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Overview

The notion of a jet-image

Image pre-processing

Unique considerations

Deep Architectures + performance

lsolating "the physics”™ — how can we learn from deep
learning”



Ihe jet-image

e Powerful, but simple analogy from M. Kagan et al. 1]

* [reat the detector as a camera — calorimeter towers as pixels, and
depositions as intensity

25F

N
o

=
3

Relative ¢
E

O
ot

<
o

00 05 10 15 20 25
Relative n



mage detalls

Proof of concept

Simulate pixelation conditions of the ATLAS detector
e (0.1 x0.1 pixels)

Normalization / no-normalization

W - W2 withW —qq, £ = vv

Require clustered subjet pt > 5% of jet pr



mage Preprocessing

Account for symmetries of spacetime — see 2] for more detalls
Want the image to be centered at (n, ¢) = (O, O)
e O-rotation is around z-axis, so this Is fine

e n-rotation is a Lorentz-boost along the z-axis, so replace L
with pr; = E/ cosh(n)

Image is rotated so sub-leading subjet is at —r7/2 — cubic spline
iNnterpolation for new grid

Finally, flip so harder side is consistent



mage Preprocessing

e ...INnapicture...
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VWhere Is the physics'?

You can see the physics!
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Unigue Deep Leaming Considerations

(or, why | find the problem interesting)

e Sparsity

e [nvariance

e (Can search for feature representations (rare luxury in ML)

 ONN filters — (11x11)! These are huge! Use FFT-based
convolutions [3]

e \Why so big?

e Because of HEP knowledge, can "marginalize” known
components



Visualization

Convolved
Convolutions Feature Layers

Max-Pooling

W’—’ WZ event \/

Repeat

X w0 = E W;ij Xk+ie+; ...for a1 channel image

W; 5 CW
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Understanding Performance

e |dea — Mass, AR, and n-subjettiness are supposed to
capture all information

e Method — 2D likelihood of CNN and mass/AR/n-
subjettiness

e Check — if P(signal | DNN) ~ P(signal | DNN, mass),
we have learned (to a first order) the effect of mass
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Distripution
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DNN Output
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What do we leam”/

Pythia 8, QCD dijets, \s=13TeV

250 < pT/GeV < 300 GeV, 65 < mass/GeV < 95

0

0.4

0.6

0.

0.
%0
0.8 1 0

AR between subjets

1

08

04

02

Pr(AR between subjets | DNN Output)

Pythia 8, QCD dijets, Vs= 13 TeV

250 < pT/GeV <300 GeV, 65 < masdGeV < 95

o
[EEN

Pr(t,, | DNN Output)

DNN Output

0.2

Pythia 8, QCD dijets, Vs=13TeV

250 < pT/GeV <300 GeV, 65 < masyGeV < 95

Info In

middl

Jet Mass / GeV

0.
0.

—0.

=0.
%0
0

1

08

06

04

02

Pr(Jet Mass / GeV | DNN Output)



dentitying what we leam

e Can re-weight samples such that physics features have no discriminatory
oower, 1.e.,

P(signal| X, m, 1, AR, pr) _
P(bkg‘X, m/77-217AR7pT) -

* [or a given pixel pj, calculate the weighted Pearson Correlation Coefficient
over the entire test set

pw (Dij s YDNN )

e Can arrange this in an image



VWhat do we learn beyond"/
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Concluding Remarks

Treat the LHC as a camera — what can we learm about
oNySICS”

OQutperform the state-of-the-art —why?
End-to-end learning — go to lowest level inputs
e No loss of information

Great example of ML + HEP collaboration
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