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Shortest ML-intro ever

Fit-like approximation [2211.01421]
- approximate fo(x) ~ f(x)
- no parametrization, but many 6
- new representation/latent space 6

Construction and contol
- define loss function
- minimize loss to find best 6
- compare x — fy(x) for training vs test data

LHC applications
- regression X — fo(x)
- classification x — fy(x) € [0, 1]
- generation re~N —fy(r)
- conditional generation r ~ N — fy(r|x)

— Transforming numerical science




ML in experiment

Top tagging [(classification, 2016-today]
- ‘hello world’ of LHC-ML ..
- end of QCD-taggers
- ever-improving  (Huiin Qu]
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ML in experiment

Top tagging [(classification, 2016-today]
- ‘hello world’ of LHC-ML .. ¢
- end of QCD-taggers
- ever-improving  (Huiin Qu]
— Driving NN-architectures
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Particle flow [2020-today] 8 X 8 Layer Total

7
- mother of jet analyses %
55
- combining detectors with different resolution of
. . 3%
- optimality the key 5

— Modern jet analysis basics '

Progress towards an improved particle flow algorithm
Towards a Computer Vision Particle Flow * at CMS with machine learning
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5 sg
10 Z
> 20 3%
25 2%
30 B
] 10 20 30

X -axis




ML in phenomenology

Parton densities  INNPDF, 2002-today]
- pdfs without functional bias and full uncertainties
- precision and calibrated uncertainties
— Drivers of ML-theory

The Path to N'LO Parton Distributions
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ML in phenomenology

Parton densities [NNPDF, 2002-today]
- pdfs without functional bias and full uncertainties
- precision and calibrated uncertainties
— Drivers of ML-theory

The Path to N'LO Parton Distributions

NNPDF Colla

gg luminosity g luminosity
Vs=14TeV Ve=1aTeV

125

53 NNFDF4.0 aN3LO no MHOU 3 NNPDFA.0 aN3LO MHOU

= wroroMW raNHoy | 8120 5 WNPDFL0 RO MHOU
= WPDFOMOnoMHOU | E 0 =5 WNPDFA.0 LD 0L
2110

Soso

ta
e (Gev)

gt
mecev)

Ultra-fast event generators  [sherpa, MadNIS, MLHad]
- event generation modular
- improve and replace by ML-modules
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ML in theory

Optimizing integration paths (invertible networks]
- find optimal integration paths

- learn variable transformatior

— Theory-integrator :
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Targeting multi-loop integrals with neural networks

Abstract

Numerical evauaions of Feynman integrals ofen proceed via 2 deformation of the

loop ntegral can depend crtcaly on the chosen,

ring flow. They can lead to a signifcant gain in



ML in theory
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Optimizing integration paths (invertible networks]
- find optimal integration paths “- -
- learn variable transformatior : v s vt

— Theory-integrator
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Navigating string landscape  (reinforcement learning]

- searching for viable vacua
- high dimensions, unknown global structure

— Model space sampling

Probing the Structure of String Theory Vacua with
Genetic Algorithms and Reinforcement Learning
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Learned uncertainties

Network training as a fit
- learn scalar field  fy(x) ~ f(x)
- statistics: maximize parameter probability given (f;, o;)

p(x10) p(9)

p(61x) = o0

— maximize tractable likelihood instead
1=t
pex1) = H V2rao; p( 207
fi — fo(X;
=  L£L=—logpx|)=>" %
; 2

-+ const(6)



Learned uncertainties

Network training as a fit
- learn scalar field  fy(x) ~ f(x)
- statistics: maximize parameter probability given (f;, o;)

p(x10) p(9)

p(61x) = o0

— maximize tractable likelihood instead

- )12
p(x16) = Hr p<_|f/ 2’;’,2*')')
9j )

fi — f
= L=—logp(x|0) = ; % + const(9)
Learned local uncertainty
- Gaussian log-likelihood with normalization
f(x) — fo(x)[2
Lheteroscedastic = % +logog(x) + - -

- if needed replace o¢(x) by mixture model
— learn fy(x) and oy (x) together




Bayesian networks

Learned function statistically
- amplitude over phase phase
) = [ aanp)
- internal representation 6 of training data T (tink Gaussian with mean and width]

p(A) = [ a6 plAI6) p(6IT)

— O-distribution defining Bayesian NN



Bayesian networks

Learned function statistically
- amplitude over phase phase
) = [ aanp)
- internal representation 6 of training data T (think Gaussian with mean and width]
p(A) = [ 0 p(alo) p(oIT)

— 6-distribution defining Bayesian NN

Variational approximation
- definition of training
p(A) = [ do p(4alo) (01T~ [ b p(Al6) a(6)
. similarity thl’OUgh minimal KL-divergence [Bayes’ theorem to remove unknown posterior]

Die[9(6), p(8IT)] = / a9 q(6) log p?fg\e;)
a0
p(T|0)p(0)

~ Dula(6), p(0)] ~ [ 06 q(0) logp(TI6) = £

= / do q(6) log

— Two-term loss: likelihood + prior




Statistics vs systematics

Statistical network evaluation
- expectation value from network g(¢)

a) = [ aado A p(al6) q(0)
= / do q(O)A()  with  A(0) = / dA A p(Al0)
- corresponding variance
ot = [ dAds (A~ (A)* p(AID) q(0)
= [ a0 40) [ - A0 + (A0) ~ (A)"] = oh + o
Two uncertainties
- statistical — vanishing for perfect training: g(6) — (6 — 6p)
ot = [ 0 (0) [A0) - )]’
- systematic — vanishing for perfect data: p(A|0) — (A — Ao)
ok = [ 06 a(6) [#(6) - A)7]

— Systematics dominant for LHC




Repulsive ensembles

Posterior from network ensemble
- OED vs continuity equation

do op(0,1)
—=ve.n e i = =V V(8 0p(6, 1)
- Fokker-Planck equation with stationary p(9, t) = =(0)
a9 _ p(6,1)
o T Veles T

- ODE describing training progress
6" — ' =Vt [Iog p(Bt) — log 7r(9t)]

= =Vt IOgZ k(6" 6]) — log p(0|Xgan) | = —V ot Lre
J

— Joint ensemble training




Repulsive ensembles

Posterior from network ensemble
- OED vs continuity equation

do op(0,1)
—=ve.n e i = =V V(8 0p(6, 1)
- Fokker-Planck equation with stationary p(9, t) = =(0)
a9 _ p(6,1)
o T Veles T

- ODE describing training progress

0" — 0" =Vt [Iog p(6") — log 7r(9t)]

= =Vt IOgZ k(6" 6]) — log p(0|Xgan) | = —V ot Lre
J

— Joint ensemble training

Repulsive ensembles
- train network ensemble

- apply repulsive force
kernel in function space

— Alternative for statistical uncertainty




Network amplitudes

LOOp amplitude a9 — 'y'yg(g) [Bahl, Elmer, Favaro, Haussmann, TP, Winterhalder]

- regression of exact scalar over phase space [aykett-Bullock, Badger, Moodie]
- example systematics: artificial noise

- assume ostat K Tsyst ° Oy
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Network amplitudes

LOOp amplitude a9 — 'y'yg(g) [Bahl, Elmer, Favaro, Haussmann, TP, Winterhalder]

- regression of exact scalar over phase space [aykett-Bullock, Badger, Moodie]
- example systematics: artificial noise
-+ assume ostat K Osyst

- accuracy over phase space
AnN(X) — Airue(X)

A(x) =
Arue (X)
. s 40
Fimear =10% — BNN Fomear = 5% — BNN fimear = 1% — BNN
3 — RE 6 ~—— RE 30 — RE
— Det — Det — Det
32 34 32
1 2 10
[ 0 0
—04 —-02 0.0 0.2 0.4 —0.2 —0.1 0.0 0.1 0.2 —0.04 —0.02 0.00 0.02 0.04
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Network amplitudes

LOOp amplitude a9 — 'y'yg(g) [Bahl, Elmer, Favaro, Haussmann, TP, Winterhalder]
- regression of exact scalar over phase space [aykett-Bullock, Badger, Moodie]
- example systematics: artificial noise
© assume ostat K Osyst

- accuracy over phase space
_ AnN(X) — Airue(X)

A(x)
Atrue(X)
- pull over phase space
ANN(X) — Atrue(X
t(X): NN( ) true( )
o(x)
— calibrated leading systematics
0.4 0.4
Simear = 10% — BN Somear = 5% — BWN Fomear = 1% BNN
03 — RE 03 — RE 0.4 RE
. — Det ) — Det . Det
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Network amplitudes

LOOp amplitude a9 — wvg(g) [Bahl, Elmer, Favaro, Haussmann, TP, Winterhalder]
regression of exact scalar over phase space  (aylett-Bullock, Badger, Moodie]

example systematics: artificial noise
_ AnN(X) — Aurue(X)

assume osiat K Osyst
accuracy over phase space
A(x)
Atrue(x)
pull over phase space
ANN(X) — Atrue(X
t(X): NN( ) lrue( )
a(x)
— calibrated leading systematics
. x10~%
Towards zero noise 5 v
. s BNN
extrapolate to zero noise 41 « RE
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Onoise — Tsyst — Tsyst,0 ~ Tltrain 3 ° < /”
E %
2
4’./,,
1 /r’
o
0 i
1 2 3 4 5
O train x107°




Network amplitudes

Loop amplitude gg — v7y9(g) Bah, Eimer, Favaro, Haussmann, TP, Winterhalder]
- regression of exact scalar over phase space (ayett-Bullock, Badger, Moodie]
- example systematics: artificial noise
- assume ostat <K Osyst
- accuracy over phase space

A(x) = Ann(X) — Atrue(X)

Atrue(x)
- pull over phase space
ANN(X) — Atrue(X
t(X) _ NN( ) lrue( )
a(x)
— calibrated leading systematics
Towards zero noise o I
. < .
- extrapolate to zero noise 3 BNN
2 _ 2 2 L1z RE
Onoise — Tsyst — Tsyst,0 ~ Tltrain Y . Det
- systematics plateau (o/A) ~ 0.4% s
__ 10" . :
— Limiting factor?? Ry
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Improved accuracy

Network expressivity
- large range of amplitude values
- resolution of (collinear) peaks
- network breaks for large amplitudes
- 3 hidden layers needed

- activation function
machine precision...

—— 1layer

——— 2layers
3 layers
4 layers
—— 5 layers
/ —— 6layers

——— 2layers
3 layers
4 layers
5 layers
f —— 6 layers

0 2 4 6 8 10
Somear [%]




Improved accuracy

Network expressivity

- large range of amplitude values

- resolution of (collinear) peaks

- network breaks for large amplitudes
- 3 hidden layers needed

- activation function
machine precision...

Data pre-processing

- amplitude from invariants

- learn Minkowski metric? 0.08 — Det-DSI
. . —— BNN-DSI
- Deep-sets-invariant network  Heinrichetal] ) — betl
L-GATr transformer ' — Det GELU
;004 —— Det ReLU
0.02
0.00

107 1074 1072 10° 10%




Improved accuracy

Network expressivity
- large range of amplitude values
- resolution of (collinear) peaks
- network breaks for large amplitudes
- 3 hidden layers needed

- activation function
machine precision...

Data pre-processing

- amplitude from invariants

— Det-DSI

—— BNN-DSI
—— Det-I

L — Det GELU
L — DetRelU
A(0,1)

- learn Minkowski metric? 0.4

- Deep-sets-invariant network  [Heinrich etal]
L-GATr transformer

- uncertainty scaling with accuracy 02
pull unit Gaussian

— Calibrated leading systematics




Improved accuracy

Network expressivity
- large range of amplitude values
- resolution of (collinear) peaks
- network breaks for large amplitudes
- 3 hidden layers needed

- activation function
machine precision...

Statistical uncertainties

- well-defined for ostat < osyst
calibration of oot ~ osyst

- systematics per network

10% training data

statistics sampled 041 __ paNDsI
- calibration from pull —— RE-DSI
A o A 031 — 4(0,1)
X,0) — X
ba(x, 0) = A0 = (AX) .
ostat(X) Z02
L Ax, 0) = Arue(X)
Ustal(X) 0.1
— Work to do...
0.0
—4 -2

0
tat (6)
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ATLAS calibration

Energy calibration with uncertainties [ATLAS + Heidelberg, 2412.04370]

- interpretable calorimeter phase space x
- learned calibration function

- systematics: noisy training data ...

REW(x) + ARBW(x)

— Understand (simulated) detector

Relative entries

ATLAS Simulation Internal

V5 = 13TeV antikr R = 0.4 EMTopo ets

PIES > 200V, IS < 2,27 > 300 Mev

BNN-predicted total uncertainty a‘%{‘m

4000

3000

2000

Cluster coordinate rejys [mm]

1000

- EDbS(X)
~ B

ATLAS Simulation Internal
V& = 13TeV anti-ky R = 0.4 EMTopo jets
PES > 20GeV, [y55] < 2, E% > 300MeV

Topo-clusters with
85 < 0PN < 120

4000 6000
Cluster coordinate z¢jys [mm]
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= 3
IS &
Relative entries
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Generative Al with uncertainties

Bayesian generative networks  [geliagente, Haussmann, Luchmann, TP]

- network weight distributions for density

- sampling phase space
events with error bars on weights

- learned density & uncertainty
reflecting network learning?

— Generative networks like fitted densities




Generative Al with uncertainties

Bayesian generative networks  [geliagente, Haussmann, Luchmann, TP]

- network weight distributions for density

- sampling phase space
events with error bars on weights

- learned density & uncertainty
reflecting network learning?

— Generative networks like fitted densities

Z + 1 jet exclusive

normalized

—— Reweighted

Z+jets events  [Heimel, Vent...]

- per-cent accuracy on density
- statistical uncertainty from BNN
- systematics in training data

1 pT,h — 15 GeV 2
w=1ta 100 GeV

sampling a conditionally
— Precision and uncertainty control

0 50 100 150
1 [GeV]




Controlling generative Al

Compare generated with training data

- regression accuracy A = (Adata — As)/Adata
- harder for generation, unsupervised density
classify training vs generated events D(x)
learned density ratio [Neyman-Pearson]
w(x) = D(xi)  _ Poaa(X)
1= D(X))  Pmodel(X)

— Test ratio over phase space




Controlling generative Al

Compare generated with training data

- regression accuracy A = (Agata — As)/Adata

- harder for generation, unsupervised density
classify training vs generated events D(x)
learned density ratio [Neyman-Pearson]

w(x) D(x)) _ Pdata(Xi)

T A —D(X)  Pmodel(Xi)

— Test ratio over phase space

Progress in NN-unfolding

- generative network example
- compare different architectures
- accuracy from width of weight distribution
- tails indicating failure mode
— Systematic performance test

Normalized
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Amplification (for Louis)

Improving training data [Butter, Diefenbacher, Kasieczka, Nachman , TP]

— true function known 2| 10 Guanties --- truth
. . 161 GAN trained on 100 data points —— fit
compare GAN vs sampling vs fit 3 sample

0.14 GAN

— x2-sum of quantiles oz

8 -6 -4 -2 0 2 4 6 8
x




Amplification (for Louis)

Improving training data [Butter, Diefenbacher, Kasieczka, Nachman , TP]

— true function known
compare GAN vs sampling vs fit

— x2-sum of quantiles

10 quantiles --oe truth
GAN trained on 100 data points fit

1 Sample

GAN

— training and fit with 100 data points g™

— fit like 500-1000 sampled points Z:Z 1
GAN like 500 Sampled poims [amplifictation factor 5] o‘oa
requiring 10,000 GANned events ' L

= Generative networks like fits \

8 -6 -4 -2 0 2 4 6 8
x

50 quantiles
GAN 100 data points

MSE

sample

p

2
~
N
=}
S

quantile
w!
o
o

101 102 10° 10* 10° 10
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Modern ML for LHC

Developing ML for the best science

- just another numerical tool for a numerical field

- transformative new common language

- driven by money from data science and medical research
- be 10000 Einsteins,

...improving established tools
...developing new tools for established tasks
...transforming through new ideas

— It’s the future, let’s not miss it

Modern Machine Learning for LHC Physicists

Tilman Plehn®; Anja Butter"?, Barry Dillon”,
Theo Heimel”, Claudius Krause®, and Ramon Winterhalder?

“ Tnstitut fiir Theoretische Physik, Universitit Heidelberg, Germany
* LPNHE. Sorbonne Université, Université Paris Cité, CNRS/IN2P3, Paris, France
© HEPHY, Austrian Academy of Sciences. Vienna, Austria
“ CP3, Université catholique de Louvain, Louvain-la-Neuve, Belgium

March 19, 2024

Abstract

 bullying its way into For young

range of LHC These Tead students with basic knowledge of y
enthusiasm for machine learning to relevant applications. They start with an LHC-specific motivation and a non-standard
ks and the . and

problems. Two themes defining much of the discussion are well-defined loss functions and uncertainty-aware networks.
As part of the applications, the notes include some aspects of theoretical LHC physics. All examples are chosen from
particle physics publications of the last few years.'

2211.01421v2 [hep-ph] 17 Mar 2024



http://www.thphys.uni-heidelberg.de/~plehn/pics/modern_ml.pdf

Generative Uncertainties

Unsupervised Bayesian networks

- data: event sample [points in 2D space]

learn phase space density
standard distribution in latent space [caussian]
sample from latent space

- Bayesian version
allow weight distributions

B —
learn uncertainty map L] -
0.2 0.4 0.6 0.8
- 2D wedge ramp x
2 2
p(X) —ax+b=ax+ 1- g(xmax — Xmin) 0.071 —— Fit: Aa = 0.09, Az = 0.01
Xmax — Xmi Oired
max min 0.067 FF £00pe

0.05

(3 = (- %)2 (Aa)?

a\?2 5 a\?2
1+2) (a 1-2 -
+ ( + 2) ( XmaX) + ( 2) ( 0.03

explaining minimum in o(x) 002

£
3
5

=

™

Absolute Uncertainty

— INNs, diffusion just (non-parameterized) fits
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