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Figure 2: SINN architecture [4]

Figure 3: S0 and P1 ensembles [4]

● The above plots are repeated runs of the SINN 
architecture propagated through a Gaussian replica 
ensemble
○ The bands correspond to physical uncertainty due 

to the postprocessing step

Rank Trunk Parameters Loss

1 gelu-gelu 7534 1.166

2 silu-silu 2720 1.216

3 gelu 10296 1.245

4 selu-selu-gelu 2676 1.266

Prod tanh-silu 1156 1.968

● Consistently low loss across numerous models 
demonstrates robustness of the SINN architecture 
○ Validates an arbitrary choice of architecture when 

conducting pole extractions
● Note that the production model has far fewer 

parameters despite being on the same order of 
magnitude for loss
○ Correlates to less computing power

Figure 4: Results of 4 lowest loss models and production 
model from a 500-sample sweep on only chi-square loss

The purpose of this research is to 
demonstrate the validity of a new neural 
network structure (SINN), targeting 
amplitude analysis for particle physics. 
Conventional methods to scattering 
processes rely on assumed functional 
forms, propagating systematic errors 
into extracted poles. Accurately 
modeling scattering processes with 
appropriate constraints can provide 
solutions to this problem. We present a 
study on the robustness of SINNs 
against architectural sensitivity. Through 
validation, the portability of the SINN 
architecture is guaranteed and its 
application to processes beyond 𝜋𝜋 
becomes plausible. 

● 𝜋𝜋 scattering is a well-studied low 
energy hadron process useful for 
testing QCD

● Pions decay into neutrinos and are 
often used in neutrino beam 
experiments

● Perform a partial wave decomposition 
on the scattering amplitude based on 
angular momentum (l) and isospin (I) 
as a function of the squared energy (s) 
of the collision [1]:

● 𝜂 is the inelasticity and 𝛿 the phase 
shift, use these two parameters to 
model each of the partial waves

● By finding the function that describes 
𝜂 and 𝛿 individually, we can perform 
an extension into the complex plane 
to find the poles of the partial waves

● A neural network predicts the solution 
using neurons and learns on data to 
adjust its prediction

● Neural networks with physical 
constraints will serve as our models 
for the different partial waves
○ We use prior scattering 

experiments to train our models for 
the different 𝜂 and 𝛿

● The shared trunk reflects that the 
partial waves come from the same 
process

● Impose physical conditions on the raw 
outputs of the networks during 
training in the postprocessing layer
○ Turns raw ouputs into physical real 

outputs satisfying unitarity, 
analyticity, and crossing symmetry

● Utilize UPGrad[2] to resolve 
competing gradients across the 
subnets

● Perform surveys using RayTune[3] 
across 21 hyperparameter 
dimensions: trunk geometry (2), 
per-channel head structure (15), 
physics switches (2), optimizer (2)

● Successful 
hyperparameter sweeps 
with same magnitude 
losses

● Pole extraction was 
successful on the 
production model
○ Despite not ranking 

the highest out of the 
500-sample sweep

○ Resonances agreed 
with nominal values

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

● Success of the SINN 
architecture to 𝜋𝜋 allows 
us to extend its use to 
other hadronic process
○ 𝜋K and 𝜋N with 

appropriate changes 
to the physical 
constraints

Figure 1: General Neural Network
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