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Disclaimer: "Machine Learning” is an extremely
broad (and hot) topic: nearly all analysis work is
ML. I'll focus on state-of-the-art image processing
with jets as this is really pushing the cutting edge.



https://indico.cern.ch/event/568875/timetable/
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Quantum Chromodynamics (QCD)

Complex and image-like;
great for machine learning!

. also intimate connection with ML:
jets are defined by
- unsupervised learning!




The Jet Image E

Jet Image: A two-dimensional fixed representation of the
radiation pattern inside a jet
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Why images”
o : -

Can directly visualize physics

3 and we can benefit from the
» extensive image processing literature

I.

§ -J
singlet -» qq’

octet - QQ

[

there is information encoded in the
physical distance between pixels
(will mention other fixed representations later) o




Pre-processing and Special Relativity 6

Pythia 8, W'— WZ, \s=13 TeV

Pre-processing is an important
aspect of image recognition

we can inject domain knowledge
However, some steps can

damage the physics information
content of a jet image

I'll briefly illustrate some of these
challenges in the next slides

there are also non-standard ideas such as
“Zooming” - see J. Barnard et al. 1609.00607
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Pre-processing: £ versus pr

For calorimeter
images, it is natural
to think about
energy as intensity.

However, centering
the image in 1
corresponds to

boosting along z!

1/(Background Efficiency)

Therefore, it Is
very important to
use pr and not E.
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250 < pT/GeV < 300 GeV, 65 <mass/GeV <95
Pythia 8, \s=13 TeV

Only pixelation

~ Pix+Translate (naive)

Signal Efficiency



Pre-processing: Normalization

Similar story for

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

Pythia 8, \s =13 TeV

image normalization. = 3¢
s |

g |

. . T

As with E instead of 2 |
pT, this adds In 201
~random noiseto  § |

e.g. the mass =

Therefore, it is important
to do ensemble-
normalizations and not

10

Only pixelation

— Pix+TransIate+p$ norm

jet-by-jet norms. 0

0.6 0.8
Signal Efficiency



Pre-processing: Rotations 9




Pre-processing: Rotations

particle 1 with pt = 1

n=+1,
K If we rotate the jet
o by /2, then the new
o’ jet mass is ~2.4

-
------

particle 2 with pt = 1



Pre-processing: Rotations (cont.) 11
Boosted W boson jet images de Oliviera et al. (BN) arXiv:1701.05927

Pythia 8, s = 13 TeV, 250 < p_/GeV <300, 65 < mass/GeV < 95
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Linear ML Methods for Classification

Hard 2nd
subjet in

non-linearity by
-0.8  pbinning In AR

J. Cogan et al. 1407.5675 “Fisher Jet”
QCD-like 0.6
< Radiation around 1% W-like — BUlld dlscrlmlnant
8 subjet in QCD jets - 404 from prOjeC’[ing
I \ Radiation along T
T~ ‘..l N 0.2 onto this iImage
C S between subjet ,
© Noinfoin —=—9 in W-jets 00 DIreCtly
= presences of : |
15 subjet / —0.2 Interpretable!
Wide 2nd —0.4
4—— subjet in Add in a small
QCD jets = —0.6

W-jets 0.6 < Subjet AR < 0.8

—1.0 (eyes on a face closer
00 05 1.0 15 20 25 g when further away!)

Translated n ~ Coefficient
Maximize between class versus within class variance



Shallow NN’s for Classification

Bias nodes _

L. Almeida et al. 1501.05968

First application of the
jet images idea using
(shallow) NN’s with
top-quark tagging

"

Calorimeter image Input layer Hidden layer 1 Hidden layer 2  Output layer

NNs vs N-subjetiness for top events
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Modern Deep NN's for Classification
de Oliviera et al. (BN) 1511.05190

Convolutions Convolved Feature Layers

Max-Pooling

W= Wz event P. Baldi et al. 1603.09349 (W-tagging)

J. Barnard et al. 1609.00607 (W-tagging)
P. Komiske et al. 1612.01551 (g/g-tagging)

(
G. Kasieczka et al. 1701.08784 (top-tagging)

Subsequent
developments:



Modern Deep NN's for Classification

) 250 < p_/GeV < 300 GeV, 65 < mass/GeV < 95
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DNN Output

Learning about Learning

Jet images afford a lot of natural visualization
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as a community, we have also developed many techniques
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https://indico.cern.ch/event/395374/session/6/contribution/50/attachments/1186157/1720276/SLAC_StanfordHEPML.pdf
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Modern Deep NN's for Generation

de Oliviera et al. (BN) arXiv:1701.05927
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+ More Layers for Classification

convolutional layer

Komiske et al. 1612.01551

red = charged pr

green = neutral pr
blue = Nc¢harged

Fixed granularity for the
three layers: linear <
shallow < deep < deep

dense layer .
. quark jet
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] ] JPPE TP Pt .. a0
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g e S =00
-’ '''''''''''''''''''''''''' B::,:.
................. D
_______________ . SRS |:| S
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1.0 e — .
08 ... Girth R .
c + Charge Particle Multipligity
e 06l Leading Energy Fractiofp |
2 |+ Two Point Moment
= . N95
2 i
s 04— BDT of 5 jet obs. | 3 13.5 -
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S g
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— CNNwithRGB |2 294
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+ More Layers for Generation
Paganini et al. (BN) arXiv:1705.02355

What about multiple layers with
non-uniform granularity and a
causal relationship? E:

Not Jet iImages per se, 1 -
but the technology is
more general than jets!
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Sensitivity to Modeling

Boosted W boson jets

PYTHIA (VINCIA) - PYTHIA o8

Normalized Intensity Difference

Sherpa - PYTHIA 1.00

0.75
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Herwig (angular) - PYTHIA

Normalized Intensity Difference

Herwig (dipole) - PYTHIA

3 FRT
|
o
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Normalized Intensity Difference

N.B. not all of these have been tuned to the same data

J. Barnard et al. 1609.00607

DNN classifiers
can exploit
subtle features

subtle features are
hard to model !

we need to be
careful about which
models we use -
only data is correct



Sensitivity to Modeling (cont.)

1 / [Background Efficiency]

Model / PYTHIA
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J. Barnard et al. 1609.00607

Deep Neural Network Performance
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Quark Jet Efficiency

0.2 0.8 1.0

The story may be more

complicated: even if

performance differs, network

itself my be similar

(could also be coincidence - fixed cuts may yield different performance)



Solution: Training Directly on Data

The only way for your classifier :
' to be optimal when applied to
. data is to train on data.

. Dery et al. (BN) arXiv:1702.00414

One regime where
this is possible is

1.0 S
e when you have
0.5 e | multiple samples
o ’ with known class
51;&6 Weak Supervision - proportions.
5_8 0.4 ;': I" ' —— Weakly supervised NN, AUC=0.93 | When the
) S —— Fully supervised NN, AUC=0.93 :
= |/ -~ - Feature 1, auc=0.77 proportions are
0.2 fg;:f e - non-unity it is still
1L R e possible to modify
0.0 03 01 06 05 7o the loss and learn!

False Positive Rate



Related Work - other fixed representations 23

Jet pt = 600 - 2500 GeV

“““““ — Timming. sbjl orcrng G. Louppe et al. 1702.00748
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+ truncate Unfortunately, | don’t have
s+ 40N time to talk about these

mass + S—body

mass + ~body iInteresting approaches!
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QCD rejection rate
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Z. boson efficiency


https://indico.fnal.gov/contributionDisplay.py?contribId=22&confId=13497
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Conclusions

Machine Learning offers
powerful tools for fully exploiting
the physics program at the LHC

the three ‘ions’ of ML.:
classification, regression, generation

30

- 9 5 JthAN
5 S timing
20 E\ >
£ E

The key to robustness is to
GAN study what is being learned,;
cpu GAN this may even help us to learn
O GPU something new about the SM!

Pythia (CPU only) ~ LAGAN (CPU) LAGAN (GPU)
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Time required to generate a jet image (ms)
o o







Pre-processing: Zooming

W QCD

*Zooming” (two-prong)
J. Barnard et al. 1609.00607

QCD Zoomed

50 <m <110 GeV, 200 < pr< 500 GeV



