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INNER TRACKER BUILDING
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ATLAS detector for HL-LHC
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Expected in 2029

* Increase of luminosity

- Luminosity: ~ number of
collisions per seconds

HL-LHC: ITk detector
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Inner Detector Upgrade
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Inner Tracker (ITk) for HL-LHC
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ATLAS TRACKING
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ATLAS Tracking simplified
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ATLAS Tracking less simplified
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Image made by Noemi Calace



https://github.com/acts-project/acts

Focus on Seeding

Data
preparation

Seed
formation

CKF Ambiguity

solving

Clusters Track Tracks
Space points candidates
- What do we hope to improve?
- Seeds’ efficiency: reconstruct at least one seed per track
- Seeds’ purity (fake rate): reconstruct only tracks’ seeds
- Seeds’ redundancy (duplication rate): reconstruct just enough seeds per track




Seeding Algorithm steps

outer layer

1. Seed Finder -

- Check if the triplet forms a nearly straight line in midlelayr
the (r,z) plane

Middle space
point Jp

2. Seed Filter
o Rgpresentat!on gf th(_e search for
- maxSeedPerSpM cut limits the number of seeds to % triplet combinations in the (r, z)
plane. The bins used in the search
L3

speed up the tracking are represented in different colors.

-
)\ \.\\ . \
 Possible improvement: Bottor ———— '\ Top space points
a maxseedperSpM: Non phySical cut space pOIntSSeeds sharing tfie é'amé middle
- cah remove good seeds space point

« Can we remove it?
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Initial study

Generic detector
(virtual toy detector)
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https://arxiv.org/pdf/2105.01160. pdf . .
Combinatorics

Run 4: — maxSeedsPerSpM=1
<u> = 140
Pythia8: 100 tt events

u = 50, 100, 150

| nl <4
Not using Geant4: pT > 1GeV
— NO secondaries



https://arxiv.org/pdf/2105.01160.pdf
https://github.com/acts-project/acts

HASHING IN ACTS
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A new method:

Machine Learning/Hashing in the Seeding

Hashing:
1. Group similar space points into buckets
2. Do the seeding on each bucket

Space separation

Algorithm used: Look for neighbors in the

) , closest regions
Approximate Nearest Neighbors Oh Yeah (Annoy)

- Used by Spotify Application:
| 1) Make bins in layer O

175

* Machine Learning algorithm type: I 2) pFolri]r?t;,\Iier:gigzoarsbci); tahned
- k Nearest Neighbors (unsupervised) oo | | group them
Smmm——— 1 bin - 1 bucket
- Random based g i | | 3) Do the seeding on the

bucket
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https://github.com/spotify/annoy

Overview
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Suitable for high pT tracks

Parallelization



https://arxiv.org/pdf/2105.01160.pdf
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Timing and endcaps efficiency

Generic detector A¢ metric bucketSize=100 A¢ metric bucketSize=100
Total running time per event Total tracking efficiency endcaps |n| > 2.5
0.9275
® Default: g = 50 ® Default: p = 50
80007 @ pefault: u = 100 0.9250 - ® Default: u = 100
2 7000 - ® Default: u =150 ® Default: u = 150
= ¥ Hashing+Seeding: u = 50 . 0.9225 ¥ Hashing+Seeding: u = 50
(= H H . _
S o004 ¥ Hashing+Seeding: u = 100 é ¥ Hashing+Seeding: u = 100
b} H H . —_ i
= Hashing+5Seeding: u = 150 £ 092001 Hashing+Seeding: u = 150
& 5000 - @
s 2
£ ° v v v S 0.9175 v v \d
=] | o v
£ 4000 3 v " g v v
= T 09150+ %
£ 3000 1 5
& o v v 7 '
}_ .
 / v ®
1000 1 0.9100
T T T T ML | T T T T T T T
10° 10! 102 103 -* — — — !
10° 101 102 103

Number of z bins

Number of z bins

Running time ~ x2 Always improve




HASHING IN ATHENA
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Realistic case

Inner Tracker (ITk)
(beeing built)
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Suitable for high pT tracks



https://github.com/acts-project/acts
https://github.com/acts-project/acts

Ao@: Seed Efficiency n=200
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AR: Seed Efficiency n=200
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Hashing study summary

e Current state:

- Efficiency depends on the region and the metric
- Timing does not match standard algorithms

Next:
- Metric learning could help work on different regions

_



METRIC LEARNING
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gitlab

Metrh: s Graph Neural . Connected
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Schematic overview of the GNN-based track finding pipeline

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/IDTR-2022-01/



https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/IDTR-2022-01/
https://gitlab.cern.ch/gnn4itkteam/acorn

GNN Metric Learning

Embed into learned Connect all space points All space point pairs
latent space W|th|n radlus r Jomed into graph
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Architecture

1 block x4

loss
Hinge Loss o i
; if y, =1, @ ;

I
" max{0, margin — z,},
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Performance
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INTERPRETABILITY
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Interpretability

* study the internal
representation of the ‘

problem by the model

/.->
. f(x,y,z)= z X
a\. S/- (x,y,2)=(x+y)*+zy -

Neor

Software implementation Identify High Level variables




Interpretability: The How, but of What ?

 Goal: Understand the model with physics
- ldeal: from black box (ML) to algorithm (physics)
« How is the prediction done?:
- What are the steps taken?
 Need to understand What it predicts:

— Objective (loss function): group consecutive hits of same particle
* But not necessarily what is done (poorly trained / untrained vs trained)

- Performance plots: How good are the predictions with respect to the
objective

- Constraints: Hit by hit application - no curvature (g, pT) information




Interpretability approaches

 Extracting information:

- Assume the model is building an algorithm internally:
mechanistic interpretability

 Approaches:

- identify parts of this algorithm (relevant pieces)
- identify known high-level features built internally

_



Identifying parts of the algorithm

 Approach:

- Interpret relevant neurons as formulas
 Steps:

1) Identify relevant neurons

2) Symbolic regression to obtain a formula of the quantity
approximated

3) Identify relevant parts of the equation
4) Compare with known physics high-level variables

_



Permutation importance

 Idea:

Evaluate performance on the samples
Swap values of a target variable between samples in the dataset

Evaluate performance on the samples with the target variable
shuffled (and only this one)

Compare performance with and without shuffling

Variables with the most drop in performance are the most
Important

 Objective dependent metric

_



Dataset

 Used training set to avoid out-of-distribution
iIssues

- Not about how well it reconstructs a high-level variable in
general (= test set) but which one it tries to reconstruct (=
training set; might overfit)

- Performance plots show good global generalization
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Neuron identification: Permutation loss

+ 3 promising neurons: UL ] B
- 2 onlayer 1 (Linear with input [ il
layer) 4 1
- 1 on layer 4 (More complex) Ny M H “"U
[ ] Normalization Layers not . - F‘eni'nuta:nnu:-ss-.-sLayerl:mpemut_a_t._g:i]m;m
perturbed by permutation ... | ee"
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Neuron specificities: Permutation metrics

Mean value of the metrics after permutations:

Loss for Selected Points (floss™ = 0L0174)
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Model performance heavily rely on those neurons
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Non-Linear Layer: Activations r-z neuron 935
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1000
1000 - 28
i 25
800
800 - ' -
c c
o ©
600 © 600 .
> >
- = . =
O O
© ©
400 1 c 400 c
(@) (@)
H [ |-
200 MR ; T Z Z
K 200
0 |

T T T T T T T
—-3000 -2000 -1000 0 1000 2000 3000
z —2000 -1000 0 1000 2000




Combinatorial problem

Combinatorial Kalman Filter:

03/26/25

Several possibilities of expanding the seeds Q’
at each layer - need to test them all ,/,‘
Number of combinations increases "),
exponentially with the number of layers k

38




Symbolic regression

1.15y + 0.86

o |Select Fittest a1 152 1 056 | or[Ti5sl or
@ o Mutation = — T
PySR {top two} Crososrover : — or | or ... ===
Randomly i S — Genetic Algorithm
Subsample Optimize el T R ias)
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0 r U(U]_.l, 50} ' ” « Replace
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e ~ N(0,02)
Yy=2 CDS(S,E}mD} —1.3 + €. 5.0337477 cos (3.496164xq) — 1.29099218487498
Truth Learned
01 da s Neural Nets + Symbolic Regression

https://github.com/MilesCranmer/PySR
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Symbolic regression

np.sin(df["theta"])*df["r"]/1000
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Symbolic regression

np.sin(df["theta"]) * 0.03505834 * np.sqrt(df["rho"])
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Symbolic regression

np.sqrt(0.0007077842 * (1 + np.cos(df["eta"])) * df["r"])
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Interpretability

« How is the prediction done?:

- What are the steps taken?
- Does it predict track features (g/pT, eta, phi, d0O, z0)?




Latent space
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Latent space
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Latent space

Layer 13 Neuron 8 Output Isocurves Layer 13 Neuron 8 Output Isocurves Layer 13 Neuron 8 Output Isocurves Layer 13 Neuron 8 Output Isocurves

| HERMRIEI

I Hr’! i )

—2000 -—1000 1000 2000 600 1000 —2000 -1000 1000 2000

z r z

Layer 13 Neuron 7 Output Isocurves Layer 13 Neuron 7 Output Isocurves Layer 13 Neuron 7 Output Isocurves Layer 13 Neuron 7 Output Isocurves

e e

v — L

—2000 -1000 1000 2000 0 —2000 -1000 1000 2000




Reconstructed high-level features

 Assumption:

the model is using high-level features in the output latent space
(12 neurons)

 Approach:

- Information theory: conditional entropy of high-level features
conditioned on the joined output latent space distributions — gives
how much of the high-level feature can be predicted from the
latent space alone

_



Mutual Information: . Y =f(X)
H(X) N H(Y) X =g(Y)

H(X)

Conditional entropy H(X]Y):
H(X) \ H(Y)

Conditional entropy H(Y|X):
H(Y) \ H(X)

H(X,Y)
Joint entropy:
H(X) U H(Y)

03/26/25 48




Conditional entropy

Random Variables: x, y = x~2

- > p(x.y)log Pz, y)

H(Y|X)
reX ycy p(:g)

03/26/25 49




Conditional entropy

Random Variables: x, y = x~2
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Conditional entropy

H(Y|X) =

- Y play) g B2V

reX ycy

H(Y|x=-0.25) = 0

Conditional distribution: y = x*~2, x = -0.25
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Proficiency

1(A1,A2,A3;F)

Proficiency =

A;: activation of neuron i
F: high-level feature



High-level variables from single neurons

Single neuron proficiency for charge

Single neuron proficiency for pt

Single neuron proficiency for eta

. Neuron
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7 events: 118 115 hits

From Scikit-learn Mutual information calculation a



Random variables from single neurons: uniform

Single neuron proficiency for uniform_particle Single neuron proficiency for uniform_hit
ol Sl ! - veen | Should both be close to O:
} Any particle can hit
L ———
any cell

n 1 f—rf |
R . t
: N Indicates not enough

) | data

51~ !

{ +

0 20 40 60 80 100 0 20 40 60 80 100
Proficiency [%] Proficiency [%]
Unique particles can be found Unique hit cannot be found (= no overfit)

7 events: 118 115 hits

From Scikit-learn Mutual information calculation ﬂ



Layer proficiency

 Scikit-learn do only single dimensional X and Y

Theory:

To estimate the joint MI between {X;,X>,...,X,;} and Y, the high-
dimensional variables {X1, X5, ....X;n} should be treated as a whole
and ny would be defined as the number of points in the m-dime-
nsional space.




Parameter regression

_



TrackFormer

Transformer for track parameter regression

Tested on several dataset:
ToyTracks, Acts, TrackML

Regression of pt and pz

Shown promising results " *
P 9 OEO®

Sequences were padded to a fixed length

_



Dataset selection

Selections:
* nhits >= 3
* 0.5 <=pT <=10 [GeV]
e VX <1l&&|vy|<1l [mm]
* |leta] <=1

Before: After:

/10 Training: 1 232 896 particles
Validation: 154 082 particles

Testing: 153 788 particles

Training: 11 222 273 particles
Validation: 1 334 273 particles
Testing: 1 404 273 particles

_



Training

Architecture: Training: Variables:
input_dim: 3 warmup: 100 input:
model_dim: 128 Ir: 0.0005 tx, ty, tz
num_classes: 2 dropout: 0.1 input:
num_heads: 4 input_dropout: 0.1 tr, tphi, tz
num layers: 2 o _

- batch size: 1024 target:
max_epochs: 100 pt, pz
Saving:
monitor: val loss
mode: min

_
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Dataset update

Selections:
* nhits >= 3
* 0.5 <=pT <=10 [GeV]
e VX <1l&&|vy|<1l [mm]
* |leta] <=1

. TrackML Zenodo:
TrackML Kaggle: (first file)
Training: 1 232 896 particles > L .
Validation: 154 082 particles Training: 629 265 particles

Validation: 78 107 particles
Testing: ~78 656 particles

_

Testing: 153 788 particles



Target variables
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Xy z

masked

pPed [GeV]

true red
pe“€ vs pf

TrackML Kaggle

12 A

10 A

MSE Model
—-- pine = ppre

12 A

. 10 A

pPed [GeV]
[=3]

Quantile Loss Model
- ppe = pp=

03/26/25



Resolution

Xy z TrackML Zenodo
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Quantile loss drops a bit with dataset change i
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Resolution
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Counts

Target variable:
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Xy z
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Resolution

TrackML Zenodo
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Resolution

TrackML Zenodo
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Resolution

TrackML Zenodo
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r phl Z TrackML Zenodo
Relative Error Distributions for p: (1 GeV < pr < 2 GeV) (('tr', 'tphi', 'tz') -> ('gqopT"', 'pz'))
[ MSE Model - [ Quantile Loss Model
1 Gaussian Fit (MSE) Gaussian Fit (Qloss)
0.010 4 =™ Mean: 36.64, Std: 434.47 0.010 - == Mean: 3.80, Std: 83.37
0.008 - 0.008
) )
£ i
n 0.006 n 0.006
= =
@ @
s [a)
'1
0.004 0.004 \
[
i
I
0.002 0.002 ,' “
Iy
- I 1
- """-. 1 \
0-000 T T -I--.".‘I I—L'_' T l'.--..I-- T T 0000 T T T T J T \ T T T T
—2000 —1500 -1000 -500 0 500 1000 1500 2000 -2000 -1500 -1000 -500 0 500 1000 1500 2000
pp= —pire L
pie

true
P




Resolution
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 Use dphi instead of phi as input
 dphi = Phi - phi_0 (phi_0 = phi of first hit)
* Introduces circular symmetry

03/26/25 81
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Resolution

TrackML Zenodo
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Resolution
TrackML Zenodo

Relative Error Distributions for pt (1 GeV < pt < 2 GeV) (('tr', 'dphi', 'tz') -= (‘qopT', 'pz'))
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Relative error resolution for pr ((tx, ty, tz) = (pr1. pP2))
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Computing resolution

3 approaches:
« Paper approach:

- Iterative pruning of distribution pred-truth from points away from
the mean by more than 3 rms

 Quantile approaches:

- Take quantiles equivalent to 5 sigma (of a normal distribution)
from the median:

99.99994266968912% quantile
5.733031088084317e-05% quantile

- Estimate mean and std with MLE (scipy norm.fit)
- Use curve fit or ROOT to fit a gaussian
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Resolution

TrackML Zenodo
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Relative Error Distributions for pr (1 GeV < pr < 2 GeV) ((tx, ty, tz) = (p1. pz))
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Resolution

TrackML Zenodo

Relative Error Distributions for pr (1 GeV < pr < 2 GeV) ((tx, ty, tz) = (p1. pz))
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Resolution
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TrackML Zenodo

Relative Error Distributions for g/pr (1 GeV < p1 < 2 GeV) ((tx, ty, tz) = (q/pT1. P2))
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7 [ MSE Model 8 - [ Quantile Loss Model
Curve Fit Gaussian Curve Fit Gaussian
=T Mean: -0.061 +/- 0.001, Std: 0.058 +/- 0.001 == Mean: -0.055 +/- 0.001, Std: 0.049 +/- 0.001
6 _ _ RoOT Fit Gaussian 74 __ RoOT Fit Gaussian
Mean: -0.053 +/- 0.000, Std: 0.060 +/- 0.000 Mean: -0.036 +/- 0.000, Std: 0.049 +/- 0.000
] e
6 .
s I
> :' 1‘ =]
£ a4 I \ =
n i 7]
[l | [l
Rl J \ v 4
s} (o]
3 # 1
i 1 3
Iy i
2 ] L
[] 2 4
]
1 l'.
1 [
0 T T T 0 T T T T T T T T
-0.4 -0.2 0.0 0.2 0.4 -1.0 -0.5 0.0 0.5 1.0 1.5 2.0 2.5 3.0
P?M—PTWE P?'@d—PTWE

e -




Resolution

Xy z TrackML Zenodo

Prunin Relative resolution for pr ((tx, ty, tz) = (q/pr. p2))
30

MSE Model

Quantile Loss Model
20 1

10 A

[%]

P - pie
p_}Rl‘E

_10 _

_20 _

—30

0 2 4 6 8
pie [GeV]

M



r, dphi, z = g/pT, pz
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TrackML Zenodo
Relative Error Distributions for g/pr (1 GeV < pr < 2 GeV) ((tr, do, tz) = (g/pT. P2))
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Resolution

TrackML Zenodo
Relative Error Distributions for g/pr (1 GeV < pr < 2 GeV) ((tr, do, tz) = (g/pT. P2))
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Resolution

TrackML Zenodo
Relative Error Distributions for pr (1 GeV < pr < 2 GeV) ((tr, do, tz) = (g/pT, Pz))
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Resolution

TrackML Zenodo
Relative Error Distributions for pr (1 GeV < pr < 2 GeV) ((tr, do, tz) = (g/pT, Pz))
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Resolution

r dphi z TrackML Zenodo

Pruni ng Relative resolution for g/pr ((tr, dg, tz) = (q/pr. p2))
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Quantile Loss Model
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Resolution

r dphi z TrackML Zenodo

Prunin Relative resolution for pr ((tr, dg, tz) - (q/pr, p2))
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Impact on predictions

pirve vs ppred ((tr, dg, tz) - (qlpr. P2))
No scattering cut
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Impact on predictions

Scattering cut (test only)

plre vs pPd ((tr, do, tz) - (q/pT. P2))
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Impact on resolutions

No scattering cut

o0 Relative resolution for pr ((tr, deo, tz) = (q/pT, p2))

MSE Model

Quantile Loss Model
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Impact on resolutions

Scattering cut (test only)

oo Relative resolution for pr ((tr, deo, tz) = (q/pT, p2))

MSE Model

Quantile Loss Model
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Impact of pT sign
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Signed pr vs unsigned

pirue vs pPe ((tr, do, tz) - (pr, P2))

Unsigned
No scattering cut
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Sighed pr vs unsighed

Signed

No scattering cut

pirue vs pp"d ((tr, do, tz) = (g *pT, P2))
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Signhed pr Vs

Signed

No scattering cut
10.0

unsigned

Relative resolution for pr ((tr, de, tz) = (g *p1, Pz))
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Signed pr vs unsigned

Signed

Relative Error Distributions for g * pr (1 GeV < pr < 2 GeV) ((tr, do, tz)

No scattering cut

12 ~

10 ~

Density

MSE Model

MSE Model (Pruned)
Paper pruning (MSE)
Mean: 0.073, 5td: 0.035
MLE Fit Gaussian (MSE)
Mean: 0.073, 5td: 0.035
MM Fit Gaussian (MSE)
Mean: 0.073, 5td: 0.035

Curve Fit Gaussian (MSE)

Mean: 0.067 +/- 0.000
Std: 0.034 +/- 0.000
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Density

= (g*pr, Pz))

12 4

10+

Quantile Loss Model

Quantile Loss Model (Pruned)
Paper pruning (Qloss)

Mean: 0.065, 5td: 0.036

MLE Fit Gaussian (Qloss)
Mean: 0.065, std: 0.036

MM Fit Gaussian (Qloss)
Mean: 0.065, 5td: 0.036

Curve Fit Gaussian (Qloss)

Mean: 0.061 +/- 0.000
Std: 0.035 +/- 0.000
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Signed pr vs unsigned

Unsigned
No scattering cut

Relative Error Distributions for pr (1 GeV < pr < 2 GeV) ((tx, ty, tz) = (pr1, pPz))
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Loss and charge sign

Metrics over Steps ((tr, dg, tz) - (g/p1, p:))

. —— loss_train

1.4 A _
Scattering cut loss_val
—}— sign_metric_train

Ly —}— sign_metric_val
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0.8 1 Sign prediction linked to loss drop
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Architecture optimization

No scattering cut

100 epochs 1
100 pmrmeme e
10-1-; —— e 256 h 2
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Signed pr vs unsigned

1t file (test dataset)
After scattering cut Particle type distribution

pi: 79.72% (62457) / 78345
K:13.37% (10471) / 78345
p: 6.57% (5149) / 78345

e: 0.26% (205) / 78345
mu: 0.08% (63) / 78345

pi




Computation of dO

Lorentz force
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pr [GeV /¢
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Hyperparameter optimization

Removi ng Validation score vs cut_scattered
0.3% of the tracks
and
sorting hits by r S —
4 %1073
3x1073 ]
g
[=]
@
=}
=]
™ 2%x1073 1
=
g
dataset_dir,max_epochs,medel_dim,num_layers
—8— fraining_part01,100.0,128,2
k\\_ —m— full_dataset,1000.0,128,2
107 1 —&— training_part01,100.0,32,2
training_part01,100.0,32,4 \\‘.
training_part01,1000.0,128,2
0.0 0.2 0.4 0.6 0.8 10
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Hyperparameter optimization

Validation score vs dataset_dir

cut_scattered,max_epochs,model_dim,num_layers
True,1000.0,32,4
True,1000.0,128,2
True,1000.0,32,8
False,1000.0,256,2
True,1000.0,32,2

False, 100.0,256,2
True,1000.0,32,16

False, 1000.0,128,2

True,1000.0,128,4 I

False,100.0,128,2

102 A

ttettes

Validation score

Validation dataset
significantly different
— hard to conclude
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Data/TrackML/full_dataset Data/TrackML/training_part0l
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Hyperparameter optimization

Validation score vs dropout

input_dropout
10—1 b —a— 0.1
0.0
é 1072
E
1073 A
No dropout -
works the best

T T T T T
0.0 0.2 0.4 0.6 0.8

dropout E



Hyperparameter optimization

Validation score vs input_dropout

dataset_dir,dropout,input_variables, max_epochs,model_dim
—&— full_dataset,0.0,['tr, 'dphi', 't2'],1000.0,128
1 —m— full_dataset,0.1,['tr", 'dphi', 'tz'],1000.0,512
—a&— full_dataset,0.1,['tr, 'dphi', 'tz'],1000.0,128
full_dataset,0.1,['tr, 'dphi', "tz'],1000.0,32
training_part01,0.1,['tr", 'dphi', 'tz", 'pT_circle_estimate'],100.0,128
w —
&
&
=}
2
]
2
g 10—3 4
Unclear
but no dropout
is the current best
D(IJD 062 0.(I]4 0(|)6 D(IJB 0. I10

input_dropout




Hyperparameter optimization

Validation score vs max_epochs

cut_scattered,dataset_dir,model_dim,num_layers use_scheduler,warmup
False,training_part01,1024,4,True, 100
True, training_part01,32,4,True, 100
False,training_part01,256,2,True, 100
True,training_part01,32,2 True, 100
False,training_part01,512,4 True,100
False,training_part01,1024,2 True, 100
False,training_part01,512,2 True,100
True, training_part01,128,2 True,100
False,full_dataset,128,2, True, 100
False training_part01,512,8,True, 100

- False,training_part01,128,2,True, 100
| False,full_dataset,256,2,True, 100
—a

100

é

1071

ttttdeted

Validation score
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Training - ——
for more epochs |
always improve

10-1
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Hyperparameter optimization

Validation score vs model_dim

cut_scattered,dataset_dir,input_dropout,max_epochs,num_layers
True,training_part01,0.1,1000.0,2
False,training_part01,0.1,100.0,2
True,full_dataset,0.1,1000.0,2

True, full_dataset,0.0,1000.0,2

False training_part01,0.1,1000.0,2
False,training_part01,0.1,100.0,4
True,training_part01,0.1,1000.0,4

False training_part01,0.1,100.0,8
True,training_part01,0.1,1000.0,8

100

tettee

10-1

Validation score

;

10-2

128 and below | _—

seem to work best: "/_\ N

10-3

model_dim




Hyperparameter optimization

Validation score vs num_layers

100

cut_scattered,dataset_dir,max_epochs,model_dim
True,training_part01,1000.0,16

False, training_part01,100.0,16

False training_part01,100.0,32
True,full_dataset,1000.0,32
True,training_part01,1000.0,32
True,training_part01,1000.0,64

a True,training_part01,1000.0,128
— False,training_part01,1000.0,512

— \ False,training_part01,100.0,512

False training_part01,100.0,1024

10-1

ttetted

Validation score

102

More layers
is better
(except with

dim >= 512) 1 v '__———————‘—__—4

+ 1

2x10? 3x10? 4 x 10° 6x 100 101!
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Hyperparameter optimization

Tested giving track hit index position to the model 100 epochs
o . . Sorted by r
Still testing Validation score vs positional_encoding y

Positional encoding
seems to help
but not much

T T T
rope sinusoidal [}

positional_encoding n



Hyperparameter optimization

Validation score vs input_variables

10° 4
— Z
1071 4
o
[=]
g
(=
2
=
8
2 1072 4
!—‘ = m
Y cut_scattered,max_epochs,model_dim,num_layers,output_variables
—8— True,1000.0,32,16,['qopT', 'pz']
—8— True,100.0,128,2,['qopT", 'pz']
—&— True,100.0,32,4,['qopT", 'pz']
10-3 - —%— False,100.0,128,2 ['pT", 'pz']
] False,100.0,128,2 ['qopT’, 'pz']
False,100.0,128,2,['gpT", 'pz']
T T T T T
['tr, 'dphi', 'tz', 'pT _circle_estimate'] ['tr, 'dphi', 'tz'] ['tr', 'dphi', 'tz', 'pT_circle_estimate_inv'] ['tr', 'tphi’, 'tz'] ['tx, 'ty', 't2']

input_variables




Current best models

Embedding: 32; 16 layers

Relative resolution for pr ((tr, dg, t2) » (qipr, p2))

r Distributions for pr (1 GeV < pr < 2 GeV) ((tr, do, tz)

10.0
MSE Model
[ MSE Model
25 Curve Fit Gaussian 7.5
= Mean: -0.004 +/- 0.000, Std: 0.016 +/- 0.000
_ RoOT Fit Gaussian
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Current best models

Embedding: 32; 16 layers s;me model

r Distributions for pr (1 GeV < pr < 2 GeV) ((tr, do, tz)
than before

Relative resolution for pr ((tr, dg, t2) » (qipr, p2))

10.0
MSE Model
[ MSE Model
25 Curve Fit Gaussian 754
= Mean: -0.004 +/- 0.000, std: 0.015 +/- 0.000
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Current best models

Embedding: 128; 2 layers; no dropout

r Distributions for pr (1 GeV < pr < 2 GeV) ((tr, do, tz)

Relative resolution for pr ((tr, dg, t2) » (qipr, p2))

10.0

35 MSE Model
[ MSE Model
Curve Fit Gaussian 7.5
30 4 =~ Mean: -0.001 +/- 0.000, Std: 0.012 +/- 0.000
ROOT Fit Gaussian 504

~ T Mean: -0.000 +/- 0.000, Std: 0.012 +/- 0.000
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DOCTORAL TRAINING
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Ecole Doctorale (UGA):

- Requires 120 hours: 1/3 Scientific, 1/3 Professional, 1/3 Transversal

— Current: 113/120 (+15 waiting for validation)

Professional:

- “S'ADAPTER A SON ENVIRONNEMENT DE TRAVAIL" (10 hours)

- “Formation Entreprenariat PhDiscovery 2024"” (30 hours)

Scientific:

- Workshops: ATLAS ML, ITk Tracking, ATLAS Induction Day and Software Tutorial (44 hours)
Transversal:

- Opened Science and HAL (4 hours)
- “JOURNEE DE RENTREE DES DOCTORANTS 2022"” (10 hours)
- Mooc on ethics (15 hours)

- MOOC “Intégrité scientifique dans les métiers de la recherche” (15 hours) H


https://www.fun-mooc.fr/fr/cours/integrite-scientifique-dans-les-metiers-de-la-recherche/

Poster and publications

- Poster Connecting The Dots 2023

- Proceeding Poster Connecting The Dots 2023

- Proceeding Journée Rencontre Jeunes Chercheurs 2023
- Tutoriel ATLAS Machine Learning Workshop - chATLAS

_


https://indico.cern.ch/event/1252748/contributions/5521549/
https://indico.cern.ch/event/1252748/papers/5521549/files/12814-Poster_CTD_2023_Proceeding_Jeremy_Couthures.pdf
https://hal.science/hal-04609124
https://indico.cern.ch/event/1352459/contributions/5949025/

chATLAS

Question

 ATLAS chatbot with ATLAS
protected documents

(Retrieval Augmented
Generation)

 Worked on the evaluation

 Quitted team in september
2024
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Hashing performance: Timing and efficiency

Total running time per event (ms)

A¢ metric bucketSize=100
Total running time per event

Ag@ metric bucketSize=100
Total tracking efficiency

>

Default: it = 50

Default: 4 = 100

Default: 4 = 150
Hashing+Seeding: u = 50
Hashing+Seeding: u = 100
Hashing+Seeding: u = 150

¥
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® Default: 4 = 50 0.95 4 !
80001 @ pefault: 4 = 100
® Default: g = 150 0.94 4
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Number of z bins

Running time ~ x2

T
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102 103

Number of z bins

Improvement for small number of bins




Total tracking efficiency

Hashing performance: Efficiency (detailed)

Ag metric bucketSize=100
Total tracking efficiency barrel |[n] < 2.5

Ag metric bucketSize=100
Total tracking efficiency endcaps |n| = 2.5

T _ 0.9275
oo6 | 8 h 4 v ¥ A4 v Y ® Default: u = 50
v 0.9250 4 ® Default: g = 100
Y ® Default: u = 150
¥ Hashing+Seeding: p = 50
0.94 - o, 0.9225 - g g: H
é ¥ Hashing+Seeding: p = 100
E 0.9200 Hashing+Seeding: ¢ = 150
Q
0.92 1 =
£ 0.9175 - v —
[=)
® Default: y = 50 Ju  J v
0.90 + @ Default: u = 100 © 0.9150 1 .
(=]
® Default u = 150 = v v v
v
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Mumber of z bins

Improves then drops

Number of z bins

Always improve




Hashing ¢ bins: Timing and efficiency

Total running time per event (ms)

Ag metric bucketSize=100
Total running time per event

—o— Default: gy = 50 H
3500 1 _g— pefault: u = 100
—— Hashing+Seeding: p = 50
3000 4 —™— Hashing+Seeding: u = 100
] |
2500 A . ] =
@
2000 A ]
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1500 ~ O ] O
1000 1+—@
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10 101 102 103

Number of phi bins

Similar running times

Total tracking efficiency

Ag metric bucketSize=100
Total tracking efficiency

0.950 ~

0.948

0.946

0.944

0.942 +

0.940

Mumber of phi bins

Small loss of efficiency

|
® 5 - - O u]
®
o [] [] - i
—8— Default: u = 50
—8— Default: u = 100
—— Hashing+5Seeding: g = 50
—— Hashing+5Seeding: y = 100 =
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Hashing ¢ bins: Efficiency (detailed)
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Overlap in buckets

Overlap in buckets <u> = 50 A9 metric
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Some timing plots: A¢

Running Time for Different Algorithms and Configurations

Running Time for Different Algorithms and Configurations
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Some timing plots: AR

Running Time for Different Algorithms and Configurations
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Seed finder configuration

SeedfinderConfigArg = SeedfinderConfigArg(
r=(None, 200 * u.mm), # rMin=default, 33mm
deltaR=(1 * u.mm, 60 * u.mm),
collisionRegion=(-250 * u.mm, 250 * u.mm),
z=(-2000 * u.mm, 2000 * u.mm),
maxSeedsPerSpM=1,
sigmaScattering=5,
radLengthPerSeed=0.1,
MinPt=500 * u.MeV,
bFieldinZ=1.99724 * u.T,
impactMax=3 * u.mm,
cotThetaMax=cotThetaMax # =1/tan(2xatan(e”(-eta)))

_



MaxSeedsPerSpM cut

« Purpose:
- Reduce the number of seeds to expand to speedup the track finding
 ldea:
- Only keep at most maxSeedsPerSpM+1 seeds sharing the same middle space point
 Implementation:
- Uses a score to compare the seeds
- The score is related to how close the impact parameteris to 0
 Benefit:
- speedup and less memory used
« Consequence:

- Loss of efficiency

_



Annoy random seed systematic

Annoy seed systematic error

total track eff

Annoy seed systematic error in endcaps

Annoy seed systematic error in barrel

total track eff

total track eff
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Simulation
\/
Space Points
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,, ActuAa,I,ff*” o o \\“\\Ex‘ploring
Seeding Hashing
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Approaches

Seeding parallelization

Hashing groups space
points into buckets

Hashing reduces the
number of space points at
a time (focus on relevant
space points) - less seeds
per bucket
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Total running time per event (ms)
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Total running time per event (ms)
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Phi bins: Tracking efficiency

A¢ metric bucketSize=100 A¢ metric bucketSize=100
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Phi bins: Tracking efficiency
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Hashing M

Seed Reconstruction Efficiency
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Hashing M
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Hashing p = 200
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Hashing p = 200
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Superbucket binning in Z position

Superbucket binning in z position Superbucket binning in z position
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Superbucket binning in Phi position

Superbucket binning in phi position Superbucket binning in phi position
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Annoy training

Space separation Corresponding binary tree

Takes two /
random points
iteratively
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Annoy query

Merge neighbor subspaces Union of trees’ subspace

* Annoy tuning parameters: number of neighbors,
number of trees, metric used, features used, number

of subspace to look at @



Combinatorial problem

time per event u = 50

100 1 A total: 2018 ms & A

Combinatorial Kalman Filter:

- Several possibilities of expanding the seeds
at each layer -» need to test them all

- Number of combinations increases
exponentially with the number of layers

10-14

. S@so}, ?;a(-’; ’q’h@g
- Every seed is expanded: & “Yrey,
- Less seeds — less tracks — less bad quality and duplicated tracks /4 o
5 ACTS Poor man'’s
How to get less seeds? Ambiguity resolver
- Remove the bad ones!
- How?

« Current: Filter the seeds + detailed optimisation
* My work: Build the seeds differently




Seeding: Skipping triplets check with sets

Overlap indicator

* Event 98: Hashing mu=50 bucketSize=100 i
« 9860 Space Points » ~100.000.000 possible doublets
Set name Set size nSkipped Ratio
Bad bottom 24.433.199 322.132.498 13,18
Good bottom 3.592.664 63.294.324 17,62
Bad top 30.363.102 392.248.454 12,92
Good top 4.973.975 91.166.619 18,33
Triplets 18.204.058 269.635.750 14,81
Seeds 5.623 X X

Total running time x1.5 R



Bucket Size Agp: n

InnerTracker WARNING: not only first layer selected
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Bucket Size Agp: n

InnerTracker WARNING: not only first layer selected
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Bucket Size A@: pT

InnerTracker WARNING: not only first layer selected
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Bucket Size A@: pT

InnerTracker WARNING: not only first layer selected
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Bucket Size AR: n
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Bucket Size AR: n

InnerTracker WARNING: not only first layer selected

1 _4 1T 1T T 17T T 17T | T 17T | T 1T T 17T T 17T T 17T T 1 _4 T 17T T 17T T T 17T | T 17T | T 17T | T 17T | T 1T | T 17T | T
& LTATLAS Simulation Internal : : : - P2y LATLAS Simulation Internal -
S Vs =14 TeV N S s =14 TeV .

b} b}

O 1.2 Tl € [2, 3], i single lep . O 1.2 | €[3, 4), ft single lep 7
T, 1—|TK=ATLAS-P2-RUN4-03-00-01 Athena 25.0.7 Hashing AR . T, 1—|TK=ATLAS-P2-RUN4-03-00-01 Athena 25.0.7 Hashing AR .
é - - : B ¥ - é - .
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w B -$— Hashing u = 60 +— Hashing 1 =200 ---- Acts u = 60_| w B -$— Hashing u = 60 +— Hashing y =200 <--- Acts y =60 |
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Bucket Size AR: pT

InnerTracker WARNING: not only first layer selected
1 _4 1T 1T T 17T T 17T | T 17T | T 1T T 17T T 17T T 17T T 1 _4 T 17T T 17T T T 17T | T 17T | T 17T | T 17T | T 1T | T 17T | T
& LTATLAS Simulation Internal : : : - P2y LATLAS Simulation Internal -
E) 1 2_1@=14TeV B E) 1 2‘@:14Te\/ B
Q ) P, €[0, 10] GeV, tt single lep 7 O ' P, (10, 20] GeV, tt single lep 7
E 1—|TK=ATLAS-P2-RUN4-03-00-01 Athena 25.0.7 Hashing AR — E 1—|TK=ATLAS-P2-RUN4-:03-00-01 Athena 25.0.7 Hashing AR —
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Bucket Size AR: pT

InnerTracker WARNING: not only first layer selected
1 _4 1T 1T T 17T T 17T | T 17T | T 1T T 17T T 17T T 17T T 1 _4 T 17T T 17T T T 17T | T 17T | T 17T | T 17T | T 1T | T 17T | T
& LTATLAS Simulation Internal : : : - P2y LATLAS Simulation Internal -
& {op[fs=14Tev 1 & qo[fs=14Tev .
Q ) P, €[10, 20] GeV, tt single lep 7 O ' P, €20, 50] GeV, tt single lep 7
E 1—|TK=A‘I'LAS-P2-RUN4-:03-00-01 Athena 25.0.7 Hashing AR - E 1—|TK=ATLAS-P2-RUN4-:03-00-01 Athena 25.0.7 Hashing AR —
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Comparison (x,y) plan

Truth Tracks (hits)

Truth Track position
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Comparison (¢,n) plan

Truth Tracks (hits) Angular: Ag AR

Truth Track position Bucket position Bucket position

0
_1_
_2—
_3—
—4 .
T T T
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Layer information coverage

 Information coverage varies with h

h=0.5
ti  sub : vPr  vPr
lay par barc radi stat char pdgl
cle_ eve pX py pz pt eta vx vy vVZ odN odN
er id nt ode us us ge d n  Out
12

0.57 0.38 055 054 054 054 051 056 0.38 0.38 0.38 0.35 0.09 0.17 0.31 0.34

_



Xy z

qipF™ - qipie

qlpfe

Relative error resolution for q/pt ((tx, ty, tz) = (q/pT, Pz))
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0.50 4
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0.00 4
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—1.00

MSE Model

qipf™ - qipi=
q. .lr trus

TrackML Zenodo
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Quantile Loss Model




Activations

layer_0_Linear Neurons Activation Histogram layer_3_Linear Neurons Activation Histogram
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KNN estimation

e Estimate mutual information

Let us denote by 15(2')/2 the distance
from z; to its k-th neighbour, and by €,(i)/2 and €,(z)/2

| / / the distances between the same points projected into the
‘ ’Z — Z ’ ‘ — maX{ ’ ‘ZC — X ’ |) ’ ‘y — Y ’ ‘} X and Y subspaces. Obviously, €(i) = max{e,(i), €,(7)}.
N In the first algorithm, we count the number n,(i) of
a1 ) points x,; whose distance from z; is strictly less than
(=N ;E[ - (@) €(1)/2, aild similarly for y instead of z.
. a
IM(X,Y) = (k) — (Y(ne +1)+p(ny +1)) +1(N) M K
el m
Here, 1 (x) is the digamma function, (z) = R e S
['(x)"'dl'(x)/dx. Tt satisfies the recursion ¥(z + 1) = cn o
w(z) + 1/x and ¥(1) = —C where C = 0.5772156... BCCIRD

Used by scikit-learn g



. Inner Tracker building

. ATLAS Qualification Task
. ATLAS Tracking

. Hashing in ACTS

. Hashing in Athena

. Interpretability
. Track parameter regression
Doctoral training

_

NO Ul A WIN M-
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Highest variables single neuron

Layer

Single neuron proficiency for barrel_endcap

Single neuron proficiency for layer disk

Single neuron proficiency for module_id

. Neuron

gttt

- MNeuron L] Neuron
ol } —
| e
al | —
104 } i
9t 1 r I
81 I I I
e | | |
0 20 40 60 80 100 0 20 40 60 80 100

Proficiency [%]

Proficiency [%]

From Scikit-learn Mutual information calculation

_

T T T T T T
0 20 40 60 80 100

Proficiency [%)]

7 event: 118115 hits



Change of variable impact

Single neuron proficiency for particle_id Single neuron proficiency for particle_id_mapped
+ Neuron - wrn | Should be close to O:

13 | }--—{ 1 }-—-—{ .
Any particle can

A * i * hit any cell

11 | | } |

Zwl : | :
4 | i | Indicates not enough
data
" — R
0 20 40 60 80 100 0 20 40 60 80 100
Proficiency [%] Proficiency [%]
- Same -

7 event: 118115 hits
From Scikit-learn Mutual information calculation

_



Random variables single neuron: uniform

Single neuron proficiency for particle id Single neuron proficiency for uniform_particle Single neuron proficiency for uniform_hit
- Neuron L] Neuron . Neuron
- -
| ] ] |
12 f , =
| |
14| |

|_.|
f

|_.|

H

o 4

T T T T T T T T T T T T T T T T T
0 20 40 60 80 100 20 40 60 80 100 0 20 40 o 60 80 100
Proficiency [%] Proficiency [%] Proficiency [%]

7 event: 118115 hits
From Scikit-learn Mutual information calculation
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Random variables single neuron: normal

Single neuron proficiency for particle id Single neuron proficiency for normal_particle Single neuron proficiency for normal_hit
- Neuron L] Neuron . Neuron
13 1 }—-—-{
12 | |
n }
£ 10 f |
3

IIIIIJ:I

o 4

T T T T T T T T T T T T T T T T T
0 20 40 60 80 100 20 40 60 80 100 0 20 40 o 60 80 100
Proficiency [%] Proficiency [%] Proficiency [%]

7 event: 118115 hits

From Scikit-learn Mutual information calculation
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Random variables single neuron: poisson

Single neuron proficiency for particle id Single neuron proficiency for poisson_particle Single neuron proficiency for poisson_hit

12 A | |

- Neuron . Neuron . Neuron

Layer
=
OII:[II:[I
°‘=H==H=]:=ﬂ==l=:|:-u—

T T T T T T T T T T T T T T T T
0 20 40 60 80 100 20 40 60 80 100 20 40 o 60 80 100
Proficiency [%] Proficiency [%] Proficiency [%]

7 event: 118115 hits
From Scikit-learn Mutual information calculation
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Random variables from single neurons: poisson

Single neuron proficiency for poisson_particle Single neuron proficiency for poisson_hit

. Neuron . Neuron
131 H |
n i H !
Lo H 1

01— —

e H t
71-H t

0 20 20 60 80 100 0 20 40 60 80 100

Proficiency [%] Proficiency [%]
Unique particles can be found Unique hit can be found

7 event: 118115 hits
From Scikit-learn Mutual information calculation
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Discrete vs continuous variables

Single neuron proficiency for uniform_hit Single neuron proficiency for poisson_hit

. Neuron . Neuron

SR EEED

T T T T T T T T T T T
0 20 40 60 80 100 20 40 60 80 100

Proficiency [%] Proficiency [%]
Unique hit value cannot be found Random but repeated hit values can be found

7 events: 118 115 hits

From Scikit-learn Mutual information calculation ﬂ
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https://gitlab.cern.ch/wraight/itk-web-apps
https://streamlit.io/
https://itkpd-test.unicorncollege.cz/

Neuron specificities: Permutation metrics

Loss for Selected Points (floss® = 00174}
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ATLAS QUALIFICATION TASK
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Inner Tracker building at LAPP

LAPP is producing 75% of
the OB Types 0 (5000
pigtails, 400 PPO boards)
and will be integrating 25%
of the local supports(*)

Strip Barrel

Strip Endcap

Pixel Endcap

Pixel Outer
Barrel

Pixel Inner Layers
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e
ATLAS Slmulatlon Preliminary
[ ITk Layout: 23-00-03
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800
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Inner Tracker Pixel Detector Overview

 Pigtails: Power supply, monitoring of the cell and transmit data from the
module cell

« Patch Panel 0 (PPO): Distribute power supply and aggregate data

.



https://lapp.in2p3.fr/spip.php?article3307

ATLAS Qualification Task: Production Database

e ATLAS Production Database

- Create components, store quality control data, track shipping,
API

 Qualification Task:

- Creation of a dedicated “LAPP Types 0 Web app”
to improve data registration in the database, robustness and
scalability

_



Registration in the database

Registration speed

ltol 1 to many No operator
Low level Ul Web app Web app
Fields and buttons Fields and buttons JSON files from LabVIEW
— Ay
Ay Streamlit
Streamlit +

LabVIEW



https://streamlit.io/
https://streamlit.io/

Pigtails prod uction flow Similar production flow for PPO

BAD_HV_TEST
BAD_FROM_ELECTRICAL_TEST_DATA_TRANSMISSION
BAD_FROM_ELECTRICAL_TEST_RESISTANCE

BAD_HV_TEST

BAD_FROM_ELECTRICAL_TEST_DATA_TRANSMISSION
BAD_FROM_ELECTRICAL_TEST_RESISTAMCE

Pass/Fail

production

Visual Inspection Visual Inspection Visual Inspection

Pass/Fail+properties set Pass/Fail+info Pass/Fail+properties set

BAD_FROM_MANUFACTURER BAD_FROM_CABLING_VI BAD_BENDING



pre-production

production

Creation of the pigtails in the database:
* Panel level comment? Pigtail marked as bad? From which panel?

Form

ATUAS PIXEL Tk
Fiche de réception des ots de panels
pigtalls AVANT cablage

<UAPP

Date de éception: Bon delraison:

vom: CERN
seniantprodut Nom: Ocyhoils  imcCais
Lz -3

info fournisseur

Fiche preparéepar:  Nom: (71 L 0k

Doc. Re.: ATLASITIIS-01 (LAPP)
Verson :V-03
Date:18/10/22 Page:1/2

Bondecommande: 0 )5} Lf B 6l &

Dans

Rétérence: THES ABZEEE &

Numéro de bateh: [DES_ 2652 61 5
Dc3

pate: \( (0] (2013 (mm)’

commande, bondevaison. ) et indicaton sur Fembolage.
Controle de Pemballage

Aspect de Femballage extéreur correct

Aspect deFemballagenterne correct sous vide)

glour Onon' OwA
Doul WNON® ONA

Rapport de conformité « hlogen free », avec

cetifcas matire .
Rapport de conformité PC classe 3 Ret:
Raportde conformit dimensionnclle Ret.:
Coupe métalographiaue Ret.:
Rapport dimpédance par mesure directe type TR Réf.
Rapport detest dectrique. Ret.

e ot (ol bon decomande o o o)
T I e S

Nombre de pigtals par flanc

L Inspection visuelle

Contrle qualté et tracabilté des composants

Cou gnon CvA
Cou anow: Oa
ooul BYNON" ONA
Oou Binow A
Ooul ¥iNoN' ONA
cour plow oA

Pou oo awn

* e i s différence entre e prodult attendu t e produitrecu

el

Cormmonele.

Commentires de fopérateur

Ooul ONoN' ONA

" Absence dobulles
« Absence de dlamination
« Découpe.
« propreté
Nomérodepanel: 3 Uistedes pigai: 20, 22, 23, L{,
tomkrodeped 1 isdepgnk: 3, (3,63, 5, 5
Numéro de panel Ustedespigals: 20,31 22,33, 24,25, 26, 27
Nomérodopanal; 5 Ustedes s 5+ B b2 26

Mw&@u( @ S & g\;\’L

150572023

-

Web app

Panel reception before cabling

Selectbach name:
Pirels_0B_ Batch_pigtail CERN_O B

Untested subtypes: [ Panel Pgtal Incined Back Last Ring]

Companenttype:
Panel Pigtalincined Back Last Ring S
PanelCERN_0.0 5 QCsatusinotfiles  Pigtals created: Fase

Viuatinspaction:
0 pass
Rail

PanelCERN_0_1 B QCstatusinottiled  Pigtails created: Faise
Viuatinspection:

0 pass

O Rl

Badpgtis rom manuiacturer?

0 s

Scan pgaits

st of b pts 0 separted by semicolon (. TSOOTSOLTSOR):

Number of bad pigtils: 1

Upload

-

Database

=z [ OB Pigtail - OB Pigtail Longeron
Bottom 149

< @ OB Pigtail - OB Pigtail Longeron
Bottom 148

#z [ OB Pigtail - OB Pigtail Longeron
Bottom 147

#z [ OB Pigtail - OB Pigtail Longeron
Bottomn 146

«z [ OB Pigtail - OB Pigtail Longeron
Bottom 145

< @ OB Pigtai
Bottom 144

OB Pigtail Longeron

«z [ OB Pigtail - OB Pigtail Longeron
Bottom 143

<z [l OB Pigtail - OB Pigtail Longeron
Bottom 142

#z @ OB Pigtail - OB Pigtail Longeron
Bottom 141

«z [ OB Pigtail - OB Pigtail Longeron
Bottomn 140

<z [l OB Pigtail - OB Pigtail Longeron
Bottom 139



Reporting

Longeron Longeron
120 Component_Type 10 Component_Type
B PG_LONGERON_TOP B PG_LONGERON_BOTTOM
100 B PG_LONGERON_BOTTOM B PG_LONGERON_TOP
8
= 80 =
2 =
£ g 6
S 60 S
= o
s 4
40 o
20 X
0
gy, sy, 0:‘9&. Or@s ) - —_— . .
“/006’ bo’n’.q i, i‘f,,g Bad cabling VI Bad panel VI Manual reworking Sub-optimal bending
%, )?@r
5 gy, Cﬂb/,-,} Flag Types
’f)g 4

Stage

Plots not possible without the web app




ATLAS Qualification Task: Types 0 web app

Select component type:

OB_PIGTAIL -

Select stage:

Qualified since January 2024

Reception Before Cabling -

Remove flagged components

Internal

. D Type Stage Link to PDB
.
Code on gitlab:
. . OB Pigtail Longeron Reception Before
lapp_2152 €90a6f1259e399¢ca44a7f078b5732d76
gitlab repository
OB Pigtail Longeron Reception Before
lapp_2148 86945b16501f77d00332¢2244c852355
Top Cabling
OB Pigtail Longeron Reception Before
lapp_2142 f4c2488adchi6d3ad05b05b7fea5f632
. Top Cabling
.
We b a p p I I n k . OB Pigtail Longeron Reception Before
lapp_2135 0d56d4136c8b65f739d2d0ad5fcd983b
https://itk-web-apps-pigtails.app.cern.ch
. . . .
OB Pigtail Longeron Reception Before
lapp_2133 ) 2¢ad78db9727bc97d0f19d78ecBa6f43
Top Cabling
OB Pigtail Longeron Reception Before
. . lapp_2123 . bb4494d8125de87flbad24f25f0073e8
QT presentation link:
.
OB Pigtail Longeron Reception Before
lapp_2121 6b426487f703254c0a2ad6e9a00e7b8d

indico link

Top

Cabling



https://gitlab.cern.ch/jecouthu/itk-web-apps-pigtails/-/tree/JC-pigtails?ref_type=heads
https://itk-web-apps-pigtails.app.cern.ch/
https://indico.cern.ch/event/1352477/contributions/5694802/attachments/2773518/4833066/QT_web_app_types_0_JC_DB.pdf

ACTS performance: Timing/event

Time per event Default

(= with cut) Time per event ratio without cut/with cut
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ACTS performance: Physics

Tracking efficiency ratio Tracking fake rate ratio E Duplication rate ratio
~= 1.100 = 2.5 T = 1.0
E + up=s0 | E 4 wu=s0 |2 M‘Mm
% 1.075 A1 4 u=100 E - % p=100 T 0.9 1 ® L]
v 1oso0 d 4 p=150 | 5 %07 & p=150 UE%L 0l $® .+
= = = f5
€ 1.025 2 1.5 5e - 4 % 0.7 4
% 1.000 | | i & Bd | ‘E 0.6 +
‘;’": L ‘E 10 i £
g 0.975 1 “. > E L T_u- +T % 0.5 1
2 0.950 % 0.5 - 2047 & u=s0
E 0.925 - %:S TI(T+ +¢::’"’t % %37 : i: i:g
£ o0.900 | = 201 | | | - I — =2 02 . .
—4 —3 -2 -1 0] 1 2 3 4 —4 —3 -2 -1 0] 1 2 3 4 = —4 —3 -2 -1 Q 1 2 3 4
Truth n n © n
Forvyard Central region ForV\_/ard Forward Central region Forward Forward Central region ForV\(ard
region region region region region region
Same in central region, Less fake tracks in central region, Less duplicated tracks,
Lower efficiency in forward region Same in forward region Even less in forward region

MaxSeedPerSpM cut decreases the performance in forward region
But improves in central region




Target Goal

 Without the cut: improve performance
but timing is crucial

 Goal: Improve performance with same timing
- Keep the cut but try to bypass it

_



Linear Layer: Activations r-z neuron 44
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Linear Layer: Activations r-z neuron 86
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Linear Layer: Neuron 44 vs neuron 86

Neuron 44 Neuron 86
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Kolmogorov-Arnold Networks (KAN)

 Training did not converge Step 0
- Did not improved after first batch

 Playing with hyper-parameters
did not help




A new method:

Machine Learning/Hashing in the Seeding

Hashing:

1. Group similar space points into buckets

2. Do the seeding on each bucket

Algorithm used:

Approximate Nearest Neighbors Oh Yeah (Annoy)

- Used by Spotify

* Machine Learning algorithm type:
- k Nearest Neighbors (unsupervised)

Bucket position

Space separation

Look for neighbors in the

closest regions

- Random based

* Find Neighbors of the points
in layer 0 o !

]

1 space point in layer 0 = 1 bucket

50 OZ 250 500 750 1000

Metric: A

SP: Space Point

% Layer O SP
o SP
i Bucket

— Projection
— Track

Suitable for high pT tracks

L S
* o
i
»  }
o7 »

/// i
g
f , / 8 *f’a,‘

High pT track



https://github.com/spotify/annoy

Metric and bucket size

Metric: A(p Tracking efficiency Generic detector

1.0
Suitable for high pT tracks a5 | y ° 1 : \ ' i

NN 4 N 0.8 1 \
Best current metric | | // /%

0.7 Y Looks good enough

= for testing up to u = 100
S 0.6
e
i A
SP: Space Point § 051 i
0.4
% Layer O SP —
o SP 0.3 = A u=50
i1 Bucket W =140
—- Projection 0.2 1 y ¥ u= 10
- TraCk T T T T T T T T T
Hiah oT track 0 25 50 75 100 125 150 175 200
g p bucket size

Fix the number of neighbors (bucket size) to 100




MaxSeedsPerSpM cut vs Hashing

Default Seeding maxSeedsPerSpM = 1
1750 maxSeedPerspM=1 1750 - bucketSize=0
maxSeedPerSpM=2 bucketSize=50
1500 1500 +
1250 A 1250 A
& b
1000 A 1000 A
& c
m m
= =
£ 7501 £ 750
< <
500 500 -
250 A 250
0 T T T T T T T T T 0 T T T T T T
1.00 125 150 175 2.00 225 250 275 3.00 2 4 6 8 10 12
Number of seeds per SP middle Number of seeds per SP middle

=) Hashing get through the cut




Other metric: AR

Angular: Ag AR = V(A@? + An?) If Ap > m:
Ap = 2*Fm - Ag

Bucket position Bucket position
1751 9 SRR I AL N N T Y 2k ’ 3 1751 % S MAGCARAY T A * 1
i §4 ) .
150 - H 150 - l
125 1 125 -
RN MG | IS s = g W
100 100
[ I [
"
757 SRR T T | [ DR PRt
!
:
50 - i | 50 l
. AAAT T LAY . ! . ' ' Amaatiesingill R Anle. ' '
25 4 25
0 T T T T T T T T T 0 T T T T T T T T T
-1000 =750 —500 —250 0 250 500 750 1000 —-1000 —750 —500 —250 0 250 500 750 1000
Z z

_



Arbitrary units

MaxSeedsPerSpM and AR metric

On 1 event:

maxSeedsPerSpM = 1

1750

1500 +

1250 ~

1000

750 +

500 +

250+

Default

A
AR

AR metric more filtered

—

T
4 6 8
Number of seeds per SP middle

T
10

T
12

Filtered Middle Space points are on
the maxSeedsPerSpM bin

Some of the “Buckets shared
Middle Space points” are on the
bins after the maxSeedsPerSpM bin

Differences in the bins before
maxSeedsPerSpM correspond to
lost seeds
Default nSeeds: 4208
Ap nSeeds: 6053
AR nSeeds: 5300




Hashing and overlap

Hashing introduces overlaps: Overlap of buckets

- The same seed can be reconstructed in
several buckets (14 times in average)

Generic detector % Layer O SP
. SP
— Track
H;/girgihng L

New idea: Group buckets

- less overlap ﬁ



Super buckets and binning

Bucket position

'y 1oy Super bucket:
l : i Merging of the buckets created from
i l I the space points inside the z bin

175 A

{1
150
125 -
BEARAC I . 2
100 A
75 | RS —

- less overlap between buckets
@

N /-H-H-ﬁ-k%ﬁ

0

=)

T T T T T T T T
-1000 =750 /=500 -=230 0 250 500 750 1000
1 bin - 1 super bucket ?




Realistic case

Inner Tracker (ITk) e
(beeing built) @ﬁl&ﬁé + aifs,

Strip Barrel Strip Endcap

Pixel Endcap

Pixel Outer n
Barrel Pixel Inner Layers 1 Combinatorics

— maxSeedsPerSpM=4

AT LAS H L- L H C . 2 O O maxSeedsPerSpM = 1 f?ﬁ\
EXPERIMENT <> = - 1750 - szau\t %)
Y " AR metric: |

Official simulations o mmp .|y more filtered |

1000 ttevents / - — &J

u = 60, 140, 200

SV 11V4

Metric: A@ e e e W o zation




Bucket Size AR: n

InnerTracker WARNING: not only first layer selected
1 _4 1T 1T T 17T T T 1T | T T 1T | T T T T T 1T T T 1T T T 1T T 1 _4 T 17T T 17T T 17T T 17T T 17T T T 1T T T 1T T T 1T T
& LTATLAS Simulation Internal : : : - & TATLAS Simulation Internal N
E) 1 2_1@=14TeV B E) 1 2‘@:14Te\/ B
O "l €10, 2), tt single lep 7 Q " Hnl €[3. 4], tt single lep 7
E 1—|TK=A‘I'LAS-P2-RUN4-03-00-01 Athena 25.0.7 Hashing AR — E 1—|TK=A‘I'LAS-P2-RUN4-03-00-01 Athena 25.0.7 Hashing AR =
c L i c N ]
o o
= B 0 L ¢ ¥ 7 = C 7
S o0s8f 0 1 3 08 .
E L I ] E B O o
S 06t 1§ osf g * T
o) ® r
o B ] o i 4
g 0.4 - g 0.4 -
w B -$— Hashing u = 60 +— Hashing 1 =200 ---- Acts u = 60_| w B -$— Hashing u = 60 +— Hashing y =200 <--- Acts y =60 |
0'2— -------- Acts i1 = 200 — 02— -------- Acts i1 = 200 —
06 50 100 150 200 250 300 350 400 06 50 100 150 200 250 300 350 400

Bucket Size Bucket Size

_



Bucket Size AR: pT

InnerTracker WARNING: not only first layer selected
1 _4 1T 1T T 17T T 17T | T 17T | T T T T T 1T T T 1T T T 1T T 1 _4 T 17T T 17T T 17T T 17T T 17T T 17T T T 1T T T 1T T
& LTATLAS Simulation Internal : : : - & TATLAS Simulation Internal N
E) 1 2_1@=14TeV B E) 1 2‘@:14Te\/ B
Q ) P, €[0, 10] GeV, tt single lep 7 O ' P, €[20, 50] GeV, tt single lep 7
E 1—|TK=ATLAS-P2-RUN4-03-00-01 Athena 25.0.7 Hashing AR - E 1—|TK=ATLAS-P2-RUN4-:03-00-01 Athena 25.0.7 Hashing AR =
g g I R: g & 8 i i
S o08f s 1 3 os8f ‘ .
T N o ] T N - ]
S oe* 18 o8l .
Q . &) .
[0} B 7] [0} B 7]
o - o ] o C ]
3 04r, 13 04rg .
w B -$— Hashing u = 60 +— Hashing 1 =200 ---- Acts u = 60_| w B -$— Hashing u = 60 +— Hashing y =200 <--- Acts y =60 |
0 2 e Acts i1 = 200 — 0 2 e Acts i1 = 200 —
06 50 100 150 200 250 300 350 400 06 50 100 150 200 250 300 350 400

Bucket Size Bucket Size

_



Hashing performance: Timing and efficiency

Generic detector

Total running time per event (ms)

A¢ metric bucketSize=100
Total running time per event

® Default: u = 50
80007 @ pefault: u = 100
® Default: u = 150
7000 7 ¥ Hashing+Seeding: u = 50
6000 1 ¥ Hashing+5Seeding: p = 100
Hashing+Seeding: u = 150
5000 A
4000 A ? v Y !
Y ]
3000 A
L ]
2000 - v v v
v v
1000 4@
T T T L B B B B T
109 101 102 107

Number of z bins

Running time ~ x2

Total tracking efficiency

A¢ metric bucketSize=100
Total tracking efficiency

0.95 - ! ¥ ¥ ¥ ¥ ¥ ¥
> \ v
0.94 >~
0.93 1
0.92
0917 & Default: u =50
® Default: u = 100
0907 o Default: u = 150
¥ Hashing+Seeding: u = 50
0-85 1 ¥ Hashing+Seeding: u = 100
Hashing+Seeding: u = 150
0.88 ¢ -l
T T T L | T T T T T T
107 10! 10? 10°

Number of z bins

Improvement for small number of bins




Hashing performance: Efficiency (detailed)

Generic detector

A¢ metric bucketSize=100

Total tracking efficiency barrel [n| < 2.5

A¢ metric bucketSize=100
Total tracking efficiency endcaps |n| > 2.5

0.9275
0.96 8 vy ¥ ¥ v vy v ® Default: 4 = 50
v 0.9250 - ® Default: 4 = 100
Y ® Default: u = 150
- 0.94 - .. 0.9225 - ¥ Hashing+Seeding: u = 50
é é ¥ Hashing+Seeding: u = 100
E E 0.9200 Hashing+Seeding: u = 150
; 0.92 1 ;
< £ 09175 v —v
Js ® Default: g = 50 s L v
E 0.90 4 e Default: g =100 E 0.9150 4%
- ® Default: p = 150 = Y v v
¥ Hashing+5Seeding: u = 50 0.9125 ~ v -
0.88 7 ¥ Hashing+Seeding: u = 100 e
Hashing+Seeding: u = 150 0.9100 7
10° 101 102 103 100 101 102 103

Number of z bins

Improves then drops

Number of z bins

Always improve




Bucket Size Agp: n

InnerTracker WARNING: not only first layer selected
1 _4 1T 1T T T 1T T T 1T | T T 1T | T T T T T 1T T T 1T T T 1T T 1 _4 T 17T T 17T T 17T T T 1T T T 1T T T 1T T T 1T T T 1T T

& LTATLAS Simulation Internal : : : - & TATLAS Simulation Internal N

E) 1 2_1@=14TeV B E) 1 2‘@:14Te\/ B
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S - 5 g ¥ 8 - 5 ) -
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g T 5 g - ]

8 06 1 8 o6 0 1

- - ° o 2 4 am B i: 7
3 04 2 04 X

- O . - o .
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Bucket Size A@: pT

InnerTracker WARNING: not only first layer selected
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Ao@: Seed Efficiency n=200

InnerTracker

Seed Reconstruction Efficiency

o
o
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—fF— Acts v35.0.0
tt single lep n=200
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AR: Seed Efficiency n=200

InnerTracker
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A new method:

Machine Learning/Hashing in the Seeding

Hashing:
1. Group similar space points into buckets
2. Do the seeding on each bucket

Algorithm used:
Approximate Nearest Neighbors Oh Yeah (Annoy) Space separation Look for neighbors in the
- Used by Spotify closest regions

Application:

Bucket position

* Machine Learning algorithm type:
- k Nearest Neighbors (unsupervised)

| 1) Make bins in layer O
2) Find Neighbors of the
points inside a bin and
| group them
» Find Neighbors of the points inside a bin and group't — 1 bin - 1 bucket

1 bin - 1 bucket ) | 3)bDo IEhte seeding on the
ucke

150

- Random based

125

* Make bins in layer O oo QL'

- v

0-— T T T T T T T T
-1000 -750 -500 -250 0 250 500 750 1000



https://github.com/spotify/annoy
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