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Current and future multilayered detectors…

…need complex data reconstruction → particle flow algorithm
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Existing full event reconstruction works very well…

… but largely handcoded heuristics, can be tricky to extend, 
tune, port to new computational hardware.



https://doi.org/10.48550/arXiv.2309.06782
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tracks and hits particles 

One simulated event with full simulation

CLIC detector model, ddSim, Marlin reconstruction via Key4HEP

https://jpata.web.cern.ch/jpata/mlpf/visualizations/tracks_and_hits.html
https://jpata.web.cern.ch/jpata/mlpf/visualizations/particles.html


Tracks and calorimeter clusters

Track
ECAL or HCAL cluster

Particles

Hit-based  
ML particle-flow 
reconstruction

Cluster-based  

ML partic
le-flow  

reconstru
ction

Calorimeter 
clustering

Charged particle 

tracking

Raw ECAL hit
Raw HCAL hit
Raw tracker hit
Raw Muon chamber hit

Raw detector hits

Raw tracker hit
Raw ECAL hit
Raw HCAL hit
Raw Muon chamber hit

Track
Raw ECAL hit
Raw HCAL hit
Raw Muon chamber hit

Tracks and calorimeter hits

Charged hadron
Photon
Neutral hadron
Electron
Muon

~300-500 / event

~100-300 / event

~10k / event
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Highly diverse and granular dataset

…suitable for tracking, clustering and particle flow



https://www.coe-raise.eu/od-pfr

https://doi.org/10.5281/zenodo.8260741 
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We’ve made the dataset accessible for ML reconstruction studies

https://www.coe-raise.eu/od-pfr
https://doi.org/10.5281/zenodo.8260741
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We can improve event reconstruction fidelity using ML

… while also keeping the models portable, aimed at 
possible future deployment scenarios.
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Pata, J., Duarte, J., Vlimant, JR. et al. MLPF: efficient machine-learned particle-flow reconstruction using graph neural 
networks. Eur. Phys. J. C 81, 381 (2021). https://doi.org/10.1140/epjc/s10052-021-09158-w 

graph structure learning + message passing

supervised multi-task output

https://doi.org/10.1140/epjc/s10052-021-09158-w
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Credit: https://unboxresearch.com/articles/lsh_post1.html 

Naive nearest neighbours graph building: need to compare 
each pair of particles,  complexity𝒪(N2)

https://unboxresearch.com/articles/lsh_post1.html
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particle features to bin index: hash function

Locality sensitive hashing 

Divide space to bins, particles are nearby if they are in the same bin.

Credit: https://unboxresearch.com/articles/lsh_post1.html 

https://unboxresearch.com/articles/lsh_post1.html
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Randomized bins (hash functions) work even better!

Credit: https://unboxresearch.com/articles/lsh_post1.html 

Simple to implement in TensorFlow, PyTorch, JAX using native 
operations: high portability to Nvidia, AMD, Intel Gaudi etc. today

https://unboxresearch.com/articles/lsh_post1.html
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One layer of learnable graph building with locality sensitive hashing and message passing

X ∈ ℝN×F

Input  
feature vectors
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Scalable GNN based on the Reformer architecture

https://blog.research.google/2020/01/reformer-efficient-transformer.html 

https://blog.research.google/2020/01/reformer-efficient-transformer.html
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Can construct multilayered networks from the scalable 
GNN-LSH building block

Aggregate and build higher-level 
representations in a learnable way
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Random 
projections

Learnable 
weights

WQ,K,V ∈ ℝF×D C ∈ ℝD×M

Q′ ∈ ℝN×M K′ T ∈ ℝM×NQ, K, V ∈ ℝN×D V ∈ ℝN×DX ∈ ℝN×F

Input  
feature vectors

Queries, keys, 
values

××

Transformed 
feature vectors

=

%(NMD)%(NMD)

K′ TV ∈ ℝM×D X′ = Q′ (K′ TV) ∈ ℝN×D

One layer of kernel-based self attention with the FAVOR mechanism.Alternative: scalable transformer based on the Performer architecture

https://blog.research.google/2020/10/rethinking-attention-with-performers.html 

https://blog.research.google/2020/10/rethinking-attention-with-performers.html
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Large-scale model comparison and hyperparameter tuning on 
Jülich HPC
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Better-than-SOTA result!

tuning

scalable transformer

scalable GNN

tuning



18

0 25 50 75 100 125 1500.00

0.05

0.10

0.15

0.20

0.25

0.30

GNN
GNN-HPO
TF
TF-HPO

0 25 50 75 100 125 1500.00

0.25

0.50

0.75

1.00

1.25

1.50

1.75

2.00

GNN
GNN-HPO
TF
TF-HPO

Training epochs Training epochs

Je
t r

es
po

ns
e 

IQ
R

M
ET

 re
sp

on
se

 IQ
R

Even though we optimise a particle-based loss…

Better-than-SOTA event reconstruction emerges naturally
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about 50% improvement in jet response width over the baseline

In samples never used in training…

MLPF

baseline
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a consistent improvement over the full generated pT spectrum 

In samples never used in training…

MLPF

baseline
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Datasets are diverse…

so we have to predict the bulk and the tails well for all particle 
types
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Baseline (untuned) algo runs only on CPU, scales 
~quadratically, runtime per event is in seconds.
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linear scaling
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ML model scales linearly, runs in milliseconds per event on a 
consumer 8GB GPU
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The HPC AI chip landscape is diversifying

AMD MI250X GPU Intel Gaudi2 deep 
learning processor

… we need flexible and portable codes to make use of 
these resources in the near future!
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Portable on CPU, nVidia & AMD GPU, Intel Habana Gaudi chips

three different HPC sites
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quantisation and pruning

pretraining and fine-tuning

foundation-type models for 
reconstruction

reconstruction as a 
differentiable module

robustness & uncertainty 
quantification

deployment on real-time 
inference hardware

Outlook for ML-based reconstruction

SOTA supervised training

deployment in 
experimental frameworks

validation on real data

interpretability





ML event reconstruction improves physics  

Scalable ML models improve throughput 

Open datasets & code accelerate research
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Backup

29



reconstructed 
particles

ground truth 
particles

decay 
products

detector hits

clusters of 
hits

Simulation 
model

Reconstruction 
model
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Clustering (graph building) is an internal detail, not a model target.
PF

El
em

en
t p

hi

PFElement eta

Optimize model for particle reconstruction, not clustering!

PF
El

em
en

t p
hi

PFElement eta

GNN layer 1 GNN layer 2



32

100 101 1020.6

0.7

0.8

0.9

1.0

1.1

Ch
ar

ge
d 

ha
dr

on
 e

ffi
cie

nc
y

PF
MLPF

track pT [GeV]

a

100 101 1020.5

0.6

0.7

0.8

0.9

1.0

1.1

Ne
ut

ra
l h

ad
ro

n 
eff

ici
en

cy

PF
MLPF

cluster E [GeV]

b

100 101 1020.80

0.85

0.90

0.95

1.00

1.05

1.10

Ph
ot

on
 h

ad
ro

n 
eff

ici
en

cy

PF
MLPF

cluster E [GeV]

c

100 101 1020.000

0.002

0.004

0.006

0.008

0.010

PF
MLPF

track pT [GeV]

Ch
ar

ge
d 

ha
dr

on
 fa

ke
 ra

te

d

100 101 1020.00

0.01

0.02

0.03

0.04

0.05

PF
MLPF

cluster E [GeV]

Ne
ut

ra
l h

ad
ro

n 
fa

ke
 ra

te e

100 101 1020.0000

0.0025

0.0050

0.0075

0.0100

0.0125

0.0150

0.0175

0.0200

PF
MLPF

cluster E [GeV]

Ph
ot

on
 fa

ke
 ra

te

f

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00100

101

102

103

104

105

106

107

108

109

PF
MLPF

Nu
m

be
r o

f p
ar

tic
le

s 
/ b

in

pT,reco / pT,gen

g

0 1 2 3 4 5 6100

101

102

103

104

105

106

107

108

109

PF
MLPF

Ereco / Egen

Nu
m

be
r o

f p
ar

tic
le

s 
/ b

in

h

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00100

101

102

103

104

105

106

107

108

109

PF
MLPF

Ereco / Egen

Nu
m

be
r o

f p
ar

tic
le

s 
/ b

in

i

Performance in single particle gun samples is nearly equivalent, 
as expected
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Particle distributions are improved over PF…
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baseline PF

MLPF

JP, Javier Duarte, Farouk Mokhtar, Eric Wulff, Jieun Yoo, Jean-Roch Vlimant, Maurizio Pierini, Maria Girone. 
Machine Learning for Particle Flow Reconstruction at CMS. ACAT 2021. https://doi.org/10.48550/
arXiv.2203.00330, http://cds.cern.ch/record/2792320 

Also tested in a real detector (2022), now in the process of updating

https://doi.org/10.48550/arXiv.2203.00330
https://doi.org/10.48550/arXiv.2203.00330
http://cds.cern.ch/record/2792320


Tracks and calorimeter clusters

Track
ECAL or HCAL cluster

Particles

Hit-based  
ML particle-flow 
reconstruction

Cluster-based  

ML partic
le-flow  

reconstru
ction

Calorimeter 
clustering

Charged particle 

tracking

Raw detector hits

Raw tracker hit
Raw ECAL hit
Raw HCAL hit
Raw Muon chamber hit

Track
Raw ECAL hit
Raw HCAL hit
Raw Muon chamber hit

Tracks and calorimeter hits

Charged hadron
Photon
Neutral hadron
Electron
Muon

CLIC in EDM4HEP, ~2.6TB

• full stats, full details

• 5 physics samples, ~1M events each

• 7 gun samples, ~100k events each

tracks & clusters, ML format, ~50GB

• full stats, coarse events


• genparticles

• tracks and calorimeter clusters

• PF candidates


• ML-friendly TFDS format

tracks & calo hits, ML format, ~5GB

• reduced stats, granular events


• genparticles

• tracks and calorimeter hits

• PF candidates


• ML-friendly TFDS format

• https://doi.org/10.5281/zenodo.8260741

• https://doi.org/10.5281/zenodo.8414225

• https://doi.org/10.5281/zenodo.8409592 

Open datasets!
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