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Abstract. In anticipation of the High Luminosity LHC, the CMS Level-1 trig-
ger data scouting system stands to substantially extend the physics reach of
the experiment. Utilizing the existing Run-3 data scouting demonstrator as a
testbed, this study introduces new methodologies to refine muon track recon-
struction processes in the barrel region at the Level-1 trigger. The document
reports on three pivotal advancements. Firstly, it offers the initial investiga-
tion and validation of trigger muon track segments, termed super-primitives,
generated within the trigger chain. Secondly, the study undertakes the valida-
tion of the software emulator corresponding to the current muon reconstruction
algorithm for the barrel region. Lastly, the study employs machine learning al-
gorithms, specifically engineered for FPGA deployment, to leverage stub-only
information for fast, online reconstruction of muon physical parameters. These
algorithms yield a slight improvement over standard reconstruction algorithms.

1 Introduction

The Compact Muon Solenoid (CMS) [1] experiment operates as one of the two multi-purpose
detectors at the Large Hadron Collider (LHC) [2]. The LHC generates proton-proton colli-
sions at a nominal rate of 40 MHz, thereby providing a significant data throughput to the
experiments. To manage the influx of data, CMS utilizes a two-tiered trigger system for
event selection [3]. The first tier, the Level-1 (L1) trigger [4], employs hardware-based,
fixed-latency algorithms for coarse object reconstruction, focusing solely on calorimeters
and the muon system to filter out background events. The second tier, the High-Level Trigger
(HLT) [5], conducts more refined event reconstruction in software by using complete detector
information and storing events that satisfy various HLT path requirements.

To manage the high data throughput from the LHC, the CMS trigger system employs
strict selection criteria, which, while effective for known physics processes, could potentially
filter out new or rare phenomena. Data scouting emerges as a solution to this challenge, al-
lowing for extracting coarse, less-filtered event information directly from the trigger chain.
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Data scouting has been implemented within the HLT for over a decade [6–8]. With the up-
coming upgrades for high-luminosity operations at the LHC [9], scheduled to begin by the
end of this decade, experiments are preparing to cope with a significant increase in luminosity
and pile-up. Hardware upgrades are planned across most sub-detectors within the CMS ex-
periment. Notably, the trigger system will experience comprehensive modifications [10, 11].
At the Level-1 trigger stage, the architecture will be revamped to include the Particle Flow
algorithm and particle tracks from the tracker back-end [12], aiming to approach the offline
object reconstruction resolution at a rate of 40 MHz. As such, Level-1 trigger Data Scouting
(L1DS) becomes of particular interest [13, 14]. The enhanced resolution of this data would
allow for physics analyses using almost unbiased datasets and offer substantial capabilities for
anomaly detection and real-time studies. In anticipation of the forthcoming high-luminosity
operations and associated trigger system upgrades, the CMS collaboration has developed a
Run-3 demonstrator of the L1DS system [13–15]. This demonstrator is a Level-1 data scout-
ing infrastructure compatible with the current trigger system architecture. Given that the
existing trigger objects offer insufficient resolution for several physics analyses, this platform
is primarily intended for testing and validating scouting strategies, hardware configurations,
and data extraction methods for high-luminosity operations. Furthermore, it facilitates the
first-ever collection, exploration, and validation of various Level-1 trigger stages and objects.

This report focuses on exploring and validating track segments, also termed super-
primitives or stubs, delivered by the TwinMux [16] processors to the Barrel Muon Track
Finder boards employing the Kalman filter (referred to as kBMTF) [17]. The document en-
tails offline emulation of the kBMTF algorithm and subsequent validation of the resulting
BMTF muon candidates. These are compared with muons from the Global Muon Trigger
(GMT), which are directly scouted at the GMT stage. Additionally, preliminary tests are
conducted to evaluate the applicability of machine learning techniques for enhancing muon
reconstruction based on super-primitives. These tests aim to assess the feasibility and poten-
tial advantages of implementing such techniques into the upgraded L1DS system planned for
high-luminosity operations.

2 The Large Hadron Collider and CMS Experiment
The Large Hadron Collider (LHC) is located at CERN in Geneva, Switzerland. It is housed
within a 27-kilometer tunnel 100 meters underground and has been operational since 2010.
The LHC can accelerate protons and heavy-ion beams, achieving a center-of-mass energy
(
√

s) up to 13.6 TeV [2, 18–20]. The complex process of injecting protons into the LHC
involves a series of accelerators. This ensures an injection energy of 450 GeV into the
LHC. The nominal beam structure includes 39 trains, each housing 72 bunches containing
N = 1.1 × 1011 protons. The configuration operates at a crossing frequency of 40 MHz,
equating to an inter-collision interval of 25 ns. The periodic time between collisions, called
bunch crossing (BX), is a standardized temporal unit. The LHC operates at a nominal instan-
taneous luminosityLinst = 2×1034 cm−2s−1, leading to an average pile-up of 50 proton-proton
interactions per bunch crossing.

The Compact Muon Solenoid (CMS) is located at the LHC’s interaction point five (P5).
The detector, measuring 21.6 m in length and 15 m in diameter, weighs approximately 14,000
tons. As depicted in Fig. 1, the CMS features a central cylindrical barrel complemented
by two endcaps, giving it a comprehensive design to capture diverse physics processes. A
concise breakdown of the structure of the CMS detector, from its innermost to its outermost
components, is as follows:

• Silicon Tracker: Primarily made of silicon, this subdetector is sensitive to charged parti-
cles, enabling the reconstruction of their trajectories [21].
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Figure 1: Illustrative depiction of the CMS detector showcasing its diverse subdetectors [26].

• Electromagnetic Calorimeter (ECAL): Composed of lead tungstate crystals, the ECAL
measures the energy of photons and electrons [22].

• Hadronic Calorimeter (HCAL): This subdetector, constructed from brass and steel, mea-
sures the energy of hadrons [23].

• Superconducting Solenoid: Comprising niobium-titanium (NbTi), this solenoid produces
a 3.8 T magnetic field [24].

• Muon Chambers: Designed to capture muon tracks, these chambers consist of drift tubes,
cathode strip chambers, and resistive plate chambers [25].

Upgrades are planned for the CMS detector to adapt to the increased demands of the
upcoming High Luminosity LHC (HL-LHC). The upgraded detector, known as CMS Phase-
2, aims to maintain efficient performance under the increased pile-up conditions.

3 Overview of the CMS Level-1 Trigger and Data Scouting

The CMS Trigger System plays an essential role in the data acquisition chain, filtering the
large volume of collision data generated at a rate of 40 MHz down to an offline storage rate
of about 1 kHz [3]. This rate reduction is crucial, given the readout and storage constraints.

The trigger system comprises two primary stages: the Level-1 Trigger (L1T) [4] and the
High-Level Trigger (HLT) [5]. The L1T, constructed with custom electronics, focuses on
fast decision-making. It uses coarse-grained muon detectors and calorimeter information to
reduce the event readout acceptance rate to 100 kHz. In contrast, the HLT is software-based
and runs on a dedicated processor farm. The HLT uses detailed data from all subdetectors,
including the silicon inner tracker, enabling more comprehensive event analysis.
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Figure 2: Schematic representation of the CMS Phase-1 trigger system.

A diagrammatic representation of the CMS Trigger System and the event rates at each
stage can be seen in Fig. 2.

3.1 The CMS Level-1 trigger

The L1T [4], depicted in Fig. 3, is made of local, regional, and global components:

• Local Triggers or Trigger Primitive Generators (TPG): These rely on energy deposits
in calorimeter trigger towers, track segments, and hit patterns in muon chambers.

• Regional Triggers: These merge information from the TPGs. Based on their spatial po-
sitioning, these triggers implement pattern logic to assess and rank trigger objects, such
as muon candidates. Their ranking hinges on parameters like energy, momentum, and the
quality of their measurements.

• Global Triggers: The Global Trigger determines whether to retain an event for further
analysis or pass it to the HLT. This decision is based on rigorous algorithmic evaluations,
the operational status of the various subdetectors, and the status of the central DAQ.

The real-time processing challenges posed by the L1T necessitate rapid evaluations of
every bunch crossing (BX). Given the limited depth of the FE buffers, the system needs to
perform non-trivial algorithmic assessments quickly, while FIFO memories retain data from
the sub-detectors. The trigger logic, segmenting its evaluations into steps, is pipelined to
accept data from a new BX every 25 ns. To achieve this, custom-programmable hardware,
such as Field Programmable Gate Arrays (FPGA) and Programmable Lookup Tables (LUTs),
is crucial. This infrastructure culminates in an event acceptance decision within a bounded
timeframe dictated by the FIFO’s storage capacity, roughly corresponding to 4 µs.

Muon Trigger

The Muon Trigger, divided into three subsystems targeting distinct η ranges, is central to
muon tracking across the detector. As depicted in Fig. 3, Trigger Primitives (TP) from the
Cathode Strip Chambers (CSCs) are routed to the Endcap Muon Track Finder (EMTF) and
the Overlap Muon Track Finder (OMTF) via a mezzanine on the muon port card. Endcap
Resistive Plate Chambers (RPCs) hits are channeled via the link board to the Concentra-
tor Pre-Processor and Fan-out (CPPF) card, while barrel RPC hits approach the TwinMux
concentrator card. Drift Tube (DT) trigger primitives reach the TwinMux card through a
copper-to-optical fiber (CuOF) mezzanine. The TwinMux, in turn, crafts super-primitives,
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Figure 3: Schematic representation of the Phase-1 Level-1 trigger of CMS. CSC: Cath-
ode Strip Chambers; RPC: Resistive Plate Chambers; DT: Drift Tubes; HF: Hadronic
Calorimeter-Forward; ECAL: Electromagnetic Calorimeter; HCAL: Hadronic Calorimeter;
TPs: Trigger Primitives; CPPF: Concentration, Pre-processing and Fan-out system; EMTF:
Endcap Muon Track Finder; OMTF: Overlap Muon Track Finder; BMTF: Barrel Muon Track
Finder; GMT: Global Muon Trigger.

merging the precise spatial resolution of DT trigger segments with the optimal timing char-
acteristics of RPC hits, thereby refining the efficiency and data quality for subsequent phases.
Notably, the EMTF absorbs RPC hits via the CPPF card. The OMTF, in addition to CSC TPs,
considers DT TPs and RPC hits via the CPPF and TwinMux boards, the latter also providing
the Barrel Muon Track Finder (BMTF) with DT and RPC hits. In its final step, the Global
Muon Trigger (GMT) arranges muons, discards duplicates and transmits the top eight muon
candidates to the Global Trigger.

Calorimeter Trigger

This trigger processes the energy deposited in calorimeter towers. A two-tier structure
equipped with time-multiplexing capabilities ensures proficient energy sum calculations.

The global trigger (GT) functions on a “trigger menu”, a spectrum of selection criteria
from basic single-object pT thresholds to intricate object correlations. The GT can perform
up to 512 selection algorithms in parallel, and it takes all the results into account to decide
whether to send an acceptance signal, named Level-1 Accept (L1A), based on a global OR
condition. The L1A decision is forwarded to the sub-detectors through the Timing, Trigger,
and Control (TTC) system. The L1 Trigger must evaluate every bunch crossing, with a maxi-
mum latency of 4 microseconds between a particular bunch crossing and the trigger decision
distribution. Therefore, pipelined processing is necessary for near-deadtime-free operation.

3.2 The CMS Run-3 Level-1 Data Scouting demonstrator

Data scouting is historically used in CMS to augment traditional analyses, especially for rare
events [6–8]. It involves using objects within the trigger chain and processing them online to
enable efficient storage. This approach focuses on obtaining objects with a reduced level of
detail, trading off some resolution for greater statistics.

Page 5



Table 1: Inputs to the Level-1 data scouting Run-3 demonstrator.

Input system Number of links Objects

uGMT 8 + duplicate 8
Up to 8 uGMT final muons

8 BMTF muon candidates

Calorimeter trigger 7 + 1 spare
e/γ, tau candidates,

jets and energy sums including Emiss
T

BMTF 24 BMTF input super-primitives

uGT 18 Algorithm bits

While this technique has been prevalent at the HLT level, new opportunities are presented
with the High-Luminosity LHC upgrade. Specifically, the possibility of data scouting at the
Level-1 trigger is emerging [27, 28]. This new strategy aims to extract L1 objects at different
stages of the L1 trigger chain, with options for direct storage or online processing using
heterogeneous computing methods, including FPGAs, GPUs, and big-data tools.

During LHC Run-3, a demonstrator system [15, 27, 28] has been set up to assess various
concepts and understand system dynamics using real data. This demonstrator system draws
data from the Global Trigger (GT), the Global Muon Trigger (GMT), the Calorimeter Trigger,
and the Barrel Muon Track Finder (BMTF), with details illustrated in Tab. 1. The Run-3
Level-1 data scouting demonstrator consists of a series of FPGA-based processing boards
receiving data via optical links from the trigger system. Afterward, the data is transferred to
computing nodes (DSBU), where event construction and subsequent processing occur. The
Run-3 demonstrator manifests as a heterogeneous system comprised of three distinct receiver
board types:

1. Xilinx KCU1500: This development kit hosts the KU115 FPGA, capable of handling
eight optical links at 10 Gb/s each. It communicates with a host computer through
PCIe and employs Direct Memory Access (DMA) for data transition to this host. Sub-
sequently, the data gets sent to a computing node for further processing. The KCU1500
was initially applied in a smaller demonstrator at the close of Run-2, where it received
inputs from the uGMT, as referenced in [29].

2. Micron SB852: This PCIe card hosts a Xilinx VU9P FPGA and is enhanced with
the Micron Deep Learning Accelerator (MDLA) [30]. Functionally similar to the
KCU1500, it supports eight optical links at up to 25 Gb/s, and can use DMA over
PCIe to transfer data to the host computer.

3. Xilinx VCU128: This board hosts a VU37P FPGA and, with the addition of an I/O
extender mezzanine card, is equipped with up to ten QSFP 100G ports. These features
mirror half the capabilities of a DAQ800 board, designed for the CMS Phase-2 central
DAQ [11] and chosen as CMS Phase-2 L1DS concentrator board. However, similarly
to the other boards, the input links are set to operate at 10 Gb/s for the demonstrator,
aligning with the transmission speed of the Phase-1 Level-1 trigger.

Data from the uGMT and the calorimeter trigger are transferred through eight 10 Gb/s
optical links, respectively, to a pair of Xilinx KCU1500 boards, which decode the trigger
link protocol, align the links with each other and perform firmware zero-suppression. This
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Figure 4: The L1 data scouting system demonstrator at the LHC Run-3 [31].

first stage of zero-suppression reduces the uGMT data rate by a factor of ∼10, discarding
data from any bunch crossing where no muons have been found. A more fine-grained zero-
suppression is performed on the host PC in software. A duplicate set of GMT muons is
sent to the Micron SB852 board, used to prototype on-the-fly muon histograms involved in
luminosity measurements and neural network approaches for re-calibration and classification
of L1 trigger objects. The BMTF super-primitives and GT algorithm bits are sent over 24 and
18 links to the Xilinx VCU128 boards, respectively. Utilizing the High Bandwidth Memory
(HBM), an additional data buffer between the trigger back-end and the commercial off-the-
shelf switched network, the VU37P device sends data directly to a commercial PC.

L1 trigger objects are calibrated to achieve a specific efficiency at a given energy or trans-
verse momentum threshold. For this reason, we cannot employ them for a direct physics
analysis. Ongoing studies are exploiting Machine Learning, specifically neural networks, to
re-calibrate the L1 information for semi-online analysis studies [15, 31, 32]. Although the
L1 scouting system does not have to follow the strict latency requirements of the L1 trigger
pipeline, it still needs to handle a large throughput of roughly 2 million muons per second.
Therefore, the trained neural network must be capable of sustaining a high number of infer-
ences per second. To accomplish this, the L1 data scouting system implements neural net-
works in the FPGA boards receiving the data from the L1 trigger system. While using Verilog
or VHDL could be more efficient regarding resource utilization, a more straightforward solu-
tion to implement a neural network model on FPGAs exploits alternative technologies. The
Micron Deep Learning Accelerator (MDLA) [30] includes a software compiler that converts
neural networks to hardware instructions for an FPGA processor. The models are trained
in Tensorflow [33], then converted to Open Neural Network Exchange (ONNX) format and
executed on hardware using the MDLA API. Another approach is implementing neural net-
works in the VU37P FPGA using the Python API and command-line tool HLS4ML [34] to
translate trained neural networks to synthesizable FPGA firmware.
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4 Validation of Level-1 Trigger super-primitives

The Muon Trigger System, delineated in Sec. 3.1 and depicted in Fig. 3, comprises sev-
eral components, among which the TwinMux boards play a pivotal role for the barrel region.
These boards process trigger primitives from the Drift Tubes (DTs), integrating them with hits
from the Resistive Plate Chambers (RPCs) to form super-primitives. These super-primitives
are then processed by the barrel muon track finder (BMTF) for subsequent muon detection
and track reconstruction. This section discusses the validation of these super-primitives, ex-
plains the functionality of the TwinMux boards, examines the integrity and synchronization
of the data, and investigates the spatial distribution and multiplicity of stubs.

4.1 Trigger super-primitives overview

As specified in Sec. 3.1, TwinMux boards serve as the trigger primitive concentrators for the
barrel region of the CMS detector, and it is crucial to understand their functionality for a
comprehensive analysis of the trigger super-primitives.

TwinMux Board Inputs

Each TwinMux board is designed to receive inputs from the Drift Tubes (DTs) and the Re-
sistive Plate Chambers (RPCs) from one sector of the barrel muon detector, aggregating to
a total of 60 boards. The DT input, sent at a rate of 480 Mb/s, includes trigger segments
comprised of position, direction, quality, and BX (Bunch Crossing) information. This data
is received from DT mini-crates via Copper-to-Optical Fiber (CuOF) boards that convert the
galvanic inputs to optical signals. The RPCs contribute hit information, including position
and BX, at a data rate of 1.6 Gb/s.

TwinMux Algorithm and Outputs

Upon receiving these inputs, the TwinMux boards execute a series of operations to generate
super-primitives. Initially, the incoming data are de-serialized and synchronized. Subse-
quently, a clustering algorithm is applied to the RPC hits to merge neighboring hits, resulting
in a cluster position with half-strip resolution converted into DT coordinates. Special condi-
tions are also considered, such as suppressing consecutive RPC clusters and matching close
RPC and DT clusters.

The super-primitives are then constructed with considerations for quality and BX adjust-
ments. Specifically, if ∆ϕ ≤ 15 mrad between a DT Trigger Segment and an RPC cluster, they
are matched, and a quality bit is set for the super-primitive. Furthermore, BX adjustments are
made depending on the number of DT ϕ layers involved in building the DT Trigger Segment.

The TwinMux system can construct up to two super-primitives per muon station. These
super-primitives are then sent to the BMTF processors for the originating wedge and its neigh-
boring wedges. If the wheel is one of the two external wheels close to the endcaps, the system
duplicates these two super-primitives to forward them to the OMTF processors. It addition-
ally forwards the track segment data along the η direction for each muon station.

4.2 Scouting the BMTF inputs

The BMTF inputs, hereafter referred to as stubs, are extracted through a specialized scouting
system. Each of the 12 BMTF boards—allocated one per wedge—receives super-primitives
from the TwinMux boards. Specifically, each BMTF board can receive at most eight stubs
per wedge, as the TwinMux system generates up to two stubs for each of the four stations.
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Figure 5: Stub collection rate per bunch crossing relative to the bunch crossing iden-
tifier, showing the LHC filling scheme structure. The bottom panel shows, in green,
the nominal LHC filling scheme at interaction point five, identified by the string
25ns_2464b_2452_1842_1821_236bpi_12inj_hybrid.

The scouting system interfaces with each BMTF board via two dedicated links, summing up
to 24 links in total. These links can transfer a maximum of 8 stubs each, allowing an upper
limit of 96 stubs to be extracted per bunch crossing. The stubs are subsequently channeled to
a Xilinx VCU128 board and then forwarded to a commercial PC for further analysis.

In this section and the following one, we will use 2 minutes and 43 seconds of data-taking
during CMS run number 370169, amounting to approximately 6 × 108 stubs. To assess the
integrity and synchronization of the data, we examine the number of stubs across all bunch
crossing IDs (BXs), which range from 0 to 3654. Fig. 5a presents the stub collection rate per
BX, normalized by the data collection time. This verifies the LHC filling scheme. The lower
panel of the figure explicitly depicts the nominal filling scheme as delivered to interaction
point five by the LHC, designated by fill number 9035 [35]. For a more detailed validation
of the synchronization of BX assignments, Fig. 5b zooms into a subset of BXs. The graph
clearly shows that the peaks in the stub collection rate align well with the nominal filling
scheme. It is also evident that the collection rate never drops to zero, which can be attributed
to the flat cosmic muon rate and particle products that span multiple BXs, along with other
possible effects. Notably, the background rate is elevated when bunches are less separated in
BXs and diminishes when bunches are more spaced apart.

To investigate the spatial distribution of stubs within the detector, we analyze the stub
acquisition rate in sectors, wheels, and stations. Due to the current limitations of the
Level-1 Trigger system, further granularity is unattainable at this stage of the trigger chain.
Figures 6a and 6b display these rates as two-dimensional histograms. Fig. 6a portrays
the stub acquisition rate as a function of wheel and sector. Wheels ±1 show the highest
super-primitives acquisition rate. Fig. 6b focuses on the acquisition rate segmented by
muon station and wheel. We observe that the innermost stations of the outer wheels (station
number 1, wheels ±2) are excluded from the BMTF inputs and directed solely to the
OMTF system. Consequently, the outer wheels do not contribute the highest rate of stubs
to the BMTF. The acquisition rates decrease as stations move away from the interaction point.
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Figure 6: Stub collection rate for each wheel, sector and station, presented as heatmaps.
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Figure 7: Stub multiplicity per bunch crossing (left) and orbit (right).

Lastly, we examine the multiplicity of stub acquisition, quantifying the number of
super-primitives collected within specified time intervals. Fig. 7a illustrates the distribution
of super-primitives collected within a single bunch crossing (BX), lasting 25 ns. Fig. 7b
represents the distribution for an entire orbit, comprised of 3564 BXs or approximately
89 µs. It is worth noting that most BXs yield zero stubs, even though this data point is
not shown. The rate of stub multiplicity per BX demonstrates an exponential decrease.
Specifically, BXs containing more than 12 stubs occur at an approximate rate of 1 Hz within
the total acquisition rate of 40 MHz, effectively making them one in 40 million occurrences.
Although BXs with more than 14 stubs exist, they are not included in Fig. 7a due to their
negligible frequency. In contrast, the stub multiplicity within an orbit does not follow an
exponential trend. As depicted in Fig. 7b, the distribution takes on a Gaussian shape, plotted
on a logarithmic scale, with the mean centered around 230 stubs per orbit.

In summary, we validated and explored super-primitives using various metrics and visual-
izations. The data exhibited coherence in terms of its distribution and multiplicity, confirming
the reliability of the stub acquisition process.
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Table 2: Scales and definitions of super-primitive parameters transmitted to the BMTF.

Parameter Bits Range Description
ϕ 12 [−2048, 2047] Relative position of a segment inside a sector

ϕB 10 [−512, 511] Bending angle

quality 3 [0, 7] Number of superlayers used to construct the stub

η hits 7 "pattern"
Each bit corresponds to one chamber area

0 : no hit (less than 3 SL hits)

1 : hit (3 or 4 SL hits)

η quality 7 "pattern"
Each bit corresponds to one chamber area

0 : 3 SL hits

1 : 4 SL hits

5 Validation of the Barrel Muon Track Finder Emulator

Having validated the integrity of the super-primitives in the preceding section, the focus now
shifts to their utility in reconstructing muon candidates. This reconstruction task is carried
out online by the Muon Track Finder processors, with the Barrel Muon Track Finder (BMTF)
boards specifically responsible for the barrel region of the detector. These BMTF boards
implement a specialized muon reconstruction algorithm in hardware, efficiently converting
super-primitives into track candidates.

This section is organized into two parts: the first subsection offers a brief overview of
the BMTF hardware algorithm responsible for online muon candidate reconstruction in the
trigger chain, while the second subsection discusses its emulation within the CMS software
framework. Subsequently, we will present results that characterize the so-called BMTF muon
candidates produced by the software emulation. This will also include a comparison with the
Global Muon Tracker (GMT) muons, collected at the GMT level via the scouting system, to
evaluate the concordance between the emulated and the hardware-based algorithms.

5.1 The Barrel Muon Track Finder

As outlined in the previous section, the Barrel Muon Track Finder (BMTF) is designed for the
reconstruction of muon tracks in the central barrel region of the CMS detector (|η| < 0.83).
The BMTF processes super-primitives, which are received from the TwinMux system that
collates information from DT and RPC hits. The super-primitive features are summarized in
Tab. 2. Each super-primitive comprises 12 bits for the ϕ-coordinate, 10 bits for the bending
angle, and three quality bits. Additionally, the BMTF receives 7 bits of η hits and 7 bits of η
quality for each muon station in a wedge. Due to each DT station being capable of transmit-
ting up to two trigger primitives, a pair of input links are used to forward this information to
the BMTF processor.

The BMTF utilizes a Kalman filter algorithm for the reconstruction tasks. This filter
serves as a mean squared error minimizer and is mathematically similar to a χ2 fit [36].

The state vector xn = (k, ϕ, ϕB) denotes the track parameters at each station, where
k = q/pT. Tracks are initialized with a stub from the outermost available station and are
propagated inwards (see Fig. 8) using the following equation:
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Figure 8: Visualization of the Kalman filter procedure applied to muon track reconstruction.

xn = F xn−1 , (1)

where the matrix F varies between stations and is determined by the detector geometry and
magnetic field. Energy loss is accounted for collectively at the end of the track reconstruction
process. Uncertainties are also propagated via a covariance matrix P:

Pn = F Pn−1 FT + Q (k, x/X0) . (2)

Afterward, the closest stub zk = (ϕ, ϕB) is identified, and the state vector is updated based
on the stub values. The residual rn and updated state xupdated

n are then calculated:

rn = zn − H xn =

(
ϕstub

ϕstub
B

)
n
−

(
0 1 0
0 0 1

)  k
ϕ
ϕB


n

, (3)

xupdated
n = xn +G rn , (4)

where G is the Kalman Gain matrix.
Finally, two separate transverse momentum measurements are stored: one without a ver-

tex constraint (punconstrained
T ) and the other incorporating it (pT). The latter includes the mate-

rial effects of passing through the CMS calorimeters, magnet, and tracker.
Implementing the Kalman filter in the BMTF significantly enhances the trigger’s perfor-

mance with respect to the legacy BMTF algorithm: it reduces the inefficiency by 25% for
muons originating from the vertex while maintaining the same rate. For muons displaced by
over 50 cm from the CMS center, the efficiency is improved by a factor of four [17, 37].
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5.2 Emulating the kBMTF in software

The BMTF is a hardware-based system responsible for the real-time reconstruction of muon
candidates in the CMS barrel region. However, a Kalman filter BMTF algorithm software
emulator exists within the CMS Software (CMSSW). This software emulator mimics the
hardware implementation as closely as possible, including using LUTs, thereby avoiding the
simplifications that could be made when using more versatile software techniques.

The ability to scout the BMTF inputs offers an avenue for the extraction of essential
physical parameters of the muons, such as transverse momentum (pT), azimuthal angle (ϕ),
pseudorapidity (η), and charge. The first strategy employed is to utilize the kBMTF software
emulator to reconstruct muon candidates similarly to the hardware-based trigger system. This
approach provides insights into the physical parameters of the reconstructed muons and al-
lows the exploration of intermediate quantities within the algorithm that are not forwarded to
the GMT in the actual hardware implementation. One distinct advantage of using the soft-
ware emulator lies in its ability to access the “full resolution” of the BMTF reconstruction
process. While some quantities are truncated or approximated in the hardware version before
being sent to the GMT due to bandwidth constraints, the software emulator bypasses these
limitations. Consequently, this permits a more fine-grained analysis, particularly for param-
eters like the displacement measure. It is important to note, however, that even though the
resolution of the software emulator is superior to that of the hardware trigger, it still falls
short compared to the offline reconstruction resolution.

This subsection will discuss occupancy and multiplicity plots, drawing parallels to similar
observations made for Figures 6 and 7. Physical distributions of the reconstructed muons will
not be presented in this report as they do not offer significant new information. However, it
has been verified that these distributions align with expectations.

Emulated BMTF candidates occupancy and multiplicity

The occupancy rate of the emulated BMTF muon candidates across the bunch crossing IDs
(BXs) is presented in Fig. 9a and Fig. 9b. Similar to the stub occupancy discussed in Sec. 4.2,
the BMTF candidate rate is examined in the context of the LHC filling scheme, validating
that the rate distribution aligns with the nominal LHC bunch structure. Given that the BMTF
candidates are derived from stubs, the rate distribution naturally inherits the properties related
to synchronization and occupancy. A notable difference lies in the rate scale; the emulated
BMTF candidates exhibit a rate approximately an order of magnitude lower than the stubs.
This reduction is attributed to multiple factors. Initially, not all stubs are associated with
muons. Furthermore, the inherent inefficiency of the detector system and the reconstruction
algorithm is non-negligible.

Subsequently, the multiplicity of the BMTF muon candidates is explored, delineating the
number of candidates emulated within specific time intervals. The rate of BMTF candidate
multiplicity per BX, as shown in Fig. 10a, follows a decreasing trend with increasing mul-
tiplicity. This trend is somewhat analogous to the stub multiplicity per BX. However, there
are noticeable differences: while the BMTF candidates drop sharply after 4 per BX, the stubs
exhibit a more gradual decline, extending up to 14 stubs per BX as seen in Fig. 7a. The
distributions of BMTF candidates and stubs across an entire orbit are distinct. The BMTF
candidate distribution, as visualized in Fig. 10b, exhibits a bell-shaped curve, pointing to-
wards a most probable value of ∼30 for the emulated BMTF candidates multiplicity per
orbit. Furthermore, its shape is slightly asymmetric and positively skewed, while the stubs’
multiplicity per orbit is highly symmetrical.
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Figure 9: BMTF candidates rate per bunch crossing relative to the bunch crossing identifier,
showing the LHC filling scheme structure.
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Figure 10: BMTF candidates multiplicity per bunch crossing (left) and orbit (right).

Matching emulated BMTF candidates with GMT muons

We then proceeded to compare emulated BMTF candidates with the GMT muons. This com-
parative study acts as a final verification, ensuring that what we are collecting and emulating
aligns closely with the data present in the trigger system, specifically in its hardware-based
format. As presented in Tab. 1 and Fig. 4, up to eight GMT muons are transferred to a pair of
Xilinx KCU1500 boards, subsequently relayed to a host PC for storage. Our methodology in-
volved sourcing the stubs from the scouting system, emulating the kBMTF, and concurrently
acquiring the GMT muons. Consequently, we attempted to establish a match between an
emulated BMTF muon candidate, characterized by “full resolution” quantities, and a scouted
GMT muon derived from the trigger system.

The methodology to match BMTF muon candidates with GMT muons is established in
terms of the distance in the η − ϕ plane, represented as:

∆R =
√

(∆ϕ)2 + (∆η)2 (5)
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Figure 11: Left: matching fractions per BMTF candidate (blue) and GMT muon (orange).
Right: Differences in η and ϕ between matched objects.

with ∆ϕ = ϕBMTF − ϕGMT and ∆η = ηBMTF − ηGMT. A matching criterion is defined by the
threshold Rmin. When ∆R is below this threshold, we infer a successful match, suggesting
that both entities likely represent the identical physical muon. For the purposes of this study,
we adopted a Rmin = 0.4 as our benchmark, although in practice, a ∆R < 0.1 is indicative of
a confident match.

We explored two similar strategies to match BMTF candidates and GMT muons. The
first method isolates a BMTF muon candidate within a specified BX and assesses its matching
criterion against every GMT muon. Conversely, the second approach starts with a GMT muon
and calculates its ∆R relative to all BMTF candidates within that BX. In both methodologies,
pairs are chosen to optimize the value of ∆R. The comparative outcomes of these techniques
are illustrated in Fig. 11a, with the first strategy represented in blue and the second in orange.
Notably, a unique match is consistently observed for both approaches. A slight difference in
outcomes is evident between the methods, with the second strategy showing higher efficiency.
Particularly, for a specific BX, 99.96% of GMT muons consistently find a BMTF counterpart.
Conversely, BMTF muons correlate with a GMT counterpart in 94.39% of the times. This
can be attributed to the presence of BMTF muons not subsequently selected and relayed by
the GMT, rendering the matching efficiency marginally diminished. We decided to adopt the
more efficient strategy of the two.

To further explore the matching characteristics between BMTF candidates and GMT
muons, we present a two-dimensional histogram in Fig. 11b, binned in ∆ϕ and ∆η. This
visualization reveals that most matches are well-aligned in ϕ, as evidenced by a pronounced
peak at ∆ϕ = 0 and minimal deviations in the tails. In contrast, the ∆η distribution exhibits
a broader spread with more pronounced tails. Despite this, using a tighter matching criterion
of ∆R < 0.1 instead of the previously set Rmin = 0.4 threshold encompasses the majority of
the matches. This suggests that when a match between a BMTF candidate and a GMT muon
is identified, they are typically proximate within the η − ϕ space.

6 Muon reconstruction from trigger super-primitives

Previously, we discussed the scouting system’s capability to derive stubs for muon track
reconstruction and determine physical observables like transverse momentum and charge.
We utilized the kBMTF algorithm emulator, replicating the Kalman filter’s operations in the
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BMTF hardware. The emulator’s strict adherence to hardware operations, however, limits
software flexibility advantages. This study aims to explore alternatives to the BMTF Kalman
filter within the scouting system, ideally surpassing the Level-1 trigger Kalman filter’s per-
formance. The absence of tight latency constraints in the scouting system allows for this flex-
ibility. Still, a standalone online software algorithm would be inefficient in terms of speed.
Thus, we look towards High-Level Synthesis (HLS), particularly HLS4ML [34], to develop
an offline-trained machine learning algorithm synthesized into hardware for rapid real-time
inferences on FPGAs.

6.1 Challenges and limitations

Using HLS4ML offers a significant advantage for track reconstruction by leveraging machine
learning. This combination provides both algorithmic flexibility and the speed of hardware-
accelerated inference. However, the current version of HLS4ML has its limitations; it does
not support many modern neural network architectures. Therefore, we are constrained to
simpler architectures like feed-forward, fully connected neural networks. Another challenge
is the hardware capacity. The trained network weights must fit into the FPGA, restricting us
from using large networks. Given our current hardware, we have set a limit on the number
of weights, which is in the order of a few thousand parameters. One promising technique is
knowledge distillation [38]. Here, a sophisticated neural network, trained offline, acts as a
guide for a smaller FPGA-compatible network. This student network then captures essential
knowledge from the larger model. Furthermore, other model compression techniques could
be employed, such as quantization and pruning [39, 40]. The former reduces the number of
bits required to represent weights and biases, while the latter directly removes connections or
neurons from the architecture.

Future FPGAs may accommodate larger networks. Similarly, advancements in HLS4ML
could enable the synthesis of more advanced models. Despite these potential developments,
this report focuses on using simple networks compatible with current HLS4ML capabilities.

6.2 Muon reconstruction strategies

Muon track reconstruction using trigger super-primitives can be divided into two distinct
tasks. The initial task, track-finding, focuses on pattern recognition. Given a complete set
of stubs within a BX, the objective is to identify the specific combination of stubs resulting
from a muon traversing the muon spectrometer. The Kalman filter addresses this through
inward track propagation, subsequently matching the closest stub in the propagated station.
Alternative techniques might utilize different analytical methods or employ clustering algo-
rithms. The subsequent task in muon track reconstruction, track parameters assignment, is
a fitting endeavor. Given the correct stubs a muon produces, we aim to deduce its phys-
ical properties: charge, transverse momentum, ϕ, and η. While the Kalman filter updates
track parameters post-stub matching utilizing pre-calculated detector data and the magnetic
field, machine learning algorithms can train on objects reconstructed offline. This leverages
comprehensive detector information, ensuring maximum resolution on physical properties to
make inferences on trigger super-primitives. Integrating both tasks within a single machine
learning framework is plausible. However, challenges arise due to variable stub counts across
BXs and the distinct number of muon-generated stubs ranging from 2 to 4. This variability
challenges conventional machine learning algorithms, especially those compliant with hard-
ware limitations. That said, Recurrent Neural Networks [41], particularly Long Short-Term
Memory (LSTM) [42] networks, may be suited for this task.
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In this report, our focus is solely on the parameters assignment task. Utilizing the rec-
ognized muon-generated stubs, we employ machine learning to infer charge, transverse mo-
mentum, and the kinematic angles η and ϕ. A primary advantage of this approach is its
adaptability; any track-finding solution can be seamlessly integrated before track fitting. This
is due to our methodology’s dependence only on the accurate stub set for observable infer-
ence, rendering the strategy both flexible and primed for enhancement with an adept pattern
recognition algorithm. Explorations into consolidating the tasks within a singular machine
learning model have not been pursued further in this study.

6.3 Dataset preparation

Training a machine learning algorithm to assign physical attributes to input stubs requires
an accurate training dataset comprising both stub data and offline reconstruction details. We
utilize the offline-reconstructed muons, termed RECO muons, which are accompanied by
Level-1 trigger data. The ZeroBias RUN2023C dataset, obtained via random triggering to
avoid bias from trigger selection, serves this purpose. We execute offline reconstruction to
get the target attributes for neural network training. During offline reconstruction, we also
extract associated GMT muons, BMTF candidates, and kBMTF tracks. Through kBMTF
tracks, we access the hit pattern and stub data for the machine learning input. To align RECO
muons, GMT muons, BMTF candidates, and kBMTF tracks to the same physical object,
we implement a matching procedure. For each RECO muon, suitable BMTF candidates are
identified by matching their η to a kBMTF track, while the dxy and the punconstrained

T to a GMT
muon. If these criteria are satisfied, the alignment of the kBMTF track, BMTF candidate,
and GMT muon is confirmed. A subsequent requirement is a match between the RECO and
GMT muon with ∆R < 0.1.

Our training set is constructed as follows: the input variables are derived from stub quan-
tities and their transmission path to the BMTF boards. These include the sector (4 bits), wheel
(3 bits), station (2 bits), stub quality (3 bits), two η variables (7 bits each) with corresponding
quality variables (7 bits each), a tag feature (1 bit) to select between the two η sets, ϕ (12
bits), and the bending angle ϕB (10 bits). The goal is to predict RECO pT, η, ϕ, and charge.

It is worth noting that the number of stubs associated with each RECO muon can vary.
This is because offline reconstruction in the barrel muon spectrometer can be achieved with a
minimum of two stubs. A consistent number of features in the training set is essential. Thus,
we use a four-stub configuration. We replicate existing stubs for RECO muons linked with
only two or three stubs to compensate. We considered using dummy values for missing stubs,
but given that 53% of RECO has two stubs and 29% has three, totaling 82% of entries with
missing values, the approach was less effective. As a result, our final dataset consists of 45
features (11 stub features multiplied by four, plus the stub count), equivalent to 254 bits. For
optimal results, the four stubs are ordered by station. The first set of stub features corresponds
to the innermost stub, and the last to the outermost. In instances with missing stubs, existing
stubs are duplicated to ensure consistent station-wise ordering.

6.4 Neural network design

To predict the target RECO physical attributes from the stub feature set using machine learn-
ing, we first need to determine the appropriate model class. Neural networks were selected
due to their compatibility with the HLS4ML framework, aiming to facilitate real-time in-
ference through hardware implementation. Our design remains confined to fully connected
feed-forward architectures, further simplifying integration into HLS4ML. Due to hardware
constraints, we have limited our model to only include a few thousand parameters. With 45
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Figure 12: Left: regression loss function per epoch, averaged over 50 iterations, during train-
ing (blue) and validation (orange). Right: classification loss function per epoch, averaged
over 50 iterations, during training (blue) and validation (orange).

input nodes based on our dataset configuration, the selected architecture incorporates four
hidden layers of 64, 32, 16, and 8 neurons, respectively. The output layer is composed of four
neurons representing each target attribute. This configuration results in a total of 5724 pa-
rameters. Each neuron incorporates a nonlinear activation function. Among the tested func-
tions—ReLU (Rectified Linear Unit) [43], eLU (Exponential Linear Unit) [44], and GELU
(Gaussian Error Linear Unit) [45]—the eLU function demonstrated superior results.

Furthermore, the output layer’s functionality varies based on the task designated to each
neuron. The neurons associated with the target variables pT, η, and ϕ are dedicated to regres-
sion tasks. Their outputs are evaluated using regression loss metrics. Mean Squared Error
(MSE) and Mean Absolute Error (MAE) metrics were assessed, with MAE exhibiting en-
hanced performance. Conversely, the neuron corresponding to the charge attribute operates
as a binary classifier, necessitating the application of a Binary Cross-Entropy (BCE) loss met-
ric. Notably, during the training phase, the network simultaneously accommodates both loss
metrics, exemplifying multi-task optimization. A weight factor adjusts the regression loss to
equate with the BCE’s magnitude. Finally, to enhance the model’s robustness and prevent
overfitting, we incorporate L2 regularization with a strength of λ = 10−3. Preliminary testing
of different regularization strengths indicated a negligible impact on network performance.
In addition to L2 regularization, we examined alternative regularization techniques includ-
ing Batch Normalization [46] and Dropout [47]. Preliminary evaluations indicated that these
methods resulted in inferior performance. Hence, they were not pursued further in our study.

6.5 Training strategy

For our neural network training, we allocated datasets as follows: 63%, or 380 × 103 muons,
for training, 7%, or 40 × 103 muons, for validation, and the remaining 30%, or 180 × 103

muons, for testing the model’s predictive performance in muon reconstruction.
We adopted the standard mini-batch training approach, identifying batch size as a pivotal

hyper-parameter for both training speed and optimization consistency. While smaller batch
sizes (32, 64, 128, 256) and larger ones (512, 1024, 2048, 4096) exhibited similar recon-
struction accuracy, a batch size of 512 muons was chosen for its balance between stability
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and training speed. For production-ready networks, however, smaller batch sizes are recom-
mended. The ADAM optimizer [48] is chosen to solve the optimization problem. Its learning
rate, η, is a crucial hyper-parameter for precise muon reconstruction. Through experiments
with constant learning rates ranging from 10−2 to 10−8, performance remained inferior to the
L1 Kalman Filter algorithm in the BMTF. Both cyclic learning rate schedulers (per optimizer
steps and epochs) also underperformed relative to the Kalman Filter. A custom learning rate
scheduler, starting from η = 10−2 and reducing by half whenever the total validation loss
showed less than 5% improvement over 5 epochs, yielded optimal results. Various thresholds
were assessed, but none produced satisfactory outcomes. We introduced an early stopping
mechanism, activated when the total validation loss improved by less than 0.001% over ten
successive epochs. Coupled with the learning rate scheduler, early stopping was typically
triggered after about 60 epochs. Fig. 12 illustrates the training and validation losses averaged
over 50 training iterations with randomized datasets. Notably, between epochs 40 and 60,
a seeming loss plateau is evident. However, our learning rate scheduler achieves finer opti-
mization in this phase, resulting in improved prediction compared to an immediate training
stopping upon reaching this plateau.

To streamline the training process and avert excessively large weights (subject to L2
penalties), we normalized each feature by a designated power of 2. Although unconven-
tional in typical machine learning applications, this method significantly aids real-time data
normalization in FPGA hardware during online inference. Positive-only features were ad-
justed to range approximately between 0 and 1, while features covering both positive and
negative domains were normalized to approximate the range between −1 and +1. To further
facilitate the training and improve subsequent reconstruction performance, we utilized 1/pT
as the target for transverse momentum. Due to the more uniform distribution of 1/pT values
within the 0 − 1 range after normalization, this approach markedly improved the accuracy of
pT reconstruction.

6.6 Evaluation and results

To rigorously evaluate the performance of the reconstruction network, we utilize an orthogo-
nal test dataset, distinct from the training and validation datasets. This dataset comprises the
complete input stub information fed into the trained neural network for target prediction. Al-
though RECO targets are included, they are reserved exclusively for computing performance
metrics rather than for evaluation purposes. Additionally, the dataset contains Level-1 BMTF
candidate quantities computed by the Kalman Filter, serving as a basis for comparison with
our machine learning approach.

For charge reconstruction, identifying a performance evaluation metric is straightforward.
Given its nature as a binary classification problem, we employ prediction accuracy as the
performance metric. We report a charge assignment accuracy of 98.7%, slightly higher than
the BMTF’s 98.1%. Assessing the network’s efficacy in reconstructing pT, η, and ϕ is less
trivial. While loss functions on the test set provide insightful data, they do not adequately
reflect typical metrics conventionally used to evaluate the performance of a reconstruction
algorithm, such as resolution and residuals relative to target quantities. Consequently, we
evaluate the neural network’s reconstruction capability through calculating the pT resolution
∆pT/pRECO

T where ∆pT = pT − pRECO
T and the residuals for η and ϕ, given by ∆ϕ = ϕ−ϕRECO

and ∆η = η − ηRECO. Both the neural network predictions and the Level-1 trigger quantities
reconstructed by the kBMTF algorithm are considered in this computation.

Fig. 13 depicts the transverse momentum reconstruction resolution using both the ma-
chine learning method (blue) and the conventional Kalman Filter of the BMTF (orange).
Notably, the distributions in Fig. 13a are derived from nominal transverse momentum values
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Figure 13: Transverse momentum resolution, relative to offline reconstruction, of the neural
network prediction (blue) and the BMTF assignment (orange). The right figure shows the pT
resolution using a re-calibrated BMTF candidate transverse momentum.
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Figure 14: Left:η residuals, relative to offline reconstruction, of the neural network prediction
(blue) and the BMTF assignment (orange). Right: ϕ residuals, relative to offline reconstruc-
tion, of the neural network prediction (blue) and the BMTF assignment (orange).

output by the network and the kBMTF. A marked resolution disparity, accentuated by the sub-
optimal BMTF resolution, can be traced back to an intentional miscalibration in the Level-1
trigger. In the trigger system, the reconstruction algorithm deliberately assigns a transverse
momentum value approximately 1.2 times larger than the physically accurate value. This
intentional miscalibration of pT has historically been employed to enhance trigger efficiency
over a wide pT range. Traditionally, trigger objects, such as BMTF candidates, with intention-
ally altered quantities like transverse momentum were not problematic. The primary reason
is that they were not designed for precise physical analyses. Instead, the main objective of
the trigger system was to select events of interest for subsequent stages in the data processing
pipeline, allowing for flexibility in the physical interpretation of the quantity values. With the
introduction of data scouting, especially Level-1 data scouting, during the High Luminosity
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phase of the LHC, there is a renewed interest in utilizing trigger objects for in-depth analyses.
This means that the longstanding practice of miscalibrating trigger quantities might become
a concern. The machine learning-powered reconstruction strategy presented in this report in-
herently addresses and overcomes this issue. In this study, we subsequently recalibrated the
L1 pT by a factor of 1.2, leading to the outcomes shown in Fig. 13b. The gap between the
two methodologies narrows, though the machine learning approach retains a slight edge over
the traditional method.

Lastly, Fig. 14 showcases the residuals for η (Fig. 14a) and ϕ (Fig. 14b) for both method-
ologies. In each scenario, predictions derived from the neural network exhibit marginally
superior performance compared to the conventional approach.

7 Conclusions and outlook

In this study, we have focused on advancing the methods for muon track reconstruction in
the Level-1 trigger data scouting system of the CMS experiment at the LHC. The work intro-
duces several original contributions to the field. Firstly, we conducted the first investigation
and validation of trigger super-primitives built by the CMS trigger system. This sets a founda-
tion for understanding the reliability and utility of these trigger objects for possible analysis
studies in the future. Secondly, the work includes the validation of the Kalman filter re-
construction algorithm software emulator, allowing for the possibility of emulating a crucial
step in the Level-1 trigger chain, the Barrel Muon Track Finder algorithm, entirely offline,
starting from super-primitive information. Lastly, we successfully employed machine learn-
ing algorithms designed for FPGA implementation to utilize super-primitives information for
fast, online reconstruction of muon physical parameters. Notably, the performance of this ap-
proach marginally exceeds that of the standard kBMTF currently in use by the trigger system.
The advancements presented have broad implications, particularly for the efficacy and reach
of the L1 data scouting system in the CMS experiment. They are significant steps forward in
optimizing and implementing novel techniques into the CMS Level-1 data scouting system,
deviating from the traditional strategies employed by the trigger system that have to satisfy
the stringent constraints of the trigger pipeline.

Future studies should improve machine learning models to enhance reconstruction pre-
cision and hardware resource usage. Specifically, layer quantization and knowledge dis-
tillation are worth investigating before transitioning networks to hardware with HLS4ML.
Alternatives like monotonic networks and convolutional neural networks, mindful of hard-
ware constraints, should also be explored [49, 50]. The relationship between pT resolution
and RECO transverse momentum needs further exploration, mainly as low pT statistics limit
current models. A dataset better representing high pT muons will be crucial for this analy-
sis. Additionally, integrating track finding with parameter fitting into one machine learning
model could streamline the process. We currently train networks on predetermined stubs, but
a unified approach, possibly using RNNs, could identify promising muon candidates from
all collected stubs. Finally, establishing a figure of merit for network performance in muon
parameter reconstruction is necessary. This would provide an objective network quality as-
sessment, guiding future development beyond BMTF Kalman filter comparisons.
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