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ABSTRACT

Graph neural networks have been shown to achieve excellent performance for several crucial tasks
in particle physics, such as charged particle tracking, jet tagging, and clustering. An important
domain for the application of these networks is the Level-1, FGPA-based trigger, which has strict
latency and resource constraints. We discuss how to design distance-weighted graph networks that
can be executed with less than 1 µs latency on an FPGA. To do so, we consider representative tasks
associated to particle reconstruction and identification in a next-generation calorimeter operating at a
particle collider. We use graph architectures developed for these purposes and simplified in order to
match the computing constraints of real-time event processing at the CERN Large Hadron Collider.
The trained models are compressed using pruning and quantization. Using the hls4ml library, we
convert the compressed models into firmware to be implemented on an FPGA. We show results both
in terms of model accuracy and computing performance.
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1 Introduction

At the CERN Large Hadron Collider, collision data are collected every 25 nsec by a real-time processing system (the
trigger) that filters away uninteresting collision events, based on a set of pre-defined algorithms. The trigger system is
structured in two stages: a level-one trigger (L1T), implemented in the custom electronic of the detector and usually
consisting of logic circuits emulated on field-programmable gate arrays (FPGAs) ; a high-level trigger (HLT), consisting
of a computer farm (possibly powered by parallel accelerators such as FPGAs of GPUs). At the HLT, thanks to an
asynchronous event processing, the accept/reject decision has to be reached with a typical latency of O(100) msec.
At the L1T, a decision has to be taken within O(10) µsec. The main limitations are the synchronous nature of the
processing system and the limited size of the memory buffer that pipelines the data of each collision.

While HLT algorithms have a complexity comparable to those used offline to produce the final physics results, a typical
L1T algorithm consists of a basic set of rules. This allows to respect the latency constraint but it typically affects the
resolution that one can reach. Recently, the deployment of the first Machine Learning (ML) L1T algorithm [1] has
changed this tendency, raising interest in using ML algorithms as fast-to-execute approximations of complex rule-based
solutions. The first example consisted of a big look-up table (LUT) implementing a boosted decision tree. One might
be interested to deploy more complex architectures. At this stage, one is limited by the limited computing resources of
an FPGA card, e.g. the number of digital signal processing units (DSPs).

The hls4ml library was designed to to facilitate the deployment of complex algorithms on FPGAs, having in mind the
specific use case of an LHC L1T 1. In this respect, support for graph architectures is an increasingly demanded feature,
given the growing list of examples showing how well graph neural networks (GNNs) can deal with high-energy-physics
(HEP) related tasks [2, 3, 4, 5, 6, 7, 8, 9]. In fact, while the irregular geometry of a typical HEP detector makes the use
of computing vision techniques complicated, GNNs can naturally deal with the sparse and irregular nature of HEP
collision data.

In this work, we show how a graph model could be efficiently deployed on FPGAs to perform inference within
O(1) µsec for HEP-related problems. We consider the distance-weighted architectures introduced in Ref. [5] and
designed in order to keep resource consumption under control by reducing as much as possible the number of operations.
For this reasons, and for having shown to perform well on HEP related tasks (particle reconstruction in a calorimeter),
they represent a good candidate to our purpose.

As an example, we consider the same detector geometry of Ref. [5] and two calorimeter-related tasks: identifying the
nature of an incoming particle, given the shape of the energy deposit left in the detector; the clustering of overlapping
energy deposits into particle candidates. On both problems, we first describe a benchmark off-line model, that sets the
best accuracy we can reach for a give problem, regardless of resource constraints at inference time. Then, we discuss
how to compress those models to meet these resource constraints and assess the final inference latency and resource
utilization.

This paper is structured as follows: Section 2 describes the input data. Sections 3 and 4 describes the model architecture,
off-line performance and inference resource utilization after compression, respectively for the PID and cluster problems.
Conclusions are given in Section 5.
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Fig. 1: Pictorial representation of the data flow across the GarNet and the GravNet layers. (a) The input features
FIN of each vi 2 V are processed by a dense neural network with two output arrays: a set of learned features FLR and
spatial information S in some learned representation space. (b) In the case of the GravNet layer, the S quantities
are interpreted as the coordinates of the vertices in some abstract space. The graph is built in this space, connecting
each vi to its N closest neighbors (N=4 in the figure), using the euclidean distance dij between the vertices to rank
the neighbors. (c) In the case of the GarNet layer, the S quantities are interpreted as the distances between the
vertices and a set of S aggregators in some abstract space. The graph is then built connecting each vi vertex to each
aj aggregator, and the S quantities are the dij euclidean distances. (d) Once the graph structure is established, the f i

j

features of the vj vertices connected to a given vertex or aggregator vk are converted into the f̃ i
jk quantities, through

a potential (function of djk). The corresponding information is then gathered across the graph and turned into a new

feature f̃ i
k of vk (e.g. summing over the edges, or taking the maximum). (e) For each choice of gathering function, a new

set of features f̃ i
k 2 F̃LR is generated. The F̃LR vector is concatenated to the initial FIN vector. The resulting feature

vector is given as input to a dense neural network with tanh activation, which returns the output representation FOUT.

Fig. 2: Calorimeter geometry. The markers indicate the
centre of the sensors, their size the sensor size. Layers are
colour-coded for better visualisation.

The calorimeter is made entirely of Tungsten, with a width
of 30 cm ⇥ 30 cm in the x and y directions and a length
of 2m in the longitudinal direction (z), which corresponds
to 20 nuclear interaction lengths. The longitudinal dimen-
sion is further split into 20 layers of equal thickness. Each
layer contains square sensor cells, with a fine segmenta-
tion in the quadrant with x > 0 and y > 0 and a lower
granularity elsewhere. The total number of cells and their
individual sizes vary by layer, replicating the basic fea-
tures of a slightly irregular calorimeter. For more details,
see Fig. 2 and Table 1.

Charged pions are generated at z = �2 m; the x and y
coordinates of the generation vertex are randomly sampled
within |x| < 5 cm and |y| < 5 cm. The x and y components
of the particle momentum are set to 0, while the z compo-
nent is sampled uniformly between 10 and 100GeV. The
particles therefore impinge the calorimeter front face per-
pendicularly and shower along the longitudinal direction.

The resulting total energy deposit in each cell, as well
as the cell position, width, and layer number, are recorded
for each event. These quantities correspond to the FIN fea-

GravNet for accuracy-critical tasks, GarNet for latency- and resource-critical tasks.

Distance-weighted graph-based neural networks take point-wise structured input (vertices) and translate the semantic 
affinity between the vertices into geometric proximity in high-dimensional latent spaces. Two distance-weighted graph 
network architectures, GravNet and GarNet, are applied to the simulated detector readout of the future endcap 
calorimeter of the CMS experiment.

Application of Distance-Weighted Graph Networks to 
Real-life Particle Detector Output
Yutaro Iiyama (CERN) on behalf of the CMS Collaboration 
Machine Learning and the Physical Sciences, NeurIPS 2019

Displays of 3 example events. Points 
represent the HGCAL hits, with size of 
the points proportional to the recorded 
energy at the sensor. Colors correspond 
to the source particle. The left plot of 
each row represents the ground truth, 
and the right plot shows the model 
prediction where hits are colored by the 
highest-probability cluster. The network 
architecture is based on GravNet, with 
some modifications with respect to the 
original implementation.

ROC curves for the e/γ versus hadron classification of 
HGCAL L1T clusters. Constituent trigger cells of the 
clusters in single-photon and single-pion events with 
0 pileup are used as inputs to the model. Fake rate is 
higher in the HLS implementation due to the lower 
numerical precision used in the calculation to keep 
the FPGA resource usage to a manageable level.

GravNet and GarNet High-Granularity Calorimeter
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Fig. 5: Comparison of inference time for the network ar-
chitectures described in the text, evaluated on CPUs and
GPUs with di↵erent choices of batch size. The shaded area
represents the +1� statistical uncertainty band.

Note added

After the completion of this work, Ref. [28] appeared, dis-
cussing the application of a similar approach to the prob-
lem of jet tagging.

Acknowledgments

We thank our CMS colleagues for many suggestions re-
ceived in the development of this work. The training of
the models was performed on the GPU clusters of the
CERN TechLab and the CERN CMG group. This project
has received funding from the European Research Council
(ERC) under the European Union’s Horizon 2020 research
and innovation program (grant agreement no 772369).

References

1. B. H. Denby, “Neural Networks and Cellular Automata in
Experimental High-energy Physics,” Comput. Phys. Com-
mun., vol. 49, 1988.

2. C. Peterson, “Track Finding With Neural Networks,”
Nucl. Instrum. Meth., vol. A279, 1989.

3. P. Abreu et al., “Classification of the hadronic decays of
the Z0 into b and c quark pairs using a neural network,”
Phys. Lett., vol. B295, 1992.

4. B. H. Denby, “Neural networks in high-energy physics: A
ten year perspective,” Comput. Phys. Commun., vol. 119,
1999.

5. H.-J. Yang, B. P. Roe, and J. Zhu, “Studies of boosted de-
cision trees for MiniBooNE particle identification,” Nucl.
Instrum. Meth., vol. A555, 2005.

6. A. Radovic et al., “Machine learning at the energy and
intensity frontiers of particle physics,” Nature, vol. 560,
no. 7716, 2018.

7. V. Khachatryan et al., “CMS Phase 1 heavy flavour identi-
fication performance and developments,” Tech. Rep. CMS-
DP-2017-013, 2017.

8. V. Khachatryan et al., “New Developments for Jet Sub-
structure Reconstruction in CMS,” Tech. Rep. CMS-DP-
2017-027, 2017.

9. A. A. Pol et al., “Detector monitoring with artificial neu-
ral networks at the CMS experiment at the CERN Large
Hadron Collider,” Comput. Softw. Big Sci., vol. 3, 2019.

10. A. Krizhevsky, I. Sutskever, and G. E. Hinton, “Imagenet
classification with deep convolutional neural networks,”
Commun. ACM, vol. 60, pp. 84–90, May 2017.

11. CMS Collaboration, “The Phase-2 Upgrade of the CMS
Endcap Calorimeter,” Tech. Rep. CERN-LHCC-2017-023.
CMS-TDR-019, 2017.

12. V. Khachatryan et al., “Technical Proposal for the Phase-
II Upgrade of the CMS Detector,” Tech. Rep. CERN-
LHCC-2015-010. LHCC-P-008. CMS-TDR-15-02, 2015.

13. F. Carminati et al., “Calorimetry with deep learning: par-
ticle classification, energy regression, and simulation for
high-energy physics.” ”Deep Learning for Physical Sci-
ences” workshop at NIPS 2017, 2017.

14. D. Guest, K. Cranmer, and D. Whiteson, “Deep Learn-
ing and its Application to LHC Physics,” Ann. Rev. Nucl.
Part. Sci., vol. 68, 2018.

15. L. De Oliveira, B. Nachman, and M. Paganini,
“Electromagnetic Showers Beyond Shower Shapes.”
arXiv:1806.05667[hep-ex], 2018.

16. A. Abada et al., “Fcc-hh: The hadron collider,” The Eu-
ropean Physical Journal Special Topics, vol. 228, pp. 755–
1107, Jul 2019.

17. J. Cogan et al., “Jet-Images: Computer Vision Inspired
Techniques for Jet Tagging,” JHEP, vol. 02, 2015.

18. P. T. Komiske, E. M. Metodiev, and M. D. Schwartz,
“Deep learning in color: towards automated quark/gluon
jet discrimination,” JHEP, vol. 01, 2017.

19. L. de Oliveira et al., “Jet-images deep learning edition,”
JHEP, vol. 07, p. 069, 2016.

20. P. Baldi et al., “Jet Substructure Classification in High-
Energy Physics with Deep Neural Networks,” Phys. Rev.,
vol. D93, no. 9, 2016.

21. L. de Oliveira, M. Paganini, and B. Nachman, “Learn-
ing Particle Physics by Example: Location-Aware Genera-
tive Adversarial Networks for Physics Synthesis,” Comput.
Softw. Big Sci., vol. 1, no. 1, 2017.

22. M. Paganini, L. de Oliveira, and B. Nachman, “CaloGAN
: Simulating 3D high energy particle showers in multilayer
electromagnetic calorimeters with generative adversarial
networks,” Phys. Rev., vol. D97, no. 1, 2018.

23. G. Rukhkhattak, S. Vallecorsa, and F. Carminati, “Three
dimensional energy parametrized generative adversarial
networks for electromagnetic shower simulation,” 2018
25th IEEE International Conference on Image Processing
(ICIP), pp. 3913–3917, 2018.

24. P. Musella and F. Pandolfi, “Fast and Accurate Simula-
tion of Particle Detectors Using Generative Adversarial
Networks,” Comput. Softw. Big Sci., vol. 2, no. 1, 2018.

25. P. T. Komiske et al., “Pileup Mitigation with Machine
Learning (PUMML),” JHEP, vol. 12, 2017.

26. ATLAS Collaboration, “Identification of Jets Containing
b-Hadrons with Recurrent Neural Networks at the AT-
LAS Experiment,” Tech. Rep. ATL-PHYS-PUB-2017-003,
2017.

10.2. Beam tests 273

Figure 10.14: CE-E (left), CE-H (centre) and AHCAL (right) on the scissor table in the H2 beam
line at CERN.

(top) and a 17-layer test at CERN in 2017 (bottom). The colour scale represents the signal size
in each hexagonal cell.

Figure 10.15: Top: Event display showing the shower development in the 16-layer test at
FNAL in 2016 due to an incident 32 GeV electron; Bottom: Event display showing the shower
development of a 300 GeV hadron in the 17-layer test at CERN in 2017.

As an example of hadron shower development in the CERN tests, Fig. 10.16 shows the hit

1 Introduction

The high luminosity phase of the LHC (HL-LHC), expected to start its operation in about ten years,
will integrate 10 times more luminosity than the LHC, with the aim of pushing forward the demanding
physics program of Phase II [1]. The high radiation and high pileup expected are major challenges for the
current detectors, which will be upgraded to maintain excellent performance even in the harsh HL-LHC
environment. As part of the HL-LHC upgrade program, the CMS collaboration will replace the existing
forward calorimeters with a High Granularity Calorimeter [2], providing a unique fine grain in view of a
multi-dimensional shower reconstruction. This is a fundamental upgrade for the whole detector given the
important role of the forward calorimeter for physics in Phase II, it will also be crucial to complement the
tracker upgrade with extended coverage in the forward region and a reduced material budget.

2 The High Granularity Calorimeter

In the mechanical design the HGCAL consists of a sampling calorimeter with silicon and scintillators as active
material, including both the electromagnetic (EE) and the hadronic (FH+BH) sections ⇤. A schematic view
is given in Figure 1. Silicon is the main active material, it is used in the electromagnetic and innermost
regions of the hadronic section, where the radiation is expected to be higher (up to 1016 n/cm2). It is
transversely segmented into hexagon cells of about 1 cm2 surface, for a total of over 6 million channels.
Plastic scintillator tiles are used in the outermost regions of FH and BH.
In the electromagnetic part, to accommodate 28 sampling layers in about 30 cm, silicon sensors are mounted
on either side of a copper plate, based on the stack illustrated in Figure 2, for a total of 14 copper support
plates inter-spaced by lead absorbers. The thickness of the EE part amounts to about 25X0 and about 1�.
The hadronic part extends for about 1.5 m in depth and comprises 12 sampling layers in each of the FH and
BH sections with stainless steel as absorber. The thickness of the hadronic part corresponds to about 3.5�
and 5.7� for the FH and BH respectively, for a total of about 9� for the 24 layers.

Figure 1: Schematic view of the High Granularity Calorimeter design.

⇤To reflect the design decision and the integration in the CMS detector nomenclature, the HGCAL is most recently referred
to as CE, the electromagnetic section (EE) is designated CE-E, and the hadronic section (FH and BH) is CE-H.
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• GravNet and GarNet: Distance-weighted graph 
neural network architectures introduced in Ref [1] 

• Self-contained and stackable in a larger network 
• Input B × V × Fin → output B × V × Fout  

B = batch size, V = (maximum) number of vertices,  
Fin, Fout = number of input and output vertex features 

• GravNet involves a V × V adjacency matrix  
→ Memory-intensive, but provides higher accuracy 

• GarNet is light on compute resource and fast

(a) Fin features are converted into S "spatial" and FLR "intrinsic" attributes of the 
vertices via dense layers. 

(b) GravNet: S features are interpreted as Cartesian coordinates in an S-
dimensional latent space. Each vertex forms an edge with N nearest 
neighbor vertices by the Euclidean distance to form a graph. 

(c) GarNet: S features are interpreted as one-dimensional distance to abstract 
"aggregator" nodes. All vertices are connected to all aggregators. 

(d) Each vertex (GravNet) or aggregator (GarNet) collects the max and mean 
of the features of the connected vertices. Features are transformed by a 
common dense layer, weighted by a decreasing function of the distance.  
In GarNet, aggregators return the collected features back to the vertices 
with the same weight function. Collected features are appended to the 
intrinsic features of the vertices. 

(e) Concatenation of the input and internal intrinsic features are passed 
through a dense layer to produce the Fout output features for each vertex.
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Fig. 1: Pictorial representation of the data flow across the GarNet and the GravNet layers. (a) The input features
FIN of each vi 2 V are processed by a dense neural network with two output arrays: a set of learned features FLR and
spatial information S in some learned representation space. (b) In the case of the GravNet layer, the S quantities
are interpreted as the coordinates of the vertices in some abstract space. The graph is built in this space, connecting
each vi to its N closest neighbors (N=4 in the figure), using the euclidean distance dij between the vertices to rank
the neighbors. (c) In the case of the GarNet layer, the S quantities are interpreted as the distances between the
vertices and a set of S aggregators in some abstract space. The graph is then built connecting each vi vertex to each
aj aggregator, and the S quantities are the dij euclidean distances. (d) Once the graph structure is established, the f i

j

features of the vj vertices connected to a given vertex or aggregator vk are converted into the f̃ i
jk quantities, through

a potential (function of djk). The corresponding information is then gathered across the graph and turned into a new

feature f̃ i
k of vk (e.g. summing over the edges, or taking the maximum). (e) For each choice of gathering function, a new

set of features f̃ i
k 2 F̃LR is generated. The F̃LR vector is concatenated to the initial FIN vector. The resulting feature

vector is given as input to a dense neural network with tanh activation, which returns the output representation FOUT.

Fig. 2: Calorimeter geometry. The markers indicate the
centre of the sensors, their size the sensor size. Layers are
colour-coded for better visualisation.

The calorimeter is made entirely of Tungsten, with a width
of 30 cm ⇥ 30 cm in the x and y directions and a length
of 2m in the longitudinal direction (z), which corresponds
to 20 nuclear interaction lengths. The longitudinal dimen-
sion is further split into 20 layers of equal thickness. Each
layer contains square sensor cells, with a fine segmenta-
tion in the quadrant with x > 0 and y > 0 and a lower
granularity elsewhere. The total number of cells and their
individual sizes vary by layer, replicating the basic fea-
tures of a slightly irregular calorimeter. For more details,
see Fig. 2 and Table 1.

Charged pions are generated at z = �2 m; the x and y
coordinates of the generation vertex are randomly sampled
within |x| < 5 cm and |y| < 5 cm. The x and y components
of the particle momentum are set to 0, while the z compo-
nent is sampled uniformly between 10 and 100GeV. The
particles therefore impinge the calorimeter front face per-
pendicularly and shower along the longitudinal direction.

The resulting total energy deposit in each cell, as well
as the cell position, width, and layer number, are recorded
for each event. These quantities correspond to the FIN fea-
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FIN of each vi 2 V are processed by a dense neural network with two output arrays: a set of learned features FLR and
spatial information S in some learned representation space. (b) In the case of the GravNet layer, the S quantities
are interpreted as the coordinates of the vertices in some abstract space. The graph is built in this space, connecting
each vi to its N closest neighbors (N=4 in the figure), using the euclidean distance dij between the vertices to rank
the neighbors. (c) In the case of the GarNet layer, the S quantities are interpreted as the distances between the
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aj aggregator, and the S quantities are the dij euclidean distances. (d) Once the graph structure is established, the f i

j

features of the vj vertices connected to a given vertex or aggregator vk are converted into the f̃ i
jk quantities, through

a potential (function of djk). The corresponding information is then gathered across the graph and turned into a new

feature f̃ i
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vector is given as input to a dense neural network with tanh activation, which returns the output representation FOUT.

Fig. 2: Calorimeter geometry. The markers indicate the
centre of the sensors, their size the sensor size. Layers are
colour-coded for better visualisation.

The calorimeter is made entirely of Tungsten, with a width
of 30 cm ⇥ 30 cm in the x and y directions and a length
of 2m in the longitudinal direction (z), which corresponds
to 20 nuclear interaction lengths. The longitudinal dimen-
sion is further split into 20 layers of equal thickness. Each
layer contains square sensor cells, with a fine segmenta-
tion in the quadrant with x > 0 and y > 0 and a lower
granularity elsewhere. The total number of cells and their
individual sizes vary by layer, replicating the basic fea-
tures of a slightly irregular calorimeter. For more details,
see Fig. 2 and Table 1.

Charged pions are generated at z = �2 m; the x and y
coordinates of the generation vertex are randomly sampled
within |x| < 5 cm and |y| < 5 cm. The x and y components
of the particle momentum are set to 0, while the z compo-
nent is sampled uniformly between 10 and 100GeV. The
particles therefore impinge the calorimeter front face per-
pendicularly and shower along the longitudinal direction.

The resulting total energy deposit in each cell, as well
as the cell position, width, and layer number, are recorded
for each event. These quantities correspond to the FIN fea-

Layers step-by-step

• CMS experiment plans to install a novel silicon + scintillator-
based endcap calorimeter (HGCAL) [2] for HL-LHC (2026-) 

• Pseudorapidity coverage 1.5 < |η| < 3.0 
• 52 layers corresponding to max. ~10 interaction lengths  

CE-E thickness ~25 radiation lengths 
• 6 million hexagonal Si sensors 

600 m2 total sensor area, 0.5-1 cm2 per sensor 
• Occupancy maximum ~60% at 200 pileup 
• Hexagonal (irregular) arrangement of sensors and  

hit sparseness motivate graph neural network approach  
for data processing 

• Reconstruction goals 
• Form clusters of energy depositions from individual  

particles (O(100) per endcap @ PU200) 
• Accurate energy assignment to clusters 
• Particle identification 

• HGCAL participates in level-1 trigger (L1T) 
• Need to perform rough clustering, energy  

estimate, and particle ID within 5 μs 
• 4 or 9 silicon pads are grouped into one trigger cell

24 Chapter 2. Active elements

and/or 3 ⇥ 3 neighbouring cells to form trigger primitives, shown as differing colour group-
ings in the figure, and the subdivision of the module into symmetric domains for the readout
chips, simplifying the layout of the module readout printed circuit board (PCB). Silicon wafer
layouts using the three-fold diamond configuration are shown in Fig. 2.4.

Figure 2.3: Schematic illustration of the three-fold diamond configuration of sensor cells on
hexagonal 8” silicon wafers, showing the groupings of sensor cells that get summed to form
trigger cells, for the large, 1.18 cm2, sensor cells (left), and for the small, 0.52 cm2, cells (right).

Figure 2.4: Drawing of hexagonal 8” silicon wafers, with layout of large, 1.18 cm2, sensor cells
(left), and small, 0.52 cm2, cells (right).

The cell size is driven both by physics performance considerations, such as the lateral spread
of electromagnetic showers, and by constraints imposed by the need to keep the cell capaci-
tance within a manageable range. In practice, this results in cell sizes of ⇡1 cm2 for the 300 and
200 µm active thickness sensors and ⇡0.5 cm2 for the 120 µm active thickness sensors, corre-
sponding to a maximum cell capacitance of 65 pF. Each sensor has either 192 or 432 individual
diodes, which act as sensor cells. The HV bias is applied to the sensor back-plane, whereas the
ground return from each individual cell is provided through the DC connection to the corre-
sponding front-end amplifier. Two cells per readout chip are segmented to include calibration
pads with smaller size and correspondingly lower capacitance and noise.

An irradiation campaign is underway, which will include noise measurements, with a partic-
2017 JINST 12 C01042

Figure 3. Summary of silicon thickness as a function of sensor position in the detector.

Figure 4. Left: cassette layout. Right: schematic view of the two di�erent regimes of charge readout.

The front-end electronics have stringent requirements. The dynamic range should cover the 0.4
fC to 10 pC range (15 bits) in order to measure at the same time minimum ionising particles (MIP)
and very energetic photon/electron or quark shower cores. A two-way charge readout system is
proposed (figure 4 right), where the low charges (below 100 fC) are readout by 10-bit ADC, whilst the
high charges are readout by Time-Over-Threshold (TOT) with 12-bit TDC. The noise must be kept at
a level < 2000 e� (0.32 fC) to keep the MIP visibility for thinner sensors after 3000 fb�1 of integrated
luminosity. It should have high radiation resistance (150 MRad, 1016 n/cm2), and leakage current
compensation. The wafer process chosen is the 130nm TSMC technology [5]. The power budget
is constrained to < 10 mW per channel. For the physics reach, it would be an asset to have timing
information with 50 ps accuracy. The system should be on chip (digitization, processing), with high
speed readout (>Gb/s), and large bu�ers to accommodate the 12.5 µs latency of the Level 1 trigger.

A strategy has been devised in order to obtain the final requirements in a timely manner.
Starting from the CALICE “SKIROC2" chip [6], used in this year’s beam tests, a “SKIROC2-cms"
chip has been designed in 0.35µm AMS technology [7] (non rad-hard) but modified to CMS needs:
adding variable gain preamps, 25ns shapers, 40 MHz analogue memory, timing capabilities: ToA,
ToT with < 50 ps resolution, low/high gain and large dynamic range. The first version was received
from the manufacturer in the summer 2016 and is being tested. In parallel 130 nm test vehicles are
being prepared, with a first version received mid-september 2016, a second version (8 channels) to

– 3 –

Longitudinal cross section

Single CE-E layer

Silicon wafer

Event displays from 16- and 17-layer beam tests

Clustering with GravNet

GarNet on FPGA for Triggering
• GarNet is implemented as FPGA firmware 

(Verilog / VHDL) using the HLS4ML 
framework [3] (Xilinx Vivado backend) 

• Proof-of-concept: simple architecture 
applied on a simple problem (e/γ vs hadron 
classification of pre-made L1T clusters) 

• Sub-μs latency per layer achieved with 
more room for optimization 

• Classification performance comparable to 
Keras implementation run on GPU

Network

• Input: For each 3D cluster  
Number of TCs, TC energy, TC z, TC θ&φ relative to cluster 

• Output: Probability that the cluster is e/γ/π0

6

Input 
(one entry 

per 3D cluster)

GarNet 
108 parameters

Fully-connected 
layer 

4 parameters P(e/γ/π0)
[Ncell][4] [4]
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Fig. 1: Pictorial representation of the data flow across the GarNet and the GravNet layers. (a) The input features
FIN of each vi 2 V are processed by a dense neural network with two output arrays: a set of learned features FLR and
spatial information S in some learned representation space. (b) In the case of the GravNet layer, the S quantities
are interpreted as the coordinates of the vertices in some abstract space. The graph is built in this space, connecting
each vi to its N closest neighbors (N=4 in the figure), using the euclidean distance dij between the vertices to rank
the neighbors. (c) In the case of the GarNet layer, the S quantities are interpreted as the distances between the
vertices and a set of S aggregators in some abstract space. The graph is then built connecting each vi vertex to each
aj aggregator, and the S quantities are the dij euclidean distances. (d) Once the graph structure is established, the f i

j

features of the vj vertices connected to a given vertex or aggregator vk are converted into the f̃ i
jk quantities, through

a potential (function of djk). The corresponding information is then gathered across the graph and turned into a new

feature f̃ i
k of vk (e.g. summing over the edges, or taking the maximum). (e) For each choice of gathering function, a new

set of features f̃ i
k 2 F̃LR is generated. The F̃LR vector is concatenated to the initial FIN vector. The resulting feature

vector is given as input to a dense neural network with tanh activation, which returns the output representation FOUT.

Fig. 2: Calorimeter geometry. The markers indicate the
centre of the sensors, their size the sensor size. Layers are
colour-coded for better visualisation.

The calorimeter is made entirely of Tungsten, with a width
of 30 cm ⇥ 30 cm in the x and y directions and a length
of 2m in the longitudinal direction (z), which corresponds
to 20 nuclear interaction lengths. The longitudinal dimen-
sion is further split into 20 layers of equal thickness. Each
layer contains square sensor cells, with a fine segmenta-
tion in the quadrant with x > 0 and y > 0 and a lower
granularity elsewhere. The total number of cells and their
individual sizes vary by layer, replicating the basic fea-
tures of a slightly irregular calorimeter. For more details,
see Fig. 2 and Table 1.

Charged pions are generated at z = �2 m; the x and y
coordinates of the generation vertex are randomly sampled
within |x| < 5 cm and |y| < 5 cm. The x and y components
of the particle momentum are set to 0, while the z compo-
nent is sampled uniformly between 10 and 100GeV. The
particles therefore impinge the calorimeter front face per-
pendicularly and shower along the longitudinal direction.

The resulting total energy deposit in each cell, as well
as the cell position, width, and layer number, are recorded
for each event. These quantities correspond to the FIN fea-
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Fig. 2: Calorimeter geometry. The markers indicate the
centre of the sensors, their size the sensor size. Layers are
colour-coded for better visualisation.

The calorimeter is made entirely of Tungsten, with a width
of 30 cm ⇥ 30 cm in the x and y directions and a length
of 2m in the longitudinal direction (z), which corresponds
to 20 nuclear interaction lengths. The longitudinal dimen-
sion is further split into 20 layers of equal thickness. Each
layer contains square sensor cells, with a fine segmenta-
tion in the quadrant with x > 0 and y > 0 and a lower
granularity elsewhere. The total number of cells and their
individual sizes vary by layer, replicating the basic fea-
tures of a slightly irregular calorimeter. For more details,
see Fig. 2 and Table 1.

Charged pions are generated at z = �2 m; the x and y
coordinates of the generation vertex are randomly sampled
within |x| < 5 cm and |y| < 5 cm. The x and y components
of the particle momentum are set to 0, while the z compo-
nent is sampled uniformly between 10 and 100GeV. The
particles therefore impinge the calorimeter front face per-
pendicularly and shower along the longitudinal direction.

The resulting total energy deposit in each cell, as well
as the cell position, width, and layer number, are recorded
for each event. These quantities correspond to the FIN fea-

Classification model used for the test

Synthesis report
On Xilinx Kintex UltraScale XCKU115
Clock frequency 200 MHz  

Latency 55-100 clocks
Interval: 30-93 clocks
DSP 2.4k / 5.5k (44%)
LUT 87.5k / 663k (13%)
Block RAM 2.3MB / 75.9MB (3%)

• Using a model with 3 GravNet layers interleaved with additional message-passing 
layers and fully-connected layers (166k parameters) 

• Input data: simulation of 5 particles shot within a narrow (ΔR < 0.5) cone 
• Particle species: randomly chosen from μ±, γ, e, and π± 

• Particle energies: randomly chosen from 10-100 GeV 
• Hits are pre-clustered within each HGCAL layer before fed into the network 

• Output: per hit, probability of the hit belonging to a cluster due to each particle
• High accuracy achieved 

even for highly nontrivial 
cluster shapes 

• Algorithm for predicting 
arbitrary number of clusters 
currently under development 

• Clustering under non-zero 
pileup & over full HGCAL 
also under development
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Figure 1: ROC curve for the e/γ/π0 particle-identification GarNet model, for the full-precision KERAS implementation
and the low-precision FPGA synthesis (estimated from FPGA emulator).

Latency 55-100 clocks Interval 30-93 clocks
DSP 2.4-5.5k DSP % < 44
LUT 88/663k LUT % < 13

Block RAM 2/76 MB Block RAM % 13
Table 1: Resource utilization for various configurations of the e/γ/π0 particle-identification GarNet model, synthetized
on a Xilinx Kintex Ultrascale XCKU115, with a clock frequency of 200 MHz.

3



4 S.R. Qasim et al.: Distance-weighted graph networks for irregular particle-detector geometries

s1

s2

FIN
FLR

S
(a) (b) (c)

di2

di1

dj2
dj1

{ }
}

(e)(d)

vk

v1

v2

v3

v4

f2
i

f3
i

f4
i

d1k

d2k

d3k

d4k

f1
i

fj
i

  ifjk = fj ×V(djk)
~i

Max( fjk)~i
j

Σ fjk
~i

j
fk =  ~i {

…

FOUT}
FIN

FLR{’

FLR{’’

~

~

{

Fig. 1: Pictorial representation of the data flow across the GarNet and the GravNet layers. (a) The input features
FIN of each vi 2 V are processed by a dense neural network with two output arrays: a set of learned features FLR and
spatial information S in some learned representation space. (b) In the case of the GravNet layer, the S quantities
are interpreted as the coordinates of the vertices in some abstract space. The graph is built in this space, connecting
each vi to its N closest neighbors (N=4 in the figure), using the euclidean distance dij between the vertices to rank
the neighbors. (c) In the case of the GarNet layer, the S quantities are interpreted as the distances between the
vertices and a set of S aggregators in some abstract space. The graph is then built connecting each vi vertex to each
aj aggregator, and the S quantities are the dij euclidean distances. (d) Once the graph structure is established, the f i

j

features of the vj vertices connected to a given vertex or aggregator vk are converted into the f̃ i
jk quantities, through

a potential (function of djk). The corresponding information is then gathered across the graph and turned into a new

feature f̃ i
k of vk (e.g. summing over the edges, or taking the maximum). (e) For each choice of gathering function, a new

set of features f̃ i
k 2 F̃LR is generated. The F̃LR vector is concatenated to the initial FIN vector. The resulting feature

vector is given as input to a dense neural network with tanh activation, which returns the output representation FOUT.

Fig. 2: Calorimeter geometry. The markers indicate the
centre of the sensors, their size the sensor size. Layers are
colour-coded for better visualisation.

The calorimeter is made entirely of Tungsten, with a width
of 30 cm ⇥ 30 cm in the x and y directions and a length
of 2m in the longitudinal direction (z), which corresponds
to 20 nuclear interaction lengths. The longitudinal dimen-
sion is further split into 20 layers of equal thickness. Each
layer contains square sensor cells, with a fine segmenta-
tion in the quadrant with x > 0 and y > 0 and a lower
granularity elsewhere. The total number of cells and their
individual sizes vary by layer, replicating the basic fea-
tures of a slightly irregular calorimeter. For more details,
see Fig. 2 and Table 1.

Charged pions are generated at z = �2 m; the x and y
coordinates of the generation vertex are randomly sampled
within |x| < 5 cm and |y| < 5 cm. The x and y components
of the particle momentum are set to 0, while the z compo-
nent is sampled uniformly between 10 and 100GeV. The
particles therefore impinge the calorimeter front face per-
pendicularly and shower along the longitudinal direction.

The resulting total energy deposit in each cell, as well
as the cell position, width, and layer number, are recorded
for each event. These quantities correspond to the FIN fea-

GravNet for accuracy-critical tasks, GarNet for latency- and resource-critical tasks.

Distance-weighted graph-based neural networks take point-wise structured input (vertices) and translate the semantic 
affinity between the vertices into geometric proximity in high-dimensional latent spaces. Two distance-weighted graph 
network architectures, GravNet and GarNet, are applied to the simulated detector readout of the future endcap 
calorimeter of the CMS experiment.

Application of Distance-Weighted Graph Networks to 
Real-life Particle Detector Output
Yutaro Iiyama (CERN) on behalf of the CMS Collaboration 
Machine Learning and the Physical Sciences, NeurIPS 2019

Displays of 3 example events. Points 
represent the HGCAL hits, with size of 
the points proportional to the recorded 
energy at the sensor. Colors correspond 
to the source particle. The left plot of 
each row represents the ground truth, 
and the right plot shows the model 
prediction where hits are colored by the 
highest-probability cluster. The network 
architecture is based on GravNet, with 
some modifications with respect to the 
original implementation.

ROC curves for the e/γ versus hadron classification of 
HGCAL L1T clusters. Constituent trigger cells of the 
clusters in single-photon and single-pion events with 
0 pileup are used as inputs to the model. Fake rate is 
higher in the HLS implementation due to the lower 
numerical precision used in the calculation to keep 
the FPGA resource usage to a manageable level.

GravNet and GarNet High-Granularity Calorimeter
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Fig. 5: Comparison of inference time for the network ar-
chitectures described in the text, evaluated on CPUs and
GPUs with di↵erent choices of batch size. The shaded area
represents the +1� statistical uncertainty band.

Note added

After the completion of this work, Ref. [28] appeared, dis-
cussing the application of a similar approach to the prob-
lem of jet tagging.
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10.2. Beam tests 273

Figure 10.14: CE-E (left), CE-H (centre) and AHCAL (right) on the scissor table in the H2 beam
line at CERN.

(top) and a 17-layer test at CERN in 2017 (bottom). The colour scale represents the signal size
in each hexagonal cell.

Figure 10.15: Top: Event display showing the shower development in the 16-layer test at
FNAL in 2016 due to an incident 32 GeV electron; Bottom: Event display showing the shower
development of a 300 GeV hadron in the 17-layer test at CERN in 2017.

As an example of hadron shower development in the CERN tests, Fig. 10.16 shows the hit

1 Introduction

The high luminosity phase of the LHC (HL-LHC), expected to start its operation in about ten years,
will integrate 10 times more luminosity than the LHC, with the aim of pushing forward the demanding
physics program of Phase II [1]. The high radiation and high pileup expected are major challenges for the
current detectors, which will be upgraded to maintain excellent performance even in the harsh HL-LHC
environment. As part of the HL-LHC upgrade program, the CMS collaboration will replace the existing
forward calorimeters with a High Granularity Calorimeter [2], providing a unique fine grain in view of a
multi-dimensional shower reconstruction. This is a fundamental upgrade for the whole detector given the
important role of the forward calorimeter for physics in Phase II, it will also be crucial to complement the
tracker upgrade with extended coverage in the forward region and a reduced material budget.

2 The High Granularity Calorimeter

In the mechanical design the HGCAL consists of a sampling calorimeter with silicon and scintillators as active
material, including both the electromagnetic (EE) and the hadronic (FH+BH) sections ⇤. A schematic view
is given in Figure 1. Silicon is the main active material, it is used in the electromagnetic and innermost
regions of the hadronic section, where the radiation is expected to be higher (up to 1016 n/cm2). It is
transversely segmented into hexagon cells of about 1 cm2 surface, for a total of over 6 million channels.
Plastic scintillator tiles are used in the outermost regions of FH and BH.
In the electromagnetic part, to accommodate 28 sampling layers in about 30 cm, silicon sensors are mounted
on either side of a copper plate, based on the stack illustrated in Figure 2, for a total of 14 copper support
plates inter-spaced by lead absorbers. The thickness of the EE part amounts to about 25X0 and about 1�.
The hadronic part extends for about 1.5 m in depth and comprises 12 sampling layers in each of the FH and
BH sections with stainless steel as absorber. The thickness of the hadronic part corresponds to about 3.5�
and 5.7� for the FH and BH respectively, for a total of about 9� for the 24 layers.

Figure 1: Schematic view of the High Granularity Calorimeter design.

⇤To reflect the design decision and the integration in the CMS detector nomenclature, the HGCAL is most recently referred
to as CE, the electromagnetic section (EE) is designated CE-E, and the hadronic section (FH and BH) is CE-H.
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• GravNet and GarNet: Distance-weighted graph 
neural network architectures introduced in Ref [1] 

• Self-contained and stackable in a larger network 
• Input B × V × Fin → output B × V × Fout 

B = batch size, V = (maximum) number of vertices,  
Fin, Fout = number of input and output vertex features 

• GravNet involves a V × V adjacency matrix  
→ Memory-intensive, but provides higher accuracy 

• GarNet is light on compute resource and fast

(a) Fin features are converted into S "spatial" and FLR "intrinsic" attributes of the 
vertices via dense layers. 

(b) GravNet: S features are interpreted as Cartesian coordinates in an S-
dimensional latent space. Each vertex forms an edge with N nearest 
neighbor vertices by the Euclidean distance to form a graph. 

(c) GarNet: S features are interpreted as one-dimensional distance to abstract 
"aggregator" nodes. All vertices are connected to all aggregators. 

(d) Each vertex (GravNet) or aggregator (GarNet) collects the max and mean 
of the features of the connected vertices. Features are transformed by a 
common dense layer, weighted by a decreasing function of the distance.  
In GarNet, aggregators return the collected features back to the vertices 
with the same weight function. Collected features are appended to the 
intrinsic features of the vertices. 

(e) Concatenation of the input and internal intrinsic features are passed 
through a dense layer to produce the Fout output features for each vertex.
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Fig. 1: Pictorial representation of the data flow across the GarNet and the GravNet layers. (a) The input features
FIN of each vi 2 V are processed by a dense neural network with two output arrays: a set of learned features FLR and
spatial information S in some learned representation space. (b) In the case of the GravNet layer, the S quantities
are interpreted as the coordinates of the vertices in some abstract space. The graph is built in this space, connecting
each vi to its N closest neighbors (N=4 in the figure), using the euclidean distance dij between the vertices to rank
the neighbors. (c) In the case of the GarNet layer, the S quantities are interpreted as the distances between the
vertices and a set of S aggregators in some abstract space. The graph is then built connecting each vi vertex to each
aj aggregator, and the S quantities are the dij euclidean distances. (d) Once the graph structure is established, the f i

j

features of the vj vertices connected to a given vertex or aggregator vk are converted into the f̃ i
jk quantities, through

a potential (function of djk). The corresponding information is then gathered across the graph and turned into a new

feature f̃ i
k of vk (e.g. summing over the edges, or taking the maximum). (e) For each choice of gathering function, a new

set of features f̃ i
k 2 F̃LR is generated. The F̃LR vector is concatenated to the initial FIN vector. The resulting feature

vector is given as input to a dense neural network with tanh activation, which returns the output representation FOUT.

Fig. 2: Calorimeter geometry. The markers indicate the
centre of the sensors, their size the sensor size. Layers are
colour-coded for better visualisation.

The calorimeter is made entirely of Tungsten, with a width
of 30 cm ⇥ 30 cm in the x and y directions and a length
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layer contains square sensor cells, with a fine segmenta-
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coordinates of the generation vertex are randomly sampled
within |x| < 5 cm and |y| < 5 cm. The x and y components
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for each event. These quantities correspond to the FIN fea-

Layers step-by-step

• CMS experiment plans to install a novel silicon + scintillator-
based endcap calorimeter (HGCAL) [2] for HL-LHC (2026-) 

• Pseudorapidity coverage 1.5 < |η| < 3.0 
• 52 layers corresponding to max. ~10 interaction lengths  

CE-E thickness ~25 radiation lengths 
• 6 million hexagonal Si sensors  

600 m2 total sensor area, 0.5-1 cm2 per sensor 
• Occupancy maximum ~60% at 200 pileup 
• Hexagonal (irregular) arrangement of sensors and  

hit sparseness motivate graph neural network approach  
for data processing 

• Reconstruction goals 
• Form clusters of energy depositions from individual  

particles (O(100) per endcap @ PU200) 
• Accurate energy assignment to clusters 
• Particle identification 

• HGCAL participates in level-1 trigger (L1T) 
• Need to perform rough clustering, energy  

estimate, and particle ID within 5 μs 
• 4 or 9 silicon pads are grouped into one trigger cell

24 Chapter 2. Active elements

and/or 3 ⇥ 3 neighbouring cells to form trigger primitives, shown as differing colour group-
ings in the figure, and the subdivision of the module into symmetric domains for the readout
chips, simplifying the layout of the module readout printed circuit board (PCB). Silicon wafer
layouts using the three-fold diamond configuration are shown in Fig. 2.4.

Figure 2.3: Schematic illustration of the three-fold diamond configuration of sensor cells on
hexagonal 8” silicon wafers, showing the groupings of sensor cells that get summed to form
trigger cells, for the large, 1.18 cm2, sensor cells (left), and for the small, 0.52 cm2, cells (right).

Figure 2.4: Drawing of hexagonal 8” silicon wafers, with layout of large, 1.18 cm2, sensor cells
(left), and small, 0.52 cm2, cells (right).

The cell size is driven both by physics performance considerations, such as the lateral spread
of electromagnetic showers, and by constraints imposed by the need to keep the cell capaci-
tance within a manageable range. In practice, this results in cell sizes of ⇡1 cm2 for the 300 and
200 µm active thickness sensors and ⇡0.5 cm2 for the 120 µm active thickness sensors, corre-
sponding to a maximum cell capacitance of 65 pF. Each sensor has either 192 or 432 individual
diodes, which act as sensor cells. The HV bias is applied to the sensor back-plane, whereas the
ground return from each individual cell is provided through the DC connection to the corre-
sponding front-end amplifier. Two cells per readout chip are segmented to include calibration
pads with smaller size and correspondingly lower capacitance and noise.

An irradiation campaign is underway, which will include noise measurements, with a partic-
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Figure 3. Summary of silicon thickness as a function of sensor position in the detector.

Figure 4. Left: cassette layout. Right: schematic view of the two di�erent regimes of charge readout.

The front-end electronics have stringent requirements. The dynamic range should cover the 0.4
fC to 10 pC range (15 bits) in order to measure at the same time minimum ionising particles (MIP)
and very energetic photon/electron or quark shower cores. A two-way charge readout system is
proposed (figure 4 right), where the low charges (below 100 fC) are readout by 10-bit ADC, whilst the
high charges are readout by Time-Over-Threshold (TOT) with 12-bit TDC. The noise must be kept at
a level < 2000 e� (0.32 fC) to keep the MIP visibility for thinner sensors after 3000 fb�1 of integrated
luminosity. It should have high radiation resistance (150 MRad, 1016 n/cm2), and leakage current
compensation. The wafer process chosen is the 130nm TSMC technology [5]. The power budget
is constrained to < 10 mW per channel. For the physics reach, it would be an asset to have timing
information with 50 ps accuracy. The system should be on chip (digitization, processing), with high
speed readout (>Gb/s), and large bu�ers to accommodate the 12.5 µs latency of the Level 1 trigger.

A strategy has been devised in order to obtain the final requirements in a timely manner.
Starting from the CALICE “SKIROC2" chip [6], used in this year’s beam tests, a “SKIROC2-cms"
chip has been designed in 0.35µm AMS technology [7] (non rad-hard) but modified to CMS needs:
adding variable gain preamps, 25ns shapers, 40 MHz analogue memory, timing capabilities: ToA,
ToT with < 50 ps resolution, low/high gain and large dynamic range. The first version was received
from the manufacturer in the summer 2016 and is being tested. In parallel 130 nm test vehicles are
being prepared, with a first version received mid-september 2016, a second version (8 channels) to

– 3 –

Longitudinal cross section

Single CE-E layer

Silicon wafer

Event displays from 16- and 17-layer beam tests

Clustering with GravNet

GarNet on FPGA for Triggering
• GarNet is implemented as FPGA firmware 

(Verilog / VHDL) using the HLS4ML 
framework [3] (Xilinx Vivado backend) 

• Proof-of-concept: simple architecture 
applied on a simple problem (e/γ vs hadron 
classification of pre-made L1T clusters) 

• Sub-μs latency per layer achieved with 
more room for optimization 

• Classification performance comparable to 
Keras implementation run on GPU

Network

• Input: For each 3D cluster  
Number of TCs, TC energy, TC z, TC θ&φ relative to cluster 

• Output: Probability that the cluster is e/γ/π0

6

Input 
(one entry 

per 3D cluster)

GarNet 
108 parameters

Fully-connected 
layer 

4 parameters P(e/γ/π0)
[Ncell][4] [4]
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a potential (function of djk). The corresponding information is then gathered across the graph and turned into a new
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k of vk (e.g. summing over the edges, or taking the maximum). (e) For each choice of gathering function, a new

set of features f̃ i
k 2 F̃LR is generated. The F̃LR vector is concatenated to the initial FIN vector. The resulting feature

vector is given as input to a dense neural network with tanh activation, which returns the output representation FOUT.

Fig. 2: Calorimeter geometry. The markers indicate the
centre of the sensors, their size the sensor size. Layers are
colour-coded for better visualisation.

The calorimeter is made entirely of Tungsten, with a width
of 30 cm ⇥ 30 cm in the x and y directions and a length
of 2m in the longitudinal direction (z), which corresponds
to 20 nuclear interaction lengths. The longitudinal dimen-
sion is further split into 20 layers of equal thickness. Each
layer contains square sensor cells, with a fine segmenta-
tion in the quadrant with x > 0 and y > 0 and a lower
granularity elsewhere. The total number of cells and their
individual sizes vary by layer, replicating the basic fea-
tures of a slightly irregular calorimeter. For more details,
see Fig. 2 and Table 1.

Charged pions are generated at z = �2 m; the x and y
coordinates of the generation vertex are randomly sampled
within |x| < 5 cm and |y| < 5 cm. The x and y components
of the particle momentum are set to 0, while the z compo-
nent is sampled uniformly between 10 and 100GeV. The
particles therefore impinge the calorimeter front face per-
pendicularly and shower along the longitudinal direction.

The resulting total energy deposit in each cell, as well
as the cell position, width, and layer number, are recorded
for each event. These quantities correspond to the FIN fea-
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Fig. 2: Calorimeter geometry. The markers indicate the
centre of the sensors, their size the sensor size. Layers are
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The calorimeter is made entirely of Tungsten, with a width
of 30 cm ⇥ 30 cm in the x and y directions and a length
of 2m in the longitudinal direction (z), which corresponds
to 20 nuclear interaction lengths. The longitudinal dimen-
sion is further split into 20 layers of equal thickness. Each
layer contains square sensor cells, with a fine segmenta-
tion in the quadrant with x > 0 and y > 0 and a lower
granularity elsewhere. The total number of cells and their
individual sizes vary by layer, replicating the basic fea-
tures of a slightly irregular calorimeter. For more details,
see Fig. 2 and Table 1.

Charged pions are generated at z = �2 m; the x and y
coordinates of the generation vertex are randomly sampled
within |x| < 5 cm and |y| < 5 cm. The x and y components
of the particle momentum are set to 0, while the z compo-
nent is sampled uniformly between 10 and 100GeV. The
particles therefore impinge the calorimeter front face per-
pendicularly and shower along the longitudinal direction.

The resulting total energy deposit in each cell, as well
as the cell position, width, and layer number, are recorded
for each event. These quantities correspond to the FIN fea-

Classification model used for the test

Synthesis report
On Xilinx Kintex UltraScale XCKU115
Clock frequency 200 MHz  

Latency 55-100 clocks
Interval: 30-93 clocks
DSP 2.4k / 5.5k (44%)
LUT 87.5k / 663k (13%)
Block RAM 2.3MB / 75.9MB (3%)

• Using a model with 3 GravNet layers interleaved with additional message-passing 
layers and fully-connected layers (166k parameters) 

• Input data: simulation of 5 particles shot within a narrow (ΔR < 0.5) cone 
• Particle species: randomly chosen from μ±, γ, e, and π± 

• Particle energies: randomly chosen from 10-100 GeV 
• Hits are pre-clustered within each HGCAL layer before fed into the network 

• Output: per hit, probability of the hit belonging to a cluster due to each particle
• High accuracy achieved 

even for highly nontrivial 
cluster shapes 

• Algorithm for predicting 
arbitrary number of clusters 
currently under development 

• Clustering under non-zero 
pileup & over full HGCAL 
also under development
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