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The HIGHLOW projectat Valendia

"DESIGN OF HIGH PERFORMANCE ALGORITHMS FOR LOW POWER
SUSTAINABLE HARDWARE FOR LHC EXPERIMENTS AND THEIR UPGRADESO

- Transversal project: ATLAS amClexperiments
- Pls: Luc#&iorini(ATLAS), & Arantza OyangureRICh
- Funded by the Spanish Ministry of Science and Innovation (TER30852BI00)
- About 10 people (physicists + engineers + students)
Aim:

Benchmarking new hardware ~ Hhardware:

architectures and developing [« Rack K RETEX LOGIC-2 A600 42U F1000 PH

with reduced power Consumption e SWITCH D-LINK DXS-1210-28T 24x 10GB

N

e T10G Dual Xeon Scalable HPC 10xGPU PCle
o 2 x Intel® Xeon® Gold 5318Y 2,10GHz 24 Cores 3.40 GHz

o 8 x 32GB DDR4 3200MHz ECC REG

o 1 x SSD Samsung 990 PRO 2TB M.2 NVMe 2280 PCle 4.

o 1 x Controladora BROADCOM MegaRAID 9560-16i PCle

o 8 x HD 10TB SAS 12Gb/s 7.200 rpm

o 1 x NVIDIA® RTX™ A5000 24GB GB GDDR6 ECC

o 1 x NVIDIA® RTX™ A6000 Ada Generation 48GB GB GDDR6 ECC
o 1 x HBA Broadcom N210GBT Dual 10GbE RJ45
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TileCalcalorimeter at NTRAS

Layers of steel and plastic scintillating tiles




TileCalsignhal eeconstugcivonaiab L

Introduction and goal

0

(@]

O«

O«

O«

O«

F. Curcio

In HL-LHC TileCal signals will be processed by FPGAs for each BC and then
passed to L1 trigger. Also higher pileup.

This means we have to use better reconstruction algorithms that can run in
real-time and with better performance than Optimal Filtering.

The goal of this study is using Machine Learning algorithms to estimate their
performance in HL-LHC conditions

The idea is to feed a ML model windows of N consecutive Bunch Crossings
(the best number found until now is 11) to obtain the (true) energy of the
central one.

For now, high-gain and low-gain readings are mixed (choosing low-gain if
high-gain is saturated and high-gain otherwise) and normalized in the ranges
[0, 0.5] and [0.5, 1] respectively

Windows with reconstructed or true energies less than 10 ADC counts in the
high-gain reading are discarded
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F. Curcio

Comparison between models

0 In the following slides, two models will be presented:
3 Both are fully connected Neural Networks (multi-layer perceptrons)
3 Same number of parameters
3 Different loss:

Ereco — Etrue
Yy MAE (mean absolute error) = N;' true|

Yy RMSE (root mean squared error) = Jl f;E ~ Fiue

0 Results are divided in high and low gain
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MAE model HG

0

Relative Error AbsolthFr‘ml l_MAE
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ADC counts samples, the model prefers to predict 0

F. Curcio

Predicted vs True Energy
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Mean error close to 0, standard deviation ~30ADC counts

The step in (E_reco - E_true)/E_true = -1 corresponds to E_reco = 0, for low-
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RMSE m()del HG F. Curcio

Relative Error AbSOlM—B’LD‘Ll_RMSE Predicted vs True Energy
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O Similar results when | ooking at the
0 Stepin (E_reco - E_true)/E_true = -1 less pronounced
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MAE model LG
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F. Curcio

Predicted vs True Energy
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1000 A

y = (0.9996 + 0.0058)x +
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Standard deviation of the absolute error > 50 ADC counts in most of the bins

Step in (E_reco - E_true)/E_true = -1 very pronounced

Noticeable amount of events with relative error exactly or very close to 1
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RMSE m()del LG F. Curcio

Relative Error Absolmﬁl_RMSE Predicted vs True Energy
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(@4

Again, better results in the RMSE case, std of the error <50 ADC counts in

most of the bins

(@4

Step in (E_reco - E_true)/E_true = -1 less pronounced, RMSE mitigates the

problem
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F. Curcio

Conclusions

O«

Showed models are fully connected neural networks with the same number of
parameters and same structure, but different loss function

RMSE function seems to give better results both in terms of absolute error
and standard deviation

Steps in relative error = -1 to be understood

Further studies ongoing to check if reduction of number of parameters is
possible

O«

O¢ O«
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Sonakshi Ahuja
Overview: The Tile Calorimeter(TileCal) readout architecture has been redefined for HL-

LHC operations, requiring significant upgrades to handle increased data rates and severe
pileup conditions. PMT signals will be digitised and transferred to PreProcessors (PPr) in
the off-detector electronics for each bunch crossing, where the amplitude of the PMT
signals will be reconstructed, interfacing with the trigger and data acquisition systems. It
also involves the redesigning of all off detector electronics with the FPGA replacing the
DSP.Os

Motivation: The HL-LHC environment demands efficient signal processing to manage
high data throughput and pileup.

This project focuses on evaluating reconstruction algorithms, such as Optimal Filtering
(OF) and Artificial Neural Networks, suitable for these challenges.

Objective: To select an algorithm that ensures low latency and efficient FPGA resource
usage, compatible with the trigger system. A user-friendly framework will be developed to
test algorithms using HDL simulators interfaced with python for analysis, estimating
latency and resource usage, and comparing online performance with offline methods.

Impact: A robust signal processing algorithm in the pile up environment of the HL - LHC
will enhance TileCal performance and trigger efficiency

Advantages of FPGA Over DSP in the off detector electronics:

»  Parallel Processing: Handles multiple operations at once for faster data processing.
»  Low Latency: Enables timely triggering decisions through real-time processing.

»  Flexibility: Can be reprogrammed for new algorithms and conditions.
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Preliminary results from Optimal Filtering

orithms

Sonakshi Ahuja
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Preliminary results from Optimal Filtering

A

Sonakshi Ahuja

The Optimal Filtering algorithm is used for accurate energy and time reconstruction in
TileCal.
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ATLAT IleCalSigndlreco. for Hil-LKHC

F. Hervas

A In the HL-LHC, signals will be reconstructed for every BC at 40 MHz
(25 ns) before the trigger
| Signals need to be processed by FPGAs due to their low and
deterministic latency for signal synchronization
| Multiple simultaneous signals will produce pile -up
A There is a need for more sophisticated algorithms for signal reconstruction
| Deep learning algorithms (Neural Networks )

J2) I8 R T DG T . R =
On-detector Off-detector @ c | lllustration of out-of-time pile-up (+ 50 ns) ]
Detector %0 ME® =3 L ATLAS Tile Calorimeter i
FENICS Mainboard Co— 1 MHz ) 1 |
= T R
- ADC o L .
' {(ADC ) m: o to FELIX 2 osf Tile Calorimeter
+—={ ADC DCS L
x [TDAQl ‘ @_}Q_~ -
- Ir =
(ADC =Y ™o FELIX =2
S— -
Calibration & Control 40 MHz | Digital Trigger 0.4
¥ Primitives i
Level0 5
Trigger 02?

Ca g g e o g )
%o "0 40 20 0 20 40 60 80
Time [ns]
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F. Hervas

A Versal ACAP System on Chip (SoC) for algorithm V|VADO\’ W
teSting ML Editions
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F. Hervas

Modified version of a perceptron with 2
neurons
Hyperbolic tangent as the activation function

1 Quantized and implemented in a Look Up

Table

Input: 9 BC sliding window
Output: Amplitude of the central BC in each
window

I
- | L
Z (zjw;) + b . — tanh(a)w + by g

i=0 '
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FPGA implementation of a deep learning algorithm for
real-time signal reconstruction in particle detectors

under high pile-up conditions

J.L. Ortiz Arciniega1, F. Carrio? and A. Valero?
Published 2 September 2019 * © 2019 IOP Publishing Ltd and Sissa Medialab

Journal of Instrumentation, Volume 14, September 2019
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ATLAT IleCalSigndlreco. for Hil-LKHC

A [1] RTL design netlist of the Perceptron in Vivado F. Hervas
A [2] Resources used in the test bench device (Versal e
veo02) o 1 ooy .
A [3] Resources used in the real time unit (Kintex - t SE w
Ultrascale KU 115) L H Hidde Uﬁ Activation
A [4] Trade-off between system latency and processing B -*—i—/J«.WJ ey 1 Ly
p=a:b+c —.,_j/ p=(d+a)-b
frequency ‘ H "J\;_;LOutpu 0y fi);r:glrl;ahz
A [5] Accuracy of the algorithm in floating point (CPU) and R i%
fixed point (FPGA), with the input signal and the true peabre oo "
amplitude
VC1902
) Resource Utilization Available Utilization (%)
— Accuracy comparison — :Neurz?I Network Performance LUT 72 899840 0.01%
P oo | ' ' 1 EC S FF 203] 1799680 0.01%
15000 + O Fnag ] BRAM 4 967 0.41%
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1000 S [2]
750 g0 KU115
5001 %15, Resource Utilization Available Utilization (%)
- LUT 65 663360 0.01%
250 §1or FF 203| 1326720 0.02%
= > st BRAM 3.5 2160 0.16%
500 1000 1500 2000 2500 [O] 166300 300 400 500 600 [4]  [DoPaBE2 2 220 QL%
Time [ns] Processing Frequency [MHz] BUFG 1 1248 0.08% [3]
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. Detect
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f
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Allen:the LHChhightlevel trigger 1 (HLT1) application GPUs.

[LHCBTDR021] -

— Raw data
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| /[ricHI
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Side View
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[Com.SoftwBigScid, 7(2020)]
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Three tracking detectors
ol
VErtex LOcator l Scintillating Fibre Tracker
Upstream Tracker Track reconstruction

Track reconstruction downstream the magnet

Precise reconstruction

of primary vertices
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TradkmgaatLHTb

0 In the LHCb tracking system, reconstructed tracks are classified based on
their hits in tracking detectors:

- Long track: tracks with hits in VELO and SciFi, optionally UT;

- Downstream track: tracks with hits in the UT and SciFi only.

Upstream track
N 2B

uT
VELO L— Long track
|
VELO track W

\ T track

0 Long tracks and downstream tracks are used in most physics analyses,
while the other types either serve as a component of another track type or are

mainly used for detector studies. 5



DownstreamtitackipgaatHiiir 1

https://indico.cern.ch/event/1338689/contributions/6015405  J-Zhug B.Jashal

1 The main purposes of Downstream tracking is to improve the reconstruction
efficiencies of decays occurring outside the VELO detector:

+
K’ " A P
cT-3cm < _ cT-8 cm < _

T m

91 Downstream tracking increase the effective decay volume up to 2.5 m
More sensitivity for Beyond Standard Model (BSM) Long-Lived Particles
(LLPs) searches.

[Eur. Phys. J. C 84, 608 (2024)]

91 Downstream trackingc o u | deirmplemented in HLT1 during Run 2 due to
limit timing budgets, but thanks to the trigger system upgrade in Run 3, we
successfully developed GPU version of Downstream tracking:

- This has been running in data-taking since October 2024
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LHCB -TDR-015'

one SciFi seed per thread

one candidate per thread

Make SciFi standalone tracks

Vs
Extrapolate to UT stations

\-

) 1

Open first search window in
the last UT layer

|

For each hit create new
candidate and correct the
trajectory

Downstream
tracks

- N
Select the best hit
combination for the second
and third layers.

NG J

t

Find the closest hit in the
first layer, and the two
closest hits in the second and
third layers.

f

Throughput

Open refined search
window for each candidate
in the remaining layers

73.19 kHz

Forward + Matching + Rest HLT1

Forward + Matching + Rest HLT1 + Downstream

LHCb 2024
Run 306411

T T
20 40

SciFi Stations

"";;L;;ﬂ\
P e = oy by NSRS o B T NN
g P o S L A R T,
T TS
= = == Fijrst search window
= = = Refined search window
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Adding Downstream tracking to HLT1
reduces throughput by approximately 9%
to 67.50 kHz per GPU, meeting the HLT1
requirement of over 60 kHz per GPU
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