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HL-LHC Upgrade

* Higher data rate | LHC / HL-LHC Plan Hilumi y
* New readout electronics
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Noise Bursts (NB)
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Autoencoders

Encoder Decoder

Latent

!

Reconstructed Data x

« Goal: Reconstruct input data in training

« "“Bottleneck” ensures loss of information
during encoding process

- e.g. MSE(X, x")

Input Data x

- Anomaly detection: AE fails to find a good
reconstruction of anomalous data

- Threshold for loss term

Input Distribution Latent Distribution Output Distribution
p(x) Po(2) Po(x)
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Variational Autoencoders
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Training Dataset

Pileup (u = 140)

Signal hits
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Data Preprocessing

Encoder
Normalization: Xy
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Simulation of Noise Bursts
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Finding the best network

Encoder Decoder
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Selected Network

10g | — Original date
Input dim. 10 Reconstructed data
Dim. Layer 1T 20 80 ]
Dim. Layer 2 8 % 60 - .
Latent dim. 6 O, r
Epochs 200 bzﬁ 40
D)
5 20- '\ 1 |
L] | ] muht"" II J .
01— A l ﬂ,’ﬁu’hh S I ‘Hﬁ
) o J
_20 a
5450 5475 5500 HH25 5550 HH7H 5600
t [BC]
UNIVERSITAT Inattoie for Niscleor and) articls Plaice. T0 Dresdlan 11 Jalom Barmmanm oo Slide 12 DRESDEN 7\
DRESDEN TA5-WP2/WP5: Working meeting - neural networks on FPGAs // 14™h May 2025 -



Count

Selected Network

10% 4 ;
] : Bl Normal 100 — Original data
| _
. I Abnormal Reconstructed data
10° 4 i -=-= Thresh:0.5 04 @ Anomaly
: i
! —
. ! = 601
102 4 | =
: : 5 40-
| -
1
; | = 20
10" 5 l J
] |
- NICERNNL ). )
|
] : L — ) ﬂF ‘f—jf’\'
100 - i —20- L=
0.0 0.5 10 15 5450 5475 5500 5525 5550 5575 5600
Reconstruction loss (binned) t [BC]
aﬁ‘f\'fENR'ss,Frﬁ Inattoie for Niscleor and) articls Plaice. T0 Dresdlan 11 Jalom Barmmanm oo Slide 13 DRESDEN N
DRESDEN TA5-WP2/WP5: Working meeting - neural networks on FPGAs // 14™h May 2025 concep -



Selected Network
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Splitting the VAE and tuning of
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New score shows same behaviour as full VAE

Original data and VAE-flagged anomalies

120 A —— Original data
e Anomaly
100 A
®
80 A
® ®
o
]
®
— 60 -
% [}
O [}
> f [ ] 1
>
2 40 f
[NN]
[ ]
[
20 4
®
? ®
0 -
1 ..__Jl L
_20 -
5500 5550 5600 5650 5700 5750 5800 5850

t [BC]

TECHNISCHE Unsupervised Detection of Noise Bursts in Simulated LAr Signals with Autoencoders DRESDEN ﬁ
UNIVERSITAT Institute for Nuclear and Particle Physics, TU Dresden // Julian Herrmann Slide 16 concept
DRESDEN TA5-WP2/WP5: Working meeting - neural networks on FPGAs // 14™ May 2025 -



Energy [GeV]

Multiple cell Anomaly Detection

—— Time Series

407 [Cell 1 |
30 1
201 No tatNriomoahaly
AN LY
O T T — T T T
3480 3490 3500 3510 3520 3530 3540
t [BC]
~
Cell History 1: t1 |ty | t3 | g | - Time Window
: Global Every anomaly flagged
Cell History 2: ta | ts | tg | —
y ol I I I g Anomaly Flag! regardless of overlap
Cell History 3: ty, | t3 | t4 | ts
/
= 80%
ONIVERSITAT Instiute for Nuclear and Partcle Physics, TU Dresden 7/ Julan Herrmann————© Side 17 DRESDEN N\
DRESDEN TA5-WP2/WP5: Working meeting - neural networks on FPGAs // 14™h May 2025 -



Multiple cell Anomaly Detection: Results
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Summary and Outlook

« Simulation of Noise Burst signals using FFT
« Training of Variational Autoencoder for anomaly detection
 Splitting of VAE to reduce computing resources

« Algorithm for multiple cell anomaly detection

= Testing simulated NB and VAE on real data

= Comparison with other classical anomaly detection
methods

= Optimization for FPGA (further minimization of network
sSize)

= Training on additional signal properties (Q-Factor)
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Backup Slides
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Lost Luminosity in Run 2
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Machine Learning

Single Node: 0 = g(3; w; - x; + b) Input Layer Hidden Layer Output Layer
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Reparameterization trick

How can we perform backpropagation through a sampling operation?
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Training Dataset

Both Pileup (1 = 140) and signal hits

Signal type Energy range Number of input
[GeV] units

Constant gap (Atg,p, = 45 BQ) ~[0, 150] 100
Gaussian gap (Hgap = 30 BC, 044, = 10 BQ) ~[0, 20] 100
Uniform gap (tg,, between 0 and 70 BC) ~[0, 150] 100
Only-pileup =[O0, 5.5] 100

« Bunch length =5 cm, BTS =1 (all bunches filled)
« Scenarios alternate every 10000 BC

- Smaller Validation Dataset with different signal arrangement
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Hyperparameters optimization results
Initial Hyperparameters: B = 0.5, LR = 0.001, Batch Size = 1000
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Reconstruction performance on Only Pileup samples (full VAE)
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Correlation between new anomaly score and energy

Test data: High energy signal peaks with a constant gap
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Correlation between new anomaly score and energy

Test data: High energy signal peaks with a uniform gap
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Multiple cell Anomaly Detection: Results uniform gap samples
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