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Introduction: Why ensemble networks may work?

Lack of training examples: . o
Computational limitations:

Representation:

Dietterich, 2000
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Introduction: Why ensemble networks may work?
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Introduction: Why ensemble networks may work?
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Taking the mean of the same architecture which
initialized multiple times can lead up to 15%
improvement over component networks
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Introduction: Why ensemble networks may work?
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Introduction: Step further!
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Top Tagging Through Ensemble Learning
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ML Based Taggers

HEPTopTagger, Soft Drop Tagger, Mass Drop Tagger which are
based on grooming, pruning and trimming techniques alongside

Several techniques have been presented so far with great success.

. . . In this talk we will look into Convolutional and Recurrent Networks.
with geometric substructure selection.

Gregor’s talk For an extensive review
on Tuesday Kasieczka et. al. SciPost'19
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Top Tagging: CNN Preprocessing

Top Signal QCD Background

Leading FatJet Definition: anti-krt algorithm with
R = 0.8, p; € [550, 650] GeV, || <2

Parton matching with AR(J, t,,,,,;,) < 0.8
Jets are centred with respect to pr weighted

centroid where jet vector is at (¢h, 7) = (0,0)
Principal axis has been rotated to +# direction
Energy deposits has been divided into 37 X 37

pixels which correspondston & ¢ € [—1.5, 1.3].
Image has been flipped to place the most
energetic quadrant to the top right corner.

Similar studies:

Kasieczka, Plehn, Russell, Schell; JHEP ‘17 Michael’s talk
a8 this afternoon 11
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Top Tagging: RNN Preprocessing

Clustered jet
Parent subjets
Leading branch

Second leading branch

Third leading branch

—— o Discarded branches

k; — distance := min(p%,,-, p%, D)
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QCD Background
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Top signal
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Similar studies:

Egan, Fedorko, Lister, Pearkes, Gay ‘17
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Louppe, Cho, Becot, Cranmer JHEP ‘19
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'Normalised Number of Events

< Leading FatJet Definition: Cambridge algorithm

with R = 0.8, p; € [550, 650] GeV, || <2

< 'Tree leading branches are selected alongside with
fatjet mass and mass-drop tagger reconstructed
fatjet mass.
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Top Tagging Through Ensemble Learning

CNN architecture RNN architecture
: I'L —— RNN (AUC = 0.9753 £0.0005) —— Mean (AUC = 0.9797 +0.0007) | 8@37x37 8@18x18 LSTM with 64 nodes
\ —— CNN (AUC = 0.9781 + 0.0006) —— ENN (AUC = 0.9808 + 0.0003) . NN W VoYWV oWeWey
400 . o s
\! i

104;

\ 350 |
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Top Tagging Through Ensemble Learning
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—— RNN (AUC = 0.9753 + 0.0005)

—— CNN (AUC = 0.9781 + 0.0006)
Region llI. —— Mean (AUC = 0.9797 + 0.0007)

—— ENN (AUC = 0.9808 + 0.0003) |

Region II.
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Top tagging efficiency (&s)

e e e e e e e e e S S —

[ % Region I: Both RNN & CNN captures 3-prong

substructure

| * Region IIl: RNN & CNN captures dipole type

substructure

< Region II: Mixed information coming from both
RNN & CNN.
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Top Tagging Through Ensemble Learning
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Comparison with stack combined networks -
—— RNN Mean (AUC = 0.976)
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—— ENN (AUC = 0.981)
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Top Tagging Through Ensemble Learning

Recurrent NN

Convolutional NN
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Top Tagging Through Ensemble Learning
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Improving uncertainties with Ensemble Networks
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Conclusion

* Ensemble methods provide a framework to
expand the of a network
hypothesis and allow more classification.

|

| * It improves the classification performance by
a combining component
|

|

* [t goes beyond stack combining techniques by

° It the and less
susceptible to lack of training samples. J
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Conclusion

* Ensemble methods provide a framework to
expand the of a network
hypothesis and allow more classification.

* [t improves the classification performance by
combining component

* [t goes beyond stack combining techniques by
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* The parallel combining method _\

render stack combining invalid. Each
method is designed to solve a particular
problem.

* ENN methods do not reduce bias or
aleatoric uncertainties.
might be the

key to ultimate optimization.
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