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LHC analyses require for each analysis:
* High statistics - millions of events

* High precision - N*LO process, off-shell,...

State of the art runtime for individual diagrams

— — m——

| _
1, Integrator \ U2 1072 107% 107 100 100¢ 1077 107 8

banana_3mass DISTEVAL 2.1s 2.1s 2.4s 26s 2.6s 2.9s 3.6s |
INTLIB 5.0s 49s 6.4s 7.2s 8.5s 85s 13.8s (&
Ratio 2.3 2.3 2.7 2.7 3.2 3.0 39 1

bubble6L DISTEVAL 1.8m 1.8m 1.8m 21m 3.8m 10.2m 1.2h 0
‘ INTLIB 39.5m 388m 39.6m 43.8m 851m 170.7m 11.6h
»® ‘ Ratio 22 22 22 21 22 17 10

|
\
o ‘ formfactor4L DISTEVAL 4.1m 41m 41m 44m 77m 146m 096h 1‘
| INTLIB 74 m 73m 73 m 74m 136m 246m 10.9h J
Ratio 18 18 18 17 18 17 11 |
|
I  elliptic2L_physical DISTEVAL 1.6s 1.5s 1.7s 1.9s 4.0s 19s 7.6m |
INTLIB 3.1s 4.8s 49s 7.3s 13.8s 53s  4.3m
‘ Ratio 1.9 3.1 2.8 3.9 3.4 2.9 0.6 l
“ hz2L_nonplanar DISTEVAL 2.1s 2.6s 46s 304s 22m 51m 27.1m |
INTLIB 9s 17s 41s 163s 96m 16.0m 27.3m \
‘ Ratio 1.8 3.4 4.6 4.4 4.2 3.0 1.0
)
J Nbox2L_split_b DISTEVAL 2.7s 98s 16.8s 0.58m 24m 9.1m 20m W
| INTLIB 24s  73s  223s 6.6m 26m  43m  93m [
| Ratio 3.0 4.6 9.7 9.9 105 4.8 4.7 | I
l pentabox_fin DISTEVAL 5s 8s 11s 0.71m 3.7m 18.5m 1.1h |
INTLIB 458 65s 88s 32m 11.3m 74.8m 4.6h ‘l
’ Ratio 8.6 7.9 7.7 4.5 3.1 4.0 4.2 ‘

|
|

|

I

’ l
Table 4: Integration timings on a GPU for different examples using the INTLIB Qmc inte- u"\
l| grator and the new DISTEVAL integrator. All timings are using the CBC generating vectors '
| from the previous release, meaning the ratios between INTLIB and DISTEVAL are purely }
‘ due to the improvements described in Section 2.1. The significantly improved timings [
achieved by using the new median generating vectors are shown in Table 1.

| — e

| [2305.178]r, t al.
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1. Curiosity
2. Perfect conditions
Big data
Full control through simulations

Interesting Problem

3. Large gain
Improve efficiency & precision -> better reach of analyses
Free capacity through agentification
New ideas (anomaly detection, unbinned unfolding, ...)

New dynamic from fast moving developments in ML

+Rgf-V(©®)




1. Curiosity

2. Perfect conditions
Big data
Full control through

Interesting Problem

3. Large gain
Improve efficiency &

Free capacity throug

* New ideas (anomaly

==, |
New dynamic from fast moving developments in ML




Forward

Inverse



1. Precision amplitudes

or

Quantifying uncertainties in regression problems



carning Amplitudes - A Regression Problem

poutl,,u
Pini g
g " poutZ,/,t
g
9 %4
P
Pinz,ﬂ out3,u

Theorist’s view

Experimentalist’s view

* Amplitudes are @ the heart of LHC physics - probability of particle interactions

* Compute A({p; ,} |[i = 1,..., N, 4icies) as function of particle momenta p,
* Spans multiple orders of magnitude

* Very expensive for higher order processes and large Npamcles

— Use NN to interpolate between known amplitudes

9



Machine Learning Physics
Problem setting
Loss function &£ Likelihood &
Learnable function
Neural network f, Physics knowledge f e
Data | N
Sampling ~ Z L(fy(x;); x,) Phase space integration de p(x)...
i—1
Solving the problem o
Gradient descent ' — 0! =0' -V, & Functional derivative — = ()

Inspired by J. Thaler

10
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[2601.13308] H. Bahl, V. Bréso, AB, J. Ramirez

Example gg — Z
ple g — Zggsg =
* Reminder: §§ 107"+ R S T
* Amplitudes are known exactly =
* Numerical noise negligible 5 ,
— 10~
f N,
* Setup: d ] *_\\*“"“-I-—-—-I-—i
* Standard NN (MLP) I Iy Nx
= : N
* Use invariants (s, #, u) as input ‘% | -+ D, = :_02._.\
* Evaluate MSE over test data set < I T
~ 104 =% Do =107 #-—a—-s
TR Dtrain — 106

10" 108 10" 10V
C [FLOPs]

1



- J v U y U
—_

[2601.13308] H. Bahl, V. Bréso, AB, J. Ramirez

Example gg — Zgggg

qq — Zgggg MLPI

* Reminder: §§ 107" =——s
* Amplitudes are known exactly =
* Numerical noise negligible § ,
— 10~
c :
* Setup: «<T \
* Standard NN (MLP) I I Nx
= N
* Use invariants (s, 7, U ‘% —4-- D, = :_Oﬁp\
* Evaluate MSE over t¢ < R EREEER N
~ 104 Dinin = 107 #--a--2

10" 108 10" 10V
C [FLOPs]

12



Example gg — Z + ng

* Scaling depends on degrees of freedom

MLP-1

N\

-y
S
.
S *q.\\
~ *\
R
l\
\\*\
"t qq—Zg
- qg—>Zgg
"+ qq— 2888
~*-- qq—> 28888
102 10*
Dtrain

v
[2601.13308] H. Bahl, V. Bréso, AB, J. Ramirez

13

N PY
®..
N
GO b
GO D
o NN ®
@(n \ @ *
G :
C?/ N ‘®
D\
N
&
O% \\\
@ N
2 3 4 5

Final state particles

o qi—Z+ng[n=1,2,3,4]
o qf —>WZ+ng[n=0,1,2]
e gg > yvy+ng [n= 1,2]

° qq—oWWZ

°» qq— ttH

* qq— Zgggg (LLoCa-Tr)

* qq — ttH (LLoCa-Tr)



[2601.13308] H. Bahl, V. Bréso, AB, J. Ramirez

LLoCa network

Lorentz Local Canonicalization [2505.20280]
J. Spinner, L. Favaro, P. Lippmann, S. Pitz,
G. Gerhartz, T. Plehn, F. A. Hamprecht

* Equivariance wrt. Lorentz transformations

1. Transforms each particle into local reference frame

2. Apply arbitrary backbone architecture
3. Transform back to initial frame work

14

= q4d — 728888

-=#== Nyp = 10°

e — = _ 6
* NLLoCa—Tr =6x10 \\k




Reference value
A

Probability Accuracy
density < >

< — » Value
Precision

High precision with low accuracy

Best of all worlds: high accuracy & high precision

15



More important:

Reference val
A

Probability AcC
density

Calibrated uncertainties

A
0.4
|

0.3
|

B 34.1% | 34.1%

0.2

0.1

13.6%

0.0

U—30 pP—20 P—0O u u+o  p+20 p+30 ith low accuracy

Best of all worlds: high accuracy & high precision

16



Physicist Why ? How ? ML researcher Meaning
Statistical Limited data Poisson . . Intrinsic noise,
Aleatoric /Stochastic - ducible with dat
Systematic Jet energy resolution Gaussian irreducible with more datd
) ) . | Reducible with more knowledge/
Theorie Higher order calculation Flat? Epistemic/Systematic data

1 1657

10

... what you say vs what they hear ... -

=10

Aleatoric

w1

S v r
'& Epistemic
15

0 - 4 6 8 10 12

17



Heteroscedastic = variance depends on input parameter

Traditional approach:
Fit with known uncertainties

New: Add artificial noise to check calibration

Learn unknown uncertainties
Direct consequence of likelihood approach

107" e B

Maximize: (_C\t f ”/r’g@e’og:z_-——" .
PO Xtrain) = P(Xtrain | €) - p(0) - const \bi i .‘/,/’ . RE
38/ - Det

Assume Gaussian likelihood : i 5 s e 4 0

fsmear [%]

PXtrain 1 0) = A Ytrue | Vo 09)
2412.12069 H. Bahl, N. Elmer, L. Favaro, et al.

‘)’j — Yo(X;) ‘2

)
209

- log oy(x;) + const

—log p(x¢rain | 0) =

Det: correctly calibrated as long as noise dominates
Can not cover uncertainty on network parameters

18


https://arxiv.org/abs/2412.12069

p(A) = Jda) pAlo)p(w|T) = de pA|w)g(w)
(A)(x) = Jdﬁ q(0) A(x, 0)

Ensemble of networks

0.1
0.2 0.8 \ _
2 _ 2 A 2
. X((Dl) Gsyst - u de Q(H) [A (xa 8) A(xa 9) ]
O'model(wl) [ 5
= | do Q(Q) Gmodel(g)
-0.3 u
0.5 0.7 — Captures noise, etc.
x |[— Ale) — Plateaus for large training data
Omodel (@2)
-0.2
0.4 0.9
— Aoy s = [0 400) 136:.0) - (A)(.0F
amodel(wS)

— Vanishes for identical weights
[= in the limit of infinite data]

19



2412.12069 H. Bahl, N. Elmer, L. Favaro, et al.

<
~
o)

0.10-

0.05-

20

(A)(x) = Jdﬁ q(0) A(x, 0)

syst —

46 q(0) [A%(x, 0) — A(x, 0)]

do Q(H) Gmodel(g)2

— Captures noise, etc.

— Plateaus for large training data

Cotar = Jd@ q(0) [Ax, 0) — (A)(x, 0)°]?

— Vanishes for identical weights
[= in the limit of infinite data]


https://arxiv.org/abs/2412.12069

0.08-

0.06 -

© 0.04-

0.02 -

0.00-

2412.12069 H. Bahl, N. Elmer, L. Favaro, et al.

— Det-DSI
—— BNN-DSI
— RE-DSI
—— L-GATIr
— Det-I
bt

T g ad 0 102

21

Optimisation of network architecture

No noise
Large dataset
Include invariants
Deep sets architecture

Reaching Precision of 107!


https://arxiv.org/abs/2412.12069

0.08-

0.06-

< 0.04 -

0.02 -

0.00-

2412.12069 H. Bahl,

107°

10~

Det-DSI 1etwork architecture
BNN-DSI

RE-DSI :
o ) noise

Det-I re dataset
Det e invariants
(0,1 | :

Sy s architecture

acision of 107!



https://arxiv.org/abs/2412.12069

1. Precision amplitudes

or

Quantifying uncertainties in regression problems

2. Event generation

or

Controlling generative networks

23



Forward

OEEEE®

Inverse

24



Forward

OEEEE®

Inverse
1. Generate 2. Calculate event weight 3. Unweighting
phasespacepoints . o = f(x;, 02)f(x), Q%) X | M(x), X5, Py ..o ) | X T(pi(1) eep events with
— set of four-momenta p, — >re[0,1]

PDF Matrix element Phase space Wmax

25
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Invertible networks for complex transformations

-~ Bijective mapping

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

- INN — flow with fast evaluation in both direction

1

u
input‘<
u

O

S2 tz

_|_

Training
+——

Vi

2

S
Evaluation

26

> output
Vo

Training on samples x
— Maximize the log-likelihood

2 = logp(0|x)
= log p(z|60) + log Jyy + p(6) + const



Invertible networks for complex transformations

T Bijective mapping
T Tractable Jacobian — p,(x) = p_(2) - Jyy
+ Fast evalualtion in both direction

Evaluation
Training on samples x

— Maximize the log-likelihood

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

21



Forward

OEREES

Inverse

7 + 1 jet exclusive

* Basis: INN, diffusion networks

* Phase space symmetries in architecture
— Reweighted

—— Train

* Control via classifier D o
Prun® _ D) < | ACCURACY |
pon(0) 1= D) .

* Accuracy via reweighting

= ncertainty estimation via Bayesian NN <

Conditioned
Truth

=) Uncertainty propagation via conditioning

m(') 50 100 150
pru [GeV] 2110.13632



Forward

Inverse

Optimal fragmentation function:

Reweighing PYTHIA to match data
[2500.03502] AB, A. Ore, S. Palacios

Schweitzer, et al.

P

Simulate i '

f PYTHIA(Z ) > : i
A} '

ight Itera
‘\

\}

1

I

te
- ~
’ ~
’ A
A
A}

,
! 1
1 \
) I 1
1 ]
1 L

1

\

A

Factorize

fromer(2) = W(S) fpyrua(2)




Forward

Inverse

Efficient detector simulations:

=
o

- Transfer concept from phase space generation
= Same networks (diffusion + transformers)

= Challenge: high dimensional

Q
-
<
>
—
©
k=
0
Yo.7
@
<
=)
-

O
o

5

CaloChallenge 2022 [2410.21611]
CaloDREAM [2405.00020]
L. Favaro, A. Ore, S. Palacios Schweitzer, T. Plehn

o
\n

ot
©

o
o

Correlation of high-level binary AUC to sum of separation powers, dataset 3

e B .
Y =

¢ better

10° 101
sum of all separation powers

p————

—_——

—*-

I ]

—_——

—_—

CaloDiffusion
L2LFlows MAF
conv. L2LFlows
MDMA
CaloClouds
Calo-vQ

- CaloScore distilled
- CaloScore single-shot

(40 k voxels)

—

—ﬁ-

——
—
—_——

——

iCaloFlow teacher
iCaloFlow student
GEANT4 transformer
CaloPointFlow
CaloVAE+INN

- Calo-VQ(norm)

CaloDREAM




Parameter inference

MEM Unfolding
detector
17 effects —‘
Forward

Inverse

Inverting to parton level

Requirements [] High - dimensional
[] Bin - independent
[] Statistically well defined

31



1. Precision amplitudes

or

Quantifying uncertainties in regression problems

2. Event generation

or

Controlling generative networks

3. Unfolding new physics

Overcoming bias in inverse problems

32



Simulation Experiment

Detector MC Reco Measured
Level
‘ 1. Train c ‘ NN ﬁ 2. Predict I
Learn p(part | det)
Particle MC Truth Unfolded
Level

33



G y y JIQ .

High-dimensional. Bin independent. Robust.

out z ;‘ >

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

Normal distribution Probability distribution
< N x~P parton
Training
-— Z = logp(@|x, reco)

—>
= log p(z| 0, reco) + log Jyn + p(0)
Unfolding

34



Observables m, z,;,w, N, logp, z,

— part
g 004 ~ YOmnifod
© 0.04- 2= — DbSB
= = — DiDi-P
= 50.02 Bt
= 0.02; - o
z
0.00-
0.00-
s=105 gs [1911.09107]
= 568%1;ﬁ o 0,05 A. Andreassen, et al.
=l=1.057 |
10 e S ol - U alr [2411.02495]
21=1.05 Syl AB, S. Diefenbacher, et al.
--
| m 50 o0 0 - 0 _ L1051 ~I VLD: [2305.10399]
3[51.00 t o e e :
m [GeV] sl — GNN . — OFM VL gi A. Shmakoyv, K. Greif, et al.

10 20 30 40 50 60
The Landscape of Unfolding with ML [2404.18807] N. Hiitsch, et al.

35



orrelations

Z+jets: reco vs particle level, jet mass & subjettiness ratio

Truth
60 1

20 40 60
m |GeV] (reco)

CFM (cINN, VLD)

20 40 60
m |GeV] (reco)

36

Truth

0.5 1.0
To1 (reco)

CFM (cINN, VLD)

1.00
=0.75
z
=
& 0.50
0.25
0.5 1.0
To1 (reco)

[2404.18807] N. Hiitsch, et al.
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[2404.18807] N. Hutsch, et al.




[2210.00019, 2310.07732]

Matrix element method is based on untractable likelihood

a)

P(Xreco‘a) — /dxhard p(Xhardla) p(Xreco‘Xharda
| S 7 N .

diff. CS estimate with network

Problem: integration over full phase space of the hard scattering

Solution: Use unfolding cINN to sample x;, ..,

1
Q(Xhard

P(Xreco|@) = ) P(Xhard|®) P(Xreco|Xhard, &)

10

Xhard~9 (Xhard)

38

Single Higgs production

hadronic, a = 0°, 400 events

~10

0
CP-angle « [°]

10

with anomalous non-CP conserving Higgs coupling

hard
reco

hadronic, a = 45°, 400 events

40

45
CP-angle « [°]

50







Tilman Plehn!:2

1 Institut fiir Theoretis(
2 Interdisciplinary Center for Scien

Abstract >
¥ O
We uncover ¢ ?‘ (4]
Agentic installati g-by-d
state-of-the-art sim _«dtions and ac

GENTS interact with inexperiencec
tasks, and analyze results. In_g g
event generation and run an auto

of a paper.
https: //github.com/heidelberg-hep

Resummation of the C-Parameter Sudakov Shoulder
Using Effective Field Theory

Matthew D. Schwartz!?

! Department of Physics, Harvard University, Cambridge, MA 02138, USA
2 Institute for Artificial Intelligence and Fundar  al Interactions (IAIFI)
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_ )
Prior dependence
x 10!
Lof E:;:ured Simulation Experiment
—— MC Truth
0.81 ===+ MC Reco
ém Dit:‘::lor MC Reco A . Measured
50.4'
0.21 /'
e 1. Train C‘N N —— 5 Predict
=20 —15 —10
x 10*
S iﬁfﬁh | N, Particle C Truth folded
é ------- Analytic It.1 \ Level M rut ‘ Un olde
53_ —— Truth ‘
=
Z
0 p(det|part) - p(part)
p(part|det) =
Z1Z 1.0
il g por e, p(det)

—10 -5 0 5! 10 15 20
X



x10~!
Lo —— Truth
—-==- Measured
—— MC Truth
0.81 === MC Reco
n
a
2
= 0.6
—
S
z
0.4
0.21 /
V4
/
/
///
0 015 -0
x 10%
—— MC Truth
41 — -— Iteration 1
n
L — --- [teration 2
=
LS 3] — [teration 4
“ — Truth
)
& 27
=
=
1_
0
S 1.1
= |2
= g 1.0
“|< 0.91

[2212.08674] M. Backes, et al.

Simulation Experiment

Detector

MC Reco Measured
Level
1. Irain C‘NN —)- > Predict
3. Reweight
Particle ~ MCTruth Unfolded
Level

MC Truth ' @A -«


https://arxiv.org/abs/2212.08674

Ansatz

DATA

l

Simulation-Prior Independent Neural Unfolding Procedure
[2507.15084] AB, T Heimel , N. Huetschi, M. Kagan, T. Plehn

“folded” unfolded distribution

P data(xreco) = Do (xreco)

{x hard }
Xreco - NIS

depart p(X,,eCO ‘ xpart) P Q(xpart)

— Minimize KL divergence

\{

Y

,

Unfolding
NN

1

X; -
Pe( eco) < dy (xpartlxreco)

Po (xreco |xpart)

Po (xpart) )

_

Importance sampling
for numerical efficiency

T

Folding with
detector simulation

Proposal for
unfolded distribution



Forward mapping x,

=‘xp

— Sim

s ruth

= SPINLUE
-1,0.5)

normalized

|

|
1]

Sy
| E

Simulation-Prior Independent Neural Unfolding Procedure

Ensembling for lower bound on uncertainty from information loss

Drastic example:

art

=
o

<
NN

normalized

&
B

I

—  Sim

I o by b
— SPINUP

=
o

|
s

|+ 47(0,0.2)




