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1. INTRODUCTION

Electrochemical Reduction \

électrocatalytic CO2 reduction and on-demand H:O: electrosynthesis offer sustainable routes to fuels and chemicals, but discovering effective catalysts remains a major challenge. - _,/‘
Learning (ML) trained on a high-quality DFT database to rapidly predict high-performance catalysts for both reactions. These candidates are then integrated into advanced Gas l
Diffusion Electrodes (GDEs) to maximize efficiency in practical reactor systems. Finally, a full Techno-Economic Analysis (TEA) and Life Cycle Assessment (LCA) evaluate ale, «— iis

While Density Functional Theory (DFT) can accurately predict catalyst properties, it 1s too slow and expensive for large-scale screening. To accelerate this process, we use Machine
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\commercial viability and confirm the environmental sustainability of the technology from cradle to grave. y

2. PROBLEM STATEMENT

/  How can we accelerate catalyst discovery beyond the slow and costly limits of traditional \

4. MACHINE LEARNING PREDICTION

6. CATALYST SELECTIVITY 7. GDEs MODULES 8. SYSTEM EVALUATION
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