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Introduction: particle physics

Particle physics deals with
fundamental particles. The Fermions Bosons
framework we use for particle
physics is based on relativistic
quantum mechanics (quantum
field theory).

Strong EM

Interactions between particles
are described by the Standard
Model. Every interaction and
particle the SM has predicted we
have found, the last piece of the
puzzle was the discovery of the
Higgs boson.
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Introduction: particle physics
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Introduction: particle physics

Leptons

Weak gauge bosons
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LHC experiment and ATLAS detector

The Large Hadron Collider is a O3
27 km radius proton — proton collider. LHC

It operates at a center of mass energy
of 14 TeV.

It records tens of petabytes of data
per year. Itis currently on shutdown, ... cow w0

but the next phase, the high lumi-  Z ;7= )
Proton Synchrotron (PS) Linac2

nosity LHC will record much (much') R e L e Linac4.
more data.

(LPSPL), new PS'and new linac

Image from CERN Courier

P o ATLAS
e A general-purpose detector

e Some objectives include:
precision measurement,
discovery of new physics...

e It’s like an onion (or ogre), it
has layers

Image from UC Irvine
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ATLAS Data Collection

Again, it’s like an onion (or an ogre)

ATLAS detects:

e Electrons: interact in
the tracker and ECAL

e Muons: travels the
whole detector
e Jets: interact until the
hadronic calorimeter.
Types of jets:
[ ]
e Large-R jets
e Hadronic 7
e Photons: only interact
ECAL

EXPERIMENT
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ATLAS Data Collection

ATLAS released some data from Run 2, for anyone to access it, and do any
analysis with it. They claim it is mostly for education purposes, but

researchers have done analyses on them (like us!)

Dataset Selection requirement

Size [GB] Events  Frac. [%]
Full release No additional selection 1200 5,770,706,892 100.00
1LMET30 > 1lepton, pr > 7GeV; ER > 30 GeV 1334 605,490,333 10.49
2todlep 2-4 leptons, all with py > 7GeV 74.2 283,951,733 4.92
2bjets 2 jets pr > 20GeV, > 1 b-tagged 36.2 141,259,550 2.45
3JILMET30 > 3jets pr > 20, > 1lepton pr > 3, B > 30 GeV 36.6 76,407,431 1.32
2muons > 2 muons pr > 10GeV 18.3 72,563,712 1.26
3lep > 3leptons py > 7GeV 5.5 17,193,618 0.30
exactly3lep exactly 3 leptons py > 7 GeV 4.8 15,677,770 0.27
2J2LMET30 > 2 jets pr > 20, > 2 leptons pr > 7, EF'** > 30 GeV 1.9 6,242,521 0.11
4lep > 4 leptons pp > 7GeV 0.627 1,515,848 0.03
exactly4lep exactly 4 leptons pr > 7 GeV 0.555 1,362,611 0.02

You can access the datasets in this link. We worked with the 2to4lep and

1L30MET datasets.

Working with these datasets was physics motivated

e The 2to4lep dataset contains known resonances in the invariant mass

spectrum: Y,J /1, Z

e The 1L30MET dataset contains the cleanest channel for W and top quark
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Generative models of continuous data

As of 2026, the dominant paradigm for generation of continuous data is
transport-based generative modeling. These models construct a
continuous path between two distributions (e.g. from noise to data).

Conditional flow matching

Model learns a velocity field «/ whose flow transports the noise distribu-
tion into the data distribution:

ax; = u! (X,) dt, Xo ~ pmit, 0<t<1,
so that X1 ~ pdata-

Our loss is:

0 target 2
Lerm(0) = Erp||uy () — w5 (2 | Z)H

Example of a conditional path: x, = (1 —¢) ¢ + ¢tz where ¢ ~ N'(0,I). The
target velocity is u:(x | z2) =z — e.
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Generative models of continuous data

As of 2026, the dominant paradigm for generation of continuous data is
transport-based generative modeling. These models construct a
continuous path between two distributions (e.g. from noise to data).

Applications in image generation:

Images generated with FLUX.2 [klein] 4B
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Generative models of continuous data

As of 2026, the dominant paradigm for generation of continuous data is
transport-based generative modeling. These models construct a
continuous path between two distributions (e.g. from noise to data).

Applications in biology: protein generation

Pl

Protein generated with FoldFlow
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https://github.com/DreamFold/FoldFlow

Our motivation and novelty

Open question:
Can a single generative model successfully capture physics recorded at the
Large Hadron Collider?

Why should we care?
e The next LHC runs will record an insurmountable amount of data, and
we must take as much advantage of it
e Our model can provide a further step towards bigger analyses on LHC
data
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Generative models for collider physics

Our goal: generate collider physics events at reconstruction level,
using the ATLAS Open Data datasets as training examples. Motivation: can
a single generative model learn to predict SM histograms?

Our first approach was: the model sees the kinematics distributions from
ATLAS data z = (pr, 7, ¢, E) € R?, and learns the velocity field that
transports noise to ATLAS data.

prion 1 ¢ 1 E
6 45.16 1 0.71 1 179 1 57.20
Event 1 Q 35.80 | 241 | 310 120155
54.64 | —0.05 | —0.76 | 55.08
6 8477 1 030 ! 0.00 ! 88.62
@ 5158 | 0.32 | —1.44 ! 54.24
Event 2 | | |
92.70 | —2.37 | 2.04 |502.28
‘ 46.80 1 —1.09 1 —2.63 1 78.03
i i ’
Q 3241} 0.03 | 154 | 3242
Event 3 Q 68.60 1 0.21 1 —0.97 1 70.13
) 1531 | 011|300 45.57
|
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Generative models for collider physics

Our goal: generate collider physics events at reconstruction level,

using the ATLAS Open Data datasets as training examples. Motivation: can

a single generative model learn to predict SM histograms?

Our first approach was: the model sees the kinematics distributions from
ATLAS data z = (pr, 7, ¢, E) € R?, and learns the velocity field that

transports noise

to ATLAS data.

im0 6 0 E

1071 1 179 1 57.20
Event 1 U241 1310 120155

1 -0.05 ' ~0.76 | 55.08

1030 1 0.00 1 88.62

1032 ' —1.44 ! 54.24
Event | | |

1 =237 1 2.04 1502.28

1 —1.09 1 —2.63 1 78.03

i i ;

1 0.03 | 154 | 3242
Event 3 1021 1 —0.97 1 70.13

1 1

1011

1 1

i i
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Generative models for collider physics

Our goal: generate collider physics events at reconstruction level,
using the ATLAS Open Data datasets as training examples. Motivation: can
a single generative model learn to predict SM histograms?

Our first approach was: the model sees the kinematics distributions from
ATLAS data z = (pr, 7, ¢, E) € R?, and learns the velocity field that
transports noise to ATLAS data.

Event 1

Event 2

counts

Event 3

45.31

OO0 0600 60O

45.57 I‘l

L.
07 T i0 109 10t

10*
priGev]
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Generative models for collider physics

Our goal: generate collider physics events at reconstruction level,

using the ATLAS Open Data datasets as training examples. Motivation: can

a single generative model learn to predict SM histograms?

Our first approach was: the model sees the kinematics distributions from
ATLAS data z = (pr, 7, ¢, E) € R?, and learns the velocity field that

transports noise

Event 1

to ATLAS data.

counts

pr[GeV]

k
|
|
|
|
|
|
Event |
| o
: 0
—1.09 ‘ v
|
! ! 10t
0.03 | 154 | 3242 E
Event 3 021 |-0.97 1 70.13 "
i i !
| |
—0.11 1-3.001 45.57
: : b
I I 107 1 10 10¢ 10* 10!
pr[GeV]
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Generative models for collider physics

Our goal: generate collider physics events at reconstruction level,
using the ATLAS Open Data datasets as training examples. Motivation: can
a single generative model learn to predict SM histograms?

Our first approach was: the model sees the kinematics distributions from
ATLAS data z = (pr, 7, ¢, E) € R?, and learns the velocity field that
transports noise to ATLAS data.

Event 1

counts

10!

pr[GeV]

0.03 | 1.54 | 32.42 H
= 0?
I
Event 3 0.21 1 —0.97 | 70.13
1 o
i
1
_ — 1 45.5
0.11 1 —3.09 | 45.57 ot [l L
i

1 10 107 10° 10!
pr (GeV]
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Generative models for collider physics

Consider now the invariant mass spectrum of opposite sign-same flavor muons:

mfm = 2mi + 2(E1E2 _ﬁl -ﬁg),

encodes known physics: peaks at m,, = mz,m;/y,.... The same model failed to
replicate the whole spectrum

real data 7§

—— generated
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Riemannian Flow Matching

We want to change our approach so that it keeps all of its particles on-shell:
E* = |p|” +m?,

all particles must follow this relationship. We can enforce it by using
Riemannian Flow Matching.

Given a Riemannian manifold M with metric g, where we want the noise,
data, and the path in-between to be in. In this case, the velocity vector,
u:(x) € T M in the tangent space of the manifold M.

The path from noise to data now
must follow geodesic paths. The
geodesics connecting ¢ and z, and
the velocity vector that transports
between both; can be expressed in
terms of the exp and log mappings

log, (z
v exp, (tlog. () . e |2) — o2
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Riemannian Flow Matching

We want to change our approach so that it keeps all of its particles on-shell:
E* = |p|” +m?,

all particles must follow this relationship. We can enforce it by using
Riemannian Flow Matching.

Given a Riemannian manifold M with metric g, where we want the noise,
data, and the path in-between to be in. In this case, the velocity vector,
u:(x) € T M in the tangent space of the manifold M.

The path from noise to data now
must follow geodesic paths. The
geodesicgeennoctina c and = _and
the veloc| Contrast with vanilla CFM:
between | = (1 —¢)e+éz,us =2z —¢
terms of trre TXpP allu 10g IappIgs

log, (z
v exp, (tlog. () . e |2) — o2
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Manifold choice

The data we have is written in terms of (pr, 1, ¢, E,m). Converting it to
Euclidean momentum:

z = <E7ﬁ7m)7

This is then encoded to two types of manifolds:

Massless manifold (e, u, ) Massive manifold (jets, 7)
Mmassless = R X S2 b Mmassive = R X 82 X R7
Z:(yEyﬁ')y z:(yE7ﬁ'7zm)7
Chart Encode Decode
Direction (S?) n=p/|p| p=|pln
Log-energy ye = log(E/Eyy) E = E;exp(yr)
Boost-rapidity x = x = arccosh(E/m) E = mcoshy
On-shell mass™ E? — |p|?, floored |p| = VE? —m?
Log-mass zm = log(m/mf,,,) m = mho,. €xp(2m)
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Manifold choice

The data we have is written in terms of (pr, 1, ¢, E,m). Converting it to
Euclidean momentum:

Explicit form for exp, and log, maps for S*

are shown in backup slides

This is then encbaeavoowo Ty PCS UT HIIaIIroras.

Massless manifold (e, /., ) Massive manifold (jets, 7)
Mmassless - R X S2 b Mmassive = R X 82 X R7
Z:(yEyﬁ’)v Z:(yE7ﬁ'7Zm)7
Chart Encode Decode
Direction (S?) n=p/|p| p=|pln
Log-energy ye = log(E/Eyy) E = E;exp(yr)
Boost-rapidity x = x = arccosh(E/m) E = mcoshy
On-shell mass™ E? — |p|?, floored |p| = VE? —m?
Log-mass zm = log(m/mf,,,) m = mho,. €xp(2m)
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Model architecture: embedding

Input:

e Kinematics to generate:
(E’ﬁ7 m)

e Conditioned variables:
particle-type, MET, ¢,
detector-features

Output:

e Kinematics embedded in
higher dimension: A

e Higher dimensional
conditions variables:
temb, cond, MET tokens
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Model architecture: backbone model

Input: output of the embedding
layer

Backbone layer: six transformer
adaLN-Zero layers:

e attention

e MET-cross attention

o feed-forward network

each one wrapped in a residual
connection (ResNet-style)

Output: two velocity field:
u(t),u(t)™ € R®

Two losses: main CFM loss, and
an auxiliary loss that focuses on
K-invariant masses

Kevin A. Urquia Calderén  Learning Standard Model structure from LHC data with Riemannian Flow Matching = 11



Model architecture: backbone model

Input: output of the embedding

layer

Backbone layer: six transformer
adaLN-Zero layers:

e attention

e MET-cross attention

o feed-forward network

each one wrapped in a residual

connection (ResNet-style)

[t s ) = o S0 SN )45

Output: two velocity field:
u(t),u(t)™ e R®

/

ot clear: .
rate kinematics,

In case it was

Two losses: mal the model will only gene article-type
an auxiliary los it will not genel‘at*;:.) licities
K-invariant mass or particle m& 1P
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Model architecture: backbone model

Input: output of the embedding

layer

Backbone layer: six transformer
adaLN-Zero layers:

e atte Rel | ‘

eva ) : ‘
o ME " funac tions for both embedding apq f, i
o feed- re defined in the backup slides °r the mode]

each one wrapped in a residual

connection (ResNet-style) 3 T

Output: two velocity field:

u(t), u(t)™ € R° not clear:

it was .
In case it rate kinematics,

. Ry ene
Two lo§§es. mal 4o model will OT::ZI‘gat e particle-type
an auxiliary los it will not ge ult plicities

K-invariant mass or Particle
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Loss designs

CFM loss: modification from original CFM loss

Lerm = E [fof'Ha (i, t) — il t | Z))]

Hs: Huber loss
¢ quality-weighting
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Loss designs

CFM loss: modification from original CFM loss

Lcrm = E [QSH'HB (i, t) — il t | Z))]

Hj: Huber loss Defined in backup slides

¢ quality-weighting
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Loss designs

CFM loss: modification from original CFM loss

Lom = B [o:" - Hs (wi(at) — il | 2))|

H;: Huber loss Defined in backup slides
Ltf

: quality-weighting

Aucxiliary loss: ensures that the model becomes aware of the invariant mass

Laux = Z <q1 wr []I(t > tgate) Hs(AY®) + H; (Avel)]>
K

with
AP = logm™ (T) — logmi™ (),

Avel log pred( )_10g truth(I)’

where mz = (E1 + --- + Ex)?> — (b1 + - - - + px)?. Predicted kinematics are
computed from one Euler step. w™ is as KDE distribution-matching weight
(defined in backup slides)
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Loss designs

CFM loss: modification from original CFM loss

Lcrm = E [QSH'HB (i, t) — il t | Z))]

Defined in backup slides

Hs: Huber loss
¢ quality-weighting

Aucxiliary loss: ensures that the model becomes aware of the invariant mass
Lo = gz i [1(t > teue) Hs(AF") + Hs (AF)])
K

Teaches the model where the invariant mass should arrive
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Loss designs

CFM loss: modification from original CFM loss

Lerm = E [QSH'HB (i, t) — il t | Z))]

Hj: Huber loss Defined in backup slides

¢ quality-weighting

Aucxiliary loss: ensures that the model becomes aware of the invariant mass
Acaux = Z <q1 w}k [H(t > tgate) H(s(Al%os) + Hd <A},el>:| > )
K

Teaches the model where the invariant mass should arrive

Teaches the direction of travel of the invariant mass

Kevin A. Urquia Calderén  Learning Standard Model structure from LHC data with Riemannian Flow Matching 12



Learning Standard Model structure from LHC data with Riemannian Flow Matching

Results

KOBENHAVNS UNIVERSITET
UNIVERSITY OF COPENHAGEN



Single-particle kinematics (for example muon)

Muon kinematics — 60 bins
) it y , M. S— : o
3 T § 3 Touth 107
3 Gen 3 Gen

10 02] Wi = 0.0655 Wi = 0.00396 10
Skt 070106 Skt = 0-600595
: 56 - 00498 5’001
L ) L | ;

Truth

B Wﬂnﬂ o]
A uﬂ@ﬁﬂjﬁ%ﬂﬂ I

0 i =7 0
priGev] "

i

We can immediately notice

e pr < 7GeV cut not learned (hard to learn strict cuts like this with any
generative model)

e 1) = 0 deficit: collider artifact (for some reason also replicated for other
particles despite not present in data)

e ¢ relative uniformity is learned
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Single-particle kinematics (for example electron)

Electron kinematics — 60 bins
il n 1w o E

o 3 Thuh
3 Gen 3 Gen

10 3 Touth

3 Teuth

10° 6 P@_,me&mﬂfq 10
5| 3 !
. . 210
& & &
. W
8
W .
"
10 i !
Wl = 0.0675 W1 = 0.00336 10}
1 SKL = 00096 SKL = 0.000344
C = 0.0449 08

T i

pricev] "
We can immediately notice

e pr < 7GeV cut not learned (hard to learn strict cuts like this with any
generative model)

e 1) = 0 deficit, unkown reason

e ¢ relative uniformity is learned
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Dilepton spectrum

Dilepton invariant masses and dimuon resonance zooms

I OSSF miee) — 200 bins 10 OSSF m(yupe) 200 bins o OSSF m(fe) 200 bins
PRRNF= S e
| | = G i bk = G i bk )
o Wi =1.55 w Wi=1.13 v Wi =1.23
viodris) | sk =0 00ios ves) | s < o-0023s ros) | [sa *osooset
’ 203 | 5000245 , 50’9029
w ros) 1w J ras) o ras)
2 210 QN E LJN
10 Wv QJ&j“/J 10 0
10°) 10° 0
bl Al
E t\‘wh | 3 E n
3 o S o
10" 10 107 0 w0 0! T 10 10 w0 07 B 0 10* 10+
) [GeV] i) [GeV] () [GeV
" w/¢ region 100 bins. on 100 bins " T region 100 bins " Z region 100 bins
= = = =i
o = b =
E
w Wi = 0.0494 \\
SKL - 010304
| 50 - 0.055 m
e
Vo
O KT G T b 75 L
[Gev i [GV

Plot of m3, = 2 (E1E2 — p1 - p3).

The model could reproduce very accurately several peaks in the invariant
mass spectrum: Z,J /¥, ¥(2S). It merged the T resonances.
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Measurement of the Weinberg Angle

Forward-backwards asymmetry:

| . e Nr — Np
B Apg = F —*
| / NF + N B
2 ) .\ 0 2
T //Z/f: ————> i Np: number of ¢~ in the forward
hadron plane. 1 direction
/ ! Np: number of £~ in the backward
e i | direction
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Measurement of the Weinberg Angle

Forward-backwards asymmetry:

[N Nr — N3
B App = L B
1 / Nr + Np
) | 10 §
T e ///f: ———> i Np: number of /™ in the forward
hadron plane 1 direction
/ ] Np: number of ¢~ in the backward
o i | direction

Theory predicts Arg depends on the sin 0w, the sine of the Weinberg Angle.

Al 3(1 — 4 sin” Oy ) (1 — 4|Q,| sin® Ow)
FB 14 (1 — 4sin? 0w)] [1 + (1 — 4]Q,| sin? Ow)?] ’
where @, is the charge of the initial quark.
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Measurement of the Weinberg Angle

Forward-backwards asymmetry:

N - Nr — N3
Lo App =
| -/ Nr + Np
' AN
(\; ) > ! .
——————— FR Iy e — fos Np: number of /~ in the forward
ackwa | orwar ; .
hadron plane : ! direction
N Ng: number of ¢~ in the backward
o | direction

Theory predicts Arg depends on the sin 0w, the sine of the Weinberg Angle.
3(1 — 4 sin” Oy ) (1 — 4|Q,| sin® Ow)

[1+ (1 —4sin?0w)][1+ (1 — 4|Q,]| sin? Ow)?]’

where @, is the charge of the initial quark.

q __
AFB -

The model was never encouraged to reproduce the forward-backward
asymmetry spectrum. If it could reproduce it, it is a small sign it
learned the physics.
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Measurement of the Weinberg Angle

Forward-backward asymmetry histograms at different total rapidities, Yo,
and invariant masses my;:

We do a fit using the leading- Welnbers angle from 4p(r ) (ruth vs generated)

order template fits of the Apsp. socifafl e TR iy S e
We2 find from the fits that ) ; ‘t l
sin® O are R ST | SR | AR | R S M
S " o P T B Dt TH P, T3 fT Ty

o {2 e T [ [
4~ generated +0.00082  +0.00055 ) ' B o '

eTe” truth +0.00103 = My e e Letpes P
ete” generated  0.23627 40.00092  +0.00073 ! )
PDG eff. leptonic ~ 0.23122 — — £ .. h L ! i
CMS Run-1NLO  0.23140 — - Lot L] [t [t [ st [
The “generation uncertainty”, ogen was | P et q E[ oyt H P [RTIRS & F RPN H H [RTIR ‘1 H ! IW ‘ H

using five different seeds during generation. o . el
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Fitting heavy resonances

Semileptonic ¢f process:

it — WWbb — jjlvbb.

Kevin A. Urquia Calderén

Observable

Truth p

Gen 1

PDG

Hadronic top m
Leptonic top my,,;
Hadronic W m;;
Leptonic Z myy

165.1 + 1.2
166.9 + 1.3
80.0 + 0.4
90.9 0.1

167.5 £ 2.3 £ 3.6
166.8 1.6 + 1.9

77.3+1.8+£3.5
90.5 + 0.1 + 0.05

172.76
172.76
80.38
91.19
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Conclusions

What we did:

e We built ShellFlow, a generative model whose only physical priors are
the on-shell condition of particles, and knowledge of invariant
masses.

e ShellFlow managed to capture a substantial part of the Standard Model
structure that can be seen in colliders. This includes non-trivial
multi-particle correlations, positions of heavy-resonances in different
multi-particle spectrum of particles, and a reconstruction of the
Weinberg angle that agrees with PDG values.

Limitations:

Not all the particle correlations are perfect, known issues include: deficit at
n = 0 for all particles, no low-mass resonances (w, ¢), no peaks from 4-lepton
invariant mass (Z, H), and W, ¢ peaks are not sharp

What is next:

Train with MC data, mechanistic interpretability analysis (can we find
physical features inside ShellFlow?), changing ShellFlow to also predict
particle multiplicity or PID,...
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Collider coordinate system

Detector geometry is cylindrically symmetric about the beam, so we work in
(0, ¢, pr,n) derived from the 4-momentum (p., py,p:, E):

6 = arctan 7‘pg+py2
Pz

¢ = arctan Py

DPx

pr = \/pZ+p;

n= —lntang

2

n=-00
side C (= ALICE)

— %11’1 |p| +p2
[p| — p:

Kevin A. Urquia Calderén
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Geodesics of different manifolds

Spheres
For x,y € S%~!, the exp and log maps have the form:
log, (y) = L(y + (x y)x) exp, (v) = cos||v||x + sin|jv|| v
Tosm0T o ol

where § = arccos((x,y)) is the angle between x and y, (x,y) = >_, x; y; is the
usual dot product, and |jv|| = (v, v).

Hyperboloids
For x,y € H?, the exp and log maps have the form:
log.(y) = —— (v — (e9)uex),  exp,(v) = coshlfoluex + 1
* sinh * llv]|n

where 6 = arccosh((x,y)m) is the hyperbolic angle between x and y,
(o, y)m = Zugij XiYj = X0Y0 — Y ;0% yi is the Minkowski product, and
vl = (v, v)m.

Here we can see why we chose not to embed the data into a hyperbolic
manifold, cosh and sinh would present instabilities during training as they
are not bounded functions, unlike cos or sin.
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Definition of functions in model layers

Embedding layer functions

SiLU(x) =x0(x), FiLM(h;v,8) =(1+7) ©h + 3,
Sinusoidal(¢)2; = sin(1000¢wz), Sinusoidal(#)2z4+1 = cos(1000¢wy) ,
wy = 100002/

where o(x) is a sigmoid function, and © is the Hadamard matrix product.

Model functions

FFN(SwiGLU) = [SiLU(x W1) © 2 W] W5 .
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Training details

Hyperparameter Value
Architecture

DiT blocks L 6
model width dp,o4e1 128
attention heads 4
feed-forward expansion ratio 4
MET cross-attention tokens 4
dropout 0
trainable parameters 3.0 x 10°
Optimiser (AdamW)

peak learning rate 6 x 104
weight decay 0.01
(81, B2) (0.9, 0.999)
e 10-8
gradient clip (global norm) 1.0
EMA decay p 0.9995
Learning-rate schedule

type cosine
warm-up 104 steps, linear
minimum learning rate 10~6
epochs 30
total optimiser steps 717,180

Kevin A. Urquia Calderén

Hyperparameter Value
Data and batching

batch size per GPU 4,096
global batch size 32,768
train/validation split 0.95/0.05
split seed 42
Loss

Huber scale & 1.0
K-body orders K € {2, 3,4}, equal wt.
position gate fgate 0.99
exponent o 1.0
sharpness % 5
truth-prior mix 7 1/3 (w;mx = 3)
quality floor g™ 0.5

floor
Flow-time sampling

distribution

(t min> ‘max )
Compute

GPUs

numerical precision
compilation

¢t ~ Utmin, tmax]
(0.01, 1 — 107 9)

8, data-parallel
bf16-mixed
torch.compile
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Hardware and software specifications

Component Specification

GPU 8x NVIDIA A100 (80 GB), NVLink
CPU 2x AMD EPYC 7J13 (128 cores)
System memory 2 TB

Storage 19 TB NVMe RAID array

Software PyTorch 2.10 (CUDA 12.8), Linux
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Functions in loss functions

Huber loss:
1x2, x| <4,
Hyw={2 0 k<o
0 (x| — 56), otherwise,
Quality weighting:
o =g+ L —aim) e, @™ € [aien1] |
with
o{oush (ciep — riso)) oy (e — |do/oa, ) & € {e, u},
U(ailo(cilo - rgo)) k= Y
U(ajvt(JVT - ijt)) k = jet,
qr =
U(Oérnn (srnn - Crrm)) k= Thad
o{ap, (cp, — D2)) k = large-R jet,
1 otherwise (MET, padding).

with o(x) = (1 +e )%, riso = min(ptvarcone30, topoetcone20)/pr and
r, = min(topoetcone40, ptcone20)/pr. The values of ¢ and « are shown in

the next slide.
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More on quality features

Type Feature cutc slope «
Leptons (e, ) min(ptvarcone30,topoetcone20)/pr  0.15 10.0
|d0sig| 3.00 1.00
Photon min(topoetcone40, ptcone20)/pr 0.15 10.0
Jet jvt 0.50 5.00
Tau RNNJetScore 0.50 5.00
Large-R jet D2 1.50 5.00

Kevin A. Urquia Calderén
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Functions in loss functions

KDE distribution-matching weight:

wir)= [(L=mrt4n] T, r=Pem
Dtruth

gaussian KDE of the K-body mass density,

p(logm) = h Z (M) , k(u) = \/% exp(—u’®/2),

™
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Evaluation metrics

Metrics evaluation distances between distributions x,y used in evaluating the
quality of generation:

N
- 1
Wi Wasserstein distance Wy =— E i — i
ni3

1 : ]
SKL.  Symmetric KL divergence =~ SKL = — E x; log il + yilog i
25 i xi

Doiey % — il

BC Bray-Curtis Dissimilarity BC = =
D i1 %+ i
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Jet kinematics

Jet kinematics 60 bins

o i \ a ) E
1 i
| = =L < = ! =5 = T
v =3 G = Gen =3 G r = G
I K
R T 1w
Eos £
|
o
) ol
d =30 i 000509 Wr's 0135
Sk < 0_00664 ) 07000303 SKL = 0.00117
) o6 0 i
!
| i
3 r[[ Lo !
lf W W v
i it o 2t 7 i v N
or Gy o £ fow Gy

Kevin A. Urquia Calderén  Learning Standard Model structure from LHC data with Riemannian Flow Matching 30



Large-R jet kinematics

Large-R Jet kinematics — 60 bins
i ant ; ,” P
= T | = =3 .
Ga = Ga = Ga

w =
Gen

o

T i R0

- 'SKL = 0.000219 10 SKL = 8.82e-05
:
NN A g ) =
ki v g W
=r W h o : vw‘
1 i El 0 ] - =3 T T It W R TR N (]
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Photon kinematics

Photon kinematics — 60 bins

T T T T o i+ T s - T T —ter T
3 T 3 T I Truth 0 3 Truih
10°) 3 Gen 1.75| 3 Gen 19 3 Gen 3 Gen
1.50) 10
N o [PRan mt  Af
125

075) . w
0
0.50)
10 10
oo Wi = 0.0727 0 Wi = 0.00471
& SKL = 0.0137 0.000306
0647 = 0.00924
1 1
. . . . N 0 . . h . .

i Q =3 i 7 -7 0 T T i T G
priGev] "
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Tau kinematics

Tau kinematics 60 bins
£

3 T
3 G

Y "
1 T 3 T
! 3 G

[

Fveats

-

3 G

1
i S Gy ]

o)
cig 0 Wi - 000305

s 5ic : 3t = ocoooiar

55 0500 b5 eoeo
L
Lol et I

T + o 5

y Gy
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Additional evaluation metrics

Tnter-particle kinematics: AR, Ao, iy, Hy, lepton p — 60 bins

AR (0SSF)

A 1] B

leading lepton pr [GeV] sublending epton pr [GeV]
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Three-particle features

3-particle kinematics: invariant masses and system pr
g (Hlepton mass) o (et s, top pouk) s (Z4jet i)

ol - wf = T
=

B = 0.0219

B = 00427

\ {radintive Z retuen) g (0 et like)
Fe= T [
= e WHET Gen
- S =
=3 0| Wi iia w
T o 0w ) B - bc0ae4
ul u
“ b |

s
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Transverse momentum conservation

Transverse momentum conservation — 60 bins

X0 Magnitude imbalance X0 r-component closure x10° y-component closure

3 Tt 3 Trueh 3 Tk

251 3 G ol 3 Gan |] - 3 G
7 =16

SKL = 77008 SKL = 4.460-05 SKL = 0.00025.

B = 0.00185 B = 0.000596
201 N

201 1 20 1

0 50 o0 —100 =50 0 50 00 ~100 =50 0

0
5]~ B [GeV] Spe + ERS [Gev] Sp, + ERS [Gev

~100 =50
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Leading di-jet kinematics

Leading dijet kinematics:

mj; vs i — 60 bins

Gen
T

104 T

N o contours (truth vs gen)
T T 10! T T T

7000 — Tuth 1o
Truth 20

6000
6000

5000
5000

4000
1000

000
3000 .

2000

2000

1000 1000

-1

7= (m+m)/2 7= (m+m)/2
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OSSF dilepton pairs

Truth: J/4 region N Gen: J/4) region ™ . o contours: J/4) region

OSSF dilepton: my, vs [A¢| (truth vs generated)

DGl )

Truth: T region

AG(EY, )

Gen: T region v/ bin 2
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Truth: Z region

1200
1000
o0 5
100

o contours:_Z region
12000 T =

Cen: Z region
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Four-lepton invariant mass

Higgs my, in the H — ZZ* — 4( selection
27 + pr cuts only — 100 bins Z* + pr + quality cuts — 100 bins
WE T T T T T T T

o 3 Touth 3 3 Truth

3 Gen 3 Gen

0 4

L0

0'E

0.0313
0.0804

SKL

1) BC ] ok

, L , L L L , L
00 w0 20 0 0 0 o0 20 70 0

W‘W«WW ifrint i ! i MM 1
Jd Wwww N =i W]
T i 70 ) i 5
mu [GeV] my [GeV]
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