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Modern LHC physics

Classic motivation First-principle simulations
- dark matter - start with Lagrangian
- baryogenesis - calculate scattering using QF T
- Higgs VEV - simulate events

- simulate detectors

LHC physics — LHC events in virtual worlds

- fundamental questions

- huge data set Simulation-based inference

. complete uncertainty control - compare simulations and data

- first-principle precision simulations - analyze data systematically (sverm

- understand LHC dataset (smoresm

Traditional methods - publish useable results

- discover in rates — With a little help from data science...

- unveil little black holes
- find supersymmetry
- travel extra dimensions

forward

- measure couplings

scattering decay Qco shower i detectors
@ i 1 2




Why Formulas

Modern LHC physics — all numerics

- Lagrangian defining the relevant parameters through formula

— — 1 f
£=QuDQ, + QpibQr — Z Fuu F* — |6 = No|* = 2510

- extract Feynman rules

- compute and square transition amplitudes

- add parton-shower gluon radiation

- simulate hadronization/fragmentation and detector response
— Nothing to look at and understand

forward
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Why Formulas

Modern LHC physics — all numerics

- Lagrangian defining the relevant parameters through formula

— — 1 f
£=QuDQ, + QpibQr — Z Fuu F* — |6 = No|* = 2510

- extract Feynman rules

- compute and square transition amplitudes

- add parton-shower gluon radiation

- simulate hadronization/fragmentation and detector response
— Nothing to look at and understand

Benefit of formulas
- recognizable content

N(t) = —AN(t) decay law
m k
E= E)'(Z + EXZ harmonic oscillator
E = mc® something with Einstein

- symmetry properties t = pr 1pr2sin(2A¢) independent of p,
- Taylor series  sin¢ = ¢ + O(4?)
— Way to understand physics




Why Formulas

Modern LHC physics — all numerics

- Lagrangian defining the relevant parameters through formula

fo2
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- extract Feynman rules

- compute and square transition amplitudes

- add parton-shower gluon radiation

- simulate hadronization/fragmentation and detector response
— Nothing to look at and understand

Formulas as ML-models
- neural networks best interpolation wror
- interpolation vs extrapolation

planetary movements

time series in cancer research

weather forecast

background modelling with one/two sideband(s)
LHC-simulation of kinematics tails

— feature-based networks useless
— model-based ML implicit bias, formulas, differential equations




Al-Feynman

Properties of physics formulas  judrescu & Tegmark]
- units  limiting allowed structures (a2 =0,m=0) =0
- Taylor low-order polynomials everywhere
- smoothness  nature is smooth and differentiable
- symmetry translation, rotation, scaling...
- compositionality  f(x,y,z) = fi(x,y) fa(y, 2)
- separability  f(x,y,z) = fi(x) f(y, 2)

— Basis for extracting physics formulas from data?




Al-Feynman

Properties of physics formulas  [udrescu & Tegmark] — D
- units  limiting allowed structures (e? =o,m=0) = 0 /—' 1
- Taylor low-order polynomials everywhere
- smoothness  nature is smooth and differentiable <GB
- symmetry translation, rotation, scaling...
- compositionality  f(x,y,z) = fi(x,y) f(y, 2)
- separability  f(x,y,z) = f1(x) f(y,2)

— Basis for extracting physics formulas from data?

Algorithm

- start with numerical dataset f(x, y)
- Brute force the standard algorithm

- represent formula by 1D string  [pocket calculator]
- objects X ...

single argument |/ exp log sin ...
two arguments + — %/

- loss function balancing complexity and precision

RMS
L = log rank + X log max (l, 7>

10— 15 Equation

s

hai=——73—
w2 (BT 1)




Al-Feynman

Properties of physics formulas  judrescu & Tegmark]
- units  limiting allowed structures [Ap? =0, m=0) =0
- Taylor low-order polynomials everywhere
- smoothness  nature is smooth and differentiable
- symmetry translation, rotation, scaling...
- compositionality  f(x,y,z) = fi(x,y) f(y, 2)
- separability  f(x,y,z) = fi(x) f(y,2)

— Basis for extracting physics formulas from data?

Benchmarking and naming

Feynman | Equation Time [s] | Methods | Data
z
_ 0
1.6.20 f=e 202 /202 2992 | ev, bf-log | 102
1918 F= . Gmy 2, . 5975 | all 108
(Xz;xﬂ +(y2—y1)°+H(z2—21)
110.7 m= 40;2 14 | unit, bf 10
[1_v2
2
11119 | A= xqyq + Xp¥p + X3¥3 184 | unit.pf | 102
__wo i
13410 | w = 3700 13 | unit,bf | 10
13427 | E = hw 8 | unit 10
_ mgx
1.40.1 n=nge b 20 | unit, bf 10




Al-Feynman

Properties of physics formulas  judrescu & Tegmark]

Gmymy
(@2—21)2+(y2—y1)?+(22—21)%

- units  limiting allowed structures (a2 =0,m=0) =0
- Taylor low-order polynomials everywhere L

- smoothness  nature is smooth and differentiable | ¢ni . A
o (F-D+H(E - +HE -2

- symmetry translation, rotation, scaling... © I
: itionality  f(x, y,2) = £(x,y) h(y,2) e
comp03|“ y ¥,2) = kX, y) 2y,
- separability  f(x,y,z) = fi(x) f(y, 2) Symmetry
— Basis for extracting physics formulas from data? ey et

Translational
symmetry

Benchmarking and naming

Feynman | Equation Time [s] | Methods W%W
2
_ 0 =
1.6.20 f=e 202 /\2no2 2992 | ev, bf-log Multiplicative
separability
19.18 F= . Gmy T2, . 5975 | all
O =x1)+(y2—y1)"+(22—21) 1 a
110.7 m=_"T0 14 | unit, bf (R
o - ’ Polynomial
5 fit
1.11.19 A= Xx1yy + Xo¥2 + X3¥3 184 | unit, pf
wo i (b-1)%+g*+h?
1.34.10 w= 1=y 13 | unit, bf
1.34.27 E = hw 8 | unit '3 °ly'}l‘t’"“al
_ mgx
1.40.1 n=nge T 20 | wnitbt |70




PySR

PySR alternative approach mikes Cranmer]
- motivation:  explainable Al
- modeling language of physics: formulas
— combine networks and formulas [slides from Miles’s talk at Hammers & Nails 2022]

Empirical fit:  Kepler’s third law Planck’s law Neural
. Network
2 3 _wd (h_V) _ Weights
P (09 a B= o exp T 1
(Partially)
Newton’s law of Quantum
gravitation, mechanics, 277??

to explain it to explain it




Networks and formulas

Formulas vs networks [Cranmer, Cranmer, etal]
- network to extract actual degrees of freedom
- networks fast to evaluate
- access to derivatives
— Formulas through networks




Networks and formulas

Formulas vs networks [Cranmer, Cranmer, etal]
- network to extract actual degrees of freedom
- networks fast to evaluate
- access to derivatives
— Formulas through networks

Dataset Model with Extract to )
Graph Neural Network Symbolic Equation

Predict Dynamics %}9 o
—> ¢ Y — G- Y-
\g’ ,\ Tt

Known spring law

Simple Particles
P Encourage Low-Dimensionality

Representation

Predict Properties Cy+ M;

L 1
— =it o, ; Cs + Colri) O

Unknown Dark Matter
overdensity equation

(3

Detailed
Dark Matter Simulation




Formula encoding

Analytic formulas for LHC observables  (renmer, Butter, TP, Soybelman
- function (x|0) approximated by tree
- order-one phase space parameters  Xp = pr/My, An, A¢  [node]
- operators  sin X, X2, X3, X4+ y,X — y,Xx y,X/y [node]

— figures of merit [complexity = number of nodes]

MSE = 1 5™ 000 - t(x.210)]°

i=1

score ~ MSE + parsimony - complexity

* Symbolic regression finds analytic expressions to fit a dataset.
* Pioneering work by Langley et al., 1980s; Koza et al., 1990s; Lipson et al., 2000s

OO

Symbols

& _> @
Genetic Algorithm ’

Learn
constants

Dataset

output

g ONONC

Model: cos(x) + y + 3.1




Optimization

Simulated annealing
- combine trees to populations
- mutate trees  exchange, add, delete nodes
- acceptance probability

SCOrénew — SCOI€iy
p=exp| ———F———"—
aT scoregy

- added: proper fit of pre-factors
— Hall of Fame: best equation per complexity

loop over annealing SR Cycle

loop over population

Replace oldest
member with
result




Optimization

loop over anncaling temperature SR Cycle

Simulated annealing loop over population

Choose best of
10 rand. trees

- combine trees to populations
- mutate trees  exchange, add, delete nodes
- acceptance probability

SCOl€new — SCOr€qlg
p=exp|——"—F—"—"—"—"—
aT scoregyq

- added: proper fit of pre-factors
— Hall of Fame: best equation per complexity

Replace oldest
‘member with
result

Miles’ example

2 Select Fittest —a —
‘1 15¢ + 0.86 W[HW—M OF | 110/ | OF ... e—

L or .
{1,152 | 0 w\or[usfn 367 | OF ... me—
topwo) Crossover ’ ’
or .
Simplification
Randomly Por 11395y + 07721
Subsample Optimize
Constants
2
115y + 0.86 |«
o " Replace

Oldest




Orbital mechanics

Force law from orbital mechanics  (Lemos, Jefirey, Cranmer, Ho, Battaglia]
- data  3- years of solar system (sun, planets, big moons]
- objects scalar property per body, call it 31 masses
- graph network interaction as 465 edges, summed
- loss mean weighted error
- PySR interpret edges as force
- post-processing re-train masses and force law
— Gravity itis...




Orbital mechanics

Force law from orbital mechanics  (Lemos, Jefirey, Cranmer, Ho, Battaglia]
- data  3- years of solar system (sun, planets, big moons]
- objects scalar property per body, call it 31 masses
- graph network interaction as 465 edges, summed
- loss mean weighted error
- PySR interpret edges as force
- post-processing re-train masses and force law

— Gravity itis...
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PySR competition

Standard in ML: conference challenges

- Kaggle tracking, Higgs
- ML4Jets top tagging, anomaly seraches, autoencoder, detector simulation

: .,
How well does this work? g

* GECCO 2022 symbolic regression simplicity Rank
competition - equations track Qatice
* PySR won second place overall, but by far
finds the simplest solutions: -
« (First place is a proprietary software from a WDSR —
startup, so PySR is technically the best
overall open-source symbolic regression!) operon ——
Bingo ——
E2ET ——




PySR competition

Standard in ML: conference challenges

- Kaggle tracking, Higgs
- ML4Jets top tagging, anomaly seraches, autoencoder, detector simulation

H MilesCranmer [ PySR | Public

@ High-Performance Symbolic Regression in Python

PYSR &3 Apache-2.0 license

Y¢ 761stars % 81forks

* Open-source, free forever

» Extensible Python API compatible with scikit-learn
* Can be distributed over 1000-core clusters

» Custom operators, losses, constraints




Optimal observables

Measure model parameter 6 optimally

- single-event likelihood  (from Monte Cario]

1 d%(x]0)
0) = —
P(x16) ot(0)  dxd
- expanded locally in 6, define score st taylor log]
0
g PUD o (0 00) Vatogp(x0)| = (0 00) t(x100) = (0 — 00) 0% (x)
p(x160) %

- parton level, as used in ATLAS

e 2 |MZ
p(x|0) & IME+0IM[E = H(x]00) ~

M5

— Easy at parton level, LEP physics...



Optimal observables

Measure model parameter 6 optimally
- single-event likelihood  (from Monte Cario]

dO’
p(x|0) = —_ 4ox19)

ot(0)  dxd
- expanded locally in 6, define score st taylor log]

0
g PUIO) (0~ 60) Vo logp(x16)| = (0 — o) t(xI0) = (6 — B6) 6% (x)
p(x]60) i
- parton level, as used in ATLAS
2
pO) = IME+0IME, = t(x|ge) ~ Ui
M2

— Easy at parton level, LEP physics...

q q q o H A

X . z +

Discrete symmetry :E " M ¢ on %;éz
¢ e q - o

- CPV at dimension-6
- unique CP-observable [c-even, P-odd, T-odd]

lab frame

t o epvpo ki' k3 qf a5 sign[(ki — ko) - (1 — G2)] "— sin Agy
— Computable, modulo prefactor from D6-operator




Optimal observables after detector

Computing score using MadMiner
- likelihood ratio at detector level
P(xal0) [ O T(xalXp) P(Xp]0)

= log
p(xd60) J dxp T(xalXo) P(xo]00)
- minimization problem for

F(Xd):/dxp |9(xa, Xp) — §0xa)I* T(xalxp) P(Xo]6)

smart choice o 32) = p(xp|6) N b p(x4]0)
O TTATS) p(X4160)
- same for unobservable phase-space directions foint score (x, z|6]

— Minimization means ML, function as NN




Optimal observables after detector

Computing score using MadMiner
- likelihood ratio at detector level
POIO) _ | [ O T(xalx) PO10)

= log
p(xd60) J dxp T(xalXo) P(xo]00)
- minimization problem for

F(Xd):/dxp |9(xa, Xp) — §0xa)I* T(xalxp) P(Xo]6)

smart choice o 32) = p(xp|6) p(x410)
TP p(xpl00) P(Xa|6o)
- same for unobservable phase-space directions foint score (x, z|6]
— Minimization means ML, function as NN

= 9x(x) =

Going back to formulas  (srehmer, Butter, TP, Soybelman]
- detector-level score from MadMiner
- parton-level score analytically
- good enough formula for controlled use?
— Symbolic regression




Around Standard Model

Score around Standard Model

- shift in distributions, reflected in score

CP-effect in Ag;;
Dé6-effect in pr ;

do/dAg [fb/bin]

do/dpr 1 [fb/bin]
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Around Standard Model

Score around Standard Model

- shift in distributions, reflected in score [parton level]
CP-effect in Ag;;
Dé-effect in pr;

- best 4-parameter formula including A7  witouwith detector]
t=—xp,1 (Xp,2 + €) (a — bAnD)sin(A + d)

with a=1.086(11) b=0.10241(19) ¢ =0.24165(8) d = 0.00662(32)
a=0.926(2) b=0.08387(35) c=0.3542(20) d = 0.00911(67)

— Mostly expected formula

compl dof |function MSE
3 1 |aA¢ 1.30- 101
4 1 |sin(are) 275107
5 1 |aAgzp, 9.93-1072 17
6 1 |—xp1sin(A¢ +a) 1.90-107* w
7 1 |(=2p1 — a)sin(sin(Ad)) 563-1072 2
8 1 |(a — zp1)zp2sin(Ag) 1.61-1072
14 2 |zp1(aA¢ —sin(sin(A¢)))(zp2 +b)  1.44-1072
15 3 |—(zp2(aAn® +zp1) +b)sin(Ap+c) 1.30-102
16 4 |—zp1(a—bAn)(zp2 +c)sin(Ad+d) 850-1073 107
(Tp,2 + a)(bzp1(c — Ag) -3 5 10
BT —zp1(dAN + exp o + ) sin(A¢ + g)) 8.18-10 cc}nsp\ex\%)? ®ow




Away from Standard Model

Score away from Standard Model
- scaling beyond linearization
P(x[0) = |MI§ + 0| MG, + 07| M]Guaq

- saturating score

\ 0 <1 | o2t

approximation 2 leading term . quadratic term
[Mlint ! 2 [ Mling 2
2 * o2 |21 Mlquag — 5|0 -
MG MG | M5 0

scaling mostly constant

decreasing with 6

- combination of different regimes

data

t(x|6)

-8 5 3 2

-1 0



Away from Standard Model

Score away from Standard Model
- scaling beyond linearization
p(x16) = M5 + 61 M5, + 67| M3

- saturating score

\ 0 < 1 \ 0> 1
approximation 0 leading term . quadratic term
[ Mling 1 2 | My 2
M2 + 2 2lMm Iquad - 2 4 -
IMIG MG M2 0
scaling mostly constant decreasing with 6

- combination of different regimes
- regression including division  [rational function, complexity 31]

a'Xp, x (65X, x — SpAn — 1)
t(Xp‘X’s¢’An|le7V:1): 7 _q/ / g2 _ _fry _ o _q’
(b'Xp,x + 8¢ — 9')(€'S5Xp, x — SpAn — f') — ¢ sﬁs d

with a8 =075 b =038 ¢’ =42 d' =46 & =11 f =026 g =0.21

— Optimal observables more complex

cmpl dof ‘function MSE
3 1 |amyx 0.124
12 2 |azp x/(xp,x /A0 + An+b) 0.116
15 2 |(sp+a) (=5 + Tp,x — b)/(—8p + Ty x + An/zp ) 0.054
26 4 |a/(b—(sp —c—d/(s] — s9AN — 84/Tp,x + ez} 1))/ Tp,x) 0.048
31 7 |a/(b—(sp+ (csg - d)/(esizzwx —s¢An+ f) —g)/xp,x) 0.039




Expectation for analysis

So what does the formula buy us?

- MSE for score: 107
very wrong formula

w
wn
wrong formula g o aprpm
right formula g -8 asinig
MadMiner = —@— asinAppripra
102 @ SR
~o- Sally
Sally full

0.3 0.4 0.5 0.6 0.7 0.8
1o limit




Expectation for analysis

So what does the formula buy us?

- MSE for score:
very wrong formula
wrong formula
right formula
MadMiner

- expected limits:

very wrong formula
wrong formula
right formula =~ MadMiner

— Statistically limited for Run 2

apripr2
asinAg

asin Appripr
SR

Sally

Sally full

total MSE

1072

_e-
-0
-
-
-

0.3 0.4 0.5 0.6 0.7 0.8
1o limit

L
=)

CPV in WBF

I o o
IS o o

Expected p-value

o
N

0.0

-1.00 -0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 1.00
fww




ML for LHC Theory

ML-applications in LHC analysis and theory

- just another numerical tool for a numerical field
- driven by money from data industry, medical research
- goals are...

...improve established tasks
...develop new tools for straightforward tasks
...come up with new ideas, now possible

- example recovering formulas from complex observables
— Opportunity for young people to make a difference!
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