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INTRODUCTION

• High-luminosity phase of LHC (HL-LHC) is an important mile-
stone for particules physics:

• For 2027 is expected to produce 5-7 times the instanta-
neous luminosities

• Trigger rates of 1 MHz
• Up to 140-200 simultaneous proton-proton collisions

(pileup) every 25 ns

• Requires major upgrade of the off-detector system of the AT-
LAS LAr calorimeters to meet the physics goals:

• Increase computing capacity with Stratix-10 FPGAs
• Apply real-time artificial intelligence algorithm for energy

reconstruction
• Process 384 or 512 LAr calorimeter cells by each FPGA

CONVOLUTIONAL NEURAL NETWORKS (CNN)

Figure 1: Background rejection and
signal efficiency CNN receiver oper-
ating characteristic curves and their
tagging aspect, compared to the OF
with maximum finder.

Figure 2: Four convolutional lay-
ers constitute the architecture of the
CNN. The tagging layers process
their input sequence first, succeeded
by the energy reconstruction layers.

• One-dimensional convolutional neural network (1-D CNN) is a
two-staged design for sequence processing that includes pulse
tagging and energy reconstruction.

• Pulse tagging sub-network (2 layers)

• Trained first to detect energy deposits above noise thresh-
old (signal)

• Sigmoid activation function

• Energy reconstruction sub-network (1-2 layers)

• Uses results of tagging sub-network and raw ADC sam-
ples

• One or two reconstruction layers resulting in 3-Conv and
4-Conv networks

• ReLU activation functionENERGY RECONSTRUCTION IN LAR CALORIMETER

• The Liquid-Argon (LAr) Calorimeters of ATLAS exploit the
ionisation signal to measure the energy of electromagnetic
showers of photons/electrons.

• Calorimeter with ∼ 182.000 cells

• Bipolar pulse shape (total length of up to 600 ns, 25 BCs).

• Sampled and digitized at 40MHz

• ATLAS level-1 calorimeter trigger (L1Calo) data processing
uses Optimal Filter algorithm (figure 3) (readout path) with
maximum finder (trigger path)

• Using four/five samples around pulse shape peak
• Assume perfect pulse shape

• High pileup leads to overlapping pulse shapes

Figure 3: Sample sequence (black) simulated by AREUS, together with the
true transverse energy deposits (yellow) shifted by five BC to improve the
plot visibility

NETWORK PERFORMANCE

• NNs outperform the OF with maximum finder to reconstruct
the energy deposited in LAr cells under HL-LHC conditions
(figure 4)

• Better reconstruct pulses distorted by previous events (figure 5)

Figure 4: Energy resolution for different algorithms

Figure 5: Resolution as function of the distance to previous high energy
deposit for the OF with maximum finder, LSTM, Vanilla-RNN and 3-Conv
CNN

RECURRENT NEURAL NETWORKS
• Designed to process time series data, RNNs consists of internal neural network that process the new time input combined with past

processed state.

• Vanilla RNN with ReLU activation is the simplest recurrent structure
• Long short-term memory (LSTM) with gated cell design with sigmoid and tanh activations can handle long term effects better

• Data can be passed in two different formats (figure 6)

• Sliding-window:
• Window size of 5 including one sample before the pulse and avaliable for Vanilla-RNN and LSTM
• Full sequence split into overlapping subsequences (one energy prediction)

• Single-cell:
• Continuous stream of digitized samples for single cell LSTM with unlimited information of past events

Figure 6: Left: RNN processing of calorimeter samples for RNNs with sliding window, right: stream for single cell LSTM

FPGA PERFORMANCE

Multiplexing Freq Latency LAr Channels Resource Usage

3-Conv 6 344 81 390 0.8% / 1.5%
4-Conv 6 334 62 352 0.7% / 1.7%
Vanilla 15 640 120 576 2.6% / 0.6%

Table 1: Occupancy of the NNs implementation on a Stratix-10 FPGA

Freq Latency Initiation Intreval Resource Usage

3-Conv 493 62 1 0.8% / 0.6%
4-Conv 480 58 1 0.7% / 0.6%
Vanilla (**) 641 206 1 0.6% / 1.4%
LSTM (*) 560 220 220 3.1% / 1.9%
LSTM (**) 517 363 1 12.8% / 7.5%
(*)Single (**)Sliding

Table 2: Performance of the VHDL (CNNs) and the HLS (RNNs) implemen-
tation on a Stratix-10 FPGA and single data. input channel.

• Good agreement between the numerical results of the firmware
and software implementations.(figure 7)

• Multiplexing is used as strategy to enables one network
instance to handle multiple calorimeter cells.

• All implementations stay below 200 ns latency

Figure 7: Relative deviation of the firmware
and software results

• The resource utilization for various approaches is shown in Ta-
ble 1 and 2

• Automated VHDL approach and HLS design optimize the mul-
tiplexed implementation in different ways

• Further optimisation of resource usage and execution fre-
quency are ongoing, as well as hardware tests on Stratix-10 FP-
GAs.
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