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keV-sterile-neutrino search:
Kink-like sterile neutrino signature
Deep into the differential T, f-decay spectrum
Extremely
With silicon drift detector array with ~1k pixels
Designed to be sensitive to

Analysis Goal: Fit Prediction to Data ,Response Function®

I_A_\
Prediction = AXT,;s(E, my, SIN%0, ypp,i5) = AX f R(E'E, V,yis) Tineo (E, My, sin?0) dE’

Modelling Challenge: Systematic Effects (a—1)

Challenges: Continuous Normalizing Flow
Trained via Flow Matching

- Some systematic effects act at the percent level

5 on the spectrum (vs. possibly ppm-level signal)
S E:::ptagz;:: Many systematic effects have to be simulated Latent Variable [a.u.]

_j Systematic uncertainties (systematic effects ~ 5 o o ~

N AN need to be conditionals of response)
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Magnetic Traps  Backscattering| e~ starting energy as conditional of response
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Empirical Model Normalizing Flows

(by hand / symbolic regression) - Focus of this poster

Expensive
(high stat. simultations for each E;;;, V,yis) V
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High peak with long tail containing high

frequency features Flow Matching:

- NN learns to predict the , probability flow"
vector field connecting a simple distribution to
the target distribution (i.e. the response)

- Is trained only using samples

- Provides an unbinned conditional response

= Good first step, need to extend to more
] & 2 Gaussian Fourier Projection: 3 NN Results (prehmmary) Takeaway: P %

Vnuis and fine-tune hyperparameters
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learning low OT Problems \—10nm i ' Ey =8 keV
Bij ~ N (0,07) frequencies first A=20nm : 5 f Ejn =10 keV
A=30nm : 7 | : ] : E;, =12 keV
A=40nm -’ : ] E;, =14 keV
A=50nm il ,=, R T | ' E;, =16 keV
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Before: random coupling Data Batch 1

Density [a.u.]

Data Batch 2
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Using Euclidean and Conditional Cost souree : numerical solver




