


Motivakiown:

Explain ML decisions of identification of jets
Using augmented expert variables (XAUG).
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‘D@.@.P Neural Networle

Information Kropaga&es forward through the network as a
function of the inputs, weights, and biases ko make o
decision,
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‘beap Neural Networle
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‘beap Neural Networle

Information Kropaga&es forward through the network as a
function of the inputs, weights, and biases ko make o
decision,
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Consider a brivial DNN which has been Erained on only the
circles and square showi U the fi.()& as EMF)M&S«
The ovals represent where the full dakasel Lives.
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Trained on ombj the shages tn the plot, the network could
fall ko various Local minimum, where the dashed Lines

represents the decision baumc{arv of the minima.
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However, not all of these minima accurately categorize the
full dataset. We wank to ensure that a nekworie has fallen
into a minima representative of the full dataset,
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Want F’redi;&&ons supported bj meaningful patterns in

daka.




L&jerwi;se Relevance ?rapag&&&om
To discover whebher or nok a nekwork’s
decision-making is meaningful, we
@.mpi.mj LT, ~




Lajérwﬁse Relevawnce ?rapagoﬂom

LR? propagates the output back to the input Y
~hile conserving the value of the output as e 20,9k
the total relevance score, K. : aw,
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Lajerwése Relevawnce ‘Prapagaémm

The total relevance is distributed among the weights,
until reaching the input, where it is further distributed
among the relevant jeatures.




Lavermﬁsa Relevawnce ‘Propaga&mv\

Fixels supporting
" the pr&d&&%mm

Pixels opposing
/ the prediction




Consider a To Y Model
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... where an event’s jets are
represented as images.
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Toy Model - Input variables

Toy Model Z Toy Model 6
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Tc.:}v Model - Imaqges

Signal Jet Images
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Taj Model - Forward ‘Propaga&&om




Tc:»v Model - Forward ‘Propagaﬁmn

2D Cownvolution
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Tov Model - Forward ‘Prmpaga&&an

~lakten

2D Cownvolukion

Max Pooling
RELU
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Correctly predicted Signal Images

19> i@b 2925

'. rrnan

WL F F orunrg 40

GV T Y PP L mam

| -
X

“Sigmai”




Correctly predicted Signal Images Correctly predicted Background Images
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Summed Sigﬂ&' Image Correctly predicted Signal Images

Looking 11071
for subjet
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Summed Background Image

Correctly predicted Background Images

cenbralized
sub jets




Correctly predicted Signal Image

Correctly predicted Signal Image
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Correctly predicted Signal Image
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Tov Model - Single Events

Correctly predicted Signal Image : Correctly predicted Background Image

Activity separated : | Activity centered:
signal! | backqground!




Tov Model w/ expar% variables - LRP

This toy model F?ernforms with 100% accuracy on the
Jjet images alone, but f we add expert variables, we
can see what the network chooses as most useful
among these inputs,
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va Model w/ expar% variables - LRP

Correctly predicted Signal Images
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Toy Model - LRP for XAUG Variables
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We see that the z LMPME, that with the greatest sef\&r&&wm
between the toy “signal” and “background”, has t
greatest relevaince to the XAUG toy model. '~
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Simulation




CMS Experiment at the
Data recorded: 2015
Run / Event/ LS:



‘Pvﬁ«m Sinulakion

Simulated wikh pythia¥,

AK¥ jJets from ‘3:&5&3@& Signal Jet Images Background Jet Images
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Pythia Simulation - Preprocessing

A\ Compute AKE jels

Simulated wikh F»j&ki&?
SM 22 and QCD

AKE jebks from fastjet
Pt > 200 GeV

N-sub jettiness from
fast jet-contrib:
WTA KT axis
Normalized
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Pythia Simulation - Preprocessing

Calculate sub jets

mMDT / soft drop
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Pythia Simulation - Preprocessing

Project to 24 Fviame
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Pythia Simulation - Preprocessing

Rotate leading
sub jet to (o, o)
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Pythia Simulation - Preprocessing

Place subleading
sub jet at (0,1)
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Pythia Simulation - Preprocessing

Scale Unkensities as
PT / pT; 71et
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Pythia Simulation - Preprocessing

Tada!
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Pythia Simulation - Forward Propagation

Flaklkewn
2D Cownvolubkion

Background Jet Images

Max Pooling
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3%&& Sinmulation - LRT

Background Jet Images : - ‘”«,‘»\
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3%&& Sinmulakion - LRPY

Background Jet Images Heat Map




‘Pvﬁ«m Sinmulation - LRTP

Background Jet Images Background Jet Images Heat Map




‘Pv%l«m Sinmulation - LRTP

Signal Jet Images Signal Jetimages Heat Map
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‘Pv&hm Simulation - Stngle Events

Signal Jet Images Background Jet Images

centralized
Q&&iviﬁv

separated y g

ackiviby !




‘Pv%hm Sivulakion - LRP e

Relevance Score

*ungroomed
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Pythia Simulation - LK¥ Profiles of three
most relevant inputs
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LRP Profiles
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Grives insights inko network behavior
XAUG Variables capture features in network

Can improve Pernformanﬂe of networks, or reveal when they exhaust

available information ’




Coming soon...




Lcle~Lisk CNN

1D Conv,
| Max Pool
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LRP with XAUGs can...

Reduce complexity of taggers

Explore new exper% variables

Amﬂv ko amomai.v debection
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