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Introduction

Reliable, well-characterised laser-accelerated proton beams are essential for practical deployment in industry [1] and medical physics [2].

However, shot-to-shot variability and real-time characterisation remain major challenges; existing diagnostics are typically invasive, preventing
simultaneous beam use.

Machine learning approaches [3] offer a promising route to overcome these limitations by enabling non-invasive prediction of proton beam parameters
directly from experimental inputs.

Here, we extend the synthetic diagnostic framework of McQueen et al. [4], demonstrating that proton energy spectra can be predicted using only laser
parameters, without explicit modelling of the laser-target interaction.

Laser-driven proton acceleration

One of the most widely researched mechanisms for laser-driven proton acceleration to date is Target Normal Sheath Acceleration (TNSA) [5]. A high-power
laser (TW-PW) irradiates a thin um-scale target forming a plasma. Plasma electrons absorb laser energy then setup an electric sheath field at the target rear,
accelerating rear surface protons up to ~90 MeV [6]. TNSA produces high-energy proton beams but with significant shot-to-shot variability.
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