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Biomass-derived carbon materials are emerging as 
sustainable alternatives for energy storage, 
catalysis, and carbon capture [1]. Cellulose, an 
abundant polymer with high carbon and oxygen 
content, is a promising precursor for the synthesis of 
functional carbon materials [2]. 
 
Despite extensive experimental studies, the 
transformation from amorphous biomass to graphitic 
carbon remains poorly understood, as experiments 
provide structural insight but limited access to the 
atomistic dynamics. Computational approaches offer 
complementary understanding, but density 
functional theory is restricted to small systems and 
short timescales [3], while classical force fields such 
as ReaxFF often struggle to describe reactive CHO 
chemistry accurately [4]. Machine-learned 
interatomic potentials (MLIPs) provide a route to 
overcome these limitations, combining near DFT 
accuracy with the efficiency required for large-scale 
molecular dynamics (MD) simulations. Graph neural 
network (GNN) based potentials have shown strong 
potential for modelling complex reactive CHO 
systems [5].  
 
Here we compare MLIP models obtained either by 
direct training or by fine-tuning the pre-trained 
MACE-MH-1 model [6] for cellulose carbonisation 
and graphitisation. We evaluate their performance 
across chemically diverse CHO environments 
relevant to carbonisation, from cellulose and its 
decomposition products to amorphous carbon 
structures, using energy and force errors. We 
examine how dataset composition affects 
performance and find that models trained directly on 
mixed datasets show strong dependence on the 
data, with large errors for amorphous carbon 
configurations despite good performance on more 
ordered structures. In contrast, fine-tuning pre-
trained models improves robustness and reduces 
errors across all domains. 
 
We further find that model performance depends 
strongly on the choice of pre-trained head used for 
fine-tuning. Fine-tuning from different heads of the 
same base model leads to clear differences in 
accuracy, with some yielding lower energy and force 
errors and showing less sensitivity to dataset 
composition. Together, these results show that 
consistent performance across the different stages 
of cellulose carbonisation depends on both the 
choice of training data and the pre-trained head 
used for fine-tuning. 

 
Using MLIP-driven MD simulations, we plan to 
explore the ability of these models to capture 
molecular decomposition and the emergence of 
extended carbon structures across temperatures 
and pressures relevant to carbonisation. 
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