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Thomson scattering (TS) is a primary diagnostic for measuring electron temperature (𝑇!) and density 
(𝑛!) in fusion plasmas. While Bayesian inference via Markov Chain Monte Carlo (MCMC) provides 
effective parameter estimation, its real-time application is hindered by the heavy computational burden 
of physical forward models and extreme sensitivity to statistical noise in low-photon-yield regimes [1]. 
 
In this work, we develop a neural-network-based probabilistic surrogate framework, defined as 𝑀 =
𝐸𝑀 +𝑁, to facilitate rapid and reliable MCMC inference. The generative model utilizes a dual-head 
neural network architecture to simultaneously estimate the expected physical emission spectrum (𝐸𝑀, 
serving as the mean 𝜇) and the measurement noise variance (𝑁, serving as 𝜎"). To address the inherent 
training instabilities and ensure physical validity under a Gaussian Negative Log-Likelihood (GNLL) 
loss, we implement a log-variance formulation. By configuring the network to predict the logarithmic 
variance (𝑙𝑜𝑔	𝜎") rather than the absolute variance, the architecture intrinsically guarantees the strict 
positivity of the inferred statistical uncertainty. This architectural constraint prevents numerical 
explosions and variance collapse during gradient descent, maintaining the physical consistency of the 
model without the need for complex regularizations [2, 3]. 
 
Evaluations against the established Monte Carlo simulation approach [4] indicate that the 𝑀 = 𝐸𝑀 +𝑁 
framework exhibits enhanced fitting robustness in noise-dominated environments. Compared to 
traditional physical models, this surrogate approach significantly accelerates the MCMC inference 
process, effectively overcoming the computational bottleneck for real-time analysis. Furthermore, the 
methodology demonstrates promising potential in mitigating parameter covariance, providing a high-
fidelity "intelligent measurement" foundation for future predictive digital twin systems in fusion energy 
research [5]. 
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