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THE LHCЬ UPGRADE 
The aim of the LHCb Upgrade II, scheduled for installation during LS4, is to operate at more 

than five times the current instantaneous luminosity with data rate of 200 Tb/s 
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THE LHCЬ UPGRADE: PICOCAL 

PicoCal

The main tasks of the LHCb electromagnetic calorimeter are the reconstruction of neutral 
pions and photons, as well as charged particle identification with an emphasis on electrons
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The aim of the LHCb Upgrade II, scheduled for installation during LS4, is to operate at more 

than five times the current instantaneous luminosity with data rate of 200 Tb/s 
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PICOCAL

SpaCal consists of alternating absorber and scintillator layers:

● Light is collected by wavelength-shifting fibers / light guides and sent to PMTs 
(photomultiplier tubes)

● Provides precise energy and timing information for each particle

Frontal view Side view of SpaCal

Focus on the central 
region for this study 

Timing capabilities with O(10) ps precision at high energy are needed in each readout unit over 
the entire surface. The Upgrade II calorimeter is therefore referred to as PicoCal:
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ENERGY AND TIMING INFORMATION

● The output of PMTs go through digitizer
● Digitized output of the PMT consists of 32 

data points
● The timestamp measures the time of 

arrival of particles to the calorimeter
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timestamp

Output of PMT

energy=integral of the pulse

LHCb-TDR-023

https://cds.cern.ch/record/2776420/files/LHCB-TDR-023.pdf
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● At 30% occupancy we can send a handful of 10-bit numbers per cell from frontend to 
backend → we can not send the whole pulse (32 data points) 
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Frontend 
electronics

Backend 
electronics

Check out Uzziel’s 
poster for more details 

ENERGY AND TIMING INFORMATION

We could extract only the timestamp (baseline) and send only it, but then we lose all the 
rest of the information from the pulse shape

We develop compression algorithm that will have to operate in radiation high conditions

https://indico.cern.ch/event/1496673/contributions/6637984/
https://indico.cern.ch/event/1496673/contributions/6637984/
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PROJECT DELIVERABLES

● Designing ML algorithm to be able to operate in high radiation environment, for efficient 

compression, allowing us to pass more timing information (e.g. pulse shape/timing from 

more cells) and/or save bandwidth/cost

● Studying the expected improvements in energy reconstruction derived from using 

ML-enhanced timing information (improved time stamp/pulse shape) as part of the input

● Expanding the hls4ml software library with a new SmartHLS/Libero backend, to enable ML 

model inference in Polarfire FPGAs
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AUTOENCODER FOR COMPRESSION

● We found that the smallest 32–2–32 model works well enough 
● We use Dense layers as the most suitable for our type of data
● Encode input in a smaller dimensional space
● Minimize mean squared error during the autoencoder training to find an 

optimal configuration of the network weights 
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TIMESTAMP REGRESSION

Example of the reconstructed pulse shape

We use Quantization-aware training to quantize the model before deployment 
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QUANTIZATION-AWARE TRAINING

● The autoencoder de-noises pulses, enabling reliable CFD timestamp extraction

● In raw data, around 50% of timestamps are not defined due to noise; in reconstructed 

pulses, all timestamps are correctly extracted

timestamp

12

Original
Reconstructed
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QUANTIZATION-AWARE TRAINING
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The autoencoder latent space shows correlation with the the pulse: 

● rising time (time between 10% and 90% of the max amplitude)

● pulse amplitude 

● generated time of arrival of the particle

timestamp

rising time
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HLS4ML DEVELOPMENT 

https://github.com/vloncar/hls4ml/tree/libero_backend 

https://github.com/vloncar/hls4ml/tree/libero_backend
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Orientative preliminary target specs:
● FPGA model: MPF100T (✅ we are focusing on MPF100T-FCVG484I)
● Initialisation interval: 4 (✅ requirement met)
● Clock period: 6.25 ns (✅ requirement met)
● Max total latency: 1 μs (✅ ~30 ns)

BASELINE ENCODER MODEL
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● Efficient compression with ML – We developed algorithms that preserve detailed 

timing information (pulse shape and timestamp) while reducing bandwidth and cost

● Improved physics performance – Incorporating ML-enhanced timing information 

leads to measurable gains in energy reconstruction

● Hardware deployment – We extended hls4ml with a SmartHLS/Libero backend, 

enabling ML inference on Polarfire FPGAs

CONCLUSIONS 



BACKUP



First (very preliminary) comparison of energy resolution from GNN reconstruction:

● First studies point to an improvement in resolution when using the encoder’s output
● More detailed studies and checks to follow, with more data and better model tuning.
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ENERGY RESOLUTION IMPROVEMENTS

Caveats:
- Small training dataset: ~3000 data 

points after prefiltering.
- GNN model not fully tuned for 

each setup.
- In contrast with Syracuse, we are 

including all module types in the 
dataset, not only SpaCal Pb.


