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— Talks by

Anomaly detection
ON —Talks by
B. Dillon & A. Hallin

D. Athanasakos & T. Cain | \

G. Kasieczka [1902.09014]

Track reconstruction

Kaggle challenge

Amplitude estimation
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J. Aylett-Bullock, et al. [2106.00474]

G. Kasieczka et al. [2003.11099]

Event generation
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A biased selection
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® Peak luminosity =—Integrated luminosity

N; >-0E+34 "EEEN IR i ;2500
* Facing 25 times the amount of data R [ R
£ 3.0E+34 - : f1500
* What do we need to understand the data? (read: find new physics) Bty iR OS5 4R

* Precision predictions

* Higher order amplitudes

* Event generation

* Shower

* Detector simulation

Year

Integrated luminosity [fb™]

* Optimized analysis for high-dimensional data

* Likelihood free inference [— Talk by R. Barman]

* Optimal Observables, Unfolding

* Anomaly detection | = Talks by B. Dillon & A. Hallin]

* Uncertainty treatment ?

Problems beyond supervised classification/regression — How can machine learning help?
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Event generation Detector simulation
— Otten et al.
:
N , % ..
Gaoetal _ — CaloGAN by M. Paganini et al.
F=
— : € :
Bothmann et al = — BIBAE by E. Buhman, S. Diefenbacher et al.
> Stienen L. % :
Stienen et a - — CaloFlow by C. Krause, D. Shih
AB, et al - & — and many more
— and many more 2 llayers) T
forward
scattering decay QCD shower fragmentation detectors
DAL 4<< % 4&,\% " —( )f% @
Loop amplitudes Shower simulation
P1 | m | Particularly promising architecture
0.3 - toy shower o
m 3 i1 — Normalizing flows
024
m
p 2 ¢ 0.14 .'_fiiitidronization
— R. Winterhalder, et al. R em— .
10 »  — S. Bieringer, et al.
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Invertible networks for complex transformations

T Bijective mapping
+ Tractable Jacobian — p.(x) = p,(2) - Jyn
+ Fast evaluation in both direction

Training

| O

u
input~< S2 X 1o
u

2

_|_

Evaluation
Training on density #(x)
— Minimize difference

Z = logp(x)/t(x)
= log p(z2(x)) Sy / t(x)
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Invertible networks for complex transformations

- Bijective mapping

- Tractable Jacobian — p,(x) = p.(2) - Jyn

- Fast evaluation in both direction
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Training
+——

YA Y,

Vi

2

S
Evaluation

> output
V2

Training on samples x
— Maximize the log-likelihood

2 = logp(0|x)
= log p(z|0) + log Jyy + p(0)
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Event generation

* Basis: INN

7. + 1 jet exclusive

* Phase space symmetries in architecture

* Control via classifier D

—— Reweighted

i) —— Train P truth(x ) . D (X)

" pan®) 1= D(x)

* Precision via reweighting

* Correct deviations of pyyy

= Uncertainty estimation via Bayesian NN

Conditioned
Truth
[\

= Uncertainty propagation via conditioning

— Details in talk by T. Heimel
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Detector simulation
Challenge: large dimensionality (3 X 96,12 X 12,12 X 6)
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C. Krause & D. Shih [2110.11377]

7" shower individual & average
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Detector simulation
Challenge: large dimensionality (3 X 96,12 x 12,12 X 6)

Layer O S Layer 1 S Layer 2 S
100 & 0 ] 0 T
= = 100 =
- < 1 < 1 <
5 5 2 > : >
2
L. 10° @ 3 Q 3 2
3 = m o 4 w n 4 w
5 3 5 S 5 S
= O O 6 O 6
o © S 7 © 7
TR 10°
S 8 8
('_D 9 9 10~
@) 10-! 10 10
11 11
0 10 20 30 40 50 60 70 80 90 01234567 891011 0 1 2 3 4 5
n Cell ID n Cell ID n Cell ID
Layer O S Layer 1 S Layer 2 S
10 2 0 > 0 1 &
= = 100 =
0 = 1 = 1 =
> 2 10 & 2 >
10" @ 3 g 3 ¢
f_r =) w o 4 W o 4 w
Z s 5 S ’ 5 S
<< O o 6 O 6
W e s 7 : s 7
©) . 10
10 8 8
2 9 9
101 10 10° 10
11 11
0 10 20 30 40 50 60 70 80 90 01234567 891011 0 1 2 3 4 5
n Cell ID n Cell ID n Cell ID

C. Krause & D. Shih [2110.11377]

7" shower individual & average



“IUUL 3 5| Pe . Al

Profiting from the Jacobian

Precision predictions based on loop diagrams
pP1——t
™m
m%m
m
p2 —
Analytic expression for loop amplitude

. h ﬁ dPk, ﬂ 1
B T2 (g7 — m? +i6)"

=1 L2

) =l
. L, yr-roz A=l
= dx. x = dej I(x)

J7J Fv—LD/2
oJ j: 1 J j: 1
0 0

Rewrite with \

Feynman parameters Still contains singularities
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Profiting from the Jacobian

Precision predictions based on loop diagrams Solved by contour deformation due to Cauchy's theorem
P1 * m 1 N 1 a_}(_})
— (X -, —
m D3 JHd)@I(x)=JHd)9 det( pr= >I(Z(x))
m j=1 Jj=1
p2 — 0 0

Optimal parametrization = minimal variance
Analytic expression for loop amplitude

triangle2L. (Sector 1)

0
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= dx; x./ = I I dx; I(x) . = 100
J o J Fv—LD/2 n Variance A 0f
O J= O ]_ :?. 101_' mean: 5,2 o $a 4
Rewrite with 104 1 . . 1 RS
102 107! 10" 10° 10° 10° 10*
Feynman parameters Still contains singularities s/m?

R. Winterhalder, et al. [2112.00145]



https://arxiv.org/abs/2112.09145
https://arxiv.org/abs/2112.09145

nverung tnce simuiation cnaml

Parameter inference
MEM Unfolding

detector
| effects 4‘
forward

scattering decay QCD shower fragmentation detectors
inverse \
T— Inverting to parton level

Requirements [] Highdimensional
[] Bin independent
[] Statistically well defined



Nature

Theory

Detector-level

OmniFold

Data cINN
........ >
\‘)\ﬁ e—
Delphes

Simulation
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Particle-level
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o
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Generation

%’ Pythia

Herwig

M. Arratia et al. [2109.13243]

Classifier based aproach
Output: reweighted distribution of MC events

Density based approach
Output: probability density per unfolded event

VAE alternative: OTUS by J. N. Howard et al.
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https://arxiv.org/abs/2109.13243
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Given a reconstructed event:
What is the probability distribution at particle level?

out

Normal distribution - Probability distribution
< N x~P parton
Training

-—-m-
—_——

Unfolding



pp > WZ > qqgl*l~+ ISR — 2/3/4 jet events

Training on inclusive dataset

x 1072

Evaluate exclusive 2/3/4 jet events

2 jet incl.
------ Parton Truth
— Parton cINN
Detector Truth

cINN vs Truth
——=- 2 jet
______ —== 3 jet
1072 ==== 4 jet
s
>
O,
55 1077
—l b
10_4 1 1 T T T T
10 20 30 40 50 60 70 80

pT7Q2 [GeV]

' i : M. Bell te et al. 6.0668
fZngh—dlmenSIOnal ellagente et al. [2000.00635]

[ Bin-independent
[] Statistically well defined ?


https://arxiv.org/abs/2006.06685
https://arxiv.org/abs/2006.06685

events normalized

No deterministic mapping!

single detector event
3200 unfoldings
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4 High-dimensional
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Check calibration of probability density for individual event unfolding
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When do we (hot) need them?

* Analyses with poorly trained NNs are sub-optimal but not wrong

* Example 1: Enhance Signal vs Background with NN
* Use NN output as observable

* Poor NN yields low Svs B
* Does not prevent correct statistical analysis

* Example 2: INN for integration
* Sub-optimal contour deformation
* High variance of integral
* Not efficient but not wrong

= Control comes from simulation!

More details eg. B. Nachman [1909.03081]

* Example 3: Understanding a calibration output
* Regression problem with uncertainties

15

‘ »
.\N“

10

-5 Aleatoric
-10
-15

0 2 - 6 8 10 12
modified from M. Abdar [doi.org/10.1016/j.inffus.2021.05.008]

= How can we estimate this uncertainty?
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1.

Extend standard network output to include uncertainty — (u(x), o(x)) -

* (Gaussian approximation 1

1 (u(x) —y)* >
2 o(x)?

v Lo = — log(\/ 276 (x))

* Captures only p(y | x, w) for fixed network weights

* w varies for different trainings!

h-———— B s S S S S S —




1.

3. Alternative approaches: Ensembling, Normalizing flows (calibration curves), ...

Extend standard network output to include uncertainty — (u(x), o(x)) -

* (Gaussian approximation

N2
. Z Gauss — log(\@m(x)) : (IM(X) y)

2 o(x)?

* Captures only p(y | x, w) for fixed network weights

* w varies for different trainings!

Estimating p(y | X, D) with training dataset D 07 ]ﬂ pr.j = 600...620 GeV
60-
4
R p(y ‘ x, D) — J'dw p(y ‘x’ W) p(w ‘ D) - 501 ....... 7 'I ...... TN 2
/ \ /\4(0)) 340 [ MSE
N N ") | [ o
A4 Gauss / 50 I : ; g::;h
X |— output
10 .
0- o

BIcYTEESRES
Training size

105

106

Jet calibration

— o(x) captures intrinsic uncertainty

For large dataset:
— p(w| D) approaches d-function

G. Kasieczka et al. [2003.11099]
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What ML can do for you

Better predictions with ML based precision simulations

forward

scattering decay QCD shower fragmentation detectors

inverse

Optimal inference with controllable networks

New data are coming sooner than you think...



