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Motivation

. The standard paradigm for Dark Matter (DM), ACDM, successtully describe large-scale structure, but is met with small scale
problems. One alternative is the Self-Interacting Dark Matter (SIDM) model, which introduces DM-DM interactions that modity
structure formation at small scale but still preserves the succes at large scale from ACDM [1]. Exploring the DM-models with
Machine Learning can provide an opportunity to characterize subtle patterns helping to constrain DM-models and infer DM
Particle Physics from observation[2].
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The simulations are executed
using the AREPO-code [3],

and the MUSIC-code [4] to
generate Initial conditions.
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The SIDM 1s velocity

dependent followina the cross- 79 ].Stacked density profiles from
1 J SIDM-simulations all scaled by their

section for a resonant SIDM respective virial radii approximated (1) Inpout is being evaluated by a Tilter extracting local patterns in a map. (2)
- |igh’[ mediator model[b]. to be R200. The vertical dot-dashed Downsamples feature map. (3) Converts map into 1D-array. (4) Array act as input
/ine indicating the trust radius. for dense layers followed by hidden layers (Mult-layer perceptron). [6]
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¥ Results

A single CNN architecture
was trained on subhalo

Predictions vs Binary Predictions

Simulation Accuracy

. . 0.5R200 crop (1283) 83.6%
crops from two simulation ;
sizes with varying particle | A S IO G
oAl R R A I O-1R200 crop (128°) 86.6%
CDM(0) or SIDM(1). 0.5R200 crop (512%) 99.3%

0.25R200 crop (5127) 100%

Cropping subhalos enhances REREIRe S TCEvE 100%

the | h h SIDM Fig 2. Applied to the 0.25R200 (5723 dataset, the moael trained with 0.1R200(6725)
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DM diff S lable 1. Model performance on test data.  achjeves 94.06% accuracy with increased uncertainty, as shown in the figure. Alignment

clale differ most. Sta I"[Iﬂg [he test set was pre-sortea, using the  petween predicted probabilities and binary classifications in the 0.1R200 (5123 reference

Binary predictions (0/1)
Predictions (probabilities)

true

from R200 which defines g same cropping and simulation size. model indicates 100% certainty in its predictions. This gives an insight on the certainty of
the predictions since every prediction >0.5 I1s categorized as 1, and <0.5 as 0.
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