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Measured by
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experiments

The response functions contain all
information on the structure and dynamics
of the target

Rap(w,q) =Y (WolJL(Q)|W ) (Vs]Js(q)|Vo)d(w — Ef + E)
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Laplace Transform

Valuable information on the energy dependence of the response functions
can be inferred from their Laplace transforms
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The system is first heated up by the Mo 2005 Mot e |
transition operator.

Its cooling determines the Euclidean
response of the system

Eap(ra) = [ dwe™" Rop(w.q)
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Laplace Transform
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R(Q) =K, T) *E(T).

The inverse is ill-posed.
» Multiple response functions can have the same Euclidean response (within
errors).
High noise in the Euclidean response results in unstable inversions.
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Mixture of Gaussians Neural Network  Laplace Transform



Mixture of Gaussians
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Laplace transform
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Normalization
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Learning Problem
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The Dataset and the Metrics

We use two distinct data-sets of (E,R).
» Two hundred thousand responses
corresponding to one peak (Fig., top).
» Two hundred thousand responses €
corresponding to two peak (Fig., bottom).
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Overall Results

l-RE|  XE Sr
x10~* x10~*
Phys-NN
One-peak 0.42 | 1.171(13) 0.72
Two-peak || 9.04 | 3.220(87) 9.16
Combined || 0.61 | 2.335(14) 3.66
MaxEnt
One-peak || 29.7 1.015 (1) 60.4
Two-peak || 84.8 1.016 (1) | 107
Combined || 57.2 1.015 (1) 83.7

13



One Peak Dataset

First demonstrate performance with just the one peak
data.
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One Peak Reconstruction
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» The observed vs predicted plots for best and the worst responses for the

one peak data.
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WO Peak Dataset

Next, the two peak data

On the bottom, metrics on the test data.
« On the right, correlation between S and y?2.
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The observed vs predicted plots for best and the worst responses for the

two peak data.
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Performance in Low omega

101

o —

5 107

1073
100

w [MeV]

10°

= 107!
N

1072
200

Phys-NN
1 MaxEnt

100 200

w [MeV]

18



Resilience to Noise
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Conclusion and Future Work

« Using Gaussian mixture models for capturing the structure of the response
functions is very accurate.

» Qutperforms Maximum Entropy and captures the structure in low omega
region of the response function.

» Better than MaxEnt in terms of noise.

* |In the future, we would provide the capability of propagating the errors in the
Euclidean responses into the future.
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