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Outline

In this presentation we will see:

A Particle flow in ATLAS

A Current apprach VS our proposal

A Overall strategy:
A model, data and loss/metrics we are using
A also tools for experiment tracking

A Lessons learned

A Highlights of preliminary results

A Future plans
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Particle flow in ATLAS

Problem: particle identification & energy calibration

calorimeters

Particularly challenging when we have jets/showers

o
6 Key: exploit complementary components info:
£ traCker :—;:;\:::;:l:e iz tracker
3z calorimeters (calo) RSNV R .
f i ] Yook 5‘ E [Mev] 3
5 Particleflow(p-é6a¢l 1 Aai ¢Go6TACG GPOC Oab, G
1@ 0.05

trajectory and its energy deposit in detector components _,

6 Inputs are tracks and topo -clusters b
3 topo-clusters are groups of neighbouring cells B

Y useful to reconstruct showers in the calorimeter

1 r
i -0.05|—-"

Goal: associate topo - clusters to tracks

______________________________________________
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ATLAS pflow algorithm [Eur. Phys. J. C 77 (2017) 466]

For each track in descending pT:

1. associate closesttopo -cluster NAGP@ ¢¢é¢ AéiTaAG GoGT A¢Ob Ez.
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
Selected
Track | Match Track Cell

A Matched +Remnant

Cluster

! : Removal H -
H ddcl £/ P Modified
"""" ] usters i‘i% Compute E/p Clusters
Clusters Clusters
e e ee e e e e e smem e nchang
Unmatched Clusters

Clusters
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https://link.springer.com/article/10.1140/epjc/s10052-017-5031-2

ATLAS pflow algorithm: pros and cons

Existing ATLAS p-flow algorithm strengths

6 Calo + track information:
Y improve energy resolution at low energy

6 Good energy and angular resolution
s woéabié& CoT0i AT o6¢¢ TAGET I N

(%)

resolution

Main limitations

6 Association with to topo - clusters, not cells directly K 5
Y energy subtraction sub - optimal 03 5 S TR T N . T
5  Tracker usage off above 100 GeV to avoid false matches ot il

[CERN-THESIS 2011-291]
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’ Proposal:Point Cloud Deep Learning for
Machine Learning alternatives N o ATESCEEERDe i T

- - o e

“Segmentation v Output

Inputs Matching
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Clusters + Cells : Cell-only I
|
\ \ /

______________________________
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task - based: end-to-end:
replace steps with ML one model, all steps

6 ML models already showed promising results under various settings
3 HyperGraphs for end-to-end pflow [Eur. Phys. J. C 83 (2023) 596]
3 ongomg work on task -based solutions (matching, segmentatlon and callbratlon)

’—————————————————————————————————————————————————— —————a- O /T T
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Why point cloud data?

- o o e e o o
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approaches are sub - optimal
hard to render different spatial granularity
only encode calorimeter information (  no tracker )
irregular deposition geometries cause sparse images
Y inefficient representation

Point cloud representation has several advantages

]
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represent hits as k-dimensional ( 3D coords with k-3 features)
Y complex 3D shapes instead of series of images

Y features like energy, hit confidence

including tracker s straightforward

only uses actual hits

Y efficient representation
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Problem setting

How do we set up our problem?

A Similarly to what is currently done in ATLAS:
A Consider one track at a time  (focus track ) = cars

o
w
w

7 ~

Create point clouds including Aaa A67T G | 67T A6C
from track (tracker + calo)

A
A This creates a sample A point cloud fed into model *
A

o
w
o

o
N
w

o
N
o

=]
i
wn

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

[=}
i
o
ABiau3 (13D 1d >oelL pazijewioN

Then change focus track and repeat until all tracks are used

o
o
[

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

We test this approach starting from a simple benchmark decay:

6+/-A ¢+/- ¢0

Training Dataset

A Full ATLAS simulation using Geant4
A Uniform pion distributions

A azimuthal angle

A pseudo- rapidity

A log true energy

padding

focus track 4 0.83%
cell hit

23.59%

unfocus track 1 0.05%

A Statistics:

75.

T T T T
0.8 1.0 12 14

Count

L T T T
0.0 0.2 0.4 0.6

39k events ; 31k for training, 8k for validation
40k tracks (samples), mostly events with one track

800 points per sample (point cloud):
roughly 95 th percentile

Cell hits are the majority of relevant points
Padding amount is significant

le7

To Do Do o P>
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54%

Validation Dataset

padding 75.49%

ack 4 0.83%

cell hit

23.61%

unfocus track 4 0.00%

T T T T
2.0 25 3.0 35

Count

T T T
0.0 0.5 1.0 15

le6
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Datasets

Cell focal energy fraction distribution

For each point, we assing a label depending on:
A Class 1 A Truth_focal_energy pct > 0.5
A Class 0 A otherwise

108

log count

Notes:

A Truth_E > 0.5 is an imperfect proxy, but effect
should be reasonably limited in this case

A Tracker and calorimeter energy scales are
substantially different
A careful considerations during feature scaling

10°

0.0 01 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
% focal energy
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PointNet model [ ]]

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

Several learning tasks:

A classification
A part segmentation

1

1
1

A semantic segmentation

&
l PointNet
./ mug? & ; ’
4 I I
~s table? ! ; ' 0
car?
Classification Part Segmentation ~ Semantic Segmentation

11

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

Classification Network

i mlp (64.64) foaline mlp (64,128,1024) - amill

transform :@:: pool 004 (512,256,k)
- Shared nx1024 I

global feature Kk

nx64
|

nx64

- inpia polits

transform
o o
g | & shared

output scores .-

poin't“features

n|x 1088

nxm

shared shared

nx128

mlp (512,256,128)
Segmentation Network

{ output scores '

mlp (128,m)

permutation invariant
approximately invariant to rigid transformations (via T
part classification & segmentation

robust to data corruption

- Net)
Y critical points

no local context Y only learns global feature

limited generalization to unseen scenes
Y relies on global features and absolute coords
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PointNet model [ ]]

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

“input points

Several learning tasks:

A classification
A part segmentation

1
1
1
1

permut
approx

A semantic segmentation part cle

robust

PointNet

v
Ny

no loca

e

.y table? l l’ limited
| . Y relie
car?
Classification Part Segmentation Semantic Segmentation

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

Model: "pointnet_segmentation™

Layer (type) OQutput Shape Param # | Connected to

input_points (Inputlaver) ( , 588, 6) @ -

extract_xyz (Lambda) ( , 588, 3) @ | input_poinmts[@][8]
input_transform_model ( , 3, 3) 6,121 | extract_xyz[@][8]
(Functional)

apply_input_transform ( 5 588, 3) @ | extract_xyz[@][8],
(Lambda) input_transform_model[&][..
extract_features (Lambda) { , 808, 3) @ | input_poimts[@][@]
concat_transformed_points_fe.. | { , 808, B) @ | apply_input_transform[&][..
(Concatenate) extract_features[2][2]
convl (ConwlD) ( , @8, 32) 224 | concat_transformed_points..
bnl (BatchMormalization) ( , B@a, 32) 128 | comvl[@][@]

comv2 (ConvlD) (None, 5@@, 32) 1,856 | bnl[@]1[8]

bn2 (BatchNormalization) ( , 588, 32) 128 | comv2[@][8]
feature_transform_model { 5 32, 32) 56,806 | bn2[@][&]

(Functional)

apply_feature_transform { , 888, 32) @ | bn2[8][2],

(Lambda) feature_transform_model[&..
conv3 (ComwlD) ( , 508, 32) 1,856 | apply_feature_transform[a.
bn3 (BatchhNormalization) ( , @8, 32) 128 | comv3[@][@]

convd (ConvlD) (None, 508, 64) 2,112 | bn3[@]1[e]

bngd (BatchMormalization) ( , 588, 64) 256 | comwd[@][8]

comvs (ConviD) {Nane, 8@@, 128) 8,320 | bna[@]1[e]

bn5 (BatchMormalization) { , 809, 128) 512 | comv5[8][@]
global_max_pooling { , 128) @ | bn3[@][2]
(GlobalMaxPoolinglD)

expand_global_features ( , 809, 128) @ | global _max_pooling[@][8]
(RepeatVector)

concat_local_global ( , 808, 256) @ | bnz[a][e],

(Concatenate) expand_global_features[d].
seg_convl (ConwlD) ( , 588, 64) 16,448 | comcat_local_global[@][@]
seg_bnl (BatchNormalization) ( , 808, 64) 256 | seg_comvl[@][8]

seg_conv2 (ConvlD) { , 588, 32) 2,880 | seg bnl[A][9]

seg_bn2 (BatchNormalization) { , 888, 32) 128 | seg_comv2[@][2]

seg_conv3 ((ConvlD) ( , 889, 18) 528 | seg bn2[@][8]

seg bn3 (Batchhormalization) ( , 588, 16) 64 | seg comv3[@][2]
segmentation (ConvlD) ( , @@, 2) 34 | seg bn3[a][e]

Total params: 96,475 (376.86 KB)
Trainable params: 94,715 (369.98 KB)
Non-trainable params: 1,768 (6.88 KB)

mlp
(512,256,k)

3

re Kk

output scores -

(=%
nxm
output scores

(viaT -Net)
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Learning Task

What do we want our model to learn?

A Learning task is semantic segmentation
A binary classification at point level

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

3D Point Cloud - Event 517119

3D Point Cloud - Event 517119
Total Points: 313

Total Points: 313

about cell points

3D Point Cloud - Event 517119

Total Points: 313

® Focus Track

® Focus Track
m  Cell Hits

= Cell Hits

‘ 10
| [ to3s | (] |
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15001 » /: 3 15001 = » -1 15001 [
z 0203 z z
" 3 " s . "u
1250] " L] 3 usoT 1250] a
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- ] m l u s 2 l A "
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< — 2750 N — 2750 T
1000 — 2500 1000 == o 0.0 1000 =
1500 = — -2250 1500 T =2250 1500
2000 g 2000 i 2000
~ = = =17 ~=
v/ y = —150017?(0 Y . o 1500l s i N
2500 T~ 1250 2500 - <125 2500 T~
1000 -1000
3000 b 3000 =j 3000

13 PointNet for pflow , Luca Clissa, Annual Meeting ATLAS lItalia Computing

® Unfocus/Neutral Hits

Focal Hits
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Pre- processing

A great deal of complexity comes from pre -processing raw data in a PointNet - friendly format

A Flattening ROOT ntuples A¢ @ OT T T 060¢1 €¢G Kz

A Split events trackwise Y samples

A Remove erroneous tracks caused by simulation quirks

A Embed data into a matrix of points

A step-wise approach: root ntuples A awkward arrays A numpy arrays

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

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

relevant elements

false negatives true negatives

| oss and metrics

% c )
(—: How do we measure performance?

How many retrieved How many relevant
items are relevant? items are retrieved?

Precision= — Recall= ——
true positives false positives
A We care more about cell hits , with large energy
A We use masking for selecting only cell points
From Wikipedia

A Loss and metrics are weighted by energy

By Walber - Own work, CC BY-SA 4.0

retrieved elements

Loss function (several attempts) Metrics

A Weighted Binary Cross - Entropy (wWBCE) A Accuracy: (TP+TN) / (ALL)

A Weighted Focal loss A Precision (purity): P = TP / (TP + FP)

A Weighted Dice loss A Recall (signal efficiency): R = TP/ (TP + FN)

A Flscore:2*P*R/(P+R)
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Baseline performance

% ©

: HEEEE T
— How g)()()(j IS g]()()(j?’ Validation: 8819 samples, 69 batches

Computing data checksums for tracking...

Validation files: 5@ files tracked

Data checksums saved locally:

- Validation: /home/private/jetpointnet/mlops/results/pointn
_checksums.json

A Single metrics can be misleading out of context

A Two baselines: 8819it [10:36, 15.15it/s]2025-05-27 ©9:13:41.790229: W tenso
¢ ous.cc:404] Local rendezvous is aborting with status: OUT_OF.
A Always 1 8819it [10:36, 13.86it/s]
A Always 0 Dumb baseline: PREDICT ALWAYS 1

I _ DoV Val Loss: ©.2930

A Naive but nice performance with imbalanced Val Acc: ©.1194

Val Acc Masked: ©.5056
Val Acc Masked + Weighted: ©.5708
Weighted Metrics:
Val Precision: ©.5708
Val Recall: 1.0000
Val F1l: ©.7268
Unweighted Metrics:
Val Precision: ©.1194
Val Recall: 1.0000
Val F1l: ©.2133 )

dataset

16 PointNet for pflow , Luca Clissa, Annual Meeting ATLAS lItalia Computing UNIVERSITA DI BOLOGNA



Some results: PointNet ® A |

Comments:

Clear overfitting

Training is unstable :
loss curves very jagged

Accuracy: just random
around the initial value

Resemble trivial model
for majority class
prediction (see F1 score)

ST ST

Loss

F1 score

3.0

2.0 1

1.5 1

1.0 4

0.5 1

0.6 1

0.4

0.2 A

0.0

Training and Validation Loss

Training Loss
Validation Loss

ﬁ\ﬂw Vil ‘wﬁ'ﬂmﬂ"ijw \\W %:'{

0

Training and Validation F1 score

100 200 300 400 500

Accuracy

¢ APO

0.7 A

0.6

0.4

Training and Validation Precision

A® O° C

Training and Validation Accuracy

Training Accuracy
Validation Accuracy
——~- Validation dumb 1
Validation dumb 0

300 400 500

Training and Validation Recall

o] 100

1.0 1.0
0.8 1
—— Training F1 0.6 + Training Precision = 0.6
——— Training F1 Unweighted oy ——— Training Precision Unweighted —
—— Validation F1 g —— Validation Precision S
—— Validation F1 Unweighted § —— Validation Precision Unweighted &
——~ Validation dumb 1 0.4 ——~ Validation dumb 1 0.4
oy’ —— Training Recall
-~ Training Recall Unweighted
| 0.2 4 0.2 4+ —— Validation Recall
W —— Validation Recall Unweighted
——=- Validation dumb 1
——=- Validation dumb 0
T T T T T T 0.0 T T T T T T 0.0 — T T T r T
(] 100 200 300 400 500 (0] 100 200 300 400 500 0 100 200 300 400 500
Epochs Epochs Epochs
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Some results: BCE vs Dice vs Focal

Y. - [ % computed using:
Impact of loss* choice: A masking (only cell points) and

) A weighting (higher energy A higher impact)
A BCE very unstable and diverging after LR restart)

A Dice and Focal more stable, although Focal diverging at the end

O TR oy o mm o T o em g, -, s - e O oy P TR s T mm o T o . -y o ™ ™ e s N o e S T oy e T - S o, mm Em = - ~
(E { . 040 @ 1
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Some results: Adam W vs SGD

Impact of the optimizer

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

- g T M e o s T o o

- o W,

—eam P T Em e g, o

4 g 0.40 g 0.35 |
| 3 I ATLAS Simulation Preliminary —e— Training 3 T ATLAS Simulation Preliminary —e— Training ]
I 8 [ —s— Validation 8 r —s+— Validation
2 0.351- 1 B 11
I 1\
' 0.30_— - ’
|
025 |
O] i
Q ; i 11
D T 1 "“‘W{/‘\A‘uj‘ W i1
[ ‘ Ol e VOO I
— 0'15f — il ‘
\ .“"ﬂ'voumi l
l 0.10— = '
I [ 1
| 0.0% 10 20 30 0 50 50 0.05 10 20 30 a0 50 &0 \
\ Epoch Epoch
_—— S S o . oy - T omm am E ay, s T T D gy T Em gy Y R L o o S R o R oy g P T g, L, [ SS— /
- o N oy T gy T Em EE Ew o S o - oy gy, 0.10
@ 1 g 10 Y
( 3 014~ ATLAS Simulation Preliminary —¢— Training - § t ATLAS Simulation Preliminary —e— Training |
[ § —e— Validation | § 0.09, —=— Validation | |
[ ) [ :| ] '
I 012 ] 0.08:\ | \
I F
I 0.10- 0.07;‘| 11
I F |
— 0.08- B 0.06*| — ‘
o T E
(&) I 005 11
(@) 0.08 - o 1
LL 0.04F 11
0.04} 5 F il
I 0.031- 00 0000000000000000000000000000008000000000000000000004
‘ 002-— — + M'mei l
L 0.02- g l
| ; 1
| 0.005 10 20 30 40 50 60 0.0 10 20 30 40 50 80 I
\ Epoch Epoch |
-—___-D. SGD Pk, I

e | s . o et s i



Focal performance -

F1 score and accuracy for focal loss :

A PointNet achieves much better
performance than trivial baseline

A Adam - W outperforms SGD

although more erratic
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Take- away message

A Representational complexity caused issues when assessing performance
A good metrics values often hide trivial predictions
A Now we finally have evidence that the model is learning something!

Batch 14, Sample 0 - Prediction Analysis Batch 9, Sample 0 - Prediction Analysis Batch 17, Sample 0 - Prediction Analysis Batch 13, Sample 0 - Prediction Analysis
Accuracy: 0.971 | TP: 28 | FP: 2 | FN: 1 Accuracy: 0.945 | TP: 27 | FP: 8 | FN: 4 Accuracy: 0.591 | TP: 149 | FP: 106 | FN: 0 Accuracy: 0.671 | TP: 137 | FP: 15 | FN: 101

Correct (207) Correct (153) Correct (237)

w
@ Visual inspection corroborates global metrics ﬁ Still room for improvement
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Conclusions and next steps

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

more efficient and natural  modelling
of pflow via point cloud methods

promising results on simple testbed with 1 track per event

o~ A BCE noisier and less effective than Focal and Dice Next steps:
L ) A Dice and Focal perform best so far A Extend to more complex data ( jets)
A AdamW increase performance over SGD, all 0 q «
e - e b A partially explored, need more wor
A Explore more models:

Results presented at several conferences : A PointNet ++, GTNs, MoE, PINNs

A CHEP 2024 [1, 2] A PubNote + ATHENA implementation

n’iﬂﬂ\@nu
»g“ A EuCAIF 2025 [3] (with plots approval)

A Future Al Research General Conference 2025
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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 gquestions?

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

approaches are sub - optimal
different spatial granularity is difficult to render
only encode calorimeter information ( no tracker )
irregular deposition geometries cause sparse images
Y inefficient representation

= 0.20
<

0.15

0.10p
0.051
0.00p
-0.05¢
-0.10F

—0.15F

02005 04 0.0 0.1 0.2

ATLAS Simulation Preliminary
F Average 70 - n* event in EMB2
5 < Cluster Energy / GeV < 20

[ATL-PHYSPUB2020-018]

J1afe| sad Jaisnjo Jad uonoely ABisug

- o e R e R R R M Em R M R REm REm M R REm R M M REm MEm M M REm R M R REm REm M M REm REm M M REm R M M REm MEm M M REm M M M REm R M M REm MEm M M R M M M R R M e e e e e e e ey

e

+“5 Point cloud representation has several advantages

represent hits as 3D points with properties

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

including tracker is straightforward

only uses actual hits

Y efficient representation

PointNet for pflow , Luca Clissa, Annual Meeting ATLAS lItalia Computing
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https://cds.cern.ch/record/2825379
https://cds.cern.ch/record/2825379
https://cds.cern.ch/record/2825379
https://cds.cern.ch/record/2825379
https://cds.cern.ch/record/2825379
https://cds.cern.ch/record/2825379
https://cds.cern.ch/record/2825379
https://cds.cern.ch/record/2825379
https://cds.cern.ch/record/2825379
https://cds.cern.ch/record/2724632
https://cds.cern.ch/record/2724632
https://cds.cern.ch/record/2724632
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Features distributions

Distribution of true cell total energy
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Some results: PointNet ® A |

Comments:

Clear overfitting

Training is instable, loss
curves very jagged

accuracy just random around
the initial value ( similar to
simple model that always
predict 1)

Close to simple majority
class predictor performance
(see F1 score)
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Some results: PointNet with Focal loss + SGD optimizer

Comments:

A Still sign of overfitting, but
much better

A training stability also improved
A Best performance around:

0.83 F1 score ( )
0.81 accuracy ( )

A 14% and 42% increase,
respectively
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Training and Validation Accuracy

Learning rate over training
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Some results: PointNet with Dice loss andAdamWoptimizer

Comments:

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

ARG 6 Gaol AT ELPGEOTT AET . NILT " 67s D& BGE
seem as serious as in the first experiments
A Best performance around:

0.9091 F1 score score ( )
0.8945 accuracy ( )

A 25% and 56% increase, respectively
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