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Fig.3 Prediction of reaction yield using the SEMG-MIGNN model**
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Template-Based Methods
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NeuralSym'*! 55.3 76.0 81.4 85.1 44.4 65.3 72.4 78.9
GLN'O! 64.2 79.1 85.2 90.0 52.5 69.0 75.6 83.7
LocalRetro"** 63.9 86.8 92.4 96.3 53.4 77.5 85.9 92.4
Template-Free Methods

SCROPI! 59.0 74.8 78.1 81.1 43.7 60.0 65.2 68.7
Retroformer'®'!  64.0 82.5 86.7 90.2 53.2 71.1 76.6 82.1
Dual-TF-%2) 65.7 81.9 84.7 859 53.6 70.7 74.6 77.0
EditRetro *! 60.8 80.6 86.0 90.3 50.0 64.3 68.6 71.1
Semi-Template-Based Methods

GraphRetro®*) 63,9 81.5 85.2 88.1 53.7 68.3 72.2 75.5
RetroPrime’*! 64.8 81.6 85.0 86.9 51.4 70.8 74.0 76.1
RetroExplainer'*®! 66.8 88.0 92.5 95.8 57.7 79.2 84.8 91.4
Graph2Edits'”)  67.1 87.5 91.5 93.8 55.1 77.3 83.4 89.4
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Machine Learning-Enabled Synthesis of Energetic Materials: Progress and Challenges

DOU Kai-le'*, ZHAO Wei-bo', HE Chun-lin', ZHANG Lei'*, PANG Si-ping’

(1. School of Materials Science and Engineering , Beijing Institute of Technology, Beijing 100081, China; 2. State Key Laboratory of Explosion Science and
Safety Protection , Beijing 100081, China)

Abstract: Energetic materials have attracted significant attention due to their critical roles in national defense, aerospace, and
specialized engineering applications. However, their research and development are hindered by high experimental costs, safety
risks, and lengthy synthesis cycles, which greatly limit the rapid iteration and practical deployment of novel energetic com-
pounds. In recent years, machine learning (ML) has emerged as a powerful tool in chemistry and materials science owing to its
strong capabilities in data modeling and prediction. This review summarizes the latest advances in machine learning - assisted
chemical synthesis, focusing on three major aspects: reaction prediction, synthesis route planning, and automated synthesis.
Particular emphasis is placed on the potential value and limitations of applying ML techniques to energetic material synthesis.
The key challenges—such as data scarcity and inconsistency, lack of safety evaluation frameworks, and limited experimental val-
idation and model retraining—are also discussed. Finally, the review outlines future perspectives, including the establishment of
standardized and shareable databases, and the development of high-throughput and automated experimental platforms tailored
for energetic systems. This work aims to provide theoretical insights and methodological support for achieving efficient and intelli-
gent synthesis of energetic materials.
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An intelligent closed-loop workflow synergizes machine learning algorithms with automated experimentation. Synthesis planning
and reaction prediction guide automated synthesis, while real-time data feedback continuously refines computational models,

enabling a self-optimizing cycle for autonomous and data-driven chemical discovery.
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