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Permutation invariance and A¢

A@: @-@o ; @o: @ of the first hit

The model is invariant with respect to hit permutation
- The model does not see any order in the input hits

- @o: Which one is the first hit?
Input — Ao ®

Firsthit A@=0 2?2?27
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TrackML ordering

» Hits are ordered by hit_id

hit id, tx, iz, tpx,tpy, tpz,
-80.9456, -1562.5
-85.8414, - .5 .748309, -0.0482825, -1
-55.6029, - .5 .31981,-0.0822062, -35
-91.9881, - .5 .215943, -9.0481328, -3
-68.1597, - .5 .64949,-0.0550967,-14.1
-89.0733, 5,-9.33948,-0.832797,-158.115,

-34.5591, -1582.5,273214, -202257, - 940450,
-46.6731, -1502.5,-0.149702,0.0291769, -3.55807
-66.7133, -15082.5,-0.816136, -0.0396834, -

-B4.8123, 5,-2.29166,

-90.6612, 5,-0.671139

-72.6399, -1502.5,-0.766712,0.0356306, -15

-136.497, -1502, -0.207892,0.0341211, -2
-167.817, -1582,285499, -33313.5, -95786¢

-152.347, -1502,-0.403204,0.0413873, -3.95€

-117.585, ] ,-0.264455,0.0390799,-3.3

-149.285, -1502, -3.0065, -0.154082, -30.1

-124.664, -1502,-1.17538, -0.0549401, -14. 298
-139.849, -1582,-670351,324178, -667487,

-185.828, -1502,-1.43561,0.0430129, -20.2756

-118.636, -1502, -9.216825, -0.0508236, -

-118.324, -1498,-0.21766, -0.0497417, -2.
-139.088, -1498,-217577,-117578, -968935
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TrackML: Is hit _id sequential?

David Rousseau | COMPETITION HOST

Posted 7 years ago

No, you can consider hit_id as a randomly generated id.
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Ao distribution

75 000 test particles
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Some inspections
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Some inspections
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Signed pr vs unsigned

Unsigned

p2d [GeV]

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

Signed

p2d [GeV]

plrue vs pRed ((tr, d, tz) - (g *pr, P2))
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Signhed pr Vs

Signed

10.0

unsigned

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

Relative Error Distributions for g* pr (1 GeV < pr < 2 GeV) ((tr, do, tz) = (g * pT1, pPz))
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Signed pr vs unsigned

Signed

Density

Relative Error Distributions for pr (1 GeV < pr < 2 GeV) ((tx, ty, tz) = (pr1, pPz))
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Xy z

g —pie
pg_me

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

Xy z
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

Xy z TrackML Zenodo
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Resolution

Xyz TrackML Zenodo

_ Relative resolution for pr ((tx, ty, tz) - (pr. p2))
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Counts

Target variable:
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Xy z

qipF™ - qipie

qlpfe

Relative error resolution for q/pt ((tx, ty, tz) = (q/pT, Pz))
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Resolution

TrackML Zenodo

X y Z Relative error resolution for q/pt ((tx, ty, tz) = (q/pT, Pz))
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Resolution

TrackML Zenodo
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Resolution

Xy z

TrackML Zenodo

Relative Error Distributions for g/pr (1 GeV < p1 < 2 GeV) ((tx, ty, tz) = (q/pT1. P2))
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Resolution
TrackML Zenodo

Relative Error Distributions for g/pr (1 GeV < p1 < 2 GeV) ((tx, ty, tz) = (q/pT1. P2))
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Resolution

TrackML Zenodo

Relative Error Distributions for pr (1 GeV < pr < 2 GeV) ((tx, ty, tz) = (q/p1. Pz))
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Resolution

TrackML Zenodo

Relative Error Distributions for pr (1 GeV < pr < 2 GeV) ((tx, ty, tz) = (q/p1. Pz))
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Resolution

Xy z TrackML Zenodo
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r, dphi, z = g/pT, pz
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Resolution
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Resolution

TrackML Zenodo
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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 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
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r dphi z TrackML Zenodo
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plue vs pPe? ((tx, ty, tz) = (pr. p2))
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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

i ' ticl
Testing: 153 788 particles Testing: ~78 656 particles
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Target variables
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TrackFormer

Transformer for track parameter regression

Tested on several dataset:
ToyTracks, Acts, TrackML

o (el
22

Regression in pt and pz

Shown promising results " *
P 9 OEO®

Sequences were padded to a fixed length
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TrackFormer loss functions

Mean squared error:

1 < .
MSE = — Z(?Ji — ?Jz‘)Q

n 1=1

Quantile loss:
QL= — " (max(a(ys — 5), (@ — 1)(y: — )

n 1=1
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https://www.evergreeninnovations.co/blog-quantile-loss-function-for-machine-learning/

Dataset selection details

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

Test dataset:

Total: 1643787 particles

621539 particles, min_pt=0.5, max_pt=10

599332 particles, min_hits=3, min_pt=0.5, max_pt=10, keep_secondaries=True

553606 particles, min_hits=3, min_pt=0.5, max_pt=10, keep_secondaries=False ("|vx|] < 1 && |vy| < 1" cut)

153788 particles, min_hits=3, min_pt=0.5, max_pt=10, keep _secondaries=False, max_abs eta=1

_



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 batch size: 1024 input: |
max_epochs: 100 tr, dphi, tz
Saving: target:
monitor: val_loss pt, pz
mode: min target:

31052 qopt, pz a
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