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Boosted top identification with pattern recognition
— Jet supbstructure with neural networks —

Leandro Aimeida (Ecole Normal), Mihailo Backovic (CP3-UCL),
Seung J. Lee (KAIST), Maxim Perelstein (Cornell)
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Let's begin with a picture. ..

This is a high pr top jet (a very good one indeed!). ..

1.0

... and there are many ways to interpret this picture



Subjets - recluster the event with a smaller cone and exploit
| correlations petween subjets.

HeTopTager, CMS Tagger. .. BREREEL
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Clusterlng history- exploit the differences in steps
which led to the jet.
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Partons - Interpret the jet as a partonic structure with
Kinematic properties of some heavy oosted object.
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Energy distribution - the picture is essentially some distribution
f(n,¢) . Look at the moments of the distribution

\




Some taggers and jet-substructure observables

Jet Declustering

Seymour93

YSletter Jet Shapes
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Mass-Drop+F|Iter ATLASTopTagger
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N-jettiness
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Trimming CoM N-subjettiness (Kim) ACE
HEPTopTagger Twist \
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Qjets
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Multi-variate tagger

apologies for omitted taggers, arguable links, etc.

Gavin Salam (CERN/Princeton Boost Theory Summary Boost 2012-07-27
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(Crazy) New idea...

Ireat a jet as a “splash pattern” or image.

Use image/pattern recognition technology
to classity "splash pattermns’,

jet “splash patterns’ contain all
of calo. information.




A couple of years ago a similar idea appeared

Jet-lmages:
Computer Vision Inspired Techniques for Jet Tagging JHEP 1502 (20 | 5) 118
(See also BOOST2013 talk
by J. Cogan)

Josh Cogan® Michael Kagan® Emanuel Strauss® Ariel Schwarztman®
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Use of the linear Fisher discriminan | —
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VWe tried using Neural Networks (NN) to classity
‘splash patterns’

Feed the entire jet (splash pattern) as an array of pixels.

Bias nodes

oy

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

At each layer compute a weighted sum:
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VWe tried using Neural Networks (NN) to classity
‘splash patterns’

Feed the entire jet (splash pattern) as an array of pixels.

Bias nodes

oy

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

Adjust (train) the weights W;; to give:

Top I:E:

% We use the standard back-propagation algorithm with gradient descent

= ¥ e




In training the NN, we found that a single NN
often mis-indentifies some fraction of tops

Solution: Train another NN with the same training sample,

but force the weights of the mis-identified |ets to be larger.

Allows the NN to “focus” more on the jets
which failed the previous classification.

Bias nodes _

We actually did this B =10 times
(computing power Is cheap!)

top “classifier”




’re-processing of jets
Often, pattern recognition algorithms require some pre-processing

of input data.

Jet splash patterns are uniformly distributed with respect to the

angle around the jet axis.

E.g: Linear Fisher discriminant requires to rotate each image into the

same frame (Not necessarily trivial)
JHEP 1502 (2015) 118
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’re-processing of jets

Often, pattern recognition algorithms require some pre-processing
o

J

d

the

We have checked that we do not need to pre-

process the jets for NN to work

E
S

- . into the
However, the training sample size needs to be

much larger If the jets are not pre-processed
(NN needs to learn about the angle around
the jet axis)
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How large should a training sample be?

test sample of 50000 pre-processed top jets
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et's look at a few examples...

pr = 500 — 600 GeV

2.5 .
[ QCD Jet
3 Top
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Good signal/background separation.
S0 far so good. ..




et's look at a few examples...

Arbitrary Units

pr = 800 — 900 GeV
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et's look at a few examples...

Arbitrary Units

pr = 1100 — 1200 GeV

Madgraph5 + Pythla
anti — kp, R = 1.0

pr = 1100 1200 GeV
= 130 — 210 GeV

I:I QCD Jet
_____________________________ 1] Top
0.6 0.8 1.0

0.2 0.4



Comparison with other top taggers

Mistag Rate

10°

Mistag Rate vs E'fficiency
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performance better or

comparable to some
existing techniques!




Comparison with other top taggers

Mlstag Rate vs EfflClency
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Comparison with other top taggers

Mlstag Rate vs EfflClency
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NN tagger ftilters jet mass.

Arbitrary Units
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Very interesting that high mass events
always pass selection




We also tried training on the full mass range

10° ., Mistag Rate vs EfflClency
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Correlation vv|th other taggers

Both the NN tagger and Template lagger
see tops for what they are

NNs output

NN sensitive to “prongs” of the jet
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Background outputs are also correlated.

NNs vs TopTemplateTagger for dijet events
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There are still many things to understand
apout the NN tagger. ..

... but, the first results are already extremely interesting,
suggesting that image processing technology Is usetul in
pboosted jet tagging!



Many interesting things also remain to be done!

add more information to the NN (b-tag, tracking information ...).
What is the best input for NN”/!"’"

study In more detail correlations between NN and other taggers.
currently studying boosted boson tagging.

quark/gluon discrimination.

experimenting with NN architecture, optimization of parameters etc.

Try other pattern recognition technology (we are about 20 years behind).

THANKYOU!



