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What is Particle-flow Reconstruction?

o Reconstruction algorithms at the LHC fall under two categories: local and global

° is a global reconstruction algorithm that .
combines detector-level elements (e.g. tracks and clusters) y noutral
to identify and reconstruct all stable particles in the event

HCAL
clusters

Detector

—>
b

Particle Flow

o PF solves the

— A complex task with no simple algorithmic solution FoAL

Clusters
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https://cds.cern.ch/record/2792320
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Why Particle-flow?

13 TeV

06— CMS anti-k;, R=0.4 = calo

simulation m|<1.3 o— PF

\‘ PF jets (red) achieve better
0.4 energy resolution than
“ calorimeter-only jets (blue) [1]

energy resolution
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In CMS, PF algorithm is crucial for physics measurements—significantly improving
jet energy resolution over local reconstruction algorithms
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How does Particle-flow work?

» PF reconstructs particles by iteratively linking detector elements—tracks and
calorimeter clusters—in a process known as block linking

PF inputs

/ Calo. hits \

PF clustering

N

e
Tracking

\ Tracker hits J

Standard particle flow

Clusters+tracks 1= Block linking PF algo —  Particles
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How about ML-based particle-flow?

o CMS is in a unique position to test ML for full event reconstruction )\

» We present MLPF, an end-to-end ML approach to PF block linking and e
particle reconstruction—including ML-based per-particle pileup rejection /

Calo. hits

PF clustering

This work: MLPF
\ .
Clusters+tracks — —  Particles
/ Block linking  PF algo PUPP!
Tracking Standard particle flow

Tracker hits MLPF replaces multiple hand-crafted

steps with a single neural network
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MLPF Summary and Goals

~/ Demonstrates realistic event-level performance
‘X Integrated in CMS software framework
¢ Includes per-particle pileup (PU) mitigation

: . [1] MLPF for CLICdet
# Generalizable to new detector inputs or outputs " 2] Fine-tuning MLPF for FCC

Runs on GPUs at ~40 ms/event

& Tested on data for full event reconstruction
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Datasets and training

° We train the model in a fully supervised fashion using a standard PyTorch setup,
and export the static compute graph to ONNX

o The model is small: ~4M parameters / 20 MB and is trained on MC samples
simulated under Run 3 (2022-2026) conditions

physics process PU configuration | MC events
top quark-antiquark pairs flat 55-75 500 k
QCD pr € [15,3000] GeV flat 55-75 500 k
Z — 77 all-hadronic flat 55-75 500 k
top quark-antiquark pairs no PU 5M
QCD pr € [15,3000] GeV no PU 5M
Z — 77 all-hadronic no PU 5M

Table 1: MC simulation samples used for optimizing the MLPF model.
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MLPF architecture: end-to-end particle reconstruction

Transformer model processes embedded
track and cluster features

Transformer Transformer

Transformer Transformer

Transformer Transformer

III &

We compare the model output to a particle-level target
using a per-particle loss function
(more on this in the next slides)
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Simulation-based target

What set of particles should a particle-flow algorithm aim to reconstruct?

CMS Simulation Preliminary  Run 3 (14 TeV)
E b R L L =

+— 10°F E

» Not all Pythia stable particles are directly reconstructible— 5 | PU5575 ‘
. . . . 107} .

that is, particles that leave detectable signals in the detector © ; Pythia -
109 Target -

o We use generator + simulation information to define a set of 10° :
target particles that interact with the detector either directly o1l i
or through their descendants o i

o We cross-check the target against stable Pythia particles M ‘
10"} .

o We also define an per 100l

particle (typically 0 or 1) which Particle pr (GeV)
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Next, we cluster jets from the simulation-level target and validate them
against generator-level reference jets

CMS Simulation Preliminary  Run 3 (14 TeV) CMS Simulation Preliminary  Run 3 (14 TeV)
E L LR LR L = g ' bl Lo b E

+ 10°%E = -E108:| ' L B I | E
S |t PU55-75 { 5 [t PU5575 }
8 107LAK4 ref. jets, pr > 3 GeV i 8 107LAK4 ref. jets, pt > 3 GeV }
§ Pythia 1 : §

108 Target - 108} Target -
10°F 105k
104 — 104 .
10°F 10°F
10%F 102
10'E 10
I A R BT Al B ol L o o ey

Jet pt (GeV) Jet p1/pT, ref
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Single-particle reconstruction Performance in 7 events
without pileup
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Particle efficiency and fake rate

o We define efficiency and fake rate by first
associating generator-level particles to reco
particles using AR < 0.15 matching

» MLPF improves photon efficiency, but also
slightly increases the fake rate

» MLPF achieves higher reconstruction
efficiency for neutral hadrons while
maintaining the same fake rate

Farouk Mokhtar
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P PS %CMS Simylatioq Pre{/im/{'na{ryx | Bun 3 (14 TQV) 4 1e3 CMS S/mulatlon Pre//m/nary | Run 3 (14 TeV)
o S 10sftt, PU 55-75 l 1 5 o tt PU 55- 75 R
Alltl-kT R_ O @ 4 J ets § EAKA' jets, pr > 5 GeV Gen. § | AK4 jets, pt > 5 GeV |
10° PF-PUPPI 7 af PF-PUPPI -
ol — MLPF-PU | — MLPF-PU
103E_|_|_\L\kl_ _ 3:— ]
> We evaluate jet reconstruction performance in 102 |
- ° ° § ] 21~ N
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ERE) 1:_ i
O i i
. o (D 1.0r —
° We show the raw jet pr before any corrections e T
3 %o — - 050 05 10 15 20
o Raw jet pt (GeV) Raw jet p1/pr. ref
o jets are built from PF candidates
Wlth PUPPI a lled fOI‘ lleu mltl ation - CMS Slmu/at/on Prel/m/nary Run 3 (14 TeV) _ted CMS Slmulatlon Prel/m/nary | Run 3 (14 Te\ll)A
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Anti-kT R=0.8 (a.k.a. large-radius jets)
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No corrections applied on the
reconstructed distributions

Missing transverse momentum

° We define p™ as the negative vectorial sum of reconstructed particle py

° Generator-level p;niss differs from reconstructable p;niss due to fiducial cuts in the
simulation and reconstruction, and pileup contamination in the samples
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No JECs or other
calibrations applied

Commissioning on CMS data

miss

°* We study p; ™ and dijet p; asymmetry in a subset of 2024 CMS data

CMS Preliminary 375 pb~1 (13.6 TeV) CMS Preliminary 375 pb~' (13.6 TeV)
(d)p) 105; N e e (dp) 1400 T — ~ -~ .~ — 1 T T 1 T T T T T T T4
c |di-jets c  [di-jets
o | >2jets, pr>60GeV, |n|<2.5 3 1,00l 22 J€ts, pr>60 GeV, |n| < 2.5 ;
O 104:_ = O B
1000F PF-PUPPI ]
PF-PUPPI ! %/
102k MLPF ) 600~ 4
400:— ~
101 3 _
- - 200_— N
100|||L|"|_||"" obL . . ... | T I B
0 100 200 300 400 500 0.0 0.2 0.4 0.6 0.8 1.0
pT° (GeV) Dijet asymmetry (p1 - p%)/(PT + P%)

Jets are required to pass jet ID criteria based on their hadronic,
electromagnetic, and muon energy fractions, suppressing jets from
noise or muons
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Fast and Scalable MLPF Inference

o vs. MLPF (GPU) using ONNX RUNTIM
with 1/7 of an A100 GPU (48 streams total)

[0f ClMS Pr e/im{nafy | Run ? (13.6 TeY) . CMS Preliminary Run 3 (13.6 TeV) 1%
(9] - S T S o : — Vo1 7 1 1 -
o N (7)) . i
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10° M=0.04s IQR=0.01s - K os :
| | = 10
10°F = 0.2f -
I i —{109
10 = E 0.1F —
100_ uIH_I —— LI_Iu T R I T R T T R _ 0 N T B B B I I101
0.0 0.5 1.0 1.5 2.0 '8.0 0.1 0.2 0.3 0.4 0.5 0.6
Runtime per event [S] PFBlock+PFAIgo runtime on CPU [s]
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Summary & Outlook Loy —
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2_ ]
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O_ | A R R — |
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MLPF History and Timeline

Proof of concept on DELPHES CLIC Full-Sim CLD Full-Sim
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’ FlashAttention

o Memory Efficient

o Standard attention computes and stores the full attention matrix in memory, which scales as O(n?)
in sequence length

» FlashAttention avoids storing the full attention matrix as it computes the softmax and the weighted
sum in fused blocks

o Speed (up to 2x—4x faster than standard attention on large sequences)

» Fused kernels (combine multiple operations into one GPU A100/H100 kernel to reduce memory
bandwidth bottlenecks)
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Neutral hadron performance

MLPF achieves higher reconstruction
efficiency with a slight increase in
fake rate in the forward region due to
its looser working point

The working point can be
optimized in future work!
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