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Goals in HEP

What do we want to do?

Simulation: Generate plausible, high-dim. data from high-level Eoncepts

Theory Hard Scatter Parton Shower Hadronization Material Interactions Observations

Statistical Inference Population selection Reconstruct objects
& analysis

<
Inference: Extract high-level concepts from low-level, high-dim. data

Sam’ slides
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https://partphys-indico.unige.ch/event/1711/contributions/10342/attachments/2653/4164/MPM_v2.pdf
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ATLAS Data in ATLAS

EXPERIMENT

(MC) Simulation:

* Unordered set of particles

° W / | a b e I S Theory Hard Scatter Parton Shower Hadronization Material Interactions Observations
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Data:

* Unordered set of particles

* WO/ Ia be I S Observations
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Training ML algorithm in ATLAS () Juersnt

Huge success with ML (only on MC) " ATUAS Simulation Prefiminary || ¢~ desto

sof VS =13 TeV 2 GN2 T
- tt jets, €5 =70% M 12000
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https://cds.cern.ch/record/2860610/files/ATL-PHYS-PROC-2023-017.pdf

¥ATIAS  Training ML algorithm in ATLAS (1 uwesss

(MC) Simulation: e

Training parameter

=8 secondary
‘
vertex

Reconstruction algorithm
(Classification, cluster etc.)

primary vertex

\

Data:

Evaluate
Reconstruction algorithm ‘ 7
(Classification, cluster etc.)
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ATLAS Issues with training in MC (4 breeeve

We see a difference between the MC and data distribution

107
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Standard calibration

(MC) Simulation:

Histogram-based density estimation

* 5 bins (and as a function of jet momentum)

Itlt k
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1. Usually analyses use the log-probability ratio (for b-tagging)

u 1.15 — :
> ATLAS Vs=13TeV, 80.5fb™
S DL1, various single-cut OP
D, = log Py g 105
fepe + ( fPu o b e Ty .
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Z 5QF @ light-jet rejectionin Z + jets data events ] 2500 ;
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YAl AS  Move events instead of weighting them HIRVERSIE
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Solution: Optimal Transport
T(x)

* Learn a fully continuous transport map Tpr,#

l’(xghn)

* That can morph Ty, 4Dsim = Pdata

e Restricted to the map that minimize:

é(%,9) = (- T®)’

e Advantages:

* Continuous calibration without histograms

* Scales well to higher dimensions .
Psim(py,pe.pulpr) Pdata(py,pe,pulpr)

TpT,#psim ~ pdata>
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* Minimum change to existing simulation

e Unitary (Do not alter number of jets)




Move events instead of weighting them ¢
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Solution: Optimal Transport

Remarks:

1. We calibrate py, ¢, Pu|Pr Which allows analyses to use the fully set of tagger outputs

Pc

2. What is meant by “Transport”?

10
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?AAS Derive the optimal transport DE GENEVE

Quick introduction to Optimal Transport and the Kantorovich duality

* Finding the optimal transport map T(x) that satisfies:

p(xsim) T(x)

arginf

T = 1/ () = q ()

dx p(x) c[x, T (x)]

07/04/2025 Malte Algren 11
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?AAS Derive the optimal transport DE GENEVE

* Use a technique from Chris Pollard & Philipp Windischhofer (https://arxiv.org/abs/2107.08648)

* The transport map T# = Vg is found by optimizing two convex function f & g given

L(f,9) = minymaxg Z f(Qaata; P1) + Asim ng (Gsim; 1) — f(ng (Gsim; 1), PT)

Modern ML have solved this optimization problem by parameterizing f & g with (P)ICNN
GAN similar setup:

V.9 (x; 8") is used as a generator for the calibration

Partially convex neural networks (PICNN)
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https://arxiv.org/abs/2107.08648
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ATLAS Results: b-jets calibration
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Y ATLAS Results: b-jets calibration

EXPERIMENT

« Transport maps of the b-jet calibration in ttbar (with a non-b-jets
applied)

« Closure in logit of the probabilities
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Results: b-jets calibration
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- Transport maps of the b-jet calibration in ttbar (with a non-b-jets

applied)

« Closure in logit of the probabilities

« Higher order correlations in Dy """ and D,
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Results: b-jets calibration

« Closure as a function of pt

- b-tagging
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« Closure as a function of pt
- b-tagging
« c-tagging
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¥ATLAS Decorrelation properties HE) DE GENEVE

* If you have a feature space or classification score that is correlated to a protected variable

* Decorrelated scores from gender, race, income etc.

* Decorrelation classification score against invariant mass of jets
* Left figure: The scores change as a function of mass

e Right figure: The correlation to mass is broken

0.6
0.44
0.5 —
u - 5]
5 ; =
3 0.4 Mass bin [GeV] 32031 Mass bin [GeV]
- || — O0=m o —_ O0=m
-u; — 0=m=<70 E — 0=m=70
'r—E0.3‘ | — —— 70<m =100 % — 70<m<=100
E —| — 100=m ED.Z — 100<m
=] o
= 0.21 =
0.1
0.1
0.0+—+—F+——— ———————————— .—Q— 0.0 —————————————— T ]
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Sigmoid(Dyg) Sigmoid(Cnots-Dyg source)

(a) Dyy scores in different mass bins.
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ATLAS Large Hadron Collider
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?TAS Outlook for foundation models

e Calibration in the latent space

GN

.

Cdt Itk

* Train in data and finetune in MC
 When to stop the finetune?

* Maybe joint training is the solution

07/04/2025 Malte Algren 21
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(MC) Simulation: R —
|, ATdspemey B Dews
* For physics analyses, the amount of flavored jets need & = = | Dojers  +pata
10° = Working Points o

to be know

* However the histogram do not align

e Soitcannot be measure in MC

Solution: —
1.2

. . . . EEJ } e Y

* Histogram-based density estimation S %* S

< $ & ‘.
 Reweight the MC histogram into the data one " os o | A R .
-10 - 0 5 10 15

* Use MC flavors to estimate the data flavors -eading Jet G2 discriminant
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Calibration of tagging scores

Reweighting based calibration
e Currently in-use in FTAG
e Use reweighting in 1D

* One calibration for each working point

Optimal transport based calibration
* Calibrate py, v, Py |PT

* Find a transport TpT,#psim(C_l)lpT)"'pdata

e Fully continuous (all WP calibrated)

* “Optimally” = minimal change of

Flavor tagging Reweight Calibration 7 wP: 60% ™
/WP 70% \
. /WP TT% N
. WP: 85% ™\ ,| WPeo%
WP 70 %

DL1r . »
- psum(D) o« WP77%
g . . ppLir | wpss%
2 Tagging algorithm 3Db—>1D 7| scale factors
=

Flavor tagging Optimal Transport Calibration

—
-
2 Tagging algorithm Pe
@ - ,
)

Psim(py,pe,pu|pr) Pdata(py,pe.p.|pr)

TpT,#psim ~ pdata>

Dsim, JELS

==

Events are not assigned a weight, but simulation is morph to align with data

07/04/2025
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ATLAS Results: non-b-jets calibration

Significant mis-modelling of the non-b-jets

1. Derive non-b-jets calibration in Z+jets region § (Q) for b-jetS

2. Apply it on the non-b-jets in the ttbar region 1 for non—b—jets

3. Derive b-jets calibration in ttbar region

* Transport maps of the non-b-jet calibration in Z+jets

ATLAS Fraliminary ATLAS Fraliminary ATLAS Fraliminary
pr=54.0 GeV, logit p,=0.0, v's =13 TeV, 140 fb~' pr = 4.0 GeV, logit pp=-3.0, v's =13 TeV, 140 fo~'

o = = = A —r T T -
E"— 2-_ -------- = = E P Yob g i 1?_5"5-,
™ - c = S OTEEEE. . - . e c
=] - @2 et I=! .. . ]
D_— ..... g g ,,,,,, ;;z..,_—: 15{};
- e o .- o
—2F < < . ] s <
“E ST Moo
iy “ a4
- -~+.11 875
& - .. { 50
—'10 _1G - l::..._
2.5
-12 ~12
10
logit pg logit pg logit p.
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YAl AS  Results: non-b-jets calibration

EXPERIMENT

Significant mis-modelling of the non-b-jets

* Transport maps of the non-b-jet calibration in Z+jets

. . . DL1r DL1r
* Higher order correlation in Dy~ and D,

m T . -I m T I_ f T
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o [ o b o ; .

Z 02f = e = 0.15F | i

== | i

| ! 0.10} . L_*.

1 | 1 i
01F | Lo | L.

Fo , 0.05F ! i
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== 1 i—
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E 1.2 .-‘ ] E 1 2_‘ T '+
S ] - §
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* Use a technique from Chris Pollard & Philipp Windischhofer (https://arxiv.org/abs/2107.08648)

* The transport map T# = Vg is found by optimizing two convex function f & g given

L(f,9) = minymaxg Z f(Qaata; P1) + Asim ng (Gsim; 1) — f(ng (Gsim; 1), PT)

* f& gare parameterized by partially input convex neural networks (convex in g but not in pT)

 Gradient descent is used to optimize LL.(f, g)

Vir1 = gy <‘Vi(v) Puit }
Partially convex neural networks (PICNN) )
WP 20 }
v ' ' ' + W, + bz(‘v)>7 vo=0, h(z;0)=u
Vi V) V3 Vi = h(z;0)

el B e
Z > 26
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