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LHCb ATLAS

LHC: the proton-proton collider at CERN with an energy of 13.6 TeV

Introduction 



The HIGH-LOW project at Valencia
"DESIGN OF HIGH PERFORMANCE ALGORITHMS FOR LOW POWER 

SUSTAINABLE HARDWARE FOR LHC EXPERIMENTS AND THEIR UPGRADESò

- Transversal project:  ATLAS and LHCbexperiments  
- PIs: Luca Fiorini(ATLAS), & Arantza Oyanguren (LHCb)
- Funded by the Spanish Ministry of Science and Innovation (TED2021-130852B-I00)
- About 10 people (physicists + engineers + students) 

HL
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Aim: 
Benchmarking new hardware 
architectures and developing
fast and high efficient algorithms 
with reduced power consumption

HL hardware:



The HIGH-LOW project at Valencia
HL
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TileCalcalorimeter at ATLAS 
Layers of steel and plastic scintillating tiles



Introduction and goal

ǒ In HL-LHC TileCal signals will be processed by FPGAs for each BC and then 

passed to L1 trigger. Also higher pileup.

ǒ This means we have to use better reconstruction algorithms that can run in 

real-time and with better performance than Optimal Filtering.

ǒ The goal of this study is using Machine Learning algorithms to estimate their 

performance in HL-LHC conditions

ǒ 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.

ǒ 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 

ǒ Windows with reconstructed or true energies less than 10 ADC counts in the 

high-gain reading are discarded 

F. Curcio

TileCalsignal reconstruction with ML



Comparison between models

ǒ In the following slides, two models will be presented:

ƺ Both are fully connected Neural Networks (multi-layer perceptrons)

ƺ Same number of parameters

ƺ Different loss:

ƴ MAE (mean absolute error) = 

ƴ RMSE (root mean squared error) =

ǒ Results are divided in high and low gain

F. Curcio

TileCalsignal reconstruction with ML



MAE model HG

ǒ Mean error close to 0, standard deviation ~30ADC counts

ǒ The step in (E_reco - E_true)/E_true = -1 corresponds to E_reco = 0, for low-

ADC counts samples, the model prefers to predict 0

F. Curcio

TileCalsignal reconstruction with ML



RMSE model HG

ǒ Similar results when looking at the errorôs std, but average values closer to 0

ǒ Step in (E_reco - E_true)/E_true = -1 less pronounced
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F. Curcio

TileCalsignal reconstruction with ML



MAE model LG

ǒ Standard deviation of the absolute error > 50 ADC counts in most of the bins

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

ǒ Noticeable amount of events with relative error exactly or very close to 1

F. Curcio

TileCalsignal reconstruction with ML



RMSE model LG

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

most of the bins

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

problem

F. Curcio

TileCalsignal reconstruction with ML



Conclusions

ǒ Showed models are fully connected neural networks with the same number of 

parameters and same structure, but different loss function

ǒ RMSE function seems to give better results both in terms of absolute error 

and standard deviation

ǒ Steps in relative error = -1 to be understood

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

possible

F. Curcio

TileCalsignal reconstruction with ML



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

DSPôs.

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:

Å Parallel Processing: Handles multiple operations at once for faster data processing.

Å Low Latency: Enables timely triggering decisions through real-time processing.

Å Flexibility: Can be reprogrammed for new algorithms and conditions.

Sonakshi Ahuja

FPGA-based reconstruction algorithms



Preliminary results from Optimal Filtering 

Sonakshi Ahuja

FPGA-based reconstruction algorithms



Preliminary results from Optimal Filtering 

Å The Optimal Filtering algorithm is used for accurate energy and time reconstruction in 
TileCal.

ADC range limit
ADC range limit

Sonakshi Ahuja

FPGA-based reconstruction algorithms



Å In the HL-LHC, signals will be reconstructed for every BC at 40 MHz

(25 ns) before the trigger

Ḭ Signals need to be processed by FPGAs due to their low and

deterministic latency for signal synchronization

Ḭ Multiple simultaneous signals will produce pile -up

ÅThere is a need for more sophisticated algorithms for signal reconstruction

Ḭ Deep learning algorithms (Neural Networks )

F. Hervas

ATLAS TileCalSignal reco. for HL-LHC



VC1902 Chip resources:

Å Versal ACAP System on Chip (SoC) for algorithm 

testing

Ḭ PL - FPGA: Algorithm hardware acceleration 

and data moving between memories (Vivado)

Ḭ PS - CPU: Managing and control of the 

accelerators (Vitis)

Ḭ Memory: Data buffering

Ḭ Connectivity: External data reception and 

data transmission

F. Hervas

ATLAS TileCalSignal reco. for HL-LHC



Å Modified version of a perceptron with 2 

neurons

Å Hyperbolic tangent as the activation function

Ḭ Quantized and implemented in a Look Up 

Table

Å Input: 9 BC sliding window

Å Output: Amplitude of the central BC in each 

window

y

F. Hervas
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ATLAS TileCalSignal reco. for HL-LHC
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Å [1] RTL design netlist of the Perceptron in Vivado

Å [2] Resources used in the test bench device (Versal

VC1902)

Å [3] Resources used in the real time unit (Kintex

UltraScale KU115)

Å [4] Trade-off between system latency and processing 

frequency

Å [5] Accuracy of the algorithm in floating point (CPU) and 

fixed point (FPGA), with the input signal and the true 

amplitude
[1]

[2]

[3]
[5]

F. Hervas

[4]

ATLAS TileCalSignal reco. for HL-LHC
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Real Time Analisisat LHCb



Real Time Analisisat LHCb
Detector response 
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LHCbdata 
center at Pit 8

Event builder
& event filter 1

Event filter 2

30 MHz 
(non-empty pp) 

5 TB/s 

1 MHz  
100 GB/s 

10 GB/s 
100 KHz 



Real Time Analysis at LHCb

https://allen-doc.docs.cern.ch/

Allen: the LHCbhigh-level trigger 1 (HLT1) application on GPUs. 
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RAW DATA

Global Event 
Cut

Selected events

Selected 
event

Muon decoding

Muon ID

Find 2ary PV 

SCiFidecoding

SCiFitracking 

Parameterized
KALMAN 

UT decoding

UT tracking

VELO decoding 
and clustering

VELO tracking

Simple KALMAN 

Find PV 

[LHCB-TDR-021]
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[Com. SoftwBig Sci4, 7 (2020)]

­ Fast detector reconstruction in O(500) Nvidia RTX A5000

More than 300 
algorithms with a 

high level of 
parallelization
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Tracking at LHCb
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ǒIn 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.

ǒLong 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.

Tracking at LHCb
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Downstream tracking at HLT1

¶Downstream tracking increase the effective decay volume up to 2.5 m 

More sensitivity for Beyond Standard Model (BSM) Long-Lived Particles 

(LLPs) searches.

¶Downstream tracking couldnôt be implemented 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

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

J. Zhuo, B. Jashalhttps://indico.cern.ch/event/1338689/contributions/6015405/

¶The main purposes of Downstream tracking is to improve the reconstruction 

efficiencies of decays occurring outside the VELO detector:

https://indico.cern.ch/event/1338689/contributions/6015405/
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Downstream tracking at HLT1

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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BuSca: Buffer Scanner at HLT1


