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LHC Theory goal

Turn data into fundamental physics

B (@

- compute hard scattering
compute decays
compute jet radiation

- partons inside protons
hadron-level QCD

- detector simulations
— First-principle simulations, not data modeling

HL-LHC: inference with 10xmore data
- statistical improvement /10 > 3
- rate over phase space to < 0.1%
- SBI starts with Simulation «+» theory
- speed the key to precision
- MadGraph7, ML-Sherpa, ML-Pythia, ML-(N)NLO, NNPDF...
— Summarize LHC physics in a Lagrangian



LHC vs language

Similar to fit
- approximate fy(x) ~ f(x)
- x low-D phase space
- fa numerical function
— 0 data representation

Probabilities over phase space

- regression X = Ag(x)
- classification X — Po(X)  Tlikelihood ratio]
- generation r~N — x ~ pg(x)

- conditional generation r ~ N — x ~ pg(x|y)

LHC representations
- accuracy
- precision
- structure
— All related by physics knowledge




LHC representation: L-GATr

Encode known symmetries  (grehmer, Breso, de Haan, TP, Qu, Spinner, Thaler]
1- permutation invariance — graph or transformer
transformer = learned representation with scalar product
2- Lorentz co-variance/equivariance [S, fy](x) = 0
- input: 4-vectors vs Mandelstams — scalars, vectors, etc?
- geometric product extending vector space

{X,2,V} n [X,2y] with {7“,’}’”}:29‘“”

- metric reducing, bivector increasing grade

Xy =

g = 05T DT e e
2 2

- multivector of geometric algebra [ust iike supersymmetry in 90s] XS
¥
x=x51 +x: 'y“+X5U a‘“’—o—xf: S xP AP with X
X,
XP

- example input (PID, p,.)

S _ v _ T _ A_ P __
x” =PID X, = Pu X, =X, =x =0

— Organize network layers by grade: L-GATr
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L-GATr amplitudes

Performance is all you need

- LO transition amplitudes q@ — Z2+1...4 g
- amplitude regression: cost scaling with dimensionality
— low-dimensional representation better

- performance scaling with multiplicity and training data
— winning transformers
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L-GATr amplitudes

Performance is all you need

- LO transition amplitudes q@ — Z2+1...4 g

- amplitude regression: cost scaling with dimensionality
— low-dimensional representation better

- performance scaling with multiplicity and training data
— winning transformers

- more scaling with less data
— equivariance with additional advantage

— Equvariant transformers current winner
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LLoCa vs L-GATr amplitudes

Alternative implementation [Favaro, TP, Spinner + Hamprecht group]

- Better performance is all you need

- local Lorentz frame for each particle
message passing between particles in local frames

- scaling with multiplicity and training data
— L-GATs and LLoCa comparable
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LLoCa vs L-GATr amplitudes

Alternative implementation [Favaro, TP, Spinner + Hamprecht group]

- Better performance is all you need

- local Lorentz frame for each particle
message passing between particles in local frames

- scaling with multiplicity and training data
— L-GATs and LLoCa comparable

- broken symmetries: rotations
— intermediate symmetries means intermediate performance

— Advantage of equivariance for all implementations
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Equivariant jet tagging

Fat jet tagging benchmarks [same bottom line as flavor tagging]

- problem: jet axis breaking Lorentz-symmetry
1- give jet axis explicitly as additional 4-vector
2- reduce LLoCa symmetry

- top tagging performance
— equivariance + pre-training leading
— 30-fold background rejection from best BDT

3000 1

4 better L-GATr-ft.
ParpT'f»“{' MIParT£t.
25001 4,
Q4 LGATE
LorentzNet LLoCa-Tr.
g 2000 MIParT TAFormer
1 4ParticleNet-f.t.
& ParticleNet ParT
® 15007 Transformer
g TreeNiN,
= 1000 TeeNi
PEN Classical
LoLa Lorentz
5001 Pretrained
TopoDNN Pretrained+Lorentz *
BDT

2016 2018 2020 2022 2024 2026 2028
time of publication




Equivariant jet tagging

Fat jet tagging benchmarks  [same bottom line as fiavor tagging]

- problem: jet axis breaking Lorentz-symmetry
1- give jet axis explicitly as additional 4-vector
2- reduce LLoCa symmetry

- top tagging performance
— equivariance + pre-training leading
— 30-fold background rejection from best BDT

- multi-class performance
— equivariance still leading

H—bbH—ctH—ggH—4qH—1vqq t —bqq t - blvW —q3’ Z — q4
Rejsoy, Rejsows Rejsors Rejsos,  Rejoon, Rejsor,  Rejoosys Rejsow,  Rejson

PEN [72] 2924 841 75 198 265 797 721 189 159
P-CNN [73] 4890 1276 88 474 947 2907 2304 241 204
MIParT-L [68] 10753 4202 123 1927 5450 31250 16807 542 402
LorentzNet [22] 8475 2729 111 1152 3515 13889 10257 400 303
L-GATr [26] 12987 4819 128 2311 6116 47619 20408 588 432
ParticleNet [18] 7634 2475 104 954 3339 10526 11173 347 283
LLoCa-ParticleNet* 7463 2833 105 1072 3155 10753 9302 403 306
ParT [19] 10638 4149 123 1864 5479 32787 15873 543 402
LLoCa-ParT* 11561 4640 125 2037 5900 41667 19231 552 419
Transformer 10753 3333 116 1369 4630 24390 17857 415 334

LLoCa-Transformer* 11628 4651 125 2037 5618 39216 17241 548 410




Equivariant jet tagging

Fat jet tagging benchmarks  [same bottom line as flavor tagging]

- problem: jet axis breaking Lorentz-symmetry
1- give jet axis explicitly as additional 4-vector
2- reduce LLoCa symmetry

- top tagging performance

— equivariance + pre-training leading

— 30-fold background rejection from best BDT
- multi-class performance

— equivariance still leading

— Efficiency is what you also need...
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Equivariant event generation

Conditional flow matching with transformer-velocity
- end-to-end event generation
- all-hadronic events pp — thagthad + 0...4j  [22Mtraining events]
- per-cent kinematics for all particles
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Equivariant event generation

Conditional flow matching with transformer-velocity
- end-to-end event generation
- all-hadronic events pp — thagthad + 0...4j  [22Mtraining events]
- per-cent kinematics for all particles
- invariant top mass
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Equivariant event generation

Conditional flow matching with transformer-velocity
- end-to-end event generation
- all-hadronic events pp — thagthad + 0...4j  [22Mtraining events]
- per-cent kinematics for all particles
- invariant top mass

- classifier between training and generated datasets
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Equivariant event generation

Conditional flow matching with transformer-velocity
- end-to-end event generation
- all-hadronic events pp — thagthad + 0...4j  [22Mtraining events]
- per-cent kinematics for all particles
- invariant top mass
- classifier between training and generated datasets
— Precision-phase space a solved problem...

1.0

1.0
~=¥-- Transformer x ti+0j
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Accurate, precise, controlled generative ML

Performance increase
- Variational Autoencoder fooold) — GAN [2019]
- normalizing flow 20200 —  diffusion (2023
- JetGPT (20233 ——  vision transformer [2024]



Accurate, precise, controlled generative ML

Performance increase

- Variational Autoencoder [woolqj — GAN [2019]

- normalizing flow (20200 ——  diffusion

[2023]

- JetGPT 20235 —  vision transformer

Classifier test [Das, Favaro, Heimel, TP, Shih]

- generation: unsupervised density

- classify training vs generated events D(x)

learned density ratio [Neyman-Pearson]

w(x;) =

D(x;)

[2024]

_ pdata(xi )

— Local quality test

E.g. unfolding generators  (serkeley-Irvine-Heidelbe
- width of weight distribution
- tails indicating failure mode
— Systematic generator benchmarking

Normalized

10

1-— D(X,') B pmodel(xi)
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Encoding mean and uncertainty

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

po}) = T2

— maximize tractable likelihood instead

1 I — fo ()|
0) = -
p(x|6) 17[ oo, eXP< 207
f— f(x:)]2
= L£=—logp(x|0) = % + const(8)
- {oan
] j



Encoding mean and uncertainty

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

p(x10) p(9)

p(0lx) = o00)

— maximize tractable likelihood instead

1 I — fo ()|
0) = -
p(x|6) 17[ oo, eXP< 207
f— f(x:)]2
= L£=—logp(x|0) = % + const(8)
- {oan
] j

Learned local uncertainty

- Gaussian log-likelihood with normalization

If(x) — fo(x)?

2o BT

Lheteroscedastic =

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




Amplitudes with calibrated uncertainties

LOOp amplitude ag — ’y'yg(g) [Bahl, Elmer, Favaro, HauBmann, TP, Winterhalder]

- systematics: artificial noise
- statistics plateau

* ° O syst
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Amplitudes with calibrated uncertainties

LOOp amplitude ag — ’y'yg(g) [Bahl, Elmer, Favaro, HauBmann, TP, Winterhalder]

- systematics: artificial noise
- statistics plateau
- accuracy over phase space

_ AnN(X) — Aurue(X)

A(x) =
Atrue(X)
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Amplitudes with calibrated uncertainties

LOOp amplitude ag — ’y'yg(g) [Bahl, Elmer, Favaro, HauBmann, TP, Winterhalder]

- systematics: artificial noise
- statistics plateau
- accuracy over phase space

_ AnN(X) — Aurue(X)

A(x) =
( ) Atrue(X)
- pull over phase space
Ann(X) — Are(x)
foyst(X) = ————————
sys( ) Usys1(x)
0.4
fomear = 5% — BNN
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Det
0.2 A4(0,1)
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Amplitudes with calibrated uncertainties

LOOp amplitude ag — ’y’yg(g) [Bahl, Elmer, Favaro, HauBmann, TP, Winterhalder]

- systematics: artificial noise
- statistics plateau
- accuracy over phase space

- pull over phase space

Towards zero noise
- scaling
2 2 2
Tsyst — Tsyst0 ~ Train
- plateau (osyst/A) ~ 0.4%
— Limiting factor??

_ ANN(X) - Atrue(x)

Ax) =
Atrue(x)
ANN X) — A1 X
() = 20~ Are(x)
Tsyst(X)
10-1 o »_/__{*ﬂ
< e BNN
B e
\b:lO‘Z l"’/ RE
s/ Det
_. 1072
S .
g
£
1073
0 2 4 6 8 10

Fomear [%]



Amplitudes with calibrated uncertainties

LOOp amplitude ag — ’y’yg(g) [Bahl, Elmer, Favaro, HauBmann, TP, Winterhalder]

- systematics: artificial noise
- statistics plateau

. accuracy over phase space
Ann(X) — Atrue(X)
AX) = ————————
*) Arue (X)

- pull over phase space
Ann(X) — Atrue (X
tsyst(X) - NN(a)syst(Xt) =

Data representation [Breso, Heinrich, Magerya, Olsson]

- amplitude from invariants 0.08
- learn Minkowski metric

— Det-DSI
—— BNN-DSI

. . 0.06
- Deep-sets-invariant network RE-DSI
. L-GATr
Z0.04 Det-I

Det




Amplitudes with calibrated uncertainties

LOOp amplitude ag — ’y’yg(g) [Bahl, Elmer, Favaro, HauBmann, TP, Winterhalder]
- systematics: artificial noise
- statistics plateau

. accuracy over phase space
Ann(X) — Atrue(X)
AX) = ————————
*) Arue (X)

- pull over phase space
ANN (X) - Alrue (X)

fsyst(X) = Tsyst(X)

Data representation [Breso, Heinrich, Magerya, Olsson]

- amplitude from invariants

- learn Minkowski metric — Det-DSI
] . 1.00 —— BNN-DSI
- Deep-sets-invariant network — RE-DSI
— Calibrated systematics 075 — L-GATr
2 —— Det-I
«
0.50 — Det
H(0,1)
0.25




Amplitudes with calibrated uncertainties

LOOp amplitude ag — ’y’yg(g) [Bahl, Elmer, Favaro, HauBmann, TP, Winterhalder]
- systematics: artificial noise
- statistics plateau

- accuracy over phase space
Ann(X) — Aurue(X)

Al = Arue (X)

- pull over phase space
ANN (X) - Alrue (X)

fsyst(X) = Tsyst(X)

Data representation [Breso, Heinrich, Magerya, Olsson] Approximation error of f,

100
- amplitude from invariants
- learn Minkowski metric 101
- Deep-sets-invariant network
— On to real loop integrals 107
107 —— MLP(x), /a0
—=— MLP(s), a/aio
104 —™ L-GATY, a/a;q

10 10? 10° 10* 10° 10°




Phase space gaps

Noisy amplitude gap (Bah, Eimer, TR, Winterhalder]

- step-function relative noise in m-~4 gap

Auain(X) = N (Arrue(X), €Arue(X)) [Meyyg(X) — Minresh| < W
- A"ue ‘m’Y’YQ(X) - mthresh‘ Z w

- compare Bayesian NN, ensembles, evidential regression
— Only little noise corrected, any noise learned

» e=01
- » =001
| ® €=0.001
— w=20GeV
- w=140GeV

100 150 200 250 300 350 400 100 150 200 250 300 350 400
My [GeV] My, [GeV]




More about ensembles

How repulsive?

- two-term repulsive ensemble loss
n _ N
Coe ”ezns —%il‘)gp(mxbve)"‘ EEN:: Kk(A(x, 0;), A(x, 6;))
i=1 b=1 E k(A(x, 6)), A(x, 6;))
B = 1 from derivation, turned into hyperparameter i hate to do thati
- B — 1 means standard independent ensemble
— Repulsive ensembles hardly repel

x1073 x107°
20 + p=o0 1.5 ¥ p=o0
+ p=10"° + p=10"°
s 1 p=o0.01 + p=o001
: _ 1.0 _
< 1 =1 < =1
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More about ensembles

How repulsive?

- two-term repulsive ensemble loss

Nens [ B B e k(A(x, 0:), Ax, 6)))
Lge = ; B b; log p(Alxp, 0i) + = ENens k(A( 01), /Z\(X, 9/.)) +

- B =1 from derivation, turned into hyperparameter i hate to do that]
- B — 1 means standard independent ensemble
— Repulsive ensembles hardly repel

Ensemble bias
- ensemble of crappy network vs accurate architecture?
- limited model expressivity

— challenging amplitude peaks [acp,s- 102
— local failure mode 100

0 e
—107° A —— 3hl, 1000 epochs
~—— 1hl, 1000 epochs
—— 1hl, 100 epochs

10 107 10° 10° 107*
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More about ensembles

How repulsive?

- two-term repulsive ensemble loss

n _ N
ere =32 -2 S a0+ 5 S 0 )
i=1 b=1 j=1 > (e
- B =1 from derivation, turned into hyperparameter i hate to do that]
- B — 1 means standard independent ensemble
— Repulsive ensembles hardly repel

Ensemble bias
- ensemble of crappy network vs accurate architecture?
- limited model expressivity

— challenging amplitude peaks [aco,Bw; 05

— local failure mode L ovenlloy,
- systematics calibration o4 i _ z;;
— Ensemble of networks not calibrated . 03 - x:ﬁ
© averaged 0y,

0.2
== Neps =16

0.1

0.0




ATLAS calibration

Energy calibration with uncertainties [aTLAS + TP Vogell

- interpretable calorimeter phase space x
- learned calibration function

Eobs (X)
Ran(X) £ ARNN(X) &% ———
N (X) NN (X) 9% (x)
- systematics: noise in data
network expressivity
data representation
definitely not Gaussian
« 06 T T T
N + (Anes (AP N)mean
Q 04F bl
H F Aot (B2 )man
s 0.2
S 0.0 fr-mzmmee:
o P
-0.2 2
b
-04F = 1
= ATLAS Simulation
-06F 5 = 13TeV, antkr R = 0.4 EMTopo jets
piis > 20GeV, [y5S| < 2 BT > 300MeV
08 16" 16‘ 162 103

Deposited energy E:,euz [GeV]




ATLAS calibration

Energy calibration with uncertainties [aTLAS + TP Vogell

- interpretable calorimeter phase space x
- learned calibration function
EobS(X)

RNN(X) + ARNN(X) ~ EdT(X)

- systematics: noise in data
network expressivity
data representation
definitely not Gaussian
— Understand (simulated) detector

ATLAS Simulation Internal

" . . & = 13TeV antik R = 0.4 EMTopo jots Topo-clusters with
£ ATLAS Simulation Internal P > 20GaV, fS) <2 7T > 300mav 85 <o <120
107 ] g 4000 - — .
@ V& = 13TeV anti-kr R = 0.4 EMTopo jets E r
© PS> 20GeV, [y/59) < 2, %7 > 300 MeV. E
A P G ] . )
510 = 3000 1
o H H
o) : ; g y,
| | g S
4 H H 8 7
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GANplification

Amplification from generative networks  (gani, Diefenbacher, Eimer, TP, Spinner]
- phase space densities
; ?
D{:H:m ~ Ptrue = pgen(X) = pgen(X) ~ ptrue(x)

- ‘How many events can | sample from a network trained on n events?’
fewer, unless trained perfectly, pgen(X) # Pirain(X)
more, generative network smoothen pyain(X)

- scaling of two uncertainties

Ngen <K Mirain

i n a
_ 2 2 lgen -  Ngen
M) = ogat + Tmogel = b transiton G = e = F
rain
Ngen >> Mirain
Mhrain
10°
" Ogenmodel ~ 1/ v/Tezain
107! — Ogenstat ~ 1/ /Tigen
+MI
1072
N
1073 ———
4 Nyrain Mequiv
10~
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GANplification

Amplification from generative networks  (gani, Diefenbacher, Eimer, TP, Spinner]
- phase space densities
DM ~ Prue & Pgen(X) = Pgen(X) % Prue(X)
- ‘How many events can | sample from a network trained on n events?’

fewer, unless trained perfectly, pgen(X) # Pirain(X)
more, generative network smoothen pyain(X)

- scaling of two uncertainties

p Ngen <K Mirain
_ 2 2 lgen - _ Ngen @
M) = ogat + Tmodel = b transiton G = e b
rain
Ngen > Nirain

Nirain
- compare Pgen and Piain
- scale KS-test
- obtain gen-equivalent training size
— L-GATr GANplifies...

tt +4j, high-m,; bin

Gey=2.3
107

105 ° Transf.
e LLoCa-Tr.
* L-GATr
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Extrapolating ISR

Universal QCD jet radiation (z +1...8jets]

- fromnton+1jets

R(n+1)/,, = It and P(n) = ﬂ with Otot = Z on .
On CTtot —0
- large scale drop: Poisson scaling )
Rintyyn = — o Pm=""
(mD/m = oo

- democratic scales: staircase scaling
Rinsnyyn =€ =1—Bg(@%) = P(n+1|n)

— Universal pattern learnable?
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Extrapolating ISR

Universal QCD jet radiation (z +1...8jets]
- democratic scales: staircase scaling
—b A —
Rins1yn =€ 2 =1—Ay(Q%) = P(n+1|n)
— Universal pattern learnable?
Autoregressive transformer  [Butter, Charton, Villadamigo, Ore, TP, Spinner]

- factorized probability and loss function

P(Xi|X1.i-1) = Prin(Xi|X1:i—1) Peplit(X1.i—1)

p(x1:n) = |:H,Q<in(xilx1:i—1):| |:Hpsplit(x1:i—1):| [1 = pspiit(X1:n)]
i1 i1

- naive extrapolation, train up to 6 jets, generate 7 and 8

Z+8j I 8j Z+8j
1071 —— Truty 10714 0 M Truth 10714 —— Truth
= o T o
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= = T 10-2]
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Extrapolating ISR

Universal QCD jet radiation (z +1...8jets]
- democratic scales: staircase scaling
Rineiyn = € " = 1= 8g(Q%) = P(n+1In)
— Universal pattern learnable?

Autoregressive transformer  [Butter, Charton, Villadamigo, Ore, TP, Spinner]
- factorized probability and loss function
P(Xi|X1.i-1) = Prin(Xi|X1:i—1) Peplit(X1.i—1)

p(x1:n) = |:H,Q<in(xilx1:i—1):| |:Hpsplit(x1:i—1):| [1 = Pspit(xtn)]
it i1

- bootstrapped extrapolation, train up to 6 jets, generate 7 and 8

107
: 1074 i i
Z+8j Z+8j 10714 Z+8j
Lo . — Truth o — Truth o — Truth
9 1074 —— Bootstrap 2 10-24 —— Bootstrap 2 —— Bootstrap
5 5 510 51072
&S < <
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Els 1% ] gls %g ]
£[Z1.0 £/21.04
iy ‘ Fogt—t
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Extrapolating ISR

Universal QCD jet radiation (z+ 1...8jets]
- democratic scales: staircase scaling
Rinptyn = € % =1—Ag(Q%) = P(n+1|n)
— Universal pattern learnable?

AUtOregreSSiVe transformer [Butter, Charton, Villadamigo, Ore, TP, Spinner]
- factorized probability and loss function
P(Xi|X1.i-1) = Pxin(Xi|X1:i—1) Psplit(X1.i—1)
n n
p(X1:n) = |:H Q(in(xilx1:i—1)j| |:H psplit(x1:i—1)j| [1 = pspiit(X1:n)]
=1 i=1

— full extrapolation with right latent representation

14
10 Z+8j 107! Z+8j
-y —— Truth - — Truth
10775 — override | & 1072 —— Override
e
-3 ] E
10 £ 1072
z
—4 ]
10 10744
: 312
2 32 1.07
- 0.8
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Symmetry-aware representations?

Amplitude ratio regression  [viladamigo, Frederix, TP, Vitos, Winterhalder]

- full vs. leading color for gg — 4g
- standard transformer training  [not for MLP, GNN, L-GAT]

MSE loss

r
0.8
0.6
-~ T (48)
0.4 — Val(48)
e 1620510 :
I 29593
027 ... 135746 :
- It 50000
0.0 - —
0 10000 20000 30000 40000 50000

Training Iterations



Symmetry-aware representations?

Amplitude ratio regression  [viladamigo, Frederix, TP, Vitos, Winterhalder]
- full vs. leading color for gg — 4g
- standard transformer training  [not for MLP, GNN, L-GAT]
- related to performance gain
- What is happening?

[ : : : 10°
0.8 H : : 99 =49 It. 20510
10t It. 29593
It. 35746
06 10 It. 50000
8 ---- Trn (48) E
Eoa val (48) 20
- It 20510 G
129593 10!
021 .ot 13s746 H
- It 50000 100 H“
) 10000 20000 30000 40000 50000 0.90 0.95 1.00 1.05 110

Training Iterations 7/ Tsure




Symmetry-aware representations?

Amplitude ratio regression  [viladamigo, Frederix, TP, Vitos, Winterhalder]
- full vs. leading color for gg — 4g
- standard transformer training  not for MLP, GNN, L-GAT]
- related to performance gain
- What is happening?

Symmetries?
- evaluate MSE on transformed data

wrong: 4D rotation SL(4), y — z-shear
right: Lorentz boosts, SO(2) rotations

- initially learning general structures

then penalizing wrong symmetries gl Noum.  -- Boost Shear
Lorentz symmetries ... WTTS0@ S
\ ARy A Ay

SO(2) always good symmetry
- What can we do with it?

MSE?)
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Physics from latent representation

Quarks vs gluons from trained ParticleNet  (vent, winterhalder, TP]

- sensitive substructure variables

= 571wy = 2P VEFPL o DigPropri(AR)°
ot - ol PT jet T >oiPTi g (ZiPT,i)Z

- related to max 5 principle components? [inear decorretation]

100 {Full ParticleNet (Pythia)

80 //
—e— Pythia PCA + Pythia test

—=#— Pythia PCA + Herwig test
--%- Herwig PCA + Herwig test

Full ParticleNet (Herwig)
WLLLIIITT

REE
“()./”f‘<

20
1 2 3 4 5
Number of Principal Components

Tejagy,
o
S




Physics from latent representation

Quarks vs gluons from trained ParticleNet  (vent, winterhalder, TP]

- sensitive substructure variables

o = 21 Wy — >, Pr,iAR; et prD = \/ iP5, C, = e pT,ipT,j(iRi/)B
; PT jet >oiPTi (=i pr)i)
- related to max 5 principle components? [inear decorretation]
- PCy: constituent number and diversity
Nt +a-Spp  with  Spp = — Z fi log f;

typej
1.00
014  0.09
2001 001 075
010 007 050 &
g
014 005 025 £
g
013 0.00 000 2
g
019  -0.02 0255
E
009  -0.03 0508
2010 005
—0.75
2000 023
. -1.00
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Physics from latent representation

Quarks vs gluons from trained ParticleNet  (vent, winterhalder, TP]
- sensitive substructure variables

= 21 Wy = > i PT,iAR; jet prD — \/ Zip?',i Co— Zi<j pT,iPT,j(ARI-j)B
P ; P PT jet 2Pt s > p7-,,»)2

- related to max 5 principle components? [inear decorretation]
- PCy: constituent number and diversity
Npt + o - SpiD with Spp = — Z fl Iog)j-

typej
- PC.: radial energy profile
)\1
W; =a - NMy— Wy and = ;és A= > 2’ AR
i

1.0
0.09 I

013 0.5
013 00

0.08

Correlation Coefficient

|
[
o w

-0.04
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Physics from latent representation

Quarks vs gluons from trained ParticleNet  (vent, winterhalder, TP]

- sensitive substructure variables

=571 = >0 PT,iAR; et prD — N C, = i<; PP (AR))?
- PT jet >2iPTi (Z;pr)?
- related to max 5 principle components? [inear decorretation]
- PCy: constituent number and diversity
M+ a-Spp  with  Spp=—>filog

typej
- PC.: radial energy profile
)\1
W;:opnpfprf and = % Af:ZzﬁARk
1 i

- PCj: fragmentation and energy dispersion

Sfrag = *Zzi log z; 1.0
7 log(pTD) -0.15 [-0.37 :

log(prD)t- -0.03  -024 [EUEN os g

Co: JEXEY 008 | 033 <8
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Physics from latent representation

Quarks vs gluons from trained ParticleNet  (vent, winterhalder, TP]

- sensitive substructure variables

o = 21 Wy = > o7 iAR; et prD = \/Zipzr,; Cs = Z,-<jpr,ipr,j(AF{,./)B
; PT jet >oiPTi (X pr.)?
- related to max 5 principle components? [inear decorretation]
- PCy: constituent number and diversity

Mot + o - Srip with Spp = — Z f] |0g);'
typej

- PC,: radial energy profile
Mo

prf‘ =a - fMy—wy and = " AP = > z’ AR
1 i
- PCj3: fragmentation and energy dispersion
sfrag = - Z Zilog Z;
i
- PCy4 5: charge information etc
E
Eq=-—229d  and At = Sfrag@ —0.03- Ny + 1.95w;r
Ejet Co.05 P

— Latent distributions learn physics




ParticleNet beyond PCA

Disentangled latent classifier

- learning compressed, decorrelated representation

N N
S 2
£=3" x5+ [yilego(z) + (1 - y) og(1 = a(2))] + > [Cov(z, 20)]
i=1 i=1 J#k
Cdisenlangle

Lreco Lelass

— 5 latent dimensions plenty

Latent Dim| 1 2 3 4

AUC  |0.893(2) 0.9001(4) 0.9024(4) 0.9034(2)
T€j30y, 72(3)  77(3) 7 95(55)  95(3)
AC 1.8(3) 0.93(5) 1.0(16) 0.9(15)




ParticleNet beyond PCA

Disentangled latent classifier

- learning compressed, decorrelated representation

N N
£=3" I — &P+ [wloga(z) + (1 y)log(l - o(2)] + 3 [Cov(z, 20)]°
i=1 i=1

j#k
N
Lreco Lelass L disentangle
— 5 latent dimensions plenty
Shapley variables igh
- pretty pictures, with weird patterns [quark .
f
P E
Co g
£
Wpt 5
=
prD
Low

—0.25 0.00 0.25
SHAP value (impact on model output)




ParticleNet beyond PCA

Disentangled latent classifier

- learning compressed, decorrelated representation

N N
S 2
£=3" x5+ [yilego(z) + (1 - y) og(1 = a(2))] + > [Cov(z, 20)]
i=1 i=1 J#k
Cdisenlangle

Lreco Lelass

— 5 latent dimensions plenty

Shapley variables

- pretty pictures, with weird patterns (quark jets: low muttiplicity and low girth]
— Little insight from SHAP implementation




ParticleNet beyond PCA

Disentangled latent classifier
- learning compressed, decorrelated representation

N N
£=3"Px—%F+ 3 [wloso(z) + (1 — y)los(1 — o(z)] + 3 [Cov(z, 20)]°
i=1 =1

J#k

Lreco Lelass Ldisentangle

— 5 latent dimensions plenty

Shapley variables
. pretty piCtureS, with weird patterns [quark jets: low multiplicity and low girth]
— Little insight from SHAP implementation

Symbolic Regression
- learn formula with given complexity
- classifier output not power series
- AUC and calibration double goal
Pouar = tanh® [0.56 - Co.o +2 (=002 1 - (Co2 - prD - Spip - Syag — 0.25) +1)°]

observables model| AUC Rejjy,

MLP |0.872 66.87
(npes PTD; Co.25 T2 SeiDs Strags Eq) PySR ‘0.871 66.58




ParticleNet beyond PCA

Disentangled latent classifier

- learning compressed, decorrelated representation

N N
S 2
£=3" x5+ [yilego(z) + (1 - y) og(1 = a(2))] + > [Cov(z, 20)]
i=1 i=1 J#k
Cdisenlangle

Lreco Lelass

— 5 latent dimensions plenty

Shapley variables

- pretty pictures, with weird patterns (quark jets: low muttiplicity and low girth]
— Little insight from SHAP implementation

Symbolic Regression
- learn formula with given complexity
- classifier output not power series
- AUC and calibration double goal
Pauark = tanh® [0-55‘ Co2+2(—0.02-rx- (Co2-pPrD- Spp - Siag — 0.25) + 1)3]

— Formulas as physics regularizers?  [san, Fuchs, Menem, TP]




Al for fundamental physics

Develop Al for the best science
1 just another tool for a numerical field
2 transformative new language
- many applications in LHC theory

MadGraph7
MLhad Modern Machine Learning for LHC Physicists
NNLO Tilman Plehn’; Anja Butter**, Bary Dillon®,
Simulation-based inference Theo Heimel”, Claudius Krause*, and Ramon Winterhalder
Unfolding

“ Institut fiir Theoretische Physik, Universitit Heidelberg, German
¥ LPNHE, Sorbonne Université, Université Paris Cité, CNRS/IN2P3, Paris, France

= .
SFitter global analyses g CP3. Ui el d Lo, Lowwin oo, Begium
— Make complexity our friend 2 March 19,2024
— Remember we still do LHC theory .

range of LHC
enthusiasm for machine leaming 1 televant applications. They start with an LHC-specifc motiation and a non- sundard
d

proles. Two themes dfing mich o the dicussion e wll-fned s untons and uncertainty-aware networks.
As part cations, the notes include some aspects of theoretical LHC physics. All examples are chosen from
Pl physcspublctonsof h bt few e,

2211.01421v2 [hep-ph]



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