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I ABSTRACT I METHODOLOGY I RESULTS
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into extracted poles. Accurately e A neural network predicts the solution

modeling scattering processes with using neurons and learns on data to

appropriate constraints can provide adjust its prediction o

solutions to this problem. We present a e Neural networks with physical = )

study on the robustness of SINNs constraints will serve as our models
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application to processes beyond zx the different n and ¢

becomes plausible. e The above plots are repeated runs of the SINN
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e 77 scattering is a well-studied low [Shared il E § O ;I'hteh band? corresppnd Io physical uncertainty due
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e Pions decay into neutrinos and are Figure 2: SINN architecture [4] e rane rarameters oss
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as a function of the squared energy (s) training in the postprocessing layer Figure 4: Results of 4 lowest loss models and production
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e 7 Is the inelasticity and ¢ the phase competing gradients across the ° Valldate_s an arbitrary chmce of architecture when
shift, use these two parameters to subnets conducting pole ex_tractlons
model each of the partial waves e Perform surveys using RayTune[3] * Note that the pro_ducthn model has far fewer

e By finding the function that describes across 21 hyperparameter parameters despite being on the same order of
n and ¢ individually, we can perform dimensions: trunk geometry (2), magnitude for loss .
an extension into the complex plane per-channel head structure (15), o Correlates to less computing power

to find the poles of the partial waves physics switches (2), optimizer (2)

I Conclusion

e Successful
hyperparameter sweeps
with same magnitude
losses
e Pole extraction was
successful on the
production model
o Despite not ranking
the highest out of the
500-sample sweep

o Resonances agreed
with nominal values

o Can safely assume
there is no significant
difference of derived
poles after complex
continuation despite
choices of
architectural
hyperparemeters

e Success of the SINN
architecture to w7 allows
us to extend its use to
other hadronic process
o wK and zN with

appropriate changes
to the physical
constraints
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