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1. Introduction

In modern chemical engineering and materials
science, the development and optimization of cata-
lysts are at the core of chemical reaction engineer-
ing, directly determining the efficiency and eco-
nomic viability of industrial processes. Catalysts not
only enhance the rates of chemical reactions but also
selectively produce target products and reduce the
formation of by - products. In the fields of poly-
olefin elastomers (POE), a key material for new en-
ergy, metallocene catalysts have drawn much atten-
tion due to their unique catalytic efficiency and spe-
cific reaction mechanisms. The development and
optimization of these catalysts require not only an in
- depth understanding of their molecular - level reac-
tion mechanisms but also the use of high - through-
put computing and large - scale Al - based searches
for rapid screening and performance evaluation.

To achieve high - throughput calculation and
screening of POE catalysts, we have established a
complete calculation flow from Density Function
Theory (DFT) calculations to Kinetic Monte Carlo
(KMC) simulations, which simulates the elementary
reactions of polymer monomers to the formation
of the entire polymer chain. We have innovatively
proposed a full - process calculation and simulation
framework for evaluating POE catalysts.

Although the high - throughput calculation pro-
cess is efficient compared to catalyst preparation
and evaluation experiments, it still consumes a large
amount of computing power. Thus, we have pro-
posed a modular expert model that integrates a
large amount of general knowledge in the materi-
als field and knowledge of the POE catalytic system
to achieve efficient recommendation of POE cata-
lysts. This modular processing of knowledge has not
only achieved excellent results in the field of mate-
rial property prediction but also provided good pre-
dictions for catalyst performance, such as activation
energy, AH, etc.

In this work, we propose a framework for the ra-
tional design of POE catalysts called POECatDesign,
aimed at high-throughput screening of POE catalysts
to discover catalysts with better performance and
address the performance bottleneck issues of indus-
trial catalysts.

2. Overall framework

The POECatDesign framework is shown in Fig-
ure 1. The following are specific methods for high
- throughput calculation and screening of catalysts.

Modular large-model training and inference
Training process

Each module of the modular large - model is
trained separately. A certain type of material prop-
erty is selected for training in each module. The
dataset is sourced from datasets in Matminer with
more than 10,000 samples, and data such as single -
point energy and activation energy of POE catalysts
are integrated to obtain multiple expert modules. In
property prediction for downstream tasks, we adap-
tively select k expert modules to jointly predict prop-
erties.

Activation energy and transition-state calcula-
tion

We use the ComplexGen library to automatically
generate 3D structures of catalysts based on ligand
SMILES and pair them with substrates. And we
perform geometric optimization and transition-state
calculations through the Gaussian 6 software. The
optimized single-point energy and transition - state
energy are used for the training of the modular large-
model.

Catalyst recommendation by modular large-
model

For the catalysts generated on a large scale by
ComplexGen, we directly predict catalytic parame-
ters (activation energy) through the modular large -
model to obtain recommended candidate catalysts.
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Fig. 1: POECatDesign framework diagram

Kinetic Monte Carlo (KMC) simulation
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The polymerization process can be reflected
through Kinetic Monte Carlo simulation, obtaining
specific parameters of the final product, thereby
evaluating the performance of the catalyst

3. Related work

There islimited research on Al-driven rational de-
sign of catalysts[1, 2, 3], but it has not addressed the
complex multi-step reaction of catalytic polymeriza-
tion. Therefore, it is essential to establish a high-
throughput computational process for this system
and to develop a modular AI model for better mate-
rial property predictions.

4. Catalyst evaluation indicators and newly de-
signed catalysts
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M represents mass, M, represents the number

average molecular weight, M., represents the weight

average molecular weight, P D] represents the poly-

mer dispersity index, and A.atalyst represents the

catalyst activity.
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