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» Outline

* Extended Features in FAT-GAN

* Can we leave it all up the model to figure it out?
e Convolutional Neural Networks (CNN)

* Features Permutations

e Results



» Extended Features in FAT-GAN

* Feature engineering for our current FAT-GAN
* For example, pxy, pxz, pyz, pt, pzt
e Can the model detect these and other hidden features?

* CNN



» CNN
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Deshpande, A. (n.d.). A Beginner's Guide To Understanding Convolutional Neural Networks. Retrieved from
https://adeshpande3.github.io/A-Beginner's-Guide-To-Understanding-Convolutional-Neural-Networks/



» Convolutional operation
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» Convolutional operation
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» Convolutional operation
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» Convolutional operation
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» Convolutional operation
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» Convolutional operation
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» Convolutional operation
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» 1D CNN on the input vector
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» 1D CNN on the input vector
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» 1D CNN on the input vector
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Feature permutations:
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Feature permutations:
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» Electron

1071

1072

1073

10~*

10-°

10°°

10°

1071

102

103

1074

10-°

0.25

0.20

0.15

0.10

0.05

0.00

Ex ey o €z
—_— Z;;tzm —_— Z,:xm 10 —_— fola
1071
101!
1072
102
103
10-4 1077
10> 10~
10 10-53 |
-7.5 —-5.0 —-2.5 0.0 2.5 5.0 7.5 -7.5 —-5.0 —-2.5 0.0 2.5 5.0 7.5 —10 -5 o) 5 10
E Pt 1 e
—m| 100 =] 10 =
1071 10°
10t
102
102
103
103
1074
10
10-°
o 10>
0 2 a4 8 10 —7.5 —-5.0 —-2.5 0.0 2.5 5.0 7.5 0.0 0.5 1.0 1.5 2.0 2.5
1) Q? Xpj
— e —ome| 10t e
101
1072 10°
WMW 10-3
1071
1074
-5
10 102
10-°
107 103
-3 -2 -1 0 1 2 3 10° 10t 102 103 103 1072 101 10° 10t




> Pion
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102 pion zh vs phT, pythia 10 pion zh vs phT, generated % electron Q2 vs xBj, pythia 10glectron Q2 vs xBj, generated
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Thank you





https://www.cs.ryerson.ca/~aharley/vis/conv/

