


ML in the analysis chain (in CMS)
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The need for better algorithms

CMS 140-collisiens

More complex and overlapping patterns to reconstruct to particles: ML

Strain on computing ressources: parallelisable algorithms (ML) on GPUs

KIT



More need for better algorithms:
ML approaches are highly flexible -

e

Charged :’
( Start of FCC-ee physics run | Hadrons
2047 — —2047 .
2046 R .
Start accelerator commissioning Start detector commissioning >

End of HL-LHC Start detector installation

Start accelerator installation

Detector component production
Four detector TDRs completed

Industrialisation and component production
Technical design & prototyping completed

are inevitably intertwined
“Co-Design”

Start of ground-breaking and CE at IPs

Detector CDRs (>4) submitted to FC3 <}:|

End of HL-LHC upgrade: more detector experts available *  System demonstrators
FC3 formation, call for CDRs, collaboration forming
European Strategy Update: FCC Recommendation

Detector Eol submission by the community 2024-27
* Optimisation
e Component R&D

End of HL-LHC upgrade: more ATS personnel available
FCC Approval: Start of prototyping work

FCC Feasibility Study Report

[ FCC-ee Accelerator [ Key dates ]

FCC-ee Detectors ]

Mogens Dam / NBI Copenhagen FCC Week, Vienna 19.05.2025 12 NeW hardwa re Ca pabilities

= ML means: adaptive algorithms, low turn-around, possibility for (gradient based) detector optimisation

KIT



Conceptual Considerations: Particle Flow

-
B fe
e

35

High
Demand on resources

{ SRE

input multiplicities:

Physics robustness:
Careful target definition

N particles # N - 1 particle
advanced concepts

KIT



GLOW 1 5
arXiv:2508.20092 gl () — | anstormer _, (O ) L N 1
" ] [s[1]ofo[o
g{g 8 %%_)0.400.800_)
= g3 0|ojo21]0
=% loifo]o]o]1
gl U R ¢,
& s S
34 O _, | Masked §§ > o >_§
§ D Decoder Gg ‘ E
m S
3 L [:] ‘_J .

Trained and applied to CLIC detector dataset
O(100) inputs

7
/£
S

Targets particles with at least a track or calorimeter deposit

1\

Counts particles globally* .
w o

* similar to other HGPFlow variants ﬂ(“'
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5 O
GLOW :
3 O
. Q Transformer S
arXiv:2508.20092 kS encoder | > O L
P O 25 05/1(0(0]|0
& % %5_)0.400.800_)
8 O ololo2[1]0
£ o
0.1{0|0 |0 |1
é s [:] — ‘-w "
() “ -
3 S £
o O] Masked ? S & 3
Q24 —> < > Q.
rS Decoder O >
c D a ‘ o
P a
4 L DL L L B L L B L DL L L L L L rorTT BL[:] ‘J
6000 [ Grow (M= 0.000, IQR=0.049)
1 HGPflow (M=-0.003, IQR=0.059) ]
5000 [ MLPF (M=-0.006, IQR=0.067) ~+  Trained and applied to CLIC detector dataset /.
[ Pandora (M= 0.008, IQR=0.059) ] . :
000 ] O(100) inputs f
8 : ] o\
> 3000F 1  Targets particles with at least a track or calorimeter deposit r
2000 F .
] . *
Jooo H ] Counts particles globally . =
0'. 1 L | p— A .:

-0.15 —-0.10 —-0.05 0.00 0.05 0.10 0.15
Jet (pagco _ pgguth)/p'%guth

* similar to other HGPFlow variants ﬂ(“'



T
Pflow particles

8 O
GLOW :
3 O
. Q Transformer S
arXiv:2508.20092 S encoder | > O L
P O 2 051|000
g O %5_)0.400.800_)
3 olofo2l1]0
£ o
0.1/0 (0|01
s (] —
(0] —
S i)
o 4 ] _, | Masked §f§
o Decoder o9 g
g U s
(3]
T T T —T T T T T —T 1 3 - [:]
6000 F Grow (M= 0.000, IQR=0.049) 1
1 HGPflow (M=-0.003, IQR=0.059) 1]
5000 [ MLPF (M=-0.006, IQR=0.067) 1  Trained and applied to CLIC detector dataset /.
Pandora (M= 0.008, IQR=0.059) ] : ‘.
s000f ] O(100) inputs
£ ; : ‘
™ 3000¢ 1 Targets particles with at least a track or calorimeter deposit 4
2000 F .
: ] Counts particles globally* ¢
1000 ] . - Prior probabilities from
0; | —_ H : the training dataset

—015 -0.10 —0.05

Jet (P

0.00
— ") /ot For illustration: P(H,|x) =

0.05 0.10 0.15

S| Ho)mo + f(x | Hy)my

* similar to other HGPFlow variants

flx| Hy)my
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CMS MLPF

CMS-DP-2025-033

Clusters+tracks — — Particles
Simplified pipeline Standard particle flow Pileup subtraction

Faster runtime
Improved physics performance

f

Represents particle?

R Cluster / track |me
O(1000) inputs

B
—ll

Represents particle?

Define targets:
» Charged: by track
* Neutral: merge all in one cluster

Cluster / track |

Attention based NN

Represents particle?

<
7))
©
L
©
O
-
&)
o
C
C
o
®)
=
=
L

» Pre-define one representative point

o,
-
Fully supervised training on _ _ _
1. QCD. Z — 17 Adapts to different geometries nicely (e.g. FCC det.)
’ ’ F. Mokhtar, et al, https://arxiv.org/abs/2503.00131 ﬂ (IT

Cluster / track |me

(Follows a simplified object condensation paradigm)



It’s hard but worth it: Improving physics and runtime

108 CMS Preliminary Run 3 (13.6 TeV)
(V)] g T T T T T T E
s CMSSW_15_0_5
S I 1 native ONNXRuntime
L 10°F 6 jobs per GPU 3
: 8 threads per job 1
10tk PFBlock+PFAIgo on CPU |
M=0.09s IQR=0.06s E
I MLPF on GPU
107 1 M=0.0451QR=0.01s -
10‘% =
1007 m TR JI L ! l

0.0

0.5 ‘1‘.0‘ ‘1‘.5‘ - ‘2‘.0
Runtime per event [s]

g2 CWS Simuation Profiminary_Run 3 (14Tev)

Ce6

Cou

I
'tt, PU 55-75
| AK8 jets, pt > 170 GeV

|

PF-PUPPI
— MLPF-PU

= Improved jet resolution over standard PF with identical inputs

= Fast runtime

= |[ncluding timing information in ML models is straight forward

00 05 10

15 20
Raw Jet pT/ PT, ref

CMS-DP-2025-033
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Locality as a must

Calibration procedures heavily rely on independence of particles reconstructed in
(very) different detector regions

Z/gamma jet balance

Tag & Probe

Event mixing

AD bump hunts

KIT



Include Calorimeter Hits: towards “end-to-end”

Utilise higher granular inputs from calorimeter hits

First reconstruct all particles, then perform pileup subtraction
(depends on PV definition)

Calo. hits —
PF clustering

Clusters+tracks — Block linking PFalgo — Particles »  PUPPI

Standard particle flow

Tracking

Tracker hits

MLPF approach not applicable anymore: target, concepts, and resources

KIT



The target matters :

With ML calorimeter clustering, a new more granular and general definition is
needed for a robust algorithm

Why:
Example from classification:
Prior probabilities from
Jf(x | Hy)m,

/ L] L]
P(Hy|x) = the training dataset
SO | Homg + f(x | Hy)my

The more the algorithm guesses the more it relies on the priors: the less it
generalises to different physics scenarios.

A good truth definition leads to a robust algorithm, it relies on what we
consider in principle resolvable by the detector.

K. Schauble, KIT

KIT



Truth merging —m

0
100
200
300
400

500

0 100 200 300 400 500

100 +

200 A

300 A

400 1

500 A

Work in progress

100 200 300 400 500

Based on resolvability w.r.t sensors: implement detector geometry in a generic way

Creates a directed graph: avoids over-merging

Performs resolvability-ordered merging: adds IRC safety

A. Busamolino, KIT, paper in prep.
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Based on resolvability w.r.t sensors: implement detector geometry in a generic way

Creates a directed graph: avoids over-merging

Performs resolvability-ordered merging: adds IRC safety

A. Busamolino, KIT, paper in prep.
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Processing a large number of sensors: GravNet

Qasim, JK, et al arXiv:1902.07987

High input dimensionality
N? connections — local connections N - K - what are the ‘best’ connections?

Increase robustness
event topology prior — local particle density prior

GravNet: =" 4
. . . . Validation, calibration
Distance weighted information exchange v explicit locality In Data

_xj = Z <€Xp(—dl:]2-) Xj), ma]\)]( <€Xp(—dl:]2-) xi)
1eN; ' v interpretable

kit IT



Processing a large number of sensors: GravNet

Qasim, JK, et al arXiv:1902.07987

High input dimensionality
N? connections — local connections N - K - what are the ‘best’ connections?

Increase robustness
event topology prior — local particle density prior

GravNet: 7
. i ] . Validation, calibration
Distance weighted information exchange v explicit locality | In Data 2

X; = Z <exp(—d§)xi), max (eXP(—dé)xi)

ieN.
el : v interpretable
O} A = Explicitly learns the graph topology
O A i = Saves 10-100x in terms or resources w.r.t.
O ./@\ _O—, similar approaches
Q}FLR ) ./ = Adaptive explicitly translation equivariant
O variants being actively developed

kit IT



GravNet: a faster EdgeConv/IDGCNN?

(@) ol ® ¢ .
of® [N\~ (@ ™~

O \ \ \ Vi .\fl' = XV
@\ dik . \

o - ¢ . l

O Frr ) / d/ ”\ﬁ. -
) . dyi ) 7

. /djk ‘ Zf

e,

Vi fs

/ 3 - j;;
fi= Max( )

 Instead of generic message passing, use powerful attention

Y = a(x;, x;) - MLP(x;)
i€ N(j) N EdgeConv / DGCNN
yi= 0O MLP(x;,x;—x)

1e N(j) '\

e Can be rewritten

X; = MLP(x;)
y; = a(x;, ;) - X;
1e N(j)
* Brings a factor of about factor 100 speedup arXiv:1902.07987

14



Building the graph topology through attention

(@) (b)

(d)

f\J

s,
/ {Max(f) F’L’R{Q

}F()UT

 Attention scales the information exchange: higher value — more

exchange
Yi =

« Learn an embedding space S for each point (low dimensional: fast)

. Chose a(x;, x-) such that close-by means a lot of information exchange:

a(x; x)—eXp( 10 -

d;;) : distance weighted

= The K nearest points are the ones that need to exchange the most

information: graph topology build

15



Multi-object detection: A look at computer vision * =

Overlap removal
>

KIT



Multi-Particle Detection: Object Condensation . 4

17

CMS Phase-2 Simulation Preliminary

Input data

J.K., EPJC 2020

Repr. score f

Hit / track

Position, energy,
time, ...

Repr. score f

Hit / track

Repr. score f

Hit / track
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Multi-Particle Detection: Object Condensation . 4

17

CMS Phase-2 Simulation Preliminary

Input data

At least one point with high
p €[0, 1] per object.
— semi-supervised

Noise should have low f

J.K., EPJC 2020

Repr. score f

Hit / track

Position, energy,
time, ...

Repr. score f

Hit / track

Repr. score f

Hit / track
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Multi-Particle Detection: Object Condensation . 4

17

CMS Phase-2 Simulation Preliminary

Input data

At least one point with high
p €[0, 1] per object.
— semi-supervised

Noise should have low f

Hit / track

Position, energy,
time, ...

Hit / track

Hit / track

The condensation score f is central

J.K., EPJC 2020

Repr. score f

Repr. score f

Repr. score f

KIT



Simultaneous clustering and property prediction * =

A A

o ® o o © LN o © © ©
H oo o " ooe -
<-:§, e O o S o ‘é °0 o CZ,Q.O
tlo0o@O @ S tloo0o@ O\.\Q
O ®©@ O © O © O O

Clustering Coordinate 2 Clustering Coordinate 2 ”

JK, arxiv:2002.03605, EPJC ﬂ(IT



Simultaneous clustering and property prediction ¢ =

A

% % \D © O O
% g \O" ©
S S| e 0 e Q, Q, 0
3 S| 0 o ‘\
@ 0 @0,
O
®© ¢ o Objects are clustered, the central points have hlgh 17 ®© & o .
Clustering Coordinate 2 Clustering Coordinate 2

JK, arxiv:2002.03605, EPJC ﬂ(IT



Simultaneous clustering and property prediction * =

A A

o ® o o © LN o © © ©
H oo o " ooe -
<-:§, e O o S o ‘é °0 o CZ,Q.O
tlo0o@O @ S tloo0o@ O\.\Q
O ®©@ O © O © O O

Clustering Coordinate 2 Clustering Coordinate 2 ”

JK, arxiv:2002.03605, EPJC ﬂ(IT



Simultaneous clustering and property prediction ¢ =

A

@ 0 O

\o'b\o o
o\o QQQ
° ©@0@0,

© O O

Clustering Coordinate 1

Clustering Coordinate 1
© O
@ O
@ o
; :0
&0
O ©

>

Clustering Coordinate 2 Clustering Coordinate 2

Property: cat or dog / electron or pion / energy

JK, arxiv:2002.03605, EPJC ﬂ(IT



Simultaneous clustering and property prediction *

A

@ © O

\@b\@ o
O\O QQO
° ©@0@0,

© O O

O (D) @ @ ©
Orla)«) ©
ooo

v%
oo‘ @

© © O

ocde

Clustering Coordinate 1
Clustering Coordinate 1

Clustering Coordinate 2 Clustering Coordinate 2

S9|B0g

Property: cat or dog / electron or pion / energy

Center of each cluster also carries best property estimate: condensation point

JK, arxiv:2002.03605, EPJC ﬂ(IT



Object Condensation: Transform a complex problem

into a simple one X
“05;% GNN é éﬁ;/

CMS Phase-2 Simulation Preliminary
CMS Phase-2 Simulation Preliminary (b)
S2
- o,
Input data \ /.
0] |
70 v \ ®—
60 o
(g\]
50 €
L
40 %
30 E
20 A > o
(@]
20 4\
Y2375 -40
(cm) =350355

: . : " CMS DP-20/004
= Also loss is explicitly using local densities

= However: still hand-tuned inference clustering/masking, no adaptive dimensionality reduction...
there is still work to do! ﬂ(".



Large gains possible

CMS Simulation Preliminary

Predicted

Truth

PU=0
o
- /"‘
e SHSS
o,
;ﬁ P .’
o 835 .
K; %
' 1' i ‘- f ;o }
iaaY 3 N
R ' y (cm)
s,
O x(cm) %, 2Z(cm) < x(cm)

= \/ery promising results

......... 1-5 particles
..... 6-10 particles

— 11-15 particles

PL
X [mm; 100 .0 _50
/ 0.1F
0.05F {
E I I T I e L )
’ B8 085 09 095 1 105 14 1.15 1.2
: /p(t
., p(r)/p(t)
. )
y (cm) S 0.45F
< 04f Condensaton | 1-5 particles
0.35 ; ----- 6-10 particles
0.3; — 11-15 particles
0.25F
3 -
%0 0.2F
0.15F
vOn z (cm) 0 1i
CMS DP-22-001 0.05F [
=T | et o TN I L - L R
8.8 0.85 0.9 0.95 105 11 115 1.2
p(r)/p(t)

S.R. Qasim, N. Chern. J.K., arXiv:2204.01681,

S. Battarchaya, .., J.K., et al., arXiv:2203.01189,
S. Qasim, K. Long, J.K,, et al., arXiv:2106.01832

l. liyama, .. J.K., et al, arXiv:2008.03601

JK, arxiv:2002.03605, EPJC




Simulation, Test Sample
10 GeV Neutral, 30 GeV Charged
GravNet

Very versatile

100
801 ..,
£ 60
§ === 50%
20 —4— GravNet, no Time
--+ m%---CALI-C ----+ GravNet, + Time -
0
<20
‘v
210
@
[
£ 0
o
Q Q Q Q Q Q Q
T

Lateral Distance Between Charged
and Neutral Shower [mm]

S. Lai, et al, arXiv:2407.00178

1.2
o 1O0F =T ';ﬂm’sﬁg&?ﬁﬁﬂ*fﬁﬁﬂmﬂ
T : I :
S .o pEEEEE R 1 .10
: T :
2081 ’ - Qos
2 [
S . Y—
& 0.7 * CLD Tracking ig 06
1 ~
0.6 il Q04
. .:i,-' Z[y" = q4(q = u,d) =
05 10 < 6 < 170 g 0.2
g L vertex R < 50 mm
Vertex 0.4 Ei; Ayre > 0.02 rad = 0.0
03 = Conformal Tracking
Drift Chamber” . + GGTF
0,25 — —
10! 10 10*
pr [GeV]

D. Garcia, et al, 10.1051/epjconf/202533701125

60 [ f : - 4
50 F .'Ii*‘ ‘_gj g(éﬁ:::d ]
@ 1 i+
Lot / * ]
SN . _
0 ; \
2w F CLAS12 '}.}f{'\ _
% ; / 6
pn [GeV]

G. Matousek, V. Anselm, arxiv:2503.11277

L. Reuter, et al, arXiv:2411.13596, PRD

Belle Il Simulation (preliminary) Ks»>n*mn~
Barrel
Belle [l
Tracking
—4— Baseline Finder = —¢4— CAT Finder
-+4-- Baseline Fitter -4~ CAT Fitter
0 10 20 30 40 50 60 70 80 90
vaC (cm)

d) K9 = ntn™, ,Ui)\/IC'
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From Hits to Physics with ML

A large territory only being explored since recently

It comes with conceptual and technical challenges that are (being) resolved
Locality, Sampel priors, Robustness

Huge opportunities:

Possibility to tackle computing resource challenges

Low development, turn-around, and maintenance cost even on (novel) heterogenous
hardware or different detector geometries

All signs point to better physics performance with tremendous lever arm for existing detectors
and plenty of opportunities for developing new detectors

KIT
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A Local Surrogate

r """""""""""""""""""""""""""" 1
Sampled . i
. _ Simulator 1
Inputs inputs and ™! (Non differentiable) Outputs i
1
____________________________________ [ ————
Train
Parameters | lf?;lr::s Iael?d B i » Outputs »| Objective
parameters |, (Differentiable) .
VR(yy)

S. Shirobokov, et al., arXiv:2002.04632

Jan Kieseler


https://ml-cheatsheet.readthedocs.io/en/latest/gradient_descent.html

A Local Surrogate

Inputs
1 Train
Sampled .
Parameters | inputs and - S'T;ﬁ:?;ﬁ:gglge?te » Outputs »| Objective
parameters .
VR(yy)

S. Shirobokov, et al., arXiv:2002.04632

Jan Kieseler
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A Local Surrogate

r """""""""""""""""""""""""""" 1
Sampled . i
. _ Simulator 1
Inputs inputs andS ™! (Non differentiable) Outputs i
1
____________________________________ [ ————
Train
Parameters | lr?;lrlrt'g Iaei?d - Simu]ator surrogate » Outputs »| Objective
parameters |, (Differentiable) .
VR(yy)

S. Shirobokov, et al., arXiv:2002.04632
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A Local Surrogate
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Inputs inputs and ™! (Non differentiable) Outputs i
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Train
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parameters | (Differentiable) .
VR (ytp)
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Approx. 30% improvement with a 30% lighter magnet

S. Shirobokoy, et al., arXiv:2002.04632
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A Local Surrogate

-----------------------------------------------------

] 1

I Sampled ) i

! . _ Simulator i

Inputs inputs and ™! (Non differentiable) Outputs E

1

____________________________________ (R —————————— |

Train
Parameters | .,?;L':_f Iae:d - Simu]ator SAIOGE » Outputs »| Objective
parameters |, (Differentiable) .
‘71?()qp)

Previous optimum(BO) New optimum(L-GSO)

W— 400000

-300000

iy
400 (RS

200 |

- 200000
—200 88

100000
—400

ST e P BOTLE KW
—200 0 200

Approx. 30% improvement with a 30% lighter magnet

latest/gradient_descent.html

Local surrogates are a powerful tool to work around non-differentiable parts of the chain

S. Shirobokovetrar—ear~vzoozrosooz

Jan Kieseler
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Make Wider Steps?

A few quantities

\

Many pixels, detector elements, hits

/

Very complex surrogate model

A few quantities

Analysis

Jan Kieseler
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Make Wider Steps?

12
7
=
@©
c
<

A few quantities Many pixels, detector elements, hits A few quantities

/

Very complex surrogate model

v Much simpler surrogate model

These models, applied to existing detectors, are generative (ultra) fast simulation models

Jan Kieseler
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N(lT Even discrete parameters get optimised

Karlsruher Institut fur Technologie

A)le

Starting configuration

Optimized configuration

Absorber (Pb/Fe)

Scintillator
(Either material)

Scintillator
(Polystyrene)

Scintillator
(PbWO4)

Y, T

e Add cost and space constraints
e Model cost of materials carefully

e Best mean resolution of all configurations

AIDO Detector Optimization

FSampling Calorimeter

200 [50% photons and 50% pions
[20 X 400 MC Events / Iteration
175 FEgue =1, 20] GeV

150 |
125 |
100 |

75}

50 |

25

Longitudinal Calorimeter Composition [cm]

0 25 50 75 100 125 150 175

PbWO4
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Polystyrene

200
lteration

K.Schmidt, et al.,

arXiv:2502.02152

Jan Kieseler
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e Model cost of materials carefully
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e Best mean resolution of all configurations
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Sample efficiency

layer material segments
v J T 3

< < <

@) @) @)
212 | &2 |3 £ 13
| . [a [ - [a | - (a
8 S g 5 EEE g 5
[ P [ - 5 s
' EIR B E 212
c f| € c f €t c fc
£ £ £

0 (1)) w0
layer 1 layer 2 layer N

FIG. 1: Calorimeter consisting of layers of interleaved

lead absorber and lead-tungstate scintillator segments.
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Layer thickness [cm]
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(b) RECO-OPT without TL, 5 events

arXiv:2503.14342
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