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Goal

* Understand full dataset from 1st principles
* Precision measurements of the SM

* Find signs of new physics (eg dark matter)
* Huge dataset ~1Pb/s before trigger selection
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* Facing 25 times the amount of data

* What do we need to understand the data? (read: find new physics)

* Precision predictions
* Higher order amplitudes
* Event generation
* Shower

* Detector simulation

® Peak luminosity =—Integrated luminosity
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* Optimized analysis for high-dimensional data
* Unfolding
* MEM

* Anomaly detection

* Uncertainty treatment for ML methods
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How can ML help?
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1. Generate phase space points

— set of four-momenta p,

2. Calculate event weight

Wevent :f(xla Qz)f(xlv Qz) X %(xlax?pl’ . 9pn) X ](pl(l/'))

/

/

Matrix element

3. Unweighting

keep events with

W -

Wmax

>re[0,1]

\

Phase space mapping

Bottlenecks

1. Slow matrix element calculation
¢ Complexity grows exponentially with

- # final state particles
- Precision (LO, NLO, NNLO, ...)

2. Low unweighting efficiency

¢ Discard most events if w; < wmax
¢ Optimize phase space mapping

= J(p(r) = (f x M)~




ML for Amplitudes

Reducing variance in exact calculations



Precision predictions based on loop diagrams

D1 '

D2 ’

Analytic expression for loop amplitude
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Rewrite with \

Feynman parameters Still contains singularities



Precision predictions based on loop diagrams

D1 '

D2 ’

Analytic expression for loop amplitude

ﬁde, ﬂ 1
T i (g7 — m? + i)
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Rewrite with \

Feynman parameters Still contains singularities

1 1
N—1 v—(L+1)D/2 N—1
0 0 /=

Solved by contour deformation due to Cauchy's theorem

de det< 0zx )>I(Z(x))

]=1 ]=1

Low
Jde I(X) =
0

O%r—a

Optimal parametrization = minimal variance

Turn it into an ML Problem




NICZrauon witin normaiiZimsg 1rows

. . . ” 0z(X) \ , - -
Numeric evaluation of integral G = [ dx; det pe I(z(x))
X

Normalizing flow networks
-~ Bijective mapping
- Tractable Jacobian
- Combine many blocks

Parametrization — z = INN(x)

1 Z 0Z(x H)
Minimize variance — loss £ = a,f = Z det — 0 I(Z()_c’(i))) — ()
n — 1 1 aX(i)
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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 ! N ! N
m D3 Jde I(X) = Jde det< 0zx )> 1(Z(X))
0 0

J=1 J=1

Optimal parametrization = minimal variance
Analytic expression for loop amplitude

triangle2L. (Sector 1)
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R. Winterhalder, et al. [2112.09145]



https://arxiv.org/abs/2112.09145

ML for Amplitudes

Approximation with Regression
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Example
gg — yrg(g) @LO

ook training amplitudes
870k test amplitudes

T — T

Standard approach

Training data
T = (phase space points x, Amplitudes A'(x))

Loss
Z = (A'(x) — NN(x))?

PROBLEM: For limited data there is no unique solution

1

— Need better formulation of the problem

— Find p(A | x, T') (from now on x is implicit)

- pA) = de pA|w)p(w|T)

-5 Aleatoric




p(A) = de pPA|w)pw|T) ~ de p(A | w)g(w) Building the loss function
Approximate g(w) by minimizing KL divergence

Z gy = KLIg(w), p(w | T)]

Bayesian network

Ensemble of networks - dW Q(W) lOg Q(W)
0.2 o, 0.8 o p(W ‘ T)
Al " qw)p(T’)
Ny e = | dw q(w) log
w @ ERRAIC ) T
NI@ (y‘ o pw)p(T |

N\ /\ 0.5 0.7
/! ( Alwy) ) = KL[g(w), p(Ww)] — | dw q(w) log p(T'|w)
x |— output| ——— | x [ 6 (@)
% \ % O (2)
- 0.9
%( Aw,) ) Gaussian prior Gaussian uncertainty
N Omodel(®3)

2

2 _ 52 PRY " (truth)
o, — o, + (1, — up) o, }A]-(w)—Aj
> + log —
20-17 Oq 2O-model, j (0))2

+ log O model, (w)
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+ Deviations at 1 percent level

Aw — A, Ayw — A, .
. - NN — 4 g - NN — 4
Precision A7) = o Calibration A @r@in) — rain
Ann Any
120 largest 100% A | '
gg = Yvg e o o-11  99-Yvg | N(u=0.16,
100 - largest 1% Ann N‘ (u= 0.22, i o= 0.96)
largest 0.1% Ann 10-2 0= 0.97) i
- 807 i i ’
g0 3
= = | training> test
: g 104 i raining es
= i S | :
a 40 - a 10_5 : i ::::'
i g B ] l %
20 - = —6 | | 2
2zl o -
| ] | 10-7- | | | | et
—-0.04 -0.02 0.00 0.02 0.04 -7.5 -=5.0 =25 -0.0 2.5 5.0 7.5
Arain) 4 gverflow bin (AnN(W)-A) / Omodel(W)
Performance worse for rare points with large amplitudes (collinear) Roughly Gaussian but enhanced tails
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Enforce training on samples with AA > 20
— include them 5 times in each epoch
— Repeat 4 times

120 10° ;
largest 100% Ann 99 = Vvg ,

gg-vvg o 44 I loss-boosted
] largest 1% Ann |
100 NV (1= 0.23 '
loss-boosted -|_ laraest 0.1% A , H L3, |
BNN training gest U.17 Ann 10-2{ o0=0.81) |
< 80 - N (1= 0.24, |
N @ o= 0.80) |
£ 60 e i

: = 107* | test
= - S |
=40+ ) i = |
20 1 _I- 10-6.- E training
terrUfha L i gl
I T _l ........... . | edeibhanaa
0l H— . . — ! . Al
-0.04 -0.02 0.00 0.02 0.04 -7.5 =50 =25 -0.0 2.5 5.0 7.9
Atran) 4+ gverflow bin (AnN(W)-A) / Omodel(W)
No change in performance Tails reproduced for training data

Improvement for test data
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Enforce training on 200 samples with largest uncertainty o, ,
— include them +3 times in each epoch
— Repeat 20 times

140 - largest 100% Ann § :

gg - vvyg - o L 99 2 YvYg | process-boosted

largest 1% Ann 10~ . N 0.00

1201 -boosted W (u=0.17 | u= —0.00,
process-booste AGRVE , .

BNN training | largest 0.1% Ann 10-2 1 o=0.96) | o= 0.94)
E 55 i training

'T'é, 80 | % 10-3 i

S 60- - = i test
a 8 10—4 |
40- L ; 5
20 - E|__lr'| E; 107

. . | q:: E| [ B | ; | |
—-0.04 -0.02 0.00 0.02 0.04 -7.5 =50 -25 -0.0 2.5 5.0 7.5
Arain) 4+ gverflow bin (ANN(W)-A) / Omodel(W)

Significant improvement in performance
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1. Normalizing flows can reduce variance of integration in exact loop calculations

2. Aproximating amplitudes:
Bayesian networks provide uncertainty estimates
Boost network performance for precision or calibration
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1. Generate phase space points

— set of four-momenta p,

2. Calculate event weight

Wevent =f(x19 Qz)f(xlv Qz) X %(Xlaxbpl’ . 9pn) X J(pl(r))

/ / \

PDF Matrix element Phase space mapping

3. Unweighting

w.
keep events with —— > r € [0,1]
Wmax
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ML for phase space generation
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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

1

u
input‘<
u

O

S2 tz

_|_

Training
+——

Vi

2

S
Evaluation

20

> 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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Invertible networks for complex transformations

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

Training

Evaluation

Training on samples x

— Maximize the log-likelihood

Z =logp(0|x)
= log p(z|0) + log Jyy + p(6)

Z1



- VAA/ J VYU

Event generation
10—1-E 7 + 2 gt egcllllltsize Niets . (1-hot)

. —— Reweighte
'T;S 1072 : Ileal\iIn 21.10 — cINN P, 42, J1
g 10~3 ;

" 211..14 cINN I J2
_5110k)é ! ‘ R ¥ :
<

20 40 60 30

* Train normalizing flow on 4-momenta
* Include symmetries in feature representation
* Excellent performance for direct output

* Extend setup vor variable jet multiplicity
22



411ICNZCS 101 NOrmaiizZing

* Narrow features

* Topological holes (eg AR cuts)

* no bijective mapping possible

* can only be approximated

o
-
T~

O
-
o

0.02

number of events

OWS

o
S

=
O

normalized

7, + 2 jet exclusive
—— Reweighted
— INN

—— Train
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* Classifier loss

F=— ) logDx)— ) log(l-D(x))

* Upon convergence obtain reweighting factor

= pdata(x) .

X~Piata

pv@  1—-D(x)

* Use classifier feedback to enhance gradients

D(x)

X~PDINN

dxp .., (x) log(D(x)) + ppy(x) log(l — D(x))

Wp

. w(x; c)?
ZDiscFlow X |dx  wp(x)*P(x) > log J(x)

= Reduces range of reweighting factors

reweighged truth

24
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Conditioned

Truth

- VAA/ J VYU

Event generation

7. + 1 jet exclusive

—— Reweighted

—— Train

* Basis: INN

* Phase space symmetries in architecture

* (Control via classifier D
ptruth(x) _ D ()C)
PINN(X) 1 — D(x)

* Precision via reweighting

* Correct deviations of pyn

=) Uncertainty estimation via Bayesian NN

= [ncertainty propagation via conditioning
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nverung tnce simuiation cnaml

Parameter inference
MEM Unfolding

detector
| effects 4‘
forward

Theory scattering decay ISR/SFR shower fragmentation detectors
A P I B B B By e
inverse
T— Inverting to parton level

Requirements [] Highdimensional
[] Bin independent
[] Statistically well defined
26



Given a reconstructed event:
What is the probability distribution at particle level?

u;
in out
u?
Normal distribution Probability distribution
< N x~P parton
Training
— Z = 10g p(0] X,y X41)

—_——

, = log p(z(x) | @) + log Jyy + p(6)
Unfolding
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pp > WZ > qgl*l~+ ISR — 2/3/4 jet events

Training on inclusive dataset

x 1072

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

[ High-dimensional
[ Bin-independent

Evaluate exclusive 2/3/4 jet events

cINN vs Truth
——=- 2 jet

=== 3 jet

=== 4jet

10 20 30 40 50 60 70 80

M. Bellagente et al. [2006.06685]

[] Statistically well defined ?

28


https://arxiv.org/abs/2006.06685

events normalized

No deterministic mapping!

single detector event
3200 unfoldings
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1
1.2- 2
10
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1.0+ 1=
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0.4- ;
0.2 -
0.0 - =
10 15 20 25 30 35 40 45 50

pT,Ch [GGV]

[ High-dimensional
[ Bin-independent

fraction of events

Check calibration of probability density for individual event unfolding

1.0~

=
00
1

=
>
1

—
S
]

-
N
1

=
o
1

[A Statistically well defined
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M. Bellagente et al. [2006.06685]



https://arxiv.org/abs/2006.06685

2210.00019

Matrix element method is based on untractable likelihood

p(Xreco‘a) — /dXhard p(Xhard |a) p(Xreco ‘Xharda a)
—_————r ————
diff. CS estimate with network
Single Higgs production

Problem: integration over full phase space of the hard scattering with anomalous non-CP conserving Higgs coupling

Solution: Use unf()lding CINN to Sample Xbard 10 1 hadronic, @ = 0°, 400 events 101 hadronic, a = 45°, 400 events
| hard
8 1 81 reco
1 § 6- -
P(Xreco|¥) = P(Xhard|e) P(Xreco|Xhards @) g, 4
Q(Xhard) ~
Xhard~q (Xhard) N 5
0 0.

—10 0 10 40 45 50
CP-angle « [°] CP-angle « [°]
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https://arxiv.org/abs/2210.00019

Reweighted
Train

Z + 1 jet exclusive

Theory scattering

y [cells]

M‘M‘?—v_r L o O N P S R

AN
0 50 100 150 ‘i)cz\;\"@
Py, [GeV]
forward
decay ISR/SFR shower fragmentation detectors
— R > >

S

i single detector event
141 1 3200 unfoldings
) FCGAN/|| 1
1.2 ig
’ 1S
=] [1=1
S 1.0 i3
E 2
£08 "
g 1
42 0.6
4
©04
1
0.2 (NN eINN
I ,l'l --'1
0.0 —=il

10 15 20 25 30 35 40 45 50
Pr.g, [GSV]

cINN vs Truth
=== 2jet
==== 3 jet
=== 4jet

1074

10

20 30 40 50 60 70 80
Prg, [GGV]

Nature

Theory

Detector-level

Data cINN

........ >
\ )'5\ —
Delphes

| OmniFold

inverse

Particle-level

SImulation | =—

v —
/)‘\\ —

Generation

Pythia
Herwig

——

New data are currently on their way...

——




