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Electrons

Learning to Identify Electrons

Julian Collado,! Jessica N. Howard,? Taylor Faucett,? Tony Tong,? ! Pierre Baldi,! and Daniel Whiteson?

!Department of Computer Science, University of California, Itvine, CA, 92697
“Department of Physics and Astronomy, University of California, Irvine, CA 92697
(Dated: November 5, 2020)




Electrons

Physics features
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Electrons
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1. Can deep networks
outperform existing phy5| Y
vars for electrons and?
muons?

2. Can we interpret what the
network has learned?



How to interpret?

Mapping Machine-Learned Physics into a Human-Readable Space

Taylor Faucett,! Jesse Thaler,?® and Daniel Whiteson'




What is it doing?

Our low-level (LL) data are often high-dim
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Yet we prefer HL

If HL data includes all necessary information...
- It is easier to understand

- Its modeling can be verified

- Uncertainties can be sensibly defined

- It is more compact and efficient

- LL -> HL is physics, so we like it.



uestion

Residual knowledge:
new
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Learning from ML
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|. Define space of interpretable observables
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|. Define space of interpretable observables

ll. Define mapping metric



Mapping

EFP space
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Mapping

EFP space

Flattened

Pooling Layer

LL Input Image

Convolution Layer

Similar Orderings
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Discriminant ordering

Evaluate how often
they give a bg-sig pair
the same ordering.

DO(x,2") = @((f(:l:) — f(2")) (g(z) — g(:I:’)))

Sample the space.

ADO = / dz dz’ psig () ppkg () DO(z, 2").




Finding the HL

Signal/Background Pairs Black-Box
Guided
. . Search
BBN - | - ||==.BBN
| I
ol (N
Ordering? . . Ordering
I == N
o] .
O HLN (L) 5
. . g Yes . . 8HLN
. . . . T > 13




Closing the gap
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Closing the gap

Base Additions (k,8) (AUC)
7THL 0.945
THL +Mi;e 0.956
7THL 7 (1L, 1) 0.970
THL +Mje |2 (1,1) [I> (1,3) | 0971
7THL (2, —) 0.970
THL +M;e: |2 (2,1) (2,-)| 0.971
CNN 0.972




Learning to Isolate Muons
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|Isolation cones
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Useful observable
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An open gap

Method 'AUC[ADOI[CNN]
Single Iso Cone ().780 0.865
8 Iso 0.794|  0.878
8 Iso + Y pr + 1 IRC-safe EFPs  |0.813| 0.897

8 Iso + > pr + 4 IRC-safe EFPs (.821 0.908
8 Iso 4 Sp[’ + 10 IRC-unsafe EFPs|0.827 0.923
(Calo image CNN 0.836 |

(Calo cell Energy-Flow Net ().843 0.946
(Calo cell Particle-Flow Net ().848 0.948



Conclusions
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