Dataset

» Change to 25 layers. (Because the layers of most dataset are around 30 layers.)

We focus on one simple category of quirk tracks initially (This is the
first study for well-behaved quirks), so we do the simple selection on

Quirk dataset:
> No Opening angle selection

> Nhit <50
> | found that open_angle have little impact when Ny, is

limited.

Separate the Background and Quirk dataset for analysis:
> Quirk training, quirk inference (1600 events to train on,

200+200 val/test)
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Metric Learning : Well behaved Quirk training, quirk inference

Use metric learning to reduce the dimension: Embedding the space points on to graphs.

Loss

Training validation loss

0.01 3 -8 train_loss
3 |+
#- val_loss )
] R
0,009 3
E ap
0.008 =
] O
@
0.007
1
1
|'f
0.00 |]
0.005 - v|
1
i
Fh
Vet R ] ™,
TN R PR u'ml't‘ll
0.004
¥ L L] L] L
0 20 40 80 100
Epoch

2023/11/12

0.22 =

0.2 =

a .18

0.16 =

0.14 4

Purity on validation set

-@- Purity | &
T
2
op

=

O

@

Epoch

T
&0

Qiyu Sha gsha@cern.ch

T
100

Efficiency

Efficiency on validation set

o

Trusetssrtrisstsstigssssssse @ EffiCiEncy |+

1=
E ’ ap

0.89 D
O
@

0.88

0.87 = V

0.96 =

0.85 =

L] L] T L
o 20 &0 a0 100

Epoch




GNN : Well behaved Quirk training, quirk inference

Train GNN to classify edges as either “true” (belonging to the same track) or “false” (not belonging to the same track)

Training validation loss Purity on validation set Efficiency on validation set
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Results: Quirk training, quirk inference

Well-behaved Quirk training, quirk inference: 95.3% reconstructed efficiency (8layers: 92.8%)
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» The opening angle has no big impact on the Quirk reconstruction efficiency in well-behaved Quirk training.

2023/11/12 Qiyu Sha qgsha@cern.cn



Distribution of reconstructed quirks

The distribution of reconstructed quirks’ information:
» 1,¢,z(cm) are truth information of hits. r is scaled to (0,1). The plots are shown in the backup.

> nlts is the number of reconstructed hits, ntS, is the number of truth hits.
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Reconstructed hits of quirk

All of well-behaved quirks are reconstructed well even though the dot plot looks chaos:

Raw Trajectory Plot for Event 1044 Raw Trajectory Plot for Event 1044 Reconstruct Trajectory Plot for Event 1044
0.0 1 esoeeesee @ Particle1204.0 0.0 1 —8— Particle 1204.0 0.0 —8— Particle 1204.0
.... @ Particle 1205.0 —e— Particle 1205.0 —a— Particle 1205.0
@'
o® .
o® .
-0.2 A . s " -0.2 ~0.2
—0.4 - ~0.4 —0.4
> i > -
= = =
T ° . ﬁ = £
[ ] L] * o —0.6 —0.6 1
-0.6 . . 0.6 0.6
° ° L
o ®
° -
~0.8 o . ¢ ¢ . —0.8 .- —0.8 1 .-
°
° [
o. L
-1.0 1 [ ] ° [ ] L —1.04 — ./', - —1.04 — ././ *
]
- - T r v T r T T T T T T T T T T T T T T
—-0.2 —0.1 0.0 0.1 0.2 0.3 0.4 —0.2 -0.1 0.0 0.1 0.2 0.3 0.4 -0.2 -0.1 0.0 0.1 0.2 0.3 0.4
Hit X Hit X Hit X
Raw Trajectory Plot for Event 1084 Raw Trajectory Plot for Event 1084 Reconstruct Trajectory Plot for Event 1084
®
] ° L4 J ]
1.0 ° ° 1.0 1.0
L] [
° °
L [
] . P
0.8 ° .. 0.8 | 0.8 1
b .
b .
° L)
® ¢ L ﬁ
064 @ [ 0.6 0.6 4
> ] L] > -
= ° = =
T I T
0.4 0.4 0.4
0.2 4 . 0.2 4 0.2
)
(]
.
o.. .
® Particle 1364.0 % . °* —8— Particle 1364.0 —8— Particle 1364.0
004 @ Particle 1365.0 eee® ° 0.0 { —®— Particle 1365.0 0.0 { —e— Particle 1365.0
T T T T T T T T T T
o2 o1 00 01 02 -0.2 -0.1 0.0 0.1 0.2 -0.2 -0.1 0.0 0.1 0.2
Hit X Hit X

Hit X




Metric Learning : All Quirk training, quirk inference

Use metric learning to reduce the dimension: Embedding the space points on to graphs.

Training validation loss Purity on validation set
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Loss

GNN : All Quirk training, quirk inference

Train GNN to classify edges as either “true” (belonging to the same track) or “false” (not belonging to the same track)

Training validation loss Purity on validation set Efficiency on validation set
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e o _ o o
3 -@- train_loss -@- Purity -@- Efficiency
‘ ® 7 |+ |+
0.3 3 @ val_loss _ ] B 0.6 3 -
E o R ] iR iR
! Tl 20 l T y l l e 0.8 o
024 L5 O 0 (0)5 oy (0)%
R ‘ > (e
4 ) o) [ D goy
\ g )

H ]

]
0.1 4 =
(€]

2023/11/12 Qiyu Sha qgsha@cern.ch 8




Results: All Quirk training, quirk inference

When we training on all quirks without pre-selection, the performance has dropped significantly:
65.1% reconstructed efficiency (8layers: 56.3%)
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» Reconstruction efficiency decreases as the opening angle increases.
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Reconstructed hits of quirk

When tracks become crazy with lots of hits and in-out layers, the reconstructed performance is bad:

Raw Trajectory Plot for Event 71 Reconstruct Trajectory Plot for Event 71 Raw Trajectory Plot for Event 34 Reconstruct Trajectory Plot for Event 34
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Raw Trajectory Plot for Event 24 Reconstruct Trajectory Plot for Event 24
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Well-behaved quirks (small n;;¢) are still
reconstructed well:




Conclusion and future work

» Prepare the paper framework.
» Plan to training on dataset with more (m_Q, lambda) combination.
» Add noise in the training.
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/prime

» Extend the fit range to (30-80).
» Optimize the GP function for bkg modelling
» SS test and signal injection test.

— . Lo T 1y
> The best results until now: Gylu().€) = (27)n/2|C|1/2 Exp[ ;¥ — (X)) €y - p(x)

» Bern order 9 as mean function.
» K=1e9,1=4.0
» SS uncertainties between -0.8 — 0.8 (plan to optimize to -0.5-0.5)
» Signal injection test: The GP fitting demonstrates good fitting performance and excellent linearity, with signal
bias within 1% of the injected signal yields. (V)
Graph x>
2 08k > ~ATLAS Internal —e— Data -
@ 08¢ o - GP Mean -
E n O 200— —— B model x*=0.53 :;
0.6 " I I
- ‘ ‘ 8 _ Fitted Ns = 934.0683 +- 10401.4557 — S+B model prob(y?) = 1.000
0.4; \ “\ \ S - 1=4.0000 /
0.2; ‘ ’JA‘ % E 100?
ok c n
C (4]
-0.2F J \’ uw v Lﬁ
r 0
0.4 S U P A R A
—D.Bf % g ..::
_0.3f | ] ¥ '

35 40 45 50 55 60 65 70 75
Mass_Zprime[GeV]




HH yyML

» Update plots to 140fb-1
» Finished the DAOD and MxAOD sample with parent pdgid information, will fill the table this week.
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Backup
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Distribution of well behaved reconstructed quirks

The distribution of reconstructed quirks’ information:
» 1,¢,z(cm) are truth information of hits. r is scaled to (0,1).

» n_reco_hits is the number of reconstructed hits, n_true_hits is the number of truth hits.
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Metric Learning : Quirk training, quirk inference

Use metric learning to reduce the dimension: Embedding the space points on to graphs.

Training validation loss
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GNN : Quirk training, quirk inference

Train GNN to classify edges as either “true” (belonging to the same track) or “false” (not belonging to the same track)

Training validation loss Purity on validation set Efficiency on validation set
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Results: All Quirk training, quirk inference

Dist
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Metric Learning : All Quirk training, quirk inference

Use metric learning to reduce the dimension: Embedding the space points on to graphs.

Training validation loss Purity on validation set Efficiency on validation set
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Loss

GNN : All Quirk training, quirk inference

Train GNN to classify edges as either “true” (belonging to the same track) or “false” (not belonging to the same track)

Training validation loss Purity on validation set Efficiency on validation set
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