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Magneto-Optical Trap (MOT)

Objective:

Cool and trap ~10° 8Rb atoms

Mechanisms:

1. Doppler Cooling
2. Magnetic Trapping

The detuning parameter (J):

6 € {—4I',—3.75T, ...,—0.75T, —0.5T'}, with I =~ 2w X 6.1 MHz

I' the natural linewidth of the D, transition of Rb
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Data

Number of : :
: Time interval . : : .
Purpose Images per (ms) Resolution Pixel values  Dimensions
detuning
Statistical -
Independent . 2D atomic (15, 100,
realizations representation of true 100 - 176 x 176 density 176, 176)

2D atomic density



Data

Number of : :
, Time interval : : : .
Purpose Images per (ms) Resolution Pixel values  Dimensions
detuning
Independent SIS 2D atomic (15, 100,
S representation of true 100 - 176 x 176 :
realizations 2D atomic density density 176, 176)
0 1.002 0 0.6931
20 I 0.891 20 |0.6161
40 0.780 40 0.5391
60 - 0.668 60 - 0.4621
80 - 0.557 80 - 0.3851
120 - 0.334 120 - 0.2310
140 0.223 140 0.1540
160 .11 160 0.0770
0.000 0.0000
0 25 50 75 100 125 150 175 0 25 50 75 100 125 150 175
y y



Convolutional Autoencoders

Convolutional Neural Network (CNN)
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Results — Multiple Latent Dimensions

Test Loss (MSE)
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Testing error approximately
constant, but one exception.
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Original Image: 176x176 = 30967
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Image Reconstruction

6 =-3.75T 6 =-2T

original original original original original original original original original original

reconstructed reconstructed reconstructed reconstructed reconstructed reconstructed reconstructed reconstructed reconstructed reconstructed
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Future Work

Time-ordered data Governing equations
analysis discovery

Explainability tools Further phase Predictive Modeling

saliency maps, LIME and transition exploratlon

SHAP.
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