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Abstract Convolutional Neural Network Structure

We apply a convolutional neural network to perform an inference analysis
for 6 selected properties, or parameters, of the circum-galactic medium

(CGM), including Mhalo, fegm, log(T), McaM, feool, and log(Z). The network
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both uses parameter values from the CAMELS (Cosmology and BN = Batchnorm layer
Astrophysics with MachinE Learning Simulations) version of C+IR+C+BN+IR+C+BN+!|R LR = LeakyRelLU activation layer
the hydrodynamic simulation, lllustrisTNG (CV set), with a dual-field focus Ors = DIDpout

with HI (Radio) for gas ~104K and Soft X-Ray for gas ~106-1075 K. X-Ray Al b s
and Radio are tested both as individual fields, and then together as a

“multifield". This combination of fields is chosen due to its close relation

to the observable hot and cold gas, within individual galaxies, groups, and

clusters. The results of this study show that X-Ray is not a robust enough

probe to extend to lower masses. Therefore, we must employ the
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"multifield” approach as a solution, and use Radio as the secondary field in ’
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conjunction with X-Ray for improved results and inferencing power. We Xray & Radio | halo
hope to extend this analysis to additional simulations, like SIMBA and CGM Maps C+BN+LR+C+BN+LR+C+ BN+ LR
Astrid, for cross-simulation inferencing analysis. DR+ FC+ LR+ DR+ FC

he networkl?l is based on the CAMELS Multifield Dataset (CMD)U network used for astrophysical feedback and cosmological parameters.

CGM Inference with X-Ray + Radio
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