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Outline

In this presentation we will see:

Á Particle flow in ATLAS
Á Current apprach VS our proposal
Á Overall strategy: 
Á model, data and loss/metrics we are using
Á also tools for experiment tracking

Á Lessons learned
Á Highlights of preliminary results
Á Future plans

TOPICS
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Particle flow in ATLAS

Problem: particle identification & energy calibration
ǒ Particularly challenging when we have jets/showers
ǒ Key: exploit complementary components info:

ƺ tracker
ƺ calorimeters (calo)

ǒ Particle flow (p -ëāčĺ˥ ÅāìčĞóĩñĆĢ ĞÞÓčćĢĩĞĭÓĩ ěÅĞĩóÓāÞ˳Ģ 
trajectory and its energy deposit in detector components

ǒ Inputs are tracks and topo - clusters
ƺ topo - clusters are groups of neighbouring cells

Ÿ useful to reconstruct showers in the calorimeter

Goal: associate topo - clusters to tracks
[Eur. Phys. J. C 77 (2017) 490]

PointNet for pflow , Luca Clissa, Annual Meeting ATLAS Italia Computing

https://link.springer.com/article/10.1140/epjc/s10052-017-5004-5
https://link.springer.com/article/10.1140/epjc/s10052-017-5004-5
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ATLAS p- flow algorithm [Eur. Phys. J. C 77 (2017) 466]

For each track in descending pT:
1. associate closest topo - cluster ÑÅĢÞØ čć ÅćìĭāÅĞ ØóĢĩÅćÓÞ Ɇz˳
2. compute expected energy deposit based on the topo - cluster position and track momentum
3. associate more topo - clusters if expected and measured energies differ significantly
4. subtract the expected energy by calo cells 
5. if remaining energy lies within expected fluctuations, remove the remnants
6. repeat including leftovers for the next track

PointNet for pflow , Luca Clissa, Annual Meeting ATLAS Italia Computing

https://link.springer.com/article/10.1140/epjc/s10052-017-5031-2
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ATLAS p- flow algorithm: pros and cons

Can we do better? Can Machine Learning (ML) help?

[CERN-THESIS- 2011- 291]

PointNet for pflow , Luca Clissa, Annual Meeting ATLAS Italia Computing

Existing ATLAS p- flow algorithm strengths :

ǒ Calo + track information: 
Ÿ improve energy resolution at low energy

ǒ Good energy and angular resolution
ǒ wóāÞĭě ĆóĩóìÅĩóčć ĩñĞčĭìñ ˰ÓñÅĞìÞØ ñÅØĞčć ĢĭÑĩĞÅÓĩóčć˱

Main limitations :

ǒ Association with to topo - clusters, not cells directly
Ÿ energy subtraction sub - optimal

ǒ Tracker usage off above 100 GeV to avoid false matches

https://cds.cern.ch/record/1504815?ln=de
https://cds.cern.ch/record/1504815?ln=de
https://cds.cern.ch/record/1504815?ln=de
https://cds.cern.ch/record/1504815?ln=de
https://cds.cern.ch/record/1504815?ln=de
https://cds.cern.ch/record/1504815?ln=de
https://cds.cern.ch/record/1504815?ln=de
https://cds.cern.ch/record/1504815?ln=de
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 Outperform Local Hadronic Cell Weighting (LCW) calibration

 Work well for both identification and energy calibration

 However, inefficient representation and do not include tracking data

Machine Learning alternatives

ǒ ML models already showed promising results under various settings
ƺHyperGraphs for end - to - end pflow [Eur. Phys. J. C 83 (2023) 596]
ƺongoing work on task - based solutions (matching, segmentation and calibration)
ƺ image - based methods for calibration [ATL- PHYS- PUB- 2020- 018] ˤÓÞćĩĞÅā ÑÅĞĞÞā ĞÞÓčćĢĩĞĭÓĩóčć˓ ̱ʀ̢̱ʼ˘˃˥

task - based: 
replace steps with ML

end- to - end:
one model, all steps

Inputs Output

Proposal:Point Cloud Deep Learning for 
p- flow [ ATL- SOFT- PROC- 2025- 018]
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https://cds.cern.ch/record/2922203
https://cds.cern.ch/record/2922203
https://cds.cern.ch/record/2922203
https://cds.cern.ch/record/2922203
https://cds.cern.ch/record/2922203
https://cds.cern.ch/record/2922203
https://cds.cern.ch/record/2922203
https://cds.cern.ch/record/2922203
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Why point cloud data?

ǒ Image - based approaches are sub - optimal
ƺ hard to render different spatial granularity
ƺ only encode calorimeter information ( no tracker ) 
ƺ irregular deposition geometries cause sparse images

Ÿ inefficient representation

ǒ Point cloud representation has several advantages
ƺ represent hits as k- dimensional ( 3D coords with k- 3 features)

Ÿ complex 3D shapes instead of series of images
Ÿ features like energy, hit confidence 

ƺ including tracker is straightforward
ƺ only uses actual hits

Ÿ efficient representation
ATL- PHYS- PUB- 2022- 040

[ATL- PHYS- PUB- 2020- 018]
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https://cds.cern.ch/record/2724632
https://cds.cern.ch/record/2724632
https://cds.cern.ch/record/2724632
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Problem setting

Å Similarly to what is currently done in ATLAS:
Å Consider one track at a time (focus track )
Å Create point clouds including Åāā ñóĩĢ ĺóĩñóć Ɇz̠ʼ˘ʾ

from track (tracker + calo)
Å This creates a sample Ą point cloud fed into model *

*Note: we also add padding points if needed to ensure all point clouds have same dimension

Å Then change focus track and repeat until all tracks are used

Å For each hit (point) we include:
Å x, y, z cartesian coordinates
Å category : point is focus track (0), cell hit (1), unfocus track (2) or padding ( - 1)
Å energy : either cell energy or track momentum (properly rescaled)
Å distance : distance from focus track projection

How do we set up our problem?

PointNet for pflow , Luca Clissa Annual Meeting ATLAS Italia Computing
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Datasets
We test this approach starting from a simple benchmark decay: ȍ+/ -

Ąɸ+/ - ɸ0

Å Full ATLAS simulation using Geant4
Å Uniform pion distributions

Å azimuthal angle
Å pseudo- rapidity
Å log true energy

Å Statistics:
Å 39k events ; 31k for training, 8k for validation
Å 40k tracks (samples), mostly events with one track
Å 800 points per sample (point cloud): 

roughly 95 th percentile
Å Cell hits are the majority of relevant points
Å Padding amount is significant

PointNet for pflow , Luca Clissa, Annual Meeting ATLAS Italia Computing
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For each point, we assing a label depending on:
Å Class 1 Ą Truth_focal_energy_pct > 0.5
Å Class 0 Ą otherwise

Notes: 
Å Truth_E >  0.5 is an imperfect proxy,  but effect 

should be reasonably limited in this case
Å Tracker and calorimeter energy scales are 

substantially different
Ą careful considerations during feature scaling

Datasets

PointNet for pflow , Luca Clissa, Annual Meeting ATLAS Italia Computing
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PointNet model [1]

We use PointNet , Deep Learning architecture 
designed specifically for point clouds

Several learning tasks:
Å classification
Å part segmentation
Å semantic segmentation

permutation invariant
approximately invariant to rigid transformations (via T - Net)
part classification & segmentation
robust to data corruption Ÿ critical points

no local context Ÿ only learns global feature
limited generalization to unseen scenes 
Ÿ relies on global features and absolute coords

PointNet for pflow , Luca Clissa, Annual Meeting ATLAS Italia Computing

https://openaccess.thecvf.com/content_cvpr_2017/html/Qi_PointNet_Deep_Learning_CVPR_2017_paper.html
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PointNet model [1]

We use PointNet , Deep Learning architecture 
designed specifically for point clouds

Several learning tasks:
Å classification
Å part segmentation
Å semantic segmentation
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robust to data corruption Ÿ critical points
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limited generalization to unseen scenes 
Ÿ relies on global features and absolute coords

PointNet for pflow , Luca Clissa, Annual Meeting ATLAS Italia Computing

https://openaccess.thecvf.com/content_cvpr_2017/html/Qi_PointNet_Deep_Learning_CVPR_2017_paper.html
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Learning Task

What do we want our model to learn?

Á Learning task is semantic segmentation :
Ą binary classification at point level

Á In practice, all points fed into the network, but we mainly care about cell points 
Ą cell - to - track association

Predicted class

PointNet for pflow , Luca Clissa, Annual Meeting ATLAS Italia Computing
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A great deal of complexity comes from pre - processing raw data in a PointNet - friendly format

Á Flattening ROOT ntuples ÅćØ Óĭĩĩóćì ëčĞ Ɇz
Á Split events trackwise Ÿ samples
Á Remove erroneous tracks caused by simulation quirks
Á Embed data into a matrix of points
Á step- wise approach: root ntuples Ą awkward arrays Ą numpy arrays

Ą The process took several iterations for refinements; 
Ą other people helped as well: thanks to Joshua Himmens , Marko Jovanovic and Jessica Bohm

All this is available as part of JetPointNet gitlab under handover branch

Pre- processing

PointNet for pflow , Luca Clissa, Annual Meeting ATLAS Italia Computing

https://gitlab.cern.ch/atlas-jetetmiss/pflow/commontools/jetpointnet/-/tree/handover?ref_type=heads
https://gitlab.cern.ch/atlas-jetetmiss/pflow/commontools/jetpointnet/-/tree/handover?ref_type=heads
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Loss and metrics

How do we measure performance?
ÁWe care more about cell hits , with large energy

ÁWe use masking for selecting only cell points
Á Loss and metrics are weighted by energy

Loss function (several attempts)

ÁWeighted Binary Cross - Entropy ( wBCE)
ÁWeighted Focal loss 
ÁWeighted Dice loss

From Wikipedia
By Walber - Own work, CC BY-SA 4.0

Metrics

Á Accuracy: (TP+TN) / (ALL)
Á Precision (purity): P = TP / (TP + FP) 
Á Recall (signal efficiency): R =  TP / (TP + FN)
Á F1 score: 2 * P * R / (P + R)

PointNet for pflow , Luca Clissa, Annual Meeting ATLAS Italia Computing

https://en.wikipedia.org/wiki/Precision_and_recall
https://commons.wikimedia.org/w/index.php?curid=36926283
https://commons.wikimedia.org/w/index.php?curid=36926283
https://commons.wikimedia.org/w/index.php?curid=36926283
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Baseline performance

Á Single metrics can be misleading out of context
Á Two baselines:

Á Always 1
Á Always 0

Á Naïve but nice performance with imbalanced 
dataset

PointNet for pflow , Luca Clissa, Annual Meeting ATLAS Italia Computing

How good is good?



Comments:

Å Clear overfitting
Å Training is unstable :

loss curves very jagged
Å Accuracy: just random 

around the initial value
Å Resemble trivial model 

for majority class 
prediction (see F1 score)

PointNet for pflow , Luca Clissa, Annual Meeting ATLAS Italia Computing

Some results: PointNet®ÄÏ ¿ÄÐÓ Ä® Ó°© zÓÓ©¿ÌÓÐ



Impact of loss* choice:

Á BCE very unstable and diverging after LR restart)
Á Dice and Focal more stable, although Focal diverging at the end

Some results: BCE vs Dice vs Focal
* computed using:
Å masking (only cell points) and
Å weighting (higher energy Ą higher impact)



Impact of the optimizer

Á SGD more stable/smooth
Á Adam- W faster to converge
Á Adam- W achieves lower loss

Some results: Adam- W vs SGD

Adam- W SGD

Di
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l



F1 score and accuracy for focal loss :

Á PointNet achieves much better 
performance than trivial baseline

Á Adam - W outperforms SGD , 
although more erratic

Focal performance

Baseline SGD Adam - W
Accuracy 0.5780 0.81 0.86
F1 score 0.7268 0.83 0.90

Adam- WSGD
PointNet for pflow , Luca Clissa, Annual Meeting ATLAS Italia Computing



F1 score and accuracy for dice loss :

Á PointNet achieves much better 
performance than trivial baseline

Á Adam - W outperforms SGD , although 
more erratic

Dice performance

Baseline SGD Adam - W
Accuracy 0.5780 0.84 0.89
F1 score 0.7268 0.86 0.90

Adam- WSGD
PointNet for pflow , Luca Clissa, Annual Meeting ATLAS Italia Computing
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Å Representational complexity caused issues when assessing performance
Ą good metrics values often hide trivial predictions

Å Now we finally have evidence that the model is learning something!

Take- away message

Visual inspection corroborates global metrics Still room for improvement 
though˔ÅćØ ÞĻěÞĞóĆÞćĩĢ ÅĞÞ ëĭāāļ ĩĞÅÓþÞØ ÅćØ 

reproducible via Weights and Biases!
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Conclusions and next steps

PointNet for pflow , Luca Clissa, Annual Meeting ATLAS Italia Computing

more efficient and natural modelling
of pflow via point cloud methods

highly non - linear development! Key focal points:
Å Ensure metrics are relevant
Å Double check implementations
Å Overfitting and unstable training

promising results on simple testbed with 1 track per event
Å BCE noisier and less effective than Focal and Dice
Å Dice and Focal perform best so far
Å AdamW increase performance over SGD, 

but more unstable

Results presented at several conferences :
Å CHEP 2024 [1, 2]
Å EuCAIF 2025 [3] (with plots approval) 
Å Future AI Research General Conference 2025

Next steps:
Å Extend to more complex data ( jets) 
Ą partially explored, need more work

Å Explore more models: 
Ą PointNet ++, GTNs, MoE, PINNs

Å PubNote + ATHENA implementation

https://indico.cern.ch/event/1338689/contributions/6015929/
https://cds.cern.ch/record/2922203
https://agenda.infn.it/event/43565/
https://agenda.infn.it/event/43565/
https://agenda.infn.it/event/43565/contributions/260100/
https://cds.cern.ch/record/2935421?ln=it
https://www.fairconference2025.it/programtemplate/Programma General Conference Roma 2025.pdf
https://www.fairconference2025.it/programtemplate/Programma General Conference Roma 2025.pdf
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Any questions?
Contacts: luca.clissa2@unibo.it

mailto:luca.clissa2@unibo.it
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Why point cloud data?

ǒ Image - based approaches are sub - optimal
ƺ different spatial granularity is difficult to render
ƺ only encode calorimeter information ( no tracker ) 
ƺ irregular deposition geometries cause sparse images

Ÿ inefficient representation

ǒ Point cloud representation has several advantages
ƺ represent hits as 3D points with properties 

Ÿ complex 3D shapes instead of series of images
Ÿ features like energy, hit confidence 

ƺ including tracker is straightforward
ƺ only uses actual hits

Ÿ efficient representation

ATL-PHYS-PUB-2022-040

[ATL-PHYS-PUB-2020-018]
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Features distributions
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Comments:

Å Clear overfitting
Å Training is instable, loss 

curves very jagged
Å accuracy just random around 

the initial value ( similar to 
simple model that always 
predict 1)

Å Close to simple majority 
class predictor performance 
(see F1 score)

Some results: PointNet®ÄÏ ¿ÄÐÓ Ä® Ó°© zÓÓ©¿ÌÓÐ

PointNet for pflow , Luca Clissa, Annual Meeting ATLAS Italia Computing
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Comments:

Å Still sign of overfitting, but 
much better

Å training stability also improved
Å Best performance around:

0.83 F1 score  (VS 0.7268)
0.81 accuracy ( VS 0.5708)

Ą 14% and 42% increase, 
respectively

*trivial baseline: always 1

Some results: PointNet with Focal loss + SGD optimizer

PointNet for pflow , Luca Clissa, Annual Meeting ATLAS Italia Computing
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Comments:

Å Training is reasonably stable (training 
curves, blue), val loss is more jagged though

Å ~óìćĢ čë Ģāóìñĩ čĹÞĞëóĩĩóćì˓ Ñĭĩ óĩ ØčÞĢć˳ĩ 
seem as serious as in the first experiments

Å Best performance around:

0.9091 F1 score score (VS 0.7268)
0.8945 accuracy ( VS 0.5708)

Ą 25% and 56% increase, respectively

*trivial baseline: always 1

Some results: PointNet with Dice loss and AdamWoptimizer

PointNet for pflow , Luca Clissa, Annual Meeting ATLAS Italia Computing


