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Tau Leptons in the ATLAS detector

» Tau lepton, m, = 1.777 GeV v,
o Decays ~instantly in detector Jet Cone\ .
o Tau decays: reans N

s Tovrvt, L =¢e,u
* T - vy hadrons

o We study hadronic decays (65% BR)
O Thad—vis - Visible products of decays

*» This work: quantify tau energy

scale
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Tau Lepton as probe of Higgs

= Study H — 17 process; has \
highest BR of leptonic H SATLES

http://atlas.ch

decays

» ~10% uncertainties in this
decay channel remain

o Possibilities for BSM
physics
* Run 2 produced = 500 -
103 such decays |
o Can afford to be picky
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Higgs Boson

» Only scalar (spin-0) particle

* New interactions: self-coupling
and Yukawa

ol.e., Higgs field gives mass to
particles

* More precision
measurement required

* Many properties still not
understood

%ATLAS
EXPERIMENT

http://atlas.ch
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The Large Hadron Collider (LHC)

= Collides protons and
heavy 1ons at 99.99...%
the speed of light

* Energy = new particles

» Goal of LHC physics: find
new particles
o Look at kinematics, find
anomaly

* Necessitates finding 4-vector
of particle

o Test validity of SM and
look for BSM physics
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The ATLAS Experiment

= Components of detector:
tracker, magnets,

= 4-vector the HEP way:

o pr: transverse momentum

o ¢: azimuthal angle

on =—1In (tan (g)), 0 : angle
off z-axis

om (or E)

* My work: find py of 7
lepton = find Tau
Energy Scale
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A note on HEP Algorithm Development

Simulate Interesting
Physics

Simulate Detector

(Geant4)

Test on real data Search for new physics

Miles Cochran-
Branson

Digitize simulation and

treat as real data 8117129



https://geant4.web.cern.ch/

Tau Energy Scale Calibration

» Tracker and Calo data

. . Track Calorimet
= Data combined for estimate of FACREE SORREEE
pr: combined

" p combined to Boosted
Regression Tree (BRT): final pr Combined

BRT (Final)
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Tau Energy Scale Calibration

» Tracker and Calo data

Tracker Calorimeter

= Data combined for estimate of
pr: combined

" p combined to Boosted
Regression Tree (BRT): final pr Combined

* This work: replace BRT with NN

* Modern ML shown to beat
old BR"" “inal)

» More diagnostic power

8/17/22
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Tau Energy Scale Calibration

» Tracker and Calo data

Tracker Calorimeter

= Data combined for estimate of
pr: combined

" p combined to Boosted
Regression Tree (BRT): final pr Ce_vined

* This work: replace BRT with NN

* Modern ML shown to beat
old BR"" “inal)

» More diagnostic power

* Future: potential to
bypass intermediate steps

8/17/22
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Dense Neural Networks (DNN)

Hidden layer(s)

Input @ " Output
vector @ , vector

X X Wx H: H: H; Wo O

* Networks are functions composed of layers of matrix
multiplication

Source: ML Glossary, Forwardpropogation
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Mixture Density Networks (MDN)

Neural Network Mixture Density Model

Input
Vector

p(t|x)

= MDNs are neural networks with a probabilistic output
given by a mixture density model

8/17/22

Source: Bishop, C., Mixture Density Networks, 1994
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Universal Approximation Theorem

Any function can be approximated by a neural network with a
single hidden layer!

The same holds for feed-forward networks with multiple layers

It 1s not clear, however, how many nodes are needed to
accomplish this. It 1s possible that infinitely many nodes are
required...

8/17/22
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MDN Structure

Hidden Layers MDN

Input:
20 variables by
num. events

—) -

Output:
Mixing params,
means, stddevs
Of GMM fOI' Miles Cochran-
eaCh event Branson

3 3 3 3 @
gs; g gs; = Q
@) o @) o )
= = = & S
N N N

& & & o <
— — — — Nej
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Two-component Gaussian Mixture Model
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MDN Purpose

) x10°
Y Truth
* Input from low and high- < R
level variables from 2 109 [ This work, x* / dof = 236
detector .

* Try to match stmulated
data (i.e., ) ]
o Data-aware technique 0.4 1

o Regression problem

0.2 1
» Goal: given a tau, find pr J |
3 = s G
3
S 10 M”—‘-— S
~ °
<
0.9 .
0 25 50 75 l(I)O lé5 150 1%5 2(I)0 1 8

PT(Thad—vis) [GeV]



MDN Performance: Line shape

i [ This work
S [ Final
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3 1 Combined
g
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= MDN outperforms Final! 1722

o Higher near peak 1s better
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MDN Performance: Line shape

*Z g ;hislwork i ! 1 This work
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MDN Performance: Line shape

*Z g E'hislwork i : [—1 This work
o 10° e = [ 1 Final
S [ Combined & 40000 -
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* MDN outperforms Final! T Y T 17122
o Higher near peak is better Predicted pr(Thad—vis) / True pr(had—vis)
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Note: resolution 1s the width of the above curves at 68% CL



MDN Performance: Resolution
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= MDN performs better than final on all metrics
= Have shown that an MDN produces better results than

BRT
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Event Selection

%]

is) Tesolution, 68% CL

pT(Thad—v

* With o and u from MDN, we can select “better” events

Combined 1 10! [ Combined 1 10" 5 : 3 Combined
20.0 Final & [ Final E ' A\ [ Fina
—— This work qi 100 [ This work B . : X [ This work
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» Has huge diagnostic power

» Can split events on high and low purity; have enough events
to even discard some!
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Conclusions

= Novel MDN beats current method for TES calibration
» Includes extra information to aid selecting taus

* Presented work at Tau working group meeting.
Recommendations for next steps in project:
o Incorporate into ATLAS software
o Remove high-level variables

o Train a more complex network on outputs directly from tracker and
calorimeter
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Backup slides!



Unknown properties of the Higgs

= Does 1t interact with lighter particles?
oH — uu detected at CMS, small BR, other, lighter particles?

= Does it really interact with 1tself?
o Decays of higgs to higgs are rare

» What's it’s lifetime?

o Theory predicts very small so extremely hard to measure

* BSM higgs?
o Not scalar?
o Not fundamental particle? A (Oehiis
o Other exciting things? .

Source for e.g.: Grey 2022, Happy Birthday Higgs Boson! What we do and don’t know about the particle. Nature Vol. 607, pp 220-221
(https://www.nature.com/articles/d41586-022-01834-5) 20



https://www.nature.com/articles/d41586-022-01834-5

Mixture Density Networks (MDN)

» Basic 1dea: substitute output
layer of DNN with conditional
prob. density

= General form of output:

p(tlx) = Zm ¢ (t|x)
Zﬂ'z’ :1, T >0
i=1

m;: mixing coefficients, ¢;: some
pdf, x: input parameters, and
t: output parameters

= MDN used in ATLAS pixel
cluster splitting (Khoda, 2019)

congit:;)nal
probability
density p(tlx)

{ E mixture
model

parameter V/
vector

4 h

neural
network

\_ J
input
vector X

Source: Bishop, C., Mixture Density Networks, 1994
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Global u, o from GMM output layer

= Gaussian Mixture fj, (x) with k
gaussian components ¢ gives m, U, &

* We want some global u, o
= From law of total expectation:

k
= E T3 g
i=1

= From law of total variance:

k
=2 i} +45) -
=1

= Can find ‘better’ events using

71 <1
[

Source: Trailovic, L., and Pao, L., Variance Estimation and Ranking of
Gaussia Mixture Distributions in Target Tracking Applications, 2002
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Training a ML model

1. Break dataset into three
sections: training, testing,
validation

2. Define loss function

&0

Pass training data to model

47 ’is“ts 0‘“\!
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N sttty
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4. Kvaluate loss function on ,’\\\\i\\\g?\:? 'l','lllll IS
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el )

°® ® \\\QL
5. Move towards minimum of loss =

6. Update model

7. Repeat steps 3,4,5 until loss
reaches a (local) minimum

8. Evaluate model on testing data
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A little more on 4-vectors

= Common 4-vector: (py, py,pz, m) or (p,E)

» HEP 4-vector: (pr,n, ¢, m) or (pr,n, d,E)
» Transformations:

Pz = prcos(9) pPT = \/p?; + p;
)

Py = PT sin (¢ tan(¢) = py/px
p. = pr/ tan(f) = pr sinh(n)
(

|p| — pT COSh 7]) 8/17/22
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Dataset

» Simulayed y* — 77 data

o group.perf-tau.MC20d_StreamTES.425200.Pythia8EvtGen_A14NNPDF23LO_Gammatautau_MassWeight_v3_output.root

» Total number of events: 12608274

* Number of training taus: 12498400
* Number of validation taus: 2499680
* Number of testing taus: 6249020

= Cuts applied:

o ptIntermediateAxisEM/ptIntermediateAxis < 25 .
o ptPanTauCellBased/ptCombined < 25 BT
o ptIntermediateAxis/ptCombined < 25 8/16/22
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