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Abstract

As an important means of achieving sustainable carbon cycling, developing high-performance electrocatalysts is the key
to the sustainable development in future, and recommending innovative and valuable preparation solutions is one of
the effective ways to improve the efficiency of electrocatalytic development. This paper is based on scientific and
technological literature in the field of electrocatalysis, inviting domain experts to construct a knowledge system and
extract knowledge, forming a domain knowledge base. In addition, this paper utilizes literature data to fine tune and
enhance knowledge of universal big language models, jointly completing preparation scheme recommendations for
target products, material categories, and regulation method categories, and assisting in the design of electrocatalysts.
Experimental results have shown that the preparation solutions provided by knowledge enhanced large language

models have certain improvements in both effectiveness and innovation.
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For the production of C,H,, a suitable
catalyst material could be copper
nanoparticles integrated into a nitrogen-
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Product: C,H,OH
Material type: single metal
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Please give a suitable catalyst material and control
method based on the following information, the
answer must not be the same with reference.

We want to design a catalyst for production of
#Product, the material type should be #Material
type and the control method type should be
#Control method type.
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Question: Generate a method which type is compositd
for E/C to produce C H,. Take a deep breath and let's
hink step-by-step.
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Control Method: The control method for this
catalyst could involve optimizing the ratio of
nickel to carbon in the composite material.
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et's think step-by-step.
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) | material could be copper nanoparticles integrate

into a nitrogen-doped carbon matrix** (such as a
carbonized polymer or COF).

Catalyst ,Integration of Pd and Ag into Cu
to form a synergistic trimetallic catalyst with
enhanced selectivity for C,H, production
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