for about ¥ i : ’

40,000  polymers  were  completed. == m,ar

Comparison ~ of the calculated —and " o s s v oo oo o
experimental values showed that there were {b) Transfor leaming Reducing biss and variance

large systematic biases and wvariations in c Linear expansion coefficient

specific heat and coefficient of linear N

20001 Llcr o

expansion. The gap between the calculated <

and experimental values can be corrected by a -
machine learning method called transition .. / g ool f "

learning, as shown in Fig. 1. To quantify the —— ) “°°°3%:TH:T:2' o e |
value of the database from simulations, we

observed a scaling law for the prediction
accuracy of transition learning with respect to
the number of simulated data. This scaling law has been shown to theoretically follow a power
law, and we observed that the prediction accuracy improves in accordance with the power law
for the RadonPy simulation data, as shown in Fig. 2. This scaling curve enables us to estimate
the number of data required for the database and the achievable prediction performance, which
is an important guideline for constructing the database.

Figure 1. Calibration of MD calculated values by

the transfer learning.

© The Chemical Society of Japan - G02-2pm-03 -



G02-2pm-03 BAL$4 H104EFES (2024)

In addition’ Bayesian Prediction of refractive index Prediction of thermal conductivity

optimization and automatic "
simulation using RadonPy
are combined to design
polymers with desired
properties. An example of
molecular  design  of
polymers with both a hlgh Number of simulation data Number of simulation data
refractive index and a high Figure 2. Scaling law of transfer learning using simulation data.

Abbe number, which are required for optical polymers, will be presented.

Keywords : Materials Informatics; Polymer Informatics; Molecular Dynamics Simulation;
Transfer Learning; Industry-Academia Collaboration
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1) Y. Hayashi, J. Shiomi, J. Morikawa, R. Yoshida, npj Comput. Mater. 2022, 8, 222.
2) https://github.com/RadonPy/RadonPy
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Development of OLED materials with Inverted Singlet and Triplet Excited States (' Graduate
School of Engineering, Osaka University) ONaoya Aizawa'

Organic light-emitting diodes (OLEDs) are highly valued for thin, flexible displays but are
limited by a maximum 25% efficiency due to the 1:3 singlet to triplet exciton ratio in electron-
hole recombination. Researchers are addressing this limitation by using thermally activated
delayed fluorescence (TADF) materials, which convert non-emissive triplet excitons into
emissive singlet excitons through reverse intersystem crossing (RISC).! However, challenges
such as slow RISC and efficiency roll-off at high currents persist. To screen TADF materials
with fast RISC, this study combines density functional theory calculations and a machine
learning technique, Bayesian optimization. The presentation will cover the virtual screening
process, experimental validation, and an analysis of feature importance on fast RISC.
Keywords : OLED; TADF; DFT; Bayesian optimization; Virtual screening
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1) H. Uoyama, K. Goushi, K. Shizu, H. Nomura, C. Adachi, Nature 2012, 492, 234,
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Elucidation of Structure and Physical Properties of Functional Soft Materials: A Computational
and Data Science Approach

('School of Frontier Engineering, Kitasato University, *)KISTEC) ()Go Watanabe ">

In general, functional soft materials are composed of organic molecules, so that they have high
external field response and high flexibility. For these materials, computational science
approach is one of the useful methods to understand the structure and physical properties
between a single molecule and its molecular assembly. Data science is expected to play an
important role in the development of novel high-performance functional materials. The
presentation will highlight the new insights into the functional soft materials that have been
using computational and data science methods.

Keywords : Soft Materials, Molecular Dynamics Simulation; Data Science; Organic

Semiconductors
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