
REAL-TIME INFERENCE AT THE LHC

Davide Fiacco

School on AI/ML Methods at the LHC  ·  IBA Karachi  ·  16 July 2026

davide.fiacco@cern.ch

mailto:davide.fiacco@cern.ch


The Large Hadron Collider (LHC)

Protons circulate in two beams and are steered into head-on collisions 
at four points around the ring — each point is one experiment.
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16 The ATLAS experiment at the LHC

Figure 2.1: The LHC accelerator complex schematized [17].

The two most important quantities to define the operations of a particle collider are the
instantaneous luminosity Linst and the energy

→
s of the colliding particles in their centre-

of-mass reference frame. The instantaneous luminosity, which relates the rate dN/dt of a
physics process to its cross-section ω as in

dN

dt
= Linst ↑ ω, (2.1)

can be expressed in terms of the parameters of the collider as follows:

Linst =
N1N2fNb

4εωxωy
. (2.2)

Here, N1 and N2 are the numbers of protons in the two colliding bunches, f is the revolution
frequency of the collider, Nb is the number of bunches, and ωx and ωy are the widths of the
beam density distributions along the x and y direction. The peak instantaneous luminosity
delivered by the LHC at the ATLAS interaction point, Linst = 2.26 ↑ 1034cm2s→1, was
reached in May 2023 during Run-3, the last of the collider data-taking campaigns, which is
still ongoing (Fig. 2.2a). The integrated luminosity Lint =

∫
Linstdt allows to calculate the

total number N of events of a process with cross-section ω produced at a collider:

N = Lint ↑ ω. (2.3)

Fig. 2.2b displays the integrated luminosity collected by the ATLAS experiment in each year
of its operations. During Run-1, the 2011-2012 data taking campaign, the proton-proton
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From LHC to HL-LHC: a more challenging environment for the DAQ

Pileup : the number of individual proton-proton collisions 
that land in the same bunch crossing

Instantaneous Luminosity : It's used to quantify the performance of the 
collider, and it's related to how densely packed and precisely aimed the 
two proton beams are as they cross

Starting in June 2030, HL-LHC will deliver up to 3 times today's peak luminosity and push average pileup up to ~3 times the Run value

The Trigger & Data Acquisition (TDAQ) work will be even more challenging
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Figure 2: A Phoenix Event Display[19] depicting an event in the ATLAS inner tracking system in the HL-LHC conditions at
→𝐿↑ = 60 (left) and →𝐿↑ = 200 (right) for signal (blue) and background (red) particles with 𝑀𝐿 > 1.0 GeV.

signal jets become signi!cantly distorted compared to their true
values, which hinders physics analysis. The task of pileup mitiga-
tion is to suppress the pileup background and restore the physical
quantities from the signal collision.

While the HL-LHC will maximize the potential for discoveries
in particle physics, the unprecedented levels of pileup will pose
a major challenge for data analysis. Finding the signal of a rare
physics process in this environment is akin to !nding a needle in a
haystack datasets [23, 31], where machine learning (ML) models
must be robust enough to denoise complex event data. In recent
years, there is a rising interest in ML algorithms for mitigating
pileup e"ects[13, 24–27]. Current non-ML production algorithms
deployed in LHC experiments, typically optimized for lower pileup
conditions, have adopted two distinct approaches: either mitigating
pileup at the jet level [1] or at the particle level [8]. These single-
modality strategies often face a trade-o": jet-level substructure can
obscure internal substructure, while particle-level !ltering may lack
the global context required to estimate event-wide noise density.
In our approach, we exploit the full information from both parti-
cles and jets in each event by leveraging a combination of graph
architectures [2, 22, 26, 29] and transformer encoders [25, 30, 32]
to directly provide energy and mass correction factors for each jet,
enabling a more precise pileup mitigation.

In this work, we propose the Physics-Guided Hypergraph Trans-
former (PhyGHT), a hierarchical architecture that fuses Distance-
Aware Graph Attention (DA-GAT) for local sub-structure encoding
with a Global Transformer for event-level energy #ow analysis. This
hybrid approach resolves the trade-o" between local geometric pre-
cision and global context awareness required for high-pileup envi-
ronments. Inspired by PUPPI [8], we introduce the Pileup Suppres-
sion Gate (PSG), a learnable and di"erentiable mechanism designed
to enhance interpretability. PSG explicitly predicts a per-particle
signal probability, enabling the model to perform soft-masking of
pileup prior to aggregation with jets We formulate the jet puri!-
cation task as a hypergraph aggregation problem, treating jets as
hyperedges that connect variable-sized sets of tracks. This approach
employs a bipartite attention mechanism to dynamically weight
constituent tracks, overcoming the information loss associated with
!xed-size pooling [21] and enabling precise reconstruction of phys-
ical observables such as top quark mass. To rigorously evaluate
these capabilities, we release a simulated dataset of top quarks un-
der extreme pileup conditions (→𝐿↑ = 200) that closely mimic the
real-world detector data.

2 Dataset and Simulation
We present a novel, open-source dataset that !lls a critical need
at the intersection of machine learning and high-energy physics.
While functionally similar to proprietary datasets used by the AT-
LAS collaboration [14], our dataset o"ers three key advantages.
First, it provides truth labels for pileup characterization. This en-
ables precise separation of signal and background noise under HL-
LHC conditions. Second, it is fully public. This provides open access
to realistic particle physics data that is typically restricted to collab-
oration members. Third, it supports reproducibility and scalability.
This allows the broader computer science community to compre-
hensively evaluate state-of-the-art machine learning architectures
on complex particle physics analysis tasks. By simulating the ex-
treme pileup conditions (→𝐿↑ = 200) expected at the HL-LHC, we
provide a benchmark that allows researchers to build and test sys-
tems ready for the next generation of particle physics experiments.
The dataset is available at Zenodo.

2.1 Data Representation
The signal process is chosen to be top quark pair production de-
caying semi-leptonically, (𝑀𝑀 ↓ 𝑁𝑁, 𝑁 ↓ 𝑂𝑂↔𝑃, 𝑁 ↓ 𝑄𝑅𝑃), and is
generated using MadGraph5_aMC@NLO [4]. Pythia 8 [9] with AT-
LAS A14 central tune[7, 16] is used for parton showering which
results in stable, !nal state particles which can be observed by the
detectors. To mimic both standard LHC conditions and the high
pileup ones of HL-LHC, soft Quantum Chromodynamics (QCD)
pileup interactions were overlaid by sampling from a Poisson dis-
tribution with mean →𝐿↑ = 60 and →𝐿↑ = 200, respectively. The
primary and pileup vertices were spatially smeared using Gaussian
distributions with widths 𝑆𝑀𝑁 = 0.3 mm and 𝑆𝑂 = 50 mm. Stable,
!nal state particles are clustered using FastJet [11] with the anti-
𝑇𝑃 algorithm [10] using a cone size parameter of 𝑈 = 0.4 and the
minimum transverse momentum threshold 𝑀𝑄𝑅𝑆

𝐿 > 25𝑉𝑊𝑋 . Lastly
to model detector acceptance, we removed neutral particles and
charged particles with 𝑀𝐿 < 400MeV.

Particles in the detector are described using a standard 3D coor-
dinate system de!ned by their transverse momentum (𝑀𝐿 ), pseudo-
rapidity (𝑌), and azimuthal angle (𝑍)1. Each charged particle track
is represented by a feature vector x𝑃𝑇𝑈𝑉𝑊 = [𝑀𝐿 ,𝑌,𝑍,𝑂,𝑎0, 𝑏0]. Here,

1𝑋 is azimuthal angle, 𝑌 = ↗ ln
[
tan

(
𝐿
2

)]
where 𝑍 is polar angle, and 𝑎T = |

↗↓𝑎 | sin𝑍
in the spherical coordinate system where the 𝑂 axis is directed along the beam.

"PhyGHT: Physics-Guided HyperGraph Transformer," arXiv:2602.20475 (2026)
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arXiv:2602.20475


The 4 LHC main experiments

ATLAS
General-purpose detector.

Higgs, SUSY & BSM searches, 
precision SM measurements. 

Nearly 4π coverage.

CMS
General-purpose detector.

Same physics goals as ATLAS but 
independent design — a 3.8 T 
solenoid and compact layout.

LHCb
Forward spectrometer.

Dedicated to b- and c-hadron 
decays: flavour physics, CP 

violation, rare decays.

ALICE
Heavy-ion detector.

Pb-Pb collisions, studies the 
quark-gluon plasma — a state of 
matter from the early universe.

Different physics goals → different detectors → (as we'll see) different trigger strategies.
5
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Data Streaming for ATLAS and CMS

40 MHz
bunch crossings 

per second

× × ~2.1 MB
raw data per 

collision

= = ~84 TB/s
streaming data 

volume

That's on the same order of magnitude as all global internet traffic, averaged across the entire planet, every second the LHC runs.

You cannot store it. You cannot even read most of it off the detector. A keep-or-discard decision has to be made 
for every single collision: Trigger

6

The event size for Run 3 was (after zero-suppression, etc.) of the order of 2.1 MB, could we save all the events?

(… and for HL-LHC will be also worst than that, because of the bigger detector occupancy each event will have a bigger size …)



The 2-level Trigger Strategy adopted for Run 3

40,000,000 collisions / second

~100,000 pass the hardware filter

~1,000–3,000 saved to 
tape

1 in ~30,000
collisions is ever kept for physics analysis

7

Level 1 Trigger

High Level Trigger

STAGE 1 — LEVEL-1 (HARDWARE)
• Custom electronics: FPGAs & ASICs, not CPUs 

• Sees only coarse info: calorimeter towers, muon hits 

• Fixed, deterministic latency: 2.5–4 μs 

• 40 MHz → ~100 kHz

STAGE 2 — HIGH-LEVEL TRIGGER (SOFTWARE)

• Commodity CPU/GPU farms 

• Full detector granularity now available 

• Relaxed latency: ms per event 

• ~100 kHz → ~1–3 kHz to storage

(One-line teaser: LHCb and ALICE removed Stage 1 entirely for Run 3 — we'll come back on this later )



The 2-level Trigger Strategy adopted for Run 3  HL-LHC

40,000,000 collisions / second

~1,000,000 pass the hardware filter

~10,000 saved to tape

1 in ~3,000
collisions is ever kept for physics analysis
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Level 1 Trigger

High Level Trigger

STAGE 1 — LEVEL-1 (HARDWARE)

• Custom electronics: FPGAs & ASICs 

• Latency increased to 10 μs (12.5 μs) for ATLAS (CMS) 

• 40 MHz → ~1 MHz

STAGE 2 — HIGH-LEVEL TRIGGER (SOFTWARE)

• Commodity CPU/GPU farms 

• No much Latency increase thanks to the increased resources 

• ~1 MHz → ~10 kHz to storage

More collisions to untangle, more data per decision, but no really much more time to do it in



Four conditions any trigger algorithm must satisfy

Whatever runs in the trigger it has to respect all the following four conditions

1 2Accuracy: The decision is irreversible

There is no re-try, a rejected trigger event is gone 
forever, so the trigger has to be accurate

3 Occupancy: it has to fit in the available resources

At L1, the entire trained model often has to live on a 
single FPGA chip

4 Truncated, low-fidelity inputs

No full detector granularity, no fine tracking, the model 
must decide well on degraded information

9

Latency: the trigger has to be fast

A model that is 50% more accurate but 2× slower is 
simply unusable if outside the latency cost



Could machine learning be a good fit for triggers?

1 Exploits correlations no hand-cut ever could
A rectangular cut on a few variables can't capture the true, high-dimensional 
decision boundary between signal and background — a trained model can.

2

3

Adaptable to new or unanticipated signals
A fixed trigger menu only catches what physicists explicitly coded for. A 
model trained on generic features generalises further — and can be 
retrained, not redesigned, when conditions change.

Model-agnostic techniques: anomaly detection
Unsupervised models don't need a predefined signal at all — they can 
flag “unusual” events regardless of what makes them unusual, catching 
the unknown unknown.

10
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Nearly a decade of results at HLT

2017

DeepCSV live 
at CMS HLT

2018–2022

DeepTau, Ringer 
expand across HLT

2022–now

DeepJet, ParticleNet, 
GN2 — Run 3

Next

push the same 
idea to L1/L0

“Deep NN at HLT” isn't a new idea — it's a mature, proven one. Deep neural networks have been running live in HLT selections since 2017 (CMS's 
DeepCSV, ATLAS's RNN b-tagging), continuously refined ever since.
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4 Cheap approximations of same offline algorithms
“At HLT the ML models offer quick near-offline-quality decisions, inside 
ms time budget.+

Example of ML-based b-jet tagging evolution: all these 
models have been also implemented at trigger level, 

enhancing the trigger discrimination power!

ATLAS public plot FTAG-2023-07, https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-07/

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-07/


At HLT, “real-time” meant a few hundred milliseconds on ordinary CPU/GPU servers. At L1, it means micro-nanoseconds on a completely 
different kind of chip: FPGA

Field-Programmable Gate Array (FPGA)
• A chip of reconfigurable logic cells (LUTs), fast multiply blocks (DSPs), and on-chip memory (BRAM), linked by programmable wiring 

• You don't write instructions for it but you configure the wiring to physically BUILD a custom circuit shaped like your algorithm 

• Every logic cell fires every clock tick; it’s fully parallel, and it has a fully deterministic latency

Main FPGA components:

12

So what does “real-time” actually means at Level 1?
1
Introduction

“Nanos gigantum humeris insidentes.”
—Bernard of Chartres

“If I have seen further, it is by standing on the
shoulders of giants.”

—Isaac Newton

Artificial Intelligence has transformed our industry in the recent past. With
every iteration of every conference we hear a buzz around smaller and faster
deployments of neural networks, along with a constant push in making the hard-
ware that supports this boom more efficient. From companies investing millions
in specialized accelerators (ASICs) for their specific application to hardware
companies transforming their business strategy to keep up with the buzz, more
(inference) for less (energy and time) seems to be the holy grail of the coming
decade.

This thesis hopes to focus on a novel method of representing neural networks,
that lends us advantages during inference. We hope to identify appropriate use
cases for this method of developing neural network topologies, and gain insight

FIGURE 1.1: Example UltraScale+ layout

3

Y. Akhauri, https://arxiv.org/pdf/2004.05898

- Logic cell (LUT) — a tiny reconfigurable truth table

- DSP block — a hard-wired multiplier/accumulator

- BRAM — fast on-chip memory block

- Programmable interconnect — the “wiring” you configure

https://arxiv.org/pdf/2004.05898


Fitting a model onto a chip:
Remember points 2 and 3 of a well-functioning trigger: a model has to physically fit inside a fixed number of LUTs, DSPs, and BRAM blocks of the 

FPGA with the required Latency

13



Fitting a model onto a chip: Knowledge distillation
Train a small, fast “student” model to mimic a larger “teacher”, shrinking the architecture itself

14

After we trained the teacher with e.g. a classification task using the loss , we retrain a small model called student combining the same loss with an 
extra arm that depends on the output of the teacher

L

Lstudent = α ⋅ Lclassif (y, softmax(zs)) + (1 − α) ⋅ τ2 ⋅ Lsoft(softmax(zt /τ), softmax(zs /τ))

Where  and  are the predictions of the student and the teacher (respectively),  is used to balance the two loss terms and  is called temperature 
and is used to decrease the dominance of the most probable logic, enhancing the correlation between classes

zs zt α τ
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Eur. Phys. J. C (2021) 81 :969 Page 5 of 10 969

Fig. 5 Schematic view of the Student model training, receiving hints from the Teacher model. Adaptation layer are present in each of the hint loss
blocks

Teacher guidance is not provided to the Student once the
quality of the Student surpasses that of the Teacher with a
certain margin.

The explicit definition of the loss is reported in Eq. 2:

L(y, yS, yT )

=
{

‖y − yS‖2 + ∑3
i=1 γi Hi if ‖y − yT ‖2 < ‖y − yS‖2

‖y − yS‖2 Otherwise

Hi = ‖Ai − T H
i ‖2

(2)

with y being the truth labels vector, yS the Student predic-
tions, yT the Teacher predictions, Ai the output of the i-th
Adaptation layer, T H

i the output of the i-th Teacher layer
used as hint, and γi a tuned hyper-parameter, weighting in
respect to the standard MSE the contribution of each hint
term to the total loss.

5.3 Compression by quantization

Since most of the state-of-the-art deep neural network archi-
tectures are built and trained on powerful and power-hungry
devices, the availability of resources or latency constraints at
run-time are sometimes left-behind problems. A very effec-
tive technique to reduce and limit the models footprint is the
quantization of weights and activations: while in fact the typi-
cal choice is to use 32 or 64 bits precision floating-point arith-
metic, it has been demonstrated that it is possible to reduce
the number of bits per weight in order to greatly decrease the
model occupancy and improve its computational efficiency
with marginal loss in performance [16].

A widespread approach is to compress an already trained
model rounding the parameters to fixed precision values;
procedure that most of the times especially for particularly

aggressive quantization leads to a great degradation of the
accuracy. In our work, to overcome this problem and to
fully investigate end exploit the benefits of KD, we use a
Quantization-Aware Training (QAT) approach: this means
that the quantization is applied before the training of the
model. We report in Sect. 6 how the benefits of KD are more
evident with increasing quantization. All the architectures
we will present are completely quantized (both weights and
activation functions) beside the last layer which uses Floating
Point 32 bits weights (FP32), in order to perform regression
on a continuous output.

6 Performance

In this section, the result of the various techniques described
in Sect. 5 are presented.

It is not obvious to build an unambiguous definition for
a figure of merit against which to measure the performance
of a hardware trigger for an experiment at a hadron collider.
The complex constraints linked to the available data band-
width allocated to each trigger and the presence of multiple
selection chains designed for different physical processes,
lead to competing requests. In order to obtain performance
estimates that are sufficiently general and applicable to dif-
ferent types of physical processes, in this study we decided
to focus on a limited number of proxies related to the perfor-
mance of a generic muon trigger algorithm, able to capture
the fundamental characteristics of the ATLAS muon trigger.
We define the trigger efficiency turn-on curve as a function
of the muon pT considering a nominal transverse momen-
tum trigger threshold for the muon of 10 GeV, which cor-
responds to the planned multi-muon threshold for the muon
in the ATLAS TDAQ TDR [9]. The main proxy to evaluate

123

S. Francescato, Eur. Phys. J. C 81, 969 (2021)
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Fig. 7 Efficiency curves (realized as for Fig. 6). Statistical uncertain-
ties computed as binomial confidence intervals are shown as well. If not
visible, they’re smaller than the markers size. Here in indigo (circles)
the performance of the Teacher model. In light green (triangles) the
performance of the Student trained without any help from the Teacher.
In red (squares) the performance of the Student trained with hints from
the Teacher

Fig. 8 Teacher efficiency curves (realized as for Fig. 6) for different
levels of quantization. Each weight is a fixed point number whom integer
part is described using 0 bits and the decimal part using nbits . Statistical
uncertainties computed as binomial confidence intervals are shown as
well. If not visible, they’re smaller than the markers size

Fig. 9 Efficiency curves (realized as for Fig. 6). Statistical uncertain-
ties computed as binomial confidence intervals are shown as well. If
not visible, they’re smaller than the markers size. Here in indigo (cir-
cles) the performance of the Teacher model. In light green (triangles)
the performance of the Quantized Student (4 bits per weight) trained
without any help from the Teacher. In red (squares) the performance of
the Quantized Student (4 bits per weight) trained with hints from the
Teacher

Interestingly we report how the knowledge extracted through
KD increase with increasing quantization aggressiveness.

In Fig. 11 we compare the effect of using a quantized-
Teacher for the training of the students. Noticeably we
observe how using a quantized-Teacher generally leads to
worse results.

In Figs. 12, 13, 14 some quantities relative to physics per-
formance which we used to compare different algorithms are
reported; respectively σpT (resolution) around trigger thresh-
old, Plateau Efficiency and Fake Efficiency. The improve-
ments coming from the KD are clearly visible with all the
adopted metrics. It is also worth to notice that thanks to KD,
for all possible choices for quantization (down to 3 bits) the
CNN is capable of a Fake Efficiency lower than 2‰ (one of
the stringent requirements presented in Sect. 5). Without the
help from the Teacher (whom Fake Efficiency remains 0 for
all level of quantization) the model would otherwise break
the limit imposed by the experimental framework. A curious
feature is represented by the increasing Fake Efficiency for
higher numbers of bits for the Student models. By observing
the wrongly-triggered images, characterized by low-density
of non-empty pixels and accidental vertical patterns, we spec-
ulate the reason for this is that the deeper accuracy reached
by higher precision Students collides with their lower gener-
alization power (caused by their small architecture) causing
a higher fraction of random pattern (ignored by the lower
precision counterparts) to be triggered.

123

https://link.springer.com/article/10.1140/epjc/s10052-021-09770-w


Fitting a model onto a chip: Quantisation-aware training
On FPGA we need to fix the number of bit for each weight of the model… and floating point arithmetic is typically too resource-hungry to run at 

trigger scale, so every weight and activation running on an FPGA has to be described with a fixed-point

The naive approach: trains the model normally at full precision and only rounds the weights afterward (Post-Training Quantization)

15

Quantization-aware training (QAT) instead simulates the rounding during training itself: 
the forward pass uses the low-precision, rounded weights, so the loss the network sees 

already reflects the quantization error during training

The network effectively learns to compensate for its own future quantization, recovering 
most of the accuracy PTQ would have thrown away

Floating-point 
model

Quantization Forward

LossBackpropagation

To maintain the differentiability, quantization operation in backward op. is 
substitute as just identity (Straight-Through Estimator, STE)
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F. Fahim, B. Hawks, et al. in Proceedings of TinyML Research Symposium 2021, arXiv:2103.05579

hls4ml: An Open-Source Codesign Workflow to Empower Scientific Low-Power Machine Learning Devices TinyML Research Symposium’21, March 2021, San Jose, CA
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Figure 3: Numerical pro!ling graph (top) from hls4ml for a
fully-connected neural network (bottom). The distribution
of the absolute value of the weights is shown on the x-axis.
The items on the y-axis are the di"erent weights (0) and bi-
ases (1) for the model layers.

3.1 Quantization-Aware Training
Quantized [54–59] and even binarized [9, 57, 60–63] NNs have been
studied as a way to compress NNs by reducing the number of bits
required to represent each weight. FPGAs provide considerable free-
dom in the choice of data type and precision. Both choices should
be considered carefully to prevent squandering FPGA resources
and incurring additional latency. In hls4ml, we use !xed-point
arithmetic, which requires less resources and has a lower latency
than "oating-point arithmetic. The inputs, weights, biases, sums,
and outputs of each layer are all represented as !xed-point num-
bers. For each, the number of bits used to represent the integer
and fractional part can be con!gured separately for the use case.
The precision can be reduced signi!cantly without causing a loss
in performance [57]. We determine the number of bits to assign
for the fractional part by scanning the performance values as a
function of the bit precision.

One simple way to reduce a model’s size is through post-training
quantization (PTQ) where pre-trained model parameters are clipped
or rounded to lower precision. However, this process is lossy and
sacri!ces model performance. To solve this, QAT has been pro-
posed [60, 64, 65]. In these approaches, the reduced precision of
the weights and biases are accounted for directly in the training of
the NN. In QK!"#$, this is implemented using the straight-through
estimator (STE) [60], where the forward pass of the training applies
the quantization, while the backward pass assumes that quantiza-
tion is the identity function, as the quantization function is not
di#erentiable. It has been found that QAT is even more e$cient
than PTQ while retaining the same performance. In these stud-
ies, the same type of quantization is applied everywhere. More

Figure 4: Performance of quantization-aware training from
Ref. [11] in terms of the relative accuracy as a function of
bit width. The relative accuracy is evaluated with respect
to the #oating-point baseline model. The CPU-based emu-
lation (solid green) of the FPGA-based QAT model (solid or-
ange) is compared to the PTQ model (dashed purple).

recently [66, 67], it has been noted that some layers may accom-
modate extreme quantization better than other layers, suggesting
that per-layer heterogeneous quantization is the optimal way to
achieve high accuracy at low resource cost.

An example of the power of QAT is shown in Fig. 4 from Ref. [11]
which uses QK!"#$. For the particle physics task with a fully-
connected NN, the accuracy of the reduced precision model is
compared to the 32-bit "oating-point implementation as the bit
width is scanned. In the PTQ case, the accuracy begins to drop
below 14 bits, while in the QAT case the accuracy is comparable to
the 32-bit "oating implementation down to 6 bits. More detailed
discussion on layer-by-layer quantization is presented in Ref. [11].
In Section 4, we discuss the implementation of QAT in hls4ml and
its e#ect in terms of on-chip resources.

3.2 Quantization-Aware Pruning
Network compression is a common technique to reduce the size,
energy consumption, and overtraining of deep NNs [58]. Several ap-
proaches have been successfully deployed to compress networks [68–
70]. Here we focus speci!cally on parameter pruning: the selective
removal of weights based on a particular ranking [58, 71–75].

Prior studies have combined pruning and quantization trivially
by pruning 32-bit "oating-point models and applying post-training
quantization. One such approach, whose results are shown in Sec. 4.2,
consists of iterative parameter pruning and retraining of a 32-bit
"oating-point model [5, 58, 76] with 𝐿1 regularization, where the
loss function is augmented with an additional penalty term 𝑀→𝜴 →1 ,
where𝜴 is a vector of all of the model weights and 𝑀 is a tunable hy-
perparameter. 𝐿1 regularization produces sparse models, provides
built-in feature selection [77], and is readily available in many ML
work"ows. After training the model with 𝐿1 regularization with a

The network effectively learns to compensate for its own future quantization, recovering 
most of the accuracy PTQ would have thrown away

Floating-point 
model

Quantization Forward

LossBackpropagation

To maintain the differentiability, quantization operation in backward op. is 
substitute as just identity (Straight-Through Estimator, STE)

https://arxiv.org/pdf/2103.05579
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Figure 5: Performance of quantization-aware pruning using
the lottery ticket pruning scheme as a function of hardware
computational complexity. After QAP, the 6-bit, 80% pruned
model achieves a factor of 50 reduction in BOPs compared
to the 32-bit, unpruned model with no loss in performance.

small 𝐿 (e.g. 10→4), the weights are sorted based on their absolute
value relative to the maximum absolute value of the weights in that
particular layer. Weights falling below a certain percentile are re-
moved. The model can then be trained again with 𝑀1 regularization
while masking the previously pruned weights. This process can
be iterated several times until the desired level of compression is
reached.

While the above approach is e!ective, we describe here an al-
ternative approach based on the lottery ticket (LT) hypothesis [73]
where the remaining weights after each pruning step are initialized
back to their original values (“weight rewinding”). We refer to this
method as LT pruning. We also propose a new hybrid method [14]
for constructing e"cient NNs, quantization-aware pruning (QAP),
which combines a pruning procedurewith training that accounts for
quantized weights. As a #rst demonstration, we use Brevitas [38]
to perform QAT and iteratively prune a fraction of the weights
following the LT method of weight rewinding.

This is done for the jet classi#cation task presented in the previ-
ous section. At each training iteration, roughly 10% of the original
network is pruned. The results of pruning with this method are
shown in Fig. 5 for a 6-bit #xed-point version of the network com-
pared to the 32-bit $oating-point model. The performance in terms
of the area under the curve (AUC) is shown as a function of bit
operations (BOPs) [78], de#ned per-layer as

BOPs =𝑁𝑂((1 → 𝑃𝐿 )𝑄𝜴𝑄𝜶 + 𝑄𝜴 + 𝑄𝜶 + log2 (𝑂)) (1)

where 𝑂 (𝑁) is the number of inputs (outputs), 𝑄𝜶 (𝑄𝜴 ) is the bit
width of the weights (activations), and 𝑃𝐿 is the fraction of pruned
layer weights. BOPs are a measure of the hardware computational
complexity of a quantized NN after pruning. In Sec. 3.1 we found
that a 6-bit implementation of this network sacri#ced no perfor-
mance. Here, we #nd that pruning the 6-bit network by 80% using
QAP still maintains the same performance as the 32-bit version.

Model bit width 16 (PTQ) 14 (PTQ) 6 (QAT)

Accuracy [%] 76.4 75.8 76.2
Latency [ns] 50 50 45
DSP [%] 27 (1,852) 17 (1,132) 0.6 (38)
LUT [%] 7.5 (89,209) 7.6 (90,019) 5.4 (63,251)
FF [%] 0.5 (11,266) 0.4 (9,262) 0.2 (4,394)

Table 1: Model accuracy, latency and resource utilization for
16-, 14-, and 6-bit models. Resources are listed as a percent-
age of available resources, with absolute numbers quoted
in parenthesis, for a Xilinx Virtex UltraScale+ VU9P FPGA
with a clock frequency of 200MHz using hls4ml v0.5.0 and
Vivado HLS 2019.2

4 DIGITAL IMPLEMENTATION ELEMENTS
Following the training-time optimizations described in the previ-
ous section, we describe important elements for deploying those
optimized NNs in e"cient digital implementations.

4.1 Quantization with a QK!"#$ Frontend
Reducing precision saves resources used for signal routing as well
as resources and latency used for mathematical operations. For
example, the limiting resource for many FPGA applications is the
number of DSPs, which are used primarily for multiplications. The
number of DSPs used per multiplier depends on the precision of the
numbers being multiplied and can change abruptly. For example,
one Xilinx DSP48E1 block [79] can multiply a 25-bit number with
an 18-bit number, but two are required to multiply a 25-bit number
with a 19-bit number. Similarly, the latency of multipliers increases
with precision, though they can remain pipelined.

To allow for automated translation of a QK!"#$ model to RTL,
hls4ml has been extended to interpret and optimize quantized
QK!"#$ layer types. When converting aQK!"#$model into an HLS
project, the model quantization con#guration is passed to hls4ml
and enforced in the FPGA #rmware. This ensures that the use of
speci#c, arbitrary precision in the QK!"#$ model is maintained
during inference. For example, when using a quantizer with a given
rescaling parameter 𝑅 , hls4ml inserts an operation to rescale the
layer output. For binary and ternary weights and activations, the
same strategies as in Ref. [9] are used. With binary layers, the
arithmetical value of “-1” is encoded as “0,” allowing the product to
be expressed as an XNOR operation.

As an example of the integration of QK!"#$ and hls4ml, we
now describe an FPGA implementation of the model presented in
Sec. 3.1. The FPGA implementation results are reported in Table 1
for the 16- and 14-bit PTQ and 6-bit QAT models. The e!ect of QAT
is that the FPGA resources are drastically reduced, especially in
the case of DSPs. In Ref. [11], a more detailed exploration of model
implementations is presented, including per-layer optimizations.

The QK!"#$+hls4ml framework extends to large CNNs. Speci#-
cally, Ref. [12] demonstrates support for large CNN architectures
through a stream-based implementation of convolutional and pool-
ing layers using #rst in, #rst out (FIFO) bu!ers. A benchmark CNN
classi#er trained on the Street View House Numbers Dataset is com-
pressed through pruning and QAT to reduce the FPGA resource
utilization while retaining the $oating-point model accuracy. Once

Prune 5-10% of the 
model

Example:

After some QAT epochs
Fine-tuning

BOPs = Bit Operations per layer

AUC = Area Under the Curve

F. Fahim, B. Hawks, et al. in Proceedings of TinyML Research Symposium 2021, arXiv:2103.05579
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High Granularity Quantization (HGQ) the bit width itself becomes a trainable parameter, per weight (or per activation) and are not fixed by hand

We need to add to the loss a term to contain the bit-widths of the model:
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Recap: quantize  means  wi wQ
i =

round(wi ⋅ 2fi)
2 fi

After the training we can round  to be integer and then fine-tunefi
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From trained model to firmware: the tool pipeline

Keras / TensorFlow QKeras

Compression Conversion (C++)

18

PyTorch

Develop the model

HGQII
Brevitas

hls4ml
Conifer

FINN

Synthesise

Vivado

HLS (C++ -> RTL)

Vitis_HLS
Vivado_HLS

HLS (High-Level Synthesis): a class of tools that automatically translates ordinary software code (typically C++) into a hardware description (RTL), 
letting you describe what the circuit should compute, instead of hand-designing it gate by gate

RTL (Register-Transfer Level): a description of the digital circuit in terms of how data moves between hardware registers each clock cycle, and 
what logic operations happen to it along the way ( typically written in VHDL or Verilog)

hls4ml: converts the NN into HLS C++ (Conifer does the same for boosted decision trees) both targeting Xilinx/Intel FPGAs

Synthesis (Vivado): the process of turning an RTL description into an actual physical circuit on the chip, mapping the logic to real LUTs, DSPs, and 
BRAM blocks



(Bonus part) Examples :

Davide Fiacco

School on AI/ML Methods at the LHC  ·  IBA Karachi  ·  16 July 2026



A first example: Muon Reconstruction in ATLAS
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algorithms were implemented using application-specific inte-
grated circuits that were developed specifically for the RPC
trigger system [24].

The L1 muon trigger identifies muon candidates and
measures their pT using six thresholds [30]. The primary
single muon trigger (MU20) corresponds to the pT threshold
of 20 GeV. This trigger selects events at about 15 kHz rate
at the highest instantaneous LHC luminosity achieved in
2018. The majority of muons produced in LHC collisions
are due to decays of heavy flavour hadrons and decays of W
and Z bosons [31]. The majority of the selected L1 trigger
muon candidates are low-pT muons with mismeasured pT
values [20].

0

5

10

y [m]

0 5 10 15 20 z [m]New

small wheel

Small MDT 
chambers

Precision MDT 
chambers

Thin-gap 
RPCs

RPC trigger 
chambers

muonmuon

TGC
trigger chambers

End-cap

magnet

Fig. 1: One quadrant of the ATLAS muon spectrometer after
the upgrades which will add new thin-gap RPCs and MDTs
in the inner barrel region. The z-axis points along the beam
direction and the collision point is at the origin.

The ATLAS experiment will undergo extensive upgrades
over the next several years to prepare for higher collision
rates of the High Luminosity LHC, and correspondingly
higher backgrounds. In order to maintain efficient trigger
selections, an entirely new hardware trigger system will be
installed that will select interesting LHC collisions at about
1 MHz rate [16]. New muon trigger algorithms will be exe-
cuted using powerful FPGA devices which will allow more
complex, re-programmable trigger logic [16]. As a part of
these upgrades, new thin-gap RPCs and small diameter muon
drift tubes (MDTs) will be also installed in the inner barrel
region of the muon spectrometer [17]. Figure 1 shows the
ATLAS muon spectrometer after the upgrades.

3 RPC simulation model and neural network design

A simple simulation model of the current RPC detector has
been developed for designing and testing a neural network
regression model 1 for measuring muon pT. The geometry

1https://github.com/rustemos/MuonTriggerPhase2RPC

of the present detector is used for this study to allow perfor-
mance comparisons with the current RPC muon trigger [20].
This model includes three cylindrical doublet RPC layers,
with each doublet layer made of two parallel detector surfaces
separated by 2 cm. Active detector elements are simulated
by parallel strips that are 3 cm wide. The simulation model
includes only so-called h strips [20] that measure muon de-
flections in the bending (r,z) plane.

Approximately 100,000 positively and 100,000 nega-
tively charged muons are simulated, originating at the de-
tector centre. Muons are simulated with a uniform pT distri-
bution in the range of 3 GeV to 30 GeV, and with a uniform
distribution of muon angles in the range of 40 to 85 degrees
with respect to the z-axis. Muons with pT < 3 GeV are typi-
cally stopped by the calorimeters and therefore they are not
included in the training. Muons with pT > 30 GeV cannot
be resolved by the RPC system as they look like straight
tracks, therefore including them does not help to improve
the network performance. Muons are propagated through the
uniform toroidal magnetic field of 0.5 T in the detector region
with a radius greater than 6 m. No material scattering effects
are included in the simulation. The effect of the material scat-
tering on muon trajectories is expected to be smaller than the
RPC strip width and therefore should not affect our results.
Verifying this assumption with more precise simulation will
be one of the subjects of follow up work.

Fig. 2: Illustration of one simulated muon candidate travers-
ing the RPC detector. Six horizontal solid black lines repre-
sent six layers of the current RPC detector. Small vertical
lines along these lines represent strip boundaries. Solid red
line represents the muon track. Dotted magenta line pass-
ing through the reconstructed cluster in the RPC2 layer is
referred to as the seed line in the text. Coloured markers
represent simulated RPC hits.

L1 muon trigger uses the RPC (Resistive Plate Chamber) detector in the barrel: 3 concentric doublet layers (RPC1/2/3), ~1 cm space / 1 ns time 
resolution

The problem: the RPC's coarse strip granularity limits resolution, and 
this dominates the accepted background

The idea: a small NN regression model predicts muon  more 

precisely than today's hardware logic sharpening the trigger turn-on

q/pT

RPC: a gaseous particle detector: two parallel bakelite electrodes 
(high-resistivity plastic, ~10¹⁰ Ω·cm) separated by a thin gas-filled gap; 
the charged particle ionizes the gas as it passes through; the resulting 
electron avalanche induces a fast, precisely-timed signal on external 

readout strips

Ospanov et al., Eur. Phys. J. C 82, 576 (2022)

 ATLAS Collaboration, JINST 16 (2021) P07029

https://arxiv.org/abs/2201.06288
https://arxiv.org/pdf/2103.01029
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region of the muon spectrometer [17]. Figure 1 shows the
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of the present detector is used for this study to allow perfor-
mance comparisons with the current RPC muon trigger [20].
This model includes three cylindrical doublet RPC layers,
with each doublet layer made of two parallel detector surfaces
separated by 2 cm. Active detector elements are simulated
by parallel strips that are 3 cm wide. The simulation model
includes only so-called h strips [20] that measure muon de-
flections in the bending (r,z) plane.

Approximately 100,000 positively and 100,000 nega-
tively charged muons are simulated, originating at the de-
tector centre. Muons are simulated with a uniform pT distri-
bution in the range of 3 GeV to 30 GeV, and with a uniform
distribution of muon angles in the range of 40 to 85 degrees
with respect to the z-axis. Muons with pT < 3 GeV are typi-
cally stopped by the calorimeters and therefore they are not
included in the training. Muons with pT > 30 GeV cannot
be resolved by the RPC system as they look like straight
tracks, therefore including them does not help to improve
the network performance. Muons are propagated through the
uniform toroidal magnetic field of 0.5 T in the detector region
with a radius greater than 6 m. No material scattering effects
are included in the simulation. The effect of the material scat-
tering on muon trajectories is expected to be smaller than the
RPC strip width and therefore should not affect our results.
Verifying this assumption with more precise simulation will
be one of the subjects of follow up work.

Fig. 2: Illustration of one simulated muon candidate travers-
ing the RPC detector. Six horizontal solid black lines repre-
sent six layers of the current RPC detector. Small vertical
lines along these lines represent strip boundaries. Solid red
line represents the muon track. Dotted magenta line pass-
ing through the reconstructed cluster in the RPC2 layer is
referred to as the seed line in the text. Coloured markers
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Simplified RPC simulation: muons at 3–30 GeV , 40–85°, with realistic per-strip 

hit/cluster/noise probabilities calibrated to the real detector

pT

Just 3 input variables: the z-position of the RPC2 seed cluster, and the z-differences between a 
straight-line extrapolation and the RPC1/RPC3 cluster positions

A lightweight regression network: 3 inputs, 3×20 ReLU layers
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The probability for a muon passing through a given strip
to produce a hit in that strip is 95%. In addition, each muon
has 25% average probability to produce one additional hit
in the closest strip and 5% probability to produce two hits
in two nearby strips. These additional hits are referred to as
cluster hits. The probability to produce an extra (cluster) hit
is 0% at the strip’s centre and increases linearly to 50% at the
strip’s edge. Finally, the probability to produce a noise (back-
ground) hit in each strip is 0.1%. These noise hits correspond
to ionisation events in the real detector due to background
particles, such as low momentum photons and neutrons. The
above values for cluster and noise hit probability were chosen
to approximate the actual detector response [20]. Figure 2
shows an event display of one simulated muon traversing the
RPC detector model.

Each simulated event is processed to reconstruct clusters
using adjacent hits in each doublet layer. A cluster contains
all contiguous hits in nearby strips in the two layers belonging
to one doublet layer. A candidate muon is required to contain
one cluster in each of three RPC layers. The reconstruction
algorithm iterates over all clusters in the RPC2 layer, with
each cluster serving as a seed for building a muon candidate.
The two selected clusters in the RPC1 and RPC3 layers are
clusters that are closest to the straight line starting at the
origin and passing through the centre of the RPC2 cluster
(referred to as the seed line). The cluster centre is the mean
position of all cluster hits. The centres of the selected clusters
are required to be within a window of 0.15 m and 0.6 m
with respect to the seed line for the RPC1 and RPC3 clus-
ters, respectively. These window sizes were chosen to collect
the majority of muons with pT > 20 GeV that curve in the
magnetic field while still remaining within the window. Each
event typically contains one muon candidate. For a small
fraction of events, two muon candidates are reconstructed
when a noise cluster in one layer matches muon induced
clusters in other two layers.

Coordinates of the reconstructed clusters are used to com-
pute three input variables for the neural network regression
model. The z-coordinate of the RPC2 seed cluster is the first
input variable. In RPC1 and RPC3 layers, the z coordinate
differences between the impact point of the seed line and the
cluster position serve as other two input variables. These two
variables are shown in Figure 3, separately for muon can-
didates without noise clusters (pure muons), and for muon
candidates with a noise cluster (noise muons). Figure 4 plots
these variables as a function of the simulated muon 1/pT
for muon candidates without noise clusters, and for muon
candidates with a noise cluster. There is a clearly visible
linear relation between the z differences and 1/pT for the
pure muon candidates. For the noise muon candidates, there
are no strong correlations due to the randomness of noise hit
positions.

Fig. 3: Differences of z coordinates between the impact point
of the seed line and the cluster position in the RPC1 (top) and
RPC3 (bottom) layers. Positively charged muon candidates
are shown in blue and negatively charged muon are shown in
red. Muon candidates that include a noise cluster are shown
in green.

The three input variables are linearly transformed to pro-
duce distributions with the same mean and standard deviation
values in order to improve regression model performance.
The inverse of the simulated muon transverse momentum
times its charge (q/pT) is used as the regression target. The
network output serves as a prediction of muon q/pT value.
The q/pT target improves numerical stability of the neu-
ral network parameter optimisation because deflections of
muons with pT > 20 GeV are of the order of the strip width
and decrease further with higher pT values. Therefore, the
network cannot distinguish positively charged and negatively
charged muons with pT > 20 GeV.

A neural network model is trained using the PyTorch
library with the linear loss function, which is defined as the
mean of absolute differences between simulated and pre-
dicted q/pT values. Statistically independent samples were
used for training and testing different network configurations.
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Fig. 4: Differences of z coordinates between the impact point
of the seed line and the cluster position in the RPC3 layer
plotted as a function of simulated muon 1/pT. Colour coded
density map shows candidates with only muon hits. Orange
dots show candidates that include at least one noise cluster.

Fig. 5: Structure of the neural network model.

Only muon candidates without noise clusters were used in
the training. This approach was found to improve network
performance and speed up the training convergence.

Several networks with different numbers of neuron nodes
per layer were tested and no strong dependence on the net-
work size was observed for configurations with more than
20 nodes per layer. The selected network configuration con-
tains three fully connected hidden layers with 20 nodes in
each layer, as illustrated in Figure 5. The network nodes use
the rectified linear unit (ReLU) activation functions. Other
activation functions, such as sigmoid and hyperbolic tangent,
were also tested. All of the tested activation functions result
in similar performance for predicting muon q/pT. Thus, the

Fig. 6: Output of the neural network plotted as a function
of the true simulated muon q/pT using network trained with
events including only muon hits. Colour coded density map
shows muon candidates without any noise hits. Orange dots
show muon candidates that include at least one noise cluster.

ReLU function was selected because it can be easily imple-
mented in FPGA logic. The other activation functions can
increase latency and may require more logic resources [32].

4 Neural network performance

Figure 6 shows the muon q/pT values predicted by the neural
network plotted as a function of the true simulated q/pT,
where muon candidates with and without noise hits are shown
separately. The relative differences between simulated and
predicted muon q · pT values are plotted as a function of the
simulated muon pT in Figure 7. These two figures show that
our regression model accurately predicts muon q/pT values
for muon pT < 20 GeV. As expected, the pT resolution is best
at low pT values and then slowly degrades with increasing
pT because muon displacements due to the magnetic field
become comparable to the strip width for muon pT > 20 GeV.

Performance of the neural network regression model was
evaluated by computing the efficiency to select muon can-
didates with pT > 20 GeV. Figure 8 shows the efficiency
of selecting muons with pT > 20 GeV for muon candidates
without noise clusters and for inclusive muon candidates that
also include candidates with noise clusters. These two ef-
ficiency curves are compared to the reference curve. This
curve corresponds to the efficiency of the RPC MU20 trig-
ger which selects muons with pT > 20 GeV in the barrel
detector region. This reference efficiency [20] was measured
using collision data recorded by the ATLAS detector in 2018.

Architecture: 3 fully-connected hidden layers, 20 ReLU nodes each — chosen after testing 
several sizes; performance plateaus above ~20 nodes/layer 

(Trained in PyTorch with an L1 (mean absolute error) loss on q/pᵀ)

Ospanov et al., Eur. Phys. J. C 82, 576 (2022)

Hits in the RPC2 doublet are used as seeds to define the 3-hits inputs: Δz1, z2, Δz3

21

https://arxiv.org/abs/2201.06288


Comparison with the Run3 efficiency

22Ospanov et al., Eur. Phys. J. C 82, 576 (2022)

6

Fig. 7: Relative differences between predicted and true muon
q · pT plotted as a function of true simulated muon 1/pT
using network trained with muon candidates without noise
hits. Colour coded density map shows muon candidates with-
out any noise hits. Orange dots show muon candidates that
include at least one noise cluster.

The efficiency of the MU20 trigger reaches the plateau at
70% due to the RPC detector coverage gaps because of in-
efficient modules and presence of support structures [20].
Since the present simulation model does not include these
effects, the efficiencies predicted by the regression model
are scaled to the same value as the MU20 trigger efficiency
curve for pT > 25 GeV, in order to allow easier comparisons
of efficiency curve shapes.

As discussed previously, several network configurations
were tested. Figure 9 shows efficiency for selecting muons
with pT > 20 GeV for three different network configurations:
32-16-16, 32-16-8, and 32-20-20, where three numbers rep-
resent a number of nodes in layers 1, 2 and 3, respectively.
A smaller neuron network with 8 nodes in the last layer (32-
16-8) results in the worse performance. Two larger networks
produce similar results, with 20-20-20 configuration resulting
in a slightly better performance. This network was therefore
chosen as the final configuration.

The main purpose of the present work is to improve
RPC detector resolution for measuring muon pT. Achiev-
ing this goal would lead to better rejection of low-pT muon
candidates which dominate the sample of collisions events
accepted by the RPC muon trigger [20]. The developed re-
gression model produces the sharper rising efficiency curve
than that of the MU20 trigger. This sharper curve would
lead to lower trigger acceptance of the low-pT muons with
incorrectly measured pT. However, the present simulation
model does not fully account for all effects present in the real

Fig. 8: Efficiency of selecting muon candidates plotted as
a function of the muon pT. Shown in orange is the ATLAS
data efficiency for the MU20 trigger threshold of the present
RPC detector [20]. Shown in green (blue) is efficiency for
selecting simulated muons with (without) noise hits. These
two curves are scaled to obtain the same efficiency as the
MU20 trigger for pT > 25 GeV.

Fig. 9: Efficiency of selecting muon candidates plotted as a
function of the muon pT for three different neural network
configurations.

detector. For example, there are regions in the ATLAS barrel
muon spectrometer where the magnetic field is not uniform
or is weaker than what is assumed by our model. Therefore,
this potentially better performance of the regression model
will be verified in the follow up work using a more precise
simulation model and collision data.

5 FPGA implementation

This section presents details of the implementation of the
neural network regression model in FPGA code. Section 5.1
motivates our choice for numerical precision of the FPGA
logic implementation. Section 5.2 presents details of the
FPGA implementation. Section 5.3 reports measurements of
FPGA timing performance, latency, and resource utilisation.
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detector. For example, there are regions in the ATLAS barrel
muon spectrometer where the magnetic field is not uniform
or is weaker than what is assumed by our model. Therefore,
this potentially better performance of the regression model
will be verified in the follow up work using a more precise
simulation model and collision data.

5 FPGA implementation

This section presents details of the implementation of the
neural network regression model in FPGA code. Section 5.1
motivates our choice for numerical precision of the FPGA
logic implementation. Section 5.2 presents details of the
FPGA implementation. Section 5.3 reports measurements of
FPGA timing performance, latency, and resource utilisation.

For each muon-candidate event with hits in all 3 RPC layers, the  is estimated 

from the 3 z variables, and the resulting efficiency curve is compared with ATLAS's 
real Run 2 trigger performance

pT A sharpener trigger is a 
better trigger!

The latency of  with deadtime of 122 ns 25 ns

7

Finally, Section 5.4 presents results of testing the FPGA logic
implementation using simulated events.

5.1 Data precision for FPGA logic implementation

The neural network model was implemented in FPGA us-
ing 16-bit binary fixed-point numbers. This choice results
in fast network execution speed and low usage of FPGA
resources. Prior to the FPGA implementation, the number
of bits allocated to integer and decimal (fractional) parts of
fixed-point 16-bit numbers were carefully studied. This study
was motivated by the requirement of avoiding frequent inte-
ger overflows while maintaining sufficient decimal accuracy
for 16-bit arithmetic operations.

The output values of neuron activation functions of the
hidden layers typically range between -8 and 8. To cover
nearly all of neuron output values, at least 5-bit integer part is
required for the fixed point calculations. One or two extra bits
can be reserved to avoid overflows for addition operations.
Therefore, only 9 to 11 bits can be used for the decimal part.

To select the best possible decimal precision, network
output values were computed using the network implemented
in the custom Python code with three different values of the
decimal precision: 9, 10 and 11 bits. These network output
values were compared with the values obtained using the
same implementation but using 32-bit floating-point preci-
sion. Relative errors between each of the three calculations
and the 32-bit implementation are shown in Figure 10. The
implementation using 10-bit decimal precision achieves suffi-
cient accuracy so this solution was adopted in order to reserve
one extra bit for the integer part. This choice helps to further
reduce integer overflows for 16-bit arithmetic operations.

Fig. 10: Errors for network output values computed as the
relative differences between values obtained using the im-
plementation with 16-bit precision and implementation with
32-bit precision. Three different results with the decimal
precision of 9, 10 and 11 bits are compared in the plot.

5.2 FPGA logic design

The full neural network was implemented in the FPGA code
using HDL 2. Each layer of this fully connected network
represents the multiplication of an input data vector and
a matrix containing layer weights. Each neuron performs
the inner product of two vectors, one vector representing
input data and another representing specific node weights.
The FPGA implementation of these operations is built using
three main logical blocks that correspond to the three neural
network layers. Figure 11 shows the data flow diagram of our
neural network implementation. Neuron layers are divided
into neuron groups, each containing either 6 or 7 neurons.
Each neuron group sends its data serially and simultaneously
with other groups in the same layer. In layers 2 and 3, each
neuron receives data from all neurons in the previous layers.
This data is transferred in parallel by three neuron groups
with the receiving neuron processing that data in parallel
using three processing elements (PEs). This division of the
neurons into three groups reduces the layer latency by a factor
of three. The same logic is also used for the output neuron.

Fig. 11: FPGA data flow of the neural network logic. Output
neuron and each neuron in layers 2 and 3 contain three PEs,
denoted A, B, and C. Each PE receives and processes data
from the corresponding group in the previous layer.

The PE is the basic unit for FPGA implementation of
the neural network logic. It contains two logical units: a
multiply-add-accumulate (MAC) unit and a random-access
memory (RAM) unit, as illustrated in Figure 12. Input data
is processed serially by each PE in order to simplify the
circuit design. The MAC unit performs vector multiplication
operations and the RAM unit stores weights using distributed
FPGA RAM. One digital signal processor (DSP) is used
by each MAC unit to perform addition and multiplication
operations. In hidden layers, additional logic to perform the
ReLU functionality is implemented using one DSP. In order

2Source code is available at https://github.com/rustemos/hdl4nn

They did an empiric evaluation of the error per different quantized models, varying the n-bits and the fractional part

This was an attempt to attach a small NN to the RPC ATLAS trigger

https://arxiv.org/abs/2201.06288


The HL-LHC new RPC system for the ATLAS experiment (work in progress)
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More recent studies are focus on developing the new RPC trigger for HL-LHC era, but the required latency has to be ∼ O(100) ns

Different possible ML strategies: CNN, Fixed-graph GNN, Interaction Net… wait for future publications
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Fig. 10 Efficiency curves (realized as for Fig. 6). Statistical uncertain-
ties computed as binomial confidence intervals are shown as well. If
not visible, they’re smaller than the markers size. Here in indigo (cir-
cles) the performance of the Teacher model. In light green (triangles)
the performance of the Quantized Student (3 bits per weight) trained
without any help from the Teacher. In red (squares) the performance of
the Quantized Student (3 bits per weight) trained with hints from the
Teacher

Fig. 11 Efficiency curves (realized as for Fig. 6). Statistical uncertain-
ties computed as binomial confidence intervals are shown as well. If
not visible, they’re smaller than the markers size. Red triangles (cyan
diamonds) represent the performance of the 4-bit Student trained with
the hints from the (quantized-)Teacher. Orange circles (blue squares)
represent the performance of the 3-bit Student trained with the hints
from the (quantized-)Teacher

Fig. 12 σpT computed in a true pT interval around threshold
(7.5 GeV < pT < 12.5 GeV) as a function of the number of bits
per weight. In indigo (circles) the performance of the Teacher model.
In light green (triangles) the performance of the Student trained with-
out any help from the Teacher. In red (squares) the performance of the
Student trained with hints from the Teacher

Fig. 13 Plateau Efficiency computed as the mean efficiency in a true
pT interval well above threshold (pT > 17 GeV) as a function of
the number of bits per weight. In indigo (circles) the performance of
the Teacher model. In light green (triangles) the performance of the
Student trained without any help from the Teacher. In red (squares) the
performance of the Student trained with hints from the Teacher
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ATLAS public plot, "Accelerating Graph Neural Networks on FPGAs for Real-Time Level-0 Muon Triggering"

S. Francescato, Eur. Phys. J. C 81, 969 (2021)

The latency of  with a frequency of 435 ns fmax = 420 MHz

Implementation Optimisation under development

https://twiki.cern.ch/twiki/pub/AtlasPublic/L0MuonTriggerPublicResults/ATL-COM-DAQ-2026-062_fig5.pdf
https://link.springer.com/article/10.1140/epjc/s10052-021-09770-w


A second example: the CMS new strategy for jet tagging at L1
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products. Jet tagging will be implemented at the the second layer of the correlator trigger
subsystem, making use of the reconstructed Seeded Cone (SC) jets [4] and providing jet flavor
information to seeds at the global trigger. This work unifies the tagging categories b, light,
charm, gluon jets as well as hadroncically decaying tau leptons, electron and muons in one
multiclass model. Additionally, the tau leptons category is split into two for positively and
negatively charged taus, amounting to a total of 8 categories. Previous tagging developments
have only focused on b-jets and hadronically decaying tau leptons (ωh) [5,6].

2 Tagging strategy

To effectively employ jet tagging at L1T, jet constituents are crucial. The jet constituents are
clustered to form jets using the SC algorithm. It is specifically tailored to run on FPGAs at L1T
and matches the performance of standard jet reconstruction algorithms used outside the CMS
L1T. Specifically, the model is trained using the 16 leading transverse momentum (pT ) con-
stituents of SC jets. Each constituent is described by a mixture of kinematic features, Particle
IDs (PID) from PF, as well as a "record filled" feature, which is one for real constituents and
zero for padded constituents. Zero-padding of constituents is used to create a regular input
shape, necessary for the application at L1T. To train the jet tagger, a total of around 21 million
jets from multiple Monte Carlo simulated physics processes are included, from which 10% are
reserved for testing and 9% for validation. The classes are roughly balanced in the dataset,
but class weights are used to ensure equal importance during training. Code for all steps from
training to evaluation can be found on GitHub.1

2.1 Network architecture

A jet tagging network must fit within the strict hardware and latency constraints of the L1T,
thus the best performing model is not necessarily the best choice. The latency and resource
consumption of state of the art architectures, like ParT [7], are incompatible with the con-
straints at L1T. However, a small, quantized Deep Sets (DS) model, inspired by Ref. [8], meets
all requirements. Additionally, this architecture is permutation-invariant, making sorting of
constituents only necessary to identify the leading pT constituents. Figure 1 shows the model
architecture in detail. The model is also tasked to regress the pT of the jet from the constituents
in a separate branch, going beyond jet classification [9].

Figure 1: Deep Sets architecture for jet tagging and pT regression. All 16 constituents
are processed individually before aggregating them through a global average and
splitting into a pT regression branch and a jet ID branch [9].

1https://github.com/CMS-L1T-Jet-Tagging/TrainTagger

2

The CMS L1 Trigger for HL-LHC will exploit the jet constituents (clusters in the calorimeter) to do jet-tagging, previously only done only at HLT

Input: the features of the first 16 leading-  constituents 

of the jet candidate

pT

The chosen model is Deepest, because if fast and constituent-permutation invariant (because of it’s Sum operation)

Trained on ~21 million simulated jets (80% train / 10% test / 
9% validation) with class weights to balance the categories

Two outputs to do regression of  and and jet identificationpT

M. Schaefer et al. (CMS Collaboration), "Advancing the CMS Level-1 Trigger: Jet Tagging with DeepSets at the HL-LHC," SciPost Phys. Proc. (2025), arXiv:2509.24371

"Deep Sets", arXiv:1703.06114

arXiv:2509.24371
arXiv:1703.06114


Eight classes in one model

Light quarks 
(uds) charm b gluon τₕ⁺ τₕ⁻ E μ
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3 Jet tagging performance

To evaluate the performance of the jet tagger, one-vs-one receiver operating characteristic
(ROC) and area under curve (AUC) scores of particular interest are presented in Figure 2.
These are evaluated on the t t̄ process. The process, describing the production of a pair of
top quarks and their subsequent decay, can contain all of the tagged flavors in the final state
through the different decay modes of the top quark. A light-vs-gluon score could help identify
characteristic jets from vector boson fusion (VBF), an important (di-) Higgs production process,
whereas a b- vs light-jet or ωh vs. all-jets score could help separate b-jets and ωh-jets from light-
jets. Generally, the model performs best for the charged lepton classes, specifically electrons
and muons. These classes gain most from the PID input features. The other classes exhibit
worse performance, likely due to confusion between the b- and charm-jet classes as well as
the light- and gluon-jet classes.

(a) ROCs one-vs-one: light-jets (b) ROCs one-vs-one: ωh

Figure 2: One-vs-one ROC curves and AUC scores evaluated on a t t̄ physics sample
[9].

4 Seed studies

The best way to demonstrate the benefits of jet tagging at L1T is by developing dedicated
trigger selection paths, called seeds. Without jet tagging, seeds often rely purely on kinematic
information to tag processes like di-Higgs. One such seed requires the sum of all jet pT , referred
to as HT , to exceed 370 GeV and a minimum of four jets, resulting in a rate of 14 kHz, similar to
previous studies [1]. A smaller HT threshold at 220 GeV can be achieved through the inclusion
of b-tagging information for the 4b final state information. To guarantee a fair comparison
between these seeds, the threshold applied to the sum of the b-tags of the leading pT jets is
chosen such that the seed results in the same rate of 14 kHz. The comparison is shown in Figure
3a. For these, all selected events are binned against the generator HT , since this distribution
is sensitive to the Higgs self coupling ϵϑ. Although the absolute efficiency

∫
ϖ is similar, there

is significant efficiency gain at low HT . This is especially important, since large fractions of
events in this region are lost through the HT -only seed. However, the tagging seed does not
reach the same plateau efficiency due to limitations of the tagging capabilities. Ultimately, a
seed using a logical or between both seeds allows for optimal tagging of di-Higgs→ 4b.

A similar comparison is shown in Figure 3b. It compares the multiclass jet tagger to the

3

Best performance on e and  respect  and b-iniziated jets, but the best way to test this model is to implement a trigger prototypeμ τ

M. Schaefer et al. (CMS Collaboration), "Advancing the CMS Level-1 Trigger: Jet Tagging with DeepSets at the HL-LHC," SciPost Phys. Proc. (2025), arXiv:2509.24371

arXiv:2509.24371


A test on a physics case: the rare HH production
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previous b-tagging developments made for Phase-2. The multiclass jet tagger outperforms by
30% in total efficiency, showing improvements in the complete HT spectrum.

(a) HT comparison (b) b-tag comparison

Figure 3: Comparison of a purely kinematic HT seed and tagging + HT as well as a
comparison to previous b-jet tagging developments for the HH → 4b process. The
new seed shows significant efficiency gain at low HT [9].

5 FPGA implementation

The complete jet reconstruction including jet tagger has been implemented for a prototype
Phase 2 L1T hardware – a Serenity ATCA blade with AMD VU13P FPGA [10]. The total latency
is 1.011 µs, of which 234 ns are tagging. This is slightly in excess of the target 1 µs of the
correlator trigger second layer, but further optimizations are expected to bring the latency
within constraints. The tagger throughput is sufficient to tag all reconstructed jets, at the
clock rate of 360 MHz. The tagger and its input preparation utilize 13% of device LUTs, 8%
of FFs, 14% of DSPs, and 0.6% of BRAMs, fitting well within one FPGA. A comparison to the
CMS Software Simulations for simulated physics samples also matches exactly with the model’s
performance on an FPGA, showing that the performance presented here will be attainable in
the hardware system.

6 Conclusion

Jet tagging will be a crucial addition to the Phase-2 CMS Level-1 Trigger (L1T) to face the
challenges brought by High-Luminosity Upgrade of the CERN LHC. It extends the jet descrip-
tion beyond kinematic properties, benefiting multiple seeds in the global trigger. A multiclass
Deep Sets model presents a viable option for jet tagging at L1T. It classifies into uds, c, b,
gluon, ω+

h
, ω↑

h
as well as electron and muon, going far beyond previous developments. The

leptons, especially electrons and muons are the most reliably predicted classes, whereas the
charm class performs worst, probably due to confusion with other classes. Seed studies for
HH→ 4b show great improvements through the inclusion of jet tagging information. A com-
parison to an HT -only seed shows similar absolute efficiency, but a significant increase at low
HT , advocating a logical or of both seeds. The complete jet tagger and input preparation fits
well onto one VU13P-2 FPGA and fulfills the latency requirements, while still allowing some
improvements and additions to the model.

4

The  cross section production at LHC is expected by the SM but still unobserved, because it is a very rare processHH

Enhancing the Level 1 trigger selection can improve the efficiency on these kind of rare events

M. Schaefer et al. (CMS Collaboration), "Advancing the CMS Level-1 Trigger: Jet Tagging with DeepSets at the HL-LHC," SciPost Phys. Proc. (2025), arXiv:2509.24371

Comparison between cut-based trigger and cut+b-tagging based: 
- Green trigger requires at least 4 jets with , 

giving a 14 Hz rate 
 - Add an extra requirement of 4 b-tagged jets decrease the plateau, 

but with at the same rate we can go a lot lower in energy

HT( = Σ pT) > 370 GeV

ML is not a priori better than traditional approaches, but gives flexibility… 
mixing the two approaches we can do the union of both strategies

Implemented with latency of  with a frequency of 234 ns fmax = 360 MHz

arXiv:2509.24371


A different strategy: LHCb decided for no low level trigger for Run3 and Run4

LHCb Starterkit dataflow documentation: https://lhcb-starterkit-run3.docs.cern.ch/first-analysis-steps/dataflow/
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LHCb's Run 1/2 hardware trigger (L0) had a hard rate ceiling of 1 MHz, and this was especially inefficient for fully hadronic decays

For Run3 LHCb removed Low level trigger entirely,  every bunch crossing is read out and reconstructed in software

This was only possible because of two things covered earlier: LHCb's much smaller events than ATLAS/CMS, and genuine advances in 
GPU computing power making full software reconstruction at 30 MHz achievable for the first time

LHCb 
Detector

Read out 5 
TB/s

HLT1 trigger 
GPU based

HLT1(2) does partial(full) detector reconstruction

Buffer

Calibration Alg.

HLT1 trigger 
GPU based

Stored

10 GB/s

Readout HLT1

FPGAs used here for formatting/
readout, NOT for trigger decisions

Reduces the data volume by 
roughly a factor of 20

Real-time detector alignment and 
calibration happens HERE, before 
HLT2

Buffer

Offline-quality reconstruction; 
fully asynchronous, no hard 
latency requirement

HLT2
~500 FPGA boards ~500 GPUs disk CPU (x86)

https://lhcb-starterkit-run3.docs.cern.ch/first-analysis-steps/dataflow/


An example for LHCb: ETX4VELO

Source: Correia et al., “Graph Neural Network-Based Track Finding in the LHCb Vertex Detector,” JINST 19 (2024) P12022; Giasemis et al
28

The ETX4VELO goal is to turn raw hits left in the VELO detector into reconstructed particle tracks

A Graph Neural Network that processes the hits left inside detector planes to connect them and build the tracks

2024 JINST 19 P12022

x

z

Magnetic Field ⃗B

26 planes

VELO

UT

SciFi

MagnetLong track 
Reconstructible in the VELO and SciFi

VELO track 
Reconstructible in the VELO

No momentum measurement

Figure 1. Sketch of the LHCb tracking system in Run 3. Reproduced from [18]. CC BY 4.0.

rate to between 70 and 200 GB/s using around 50 physics selections. The second stage is implemented
on CPUs using the Moore! application based on the Gaudi" framework. Moore performs a full
o!ine-quality reconstruction of the LHCb detector and reduces the rate to 10 GB/s using over two
thousand physics selections.

Given this context, the Allen framework and LHCb o"er an interesting use-case for developing
Neural Network-based algorithms on GPUs, with a specific emphasis on high-throughput performance.
In particular LHCb processes the full LHC collision rate using only around 320 GPU cards, leading to
a minimum required throughput of around 80 kHz for the full processing pipeline on a single GPU.
This in turn makes it essential to minimize overheads caused by data transfers between the host server
and the GPU, which Allen achieves by processing batches of O(1000) events at a time. To the best of
our knowledge this is the first time that a GNN tracking pipeline has been implemented using batched
processing of this kind, or targeting these kinds of throughputs per GPU.

3 Track topologies in the VELO

As there is no magnetic field in the VELO, the tracks are straight lines. Since the LHCb detector
is not symmetric around the interaction region, tracks are classified as “forward”, i.e. travelling
towards the LHCb magnet and the rest of the LHCb detector, or “backward”, travelling away from
the LHCb detector. When evaluating tracking e#ciencies we only consider particles which leave
at least three hits in the VELO as “reconstructible”. [22]

A VELO plane consists of four overlapping sensor layers, displaced along the 𝐿-axis, collaboratively
covering the desired acceptance in the (𝑀, 𝑁)-plane. The e"ective hit e#ciency of the VELO is around
99% in simulation, so tracks must be allowed to skip a VELO plane during the reconstruction. A track
can also leave more than one hit per plane, in most cases when it traverses overlapping sensor layers
within a given plane. Material interactions frequently produce positron-electron pairs, resulting in
two tracks that initially share hits before diverging. In fact 55% of electrons share hits with another
particle, which motivates the need to take particular care when reconstructing them. Two tracks

!https://gitlab.cern.ch/lhcb/Moore.
"https://gitlab.cern.ch/gaudi.

– 3 –

arXiv:2502.02304


An example for LHCb: ETX4VELO

1 Graph construction

Embedding MLP

Learns an embedding space where hits from 
the SAME track land close together. Used to 
build a sparse candidate graph

2 Edge classification

Graph Neural Network

Takes the candidate graph and classifies each 
connection (edge) as a real or fake link 
between hits

3 Track building

Triplet-based method

Converts classified connections into final track 
objects

THIS is the piece ported to FPGA

Source: Correia et al., “Graph Neural Network-Based Track Finding in the LHCb Vertex Detector,” JINST 19 (2024) P12022; Giasemis et al
29

Build track from hits is a very difficult problem, the combinatorics could go crazy easily

2024 JINST 19 P12022
All these steps are illustrated in figure 3.

Articulation
ElbowTriplets

3,4

5

Classification Genuine
Fake

6 7

1,2

Figure 3. Illustration of the pipeline’s 7 steps, beginning with hits from the minimalist example in figure 2.
Steps entail (1) embedding the hits, (2) building a rough hit graph, (3) encoding the edges, (4) classifying
the edges and discarding fakes (in red), (5) constructing the edge graph with edge-to-edge connections called
triplets, (6) classifying and removing fake triplets, and finally, (7) producing the tracks. Reproduced from [18].
CC BY 4.0.

5.1 Hit embedding and rough graph construction

To construct the graph 𝐿
hit
rough, one could connect each hit to all hits on the next two planes, allowing

for the possibility of a missing plane due to pixel ine!ciencies. However, this approach results in
an excessive number of edges, thereby increasing the GNN’s inference time and memory usage. To
enhance throughput, it is essential to minimise the graph size at this stage. We start by describing the
operation of our method and then the training process and loss function in eqs. (5.2) and (5.3).
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Figure 3. Illustration of the pipeline’s 7 steps, beginning with hits from the minimalist example in figure 2.
Steps entail (1) embedding the hits, (2) building a rough hit graph, (3) encoding the edges, (4) classifying
the edges and discarding fakes (in red), (5) constructing the edge graph with edge-to-edge connections called
triplets, (6) classifying and removing fake triplets, and finally, (7) producing the tracks. Reproduced from [18].
CC BY 4.0.
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Many steps…

We can simplify the chain as the following:

arXiv:2502.02304


Hit Embedding by MLP

Source: Correia et al., “Graph Neural Network-Based Track Finding in the LHCb Vertex Detector,” JINST 19 (2024) P12022; Giasemis et al
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Embedded hits of dim ndim

Because of the forward nature of the detector, each hit can only be connected with hits of the next 2 planes in the detector, and in 
general we want that hits from the same particle are near each other in the embedded space…

So we define a distance in the embedding space :

And in the training the MLP has to minimise the following loss:

L = Lfake + wgenuine ⋅ Lgenuine

Where Lfake =
1

|Tfake |
Σ(q,b)∈Tfake

max(0, m − d2(q, b))

And where Lgenuine =
1

|Tgenuine |
Σ(q,a)∈Tgenuine

d2(q, a)

It pushes fake pair to be bigger than the margin (m = 1)

It pushes true pair to be small as possible
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Conversion and comparison of the MLP on FPGA

Source: Giasemis et al., arXiv:2502.02304
31

Using hls4ml they converted the pythorch model in 8-bit quantised model (PTQ) and the they used Vivado-HLS for the implementation

They tested the model on 2 FPGAs (Alveo) and compared the energy consumption and latency with the performance on GPU (RTX3090)

Instead to compare pure latency they studied the Throughput (Events/s):

deploy on this high-end card. Based on this, we can quote the
theoretically maximum throughput achievable.

Due to the implementation being on 8 bits, the DSPs were
not allocated and thus the LUTs, being the most utilized
resource, provide us with the maximum number of IPs we
could launch on this platform. The Alveo U250 board has
1 728 000 LUTs, and the current 8-bit implementation of
the ETX4VELO model on this card is using 8396 of them.
Assuming, for simplicity, that the resource usage is not going
to change dramatically as we pack more IPs on the same board,
we should be able to launch at most 1 728 000/8396 ≈ 205

IPs on this card. Hence, the maximum throughput achievable
comes out to 205× 5300 = 1.1× 106 events per second.

Finally, the same calculation is performed for the smaller
Alveo U50 board. In this case, with a latency of 85 ns,
and resources for approximately a maximum of 103 IPs, the
throughput comes out to 550× 103 events per second.

When the implementations with the specified flags are
running, the GPU reaches its maximum power consumption
of 350 W. For the Alveo cards, we refer to the official spec-
ifications, which quote a maximum total power consumption
of 75 W and 225 W for the U50 and U250, respectively,
assuming the implementation will utilize the hardware close
to its maximum capacity.

We can also compare the energy per event using the
throughput and the power. Dividing the thermal design power
of each device, in joules per second, by the throughput
expressed in events per second, results in the energy cost of
a single event. The GPU results in 430 µJ per event, while
the Alveo U50 and U250 result in 140 and 210 µJ per event,
respectively.

The prices of the accelerators are also considered. At the
time of writing, the Alveo U50 is listed at 2965 USD on the
official AMD website [21], while for the GPU, the launch
price of 1499 USD [22] is used. The price of the Alveo U250
is not listed on the official website [23], so we estimate its
current market price at approximately 10 000 USD based on
publicly available sources.

We now compare with the GPU throughput, which does not
include memory transfers between the host and the device,
since the data always reside on the device due to the Allen
architecture. On one hand, the 8-bit implementation on the
Alveo U250 is on par with the implementation on the GeForce
RTX 3090, with the potential to slightly outperform it, while
consuming just over 60% of the power used by the GPU
counterpart. However, it should be noted that the price of the
U250 is roughly ten times the price of the GPU. On the other
hand, the implementation on the Alveo U50 is slightly slower
than the GPU counterpart, while the power usage is almost
5× lower. Interestingly, the choice between FPGAs and GPUs
involves a trade-off between their upfront cost and the long-
term expense of power consumption over their operational
lifetime. The results are summarized in Table II.

We now proceed to compare the initial purchase cost of
the accelerators with their operating costs, specifically fo-
cusing on electricity expenses. We will be using the cost

TABLE II
COMPARISON OF THE EMBEDDING MLP THROUGHPUT BETWEEN THE

THEORETICAL PERFORMANCE OF THE ALVEO FPGA IMPLEMENTATIONS

AND THE GEFORCE RTX 3090 GPU IMPLEMENTATION. FOR THE ALVEO

IMPLEMENTATIONS, <A,B> REFERS TO AP_FIXED<A,B> PRECISION.
THE POWER USAGE, THE ENERGY COST OF THE INFERENCE OF A SINGLE

EVENT, AND THE PRICE ARE ALSO COMPARED. THE ENERGY GAIN IS

GIVEN WITH RESPECT TO THE GPU IMPLEMENTATION.

Accelerator Alveo U50 Alveo U250 RTX 3090
Implementation <8,3> <8,3> TRT INT8

Throughput (Events/s ×106) 0.55 1.10 0.82
Active Power Draw (W) 75 230 350
Energy per Event (µJ) 140 210 430

Energy Gain 3.1x 2.0x 1.0x
Price (USD) 3000 ∼ 10 000 1500

of 125.2 EUR/MWh at the time of writing from the Swiss
Federal Office of Energy website on electricity prices [24]. In
order to simplify the calculation, we assume that the devices
will be used at their maximum capacity throughout the entire
year. The total hours will thus be 24 h × 365 = 8760 h.
Therefore, running the GPU for one year at 350 W, would
consume approximately 3.1 MWh, costing around 380 EUR.
In contrast, the Alveo U50 would be about 3.1 times more
cost-efficient, as shown in Table II. Specifically, the Alveo U50
would cost 120 EUR to operate for a year, saving roughly 260
EUR annually compared to the GPU. Recovering, therefore,
the 1500 USD price difference between the Alveo U50 and
the GeForce RTX 3090—assuming, for the sake of simplicity,
a USD/EUR exchange rate of 1:1—would take approximately
6 years.

Finally, for a more complete comparison, maintenance,
upgrade, development, and optimization costs should also be
considered; however, this is left for future work.

IV. CONCLUSIONS

This work presents a detailed comparison of machine learn-
ing inference on FPGAs and GPUs in the context of future
high-energy physics experiments, where scalability, power
efficiency, and computational performance will be increasingly
critical. These findings underscore the potential of FPGAs as
viable alternatives for high-throughput applications in particle
physics, especially when energy is an important consideration.
The combination of HLS4ML’s ease of use and the inherent
advantages of FPGAs makes this approach a compelling
choice for researchers aiming to implement ML models in
hardware without deep expertise in FPGA development.

In addition to underlining the FPGA’s strengths in terms of
energy efficiency and throughput, this work also highlights
areas for future optimization, such as quantization aware
training in order to retain the required physics performance, or
computational performance optimization using HLS directives.
These optimizations could further unlock the full potential
of FPGAs, making them even more suitable for the high-
performance demands of real-time data processing at the LHC.

Smaller energy per event and higher Throughput but with an higher cost

For an higher level trigger there are many valuable options like CPU, GPU and FPGA, and it has to be studied case by case;

For an low level trigger that has to run on detector FPGA or custom ASIC are not an option, because we need deterministic latency and 
GPUs can't guarantee it
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The journey we took

1 The problem

40 MHz collisions, ~1 PB/s of raw 
information — only 1 in ~30,000 events 
can ever be kept

2 The trigger

When and why is needed, and two 
different worlds: μs-scale hardware (L1) 
vs. ms-scale software (HLT)

3 Why ML fits

Exploits correlations no hand-cut can, 
adapts to new signals, enables anomaly 
detection

4 Proven at HLT

Nearly a decade of deployed deep NNs 
in Run 3

5 The push to L1

FPGAs, fixed resource budgets, and the 
techniques built to fit inside them: QAT, 
pruning, HGQ

6 Real examples

ATLAS muon trigger, CMS jet tagging, 
LHCb's triggerless GPU architecture and 
ETX4VELO
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The key takeaways

2 Real-time ML is a valuable option

ML makes triggers more flexible, adapting to signals no one explicitly programmed for and opening entirely new strategies

1 “Real-time” means something different at every level

Milliseconds and CPU/GPU at HLT; nanoseconds and FPGAs at L1 — different hardware, different constraints, different techniques.

3 There is still room for nice ideas

QAT, pruning, knowledge distillation, HGQ, all these techniques already shown how impactful could be ideas to have “ a smaller model”
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Davide Fiacco
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