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Charged particle reconstruction, the identification and characterization of particles from collision data, is
fundamental to nearly all research at particle colliders like the Large Hadron Collider (LHC). With the
High-Luminosity upgrade (HL-LHC), particle multiplicities will increase substantially, overwhelming
traditional track reconstruction algorithms and presenting computational bottlenecks. Here, we introduce a
proof of concept for a powerful new method for charged particle reconstruction inspired by state-of-the-art
machine learning (ML) approaches in computer vision. Our model leverages transformer neural networks
to efficiently filter relevant signals and fully reconstruct particle trajectories, directly tackling the
computational complexity that traditional methods face. Evaluated on the widely used TrackML dataset,
our approach achieves state-of-the-art tracking efficiency (97%) and a low fake rate (0.7%), requiring just
97 ms to reconstruct on average 1300 particle trajectories from 55,000 detector hits for particles with
transverse momentum above 750 MeV. These results represent a significant milestone in both performance
and speed, demonstrating a shift toward unified, scalable ML solutions that offer substantial improvements
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for collider experiments.
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I. INTRODUCTION

Modern particle colliders, such as the Large Hadron
Collider (LHC) [1] at CERN, explore fundamental physics
by producing vast numbers of collision events, each
containing thousands of particles. Analyzing these colli-
sions is essential to addressing open questions in phy-
sics, including the properties of the Higgs boson [2,3], the
nature of dark matter, and the fundamental structure of
the Universe. A core task in analyzing collision data is
reconstructing the trajectories (tracks) of charged particles
produced in these collisions. Track reconstruction provides
particle momenta and charge measurements which are
critical for nearly all downstream tasks, including lepton
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reconstruction [4—7], hadronic 7 reconstruction [8,9], par-
ticle flow algorithms [10,11], and jet flavor identification
[12-14].

The upcoming High-Luminosity upgrade of the LHC
(HL-LHC) will dramatically increase event complexity.
HL-LHC beam crossings occur every 25 ns, corresponding
to a crossing rate of 40 MHz. With each beam crossing
producing up to 200 proton-proton collisions, the total
collision rate will surpass 8 x 10° collisions per second,
roughly a factor of 4 increase from current LHC operations.
The average number of particles produced in each event
will increase accordingly to O(10%). This surge in particle
multiplicity poses a formidable computational challenge
for track reconstruction, as traditional algorithms typically
scale worse than quadratically with the number of particle-
detector interactions (hits) per event. Consequently, they
rapidly become computationally prohibitive at HL-LHC
multiplicities [15,16]. Addressing this computational
bottleneck is a critical challenge, as efficient and accurate
particle tracking directly impacts the physics discovery
potential at the HL-LHC.

In this work, we address these computational challenges
by developing a new charged particle tracking method built
upon recent innovations in machine learning. Our approach
introduces two novel ideas: a transformer-based [17] hit
filtering stage and a MaskFormer-inspired [18] track
reconstruction stage. The hit filtering stage uses windowed
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self-attention (SA), originally developed for language
processing tasks, to efficiently reduce the initial hit multi-
plicity. This step avoids the costly combinatorial processing
and complex graph construction inherent in prior methods.
The subsequent track reconstruction stage leverages a
MaskFormer architecture, a type of transformer originally
designed for image segmentation, to simultaneously identify
tracks, assign hits, and estimate their physical properties,
removing the need for separate off-model postproces-
sing steps. Recent success applying transformer-based
models to vertex reconstruction [19] further demonstrates
the architecture’s potential for general particle physics
reconstruction tasks.

Evaluated on the widely used TrackML dataset (see
Sec. IVA), our method achieves state-of-the-art tracking
efficiency (97%) with low fake rates (0.6%), and inference
times of approximately 100 ms per event. This represents a
substantial improvement compared to typical inference
times of seconds to tens of seconds per event observed
with traditional CPU-based tracking algorithms [20].
However, further development is required before opera-
tional deployment. These steps include validation under
realistic detector conditions, integration within experimen-
tal software frameworks, and evaluation of computational
resources in production scenarios.

Beyond general-purpose collider experiments, special-
ized LHC experiments like LHCb [21], ALICE [22], and
experiments beyond the LHC such as Mu3e [23] and
LUXE [24] also rely on precise and scalable tracking
solutions. Our fully learned approach, inherently flexible
and adaptable, has potential as a general solution across
diverse experimental setups. Integrating it into experiment-
independent track reconstruction toolkits, such as A
Common Tracking Software (ACTS) [25], would signifi-
cantly streamline efforts to develop efficient tracking for
new particle detectors.

The structure of this article is as follows. In Sec. II, we
present an overview of related research. Section III intro-
duces our transformer-based model architecture, detailing
both the hit filtering and MaskFormer track reconstruction
components. Section IV includes a description of the
TrackML dataset, training procedures, and experiments
used. The results are discussed in Sec. V, demonstrating the
scalability and effectiveness of our approach compared to
existing methods. Finally, Sec. VI includes a summary of
our contributions and discusses future directions and
broader implications of this work for high-energy physics.

II. RELATED WORK

Trajectories of charged particles are observed through
their nondestructive interaction with sensitive detector
elements in specialized silicon tracking detectors. In gen-
eral-purpose collider experiments, these detectors are
typically arranged around the collision region in concentric
cylindrical (barrel) layers, with disks (end caps) at each end

and a magnetic field oriented along the beam line. Because
of the magnetic field, charged particles follow helical paths,
curving in the transverse plane resulting in characteristic
patterns of discrete three-dimensional position measure-
ments, referred to as hits, across detector layers. Building
upon this fundamental information, a variety of approaches
to track reconstruction have been developed to infer the
original particle trajectories from hit data. This section will
review relevant examples of these methods.

A. Traditional track reconstruction methods

Charged particle tracking has historically relied on
computational methods designed to handle detector data
efficiently. While these algorithms have been successful in
existing collider experiments, they typically scale poorly
(worse than quadratically) with increasing particle multi-
plicities. This scaling behavior presents critical computa-
tional challenges as collision densities dramatically
increase with the HL-LHC upgrade [15,16]. A summary
of traditional solutions follows.

1. Combinatorial Kalman filter (CKF)

Combinatorial Kalman filter (CKF) tracking algorithms
have been the standard approach for particle track recon-
struction since their introduction to high-energy physics [26]
and their widespread adoption in experiments at the Large
Electron-Positron (LEP) collider [27,28]. These algorithms
remain the dominant tracking method used by current collider
experiments, including those at the LHC [29-32]. Both
ATLAS and CMS employ CKFs or CKF techniques, which
begin with computationally intensive track seeding [29,30].
Track seeding typically involves combinational algorithms
that identify initial track candidates (seeds) from small groups
of detector hits chosen based on geometric and kinematic
constraints. Following seeding, tracks are built by iteratively
adding hits and refining estimates of track parameters.
Resolving competition between multiple track candidates
for shared hits often requires further processing. While
CKEF tracking achieves high accuracy and robustness under
realistic detector conditions, it becomes prohibitively resource
intensive for HL-LHC environments [15,16]. Despite algo-
rithmic optimizations [33], significant computational chal-
lenges remain: At HL-LHC multiplicities CKFs can take
O(5 s) per event on a single CPU core to reconstruct charged
particles with a transverse momentum (pr) greater than
1 GeV [20,34,35]. More recent developments by ATLAS
demonstrated a sub-2 s configuration using ACTS in a “fast”
mode, optimized for the data selection system (trigger) [36].

2. Cellular automata (CA)

Cellular automata (CA) [37] approaches mitigate com-
binatorial complexity by incrementally linking nearby hits
into track segments based on local geometric criteria. It has
been used in a variety of completed experiments [38—41].
CA-based approaches offer strong scalability and are
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already deployed in production GPU-accelerated tracking
pipelines, such as CMS’s Patatrack system in the trigger
[42,43]. The CMS experiment has also integrated CA-
based track seeding into its phase-II pixel detector upgrade
plans [44]. ALICE employs a GPU-accelerated CA method
to reconstruct tracks in heavy-ion collisions, leveraging
CA’s ability to be parallelized and computational efficiency
[45]. However, cellular automata require careful tuning of
geometric rules and thresholds, and their performance can
degrade significantly in dense particle environments where
track overlap and ambiguous hit association rates increase.

3. Hough transform

Hough transform methods [34,46] reconstruct tracks by
transforming hit positions into parameter space (e.g., curva-
ture and angle), where collinear or curved track hits appear as
peaks. Tracks are then identified by detecting these peaks.
Hough transforms can efficiently manage combinational
complexity and identify tracks in noisy environments with
robustness against missing hits and noise from its global
pattern-recognition approach. However, within higher track
multiplicity settings, the computational demands and sus-
ceptibility to spurious peak formation from coincidental hit
alignments require complex multistage solutions.

B. Emerging solutions

The computational demands of real-time track
reconstruction at facilities like the HL-LHC have spurred
exploration into hardware accelerators. Field program-
mable gate arrays and GPUs are prominent candidates
due to their inherent parallel-processing capabilities. Both
CMS and ATLAS are actively developing field program-
mable gate array-based track finders for their HL-LHC
trigger upgrades, with studies indicating potential for
submicrosecond latencies [34,44]. GPUs have also proven
effective, accelerating software-level tracking for experi-
ments like ALICE and LHCb by leveraging massive
parallelism for tasks such as cellular automata and
Kalman filtering [45,47].

Beyond traditional algorithms, GPUs are increasingly
facilitating advanced machine-learning- (ML) based
tracking methods. This section reviews several modern
approaches to track reconstruction, many of which target
GPU deployment.

1. TrackML challenge

The TrackML challenge [20,48] catalyzed community
engagement in developing efficient and scalable track
reconstruction algorithms. The dataset (described in
Sec. IV) comprises simulated HL-LHC collision events
under idealized detector conditions, with solutions ranked
by accuracy (weighted fraction of correctly assigned hits)
and speed (time per event on two CPU cores). The winning
submission of the throughput phase, “Mikado” [48],

employed 60 passes of combinational searches with
localized helix fitting and optimized data structures
to achieve 94.4% accuracy at 0.56 s/event. While innova-
tive, Mikado’s reliance on complex, handcrafted logic
and an extensive, largely ad hoc optimization process
for its ~20,000 tunable hyperparameters limits its wider
applicability.

2. GNN4ITk

Graph neural networks (GNNs) [49] have emerged as a
leading approach to address the computational challenges
of track reconstruction at the HL-LHC. The ATLAS
Collaboration’s GNN4ITk pipeline [50,51] (based on
Refs. [52,53]) involves graph construction from hits,
GNN-based edge scoring, edge filtering, and iterative graph
segmentation for track candidate extraction. While achiev-
ing high tracking efficiency (over 90%—-99% depending on
purity criteria, with 0.1% fake rate [54]), the initial graph
construction remains a bottleneck; even with recent opti-
mizations, processing remains in the 500—700 ms range for
events with O(103) hits [55]. Furthermore, the reliance on
custom preprocessing (graph construction) and postpro-
cessing (graph segmentation) marries a learned GNN-based
edge filtering step with nonlearned components, which may
not be optimal compared to a fully end-to-end learned
approach.

3. Hierarchical graph neural network (HGNN)

Hierarchical graph neural networks (HGNN) [56] offer
an alternative to GNN4ITk’s iterative segmentation by
grouping nodes into supernodes, enlarging the GNN'’s
receptive field. Though HGNN can improve reconstruction
efficiency, its reported high fake rate (over 50%) and
increased computational cost necessitate further postpro-
cessing, limiting its feasibility for HL-LHC deployment.

4. Object condensation (OC)

Object condensation (OC) [57] reconstructs tracks by
clustering hits in a learned latent space. Representative hits
are selected to characterize tracks, with remaining hits
assigned via an off-model clustering algorithm. OC also
employs an edge classification step to prune hit connec-
tions. A potential limitation is its reliance on single
representative hits, which couples hit feature extraction
and object identification. Furthermore, the current cluster-
ing-based hit assignment is not learned end to end and
does not natively support assigning hits to multiple tracks,
a scenario commonly encountered in complex collision
events with closely spaced or overlapping particle
trajectories.

5. Experimental transformer approaches

Early explorations of transformers for track
reconstruction [58-61] have typically focused on direct
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hit classification or sequential modeling of tracks with
autoregressive models. Detailed comparisons are often
challenging as these works may not have been validated
on the full-scale TrackML dataset or may not fully
characterize performance across tracking efficiency, fake
rate, and timing.

6. MaskFormers

Recent computer vision advancements, including
bounding box prediction [62,63] and sophisticated in-
stance segmentation [18,64], offer promising alternatives
to geometric deep learning for ML-based track recon-
struction. When analyzing objects depicted within
images, the MaskFormer architecture [18,65] effectively
identifies multiple instances of the same object class. It
achieves this by assigning pixels to distinct object
instances, each represented by a unique segmentation
mask. By replacing the image pixels with an unordered
set of hits and the image-depicted objects with charged
particle tracks, we leverage MaskFormers to address the
challenges of track reconstruction. The utility of
MaskFormers in high energy physics was recently dem-
onstrated in Ref. [19], which successfully adapted the
MaskFormer architecture to reconstruct displaced secon-
dary decay vertices. In this work, we apply the same
architectural foundation to the distinct challenge of track
reconstruction. The successful application of a com-
mon architecture to two different reconstruction tasks
(vertex finding and track reconstruction) suggests a
promising path toward more unified and less task-specific
approaches in particle physics reconstruction.

Table 1 summarizes the key aspects of the various
ML-based approaches to charged particle track
reconstruction discussed in this section, including a com-
parison of the minimum transverse momentum (p@in),
maximum pseudorapidity (1) used to define target particles
(for more information see Sec. IV).

TABLE 1.

III. MODEL ARCHITECTURE

A. Leveraging transformers

Transformers [17] have revolutionized natural language
processing and computer vision tasks, offering a scalable
and efficient architecture for processing sequential data.
The attention mechanism within enables the network to
determine the relevance between different input features.
Each feature (e.g., a detector hit or track) is projected into
three learned representations: a key which defines what
each element offers for comparison, a value containing
the information to be aggregated, and a query which
initiates the search for relevant information. Attention is
computed by taking the dot product of each query with all
keys, producing similarity scores that determine how much
information to gather from each value. In our model,
queries correspond to latent (i.e., learned) track represen-
tations, and the keys and values are derived from the
embedded features of detector hits. The output of this
attention process is a mask for each query, representing the
model’s confidence that individual inputs (e.g., hits) belong
to that query (e.g., a reconstructed track). In self-attention
the queries, keys, and values all come from the same input
set, allowing elements (e.g., hits or latent tracks) to attend
to each other. In cross-attention (CA) queries come from
one source (e.g., latent track representations) and keys/
values come from another (e.g., detector hits), enabling the
model to associate tracks with relevant hits. However, due
to transformer’s quadratic complexity in the number of
input tokens, custom GNN-based architectures have so far
been preferred for particle tracking tasks [51,57].

To neutralize the quadratic complexity of transformers,
we hypothesize that hits only need to attend to nearby hits
in the azimuthal angle ¢, and apply this powerful prior
of ¢ locality by ordering hits in ¢ and applying sliding
window attention [67] with a window size w. This results
in O(M x w) complexity scaling, which is linear in the

Comparison of ML-based approaches to charged particle track reconstruction. Preprocessing refers to

initial hit selection or graph construction steps. Postprocessing refers to track grouping or filtering stages. Tracking
detectors at general-purpose collider experiments are composed of pixel (P) and strip (S) layers of silicon-based
nondestructive charged particle detector elements; see Ref. [66] for more information. More information about the
TrackML detector and dataset can be found in Sec. IVA. Our approach is tested with two different limits on

|n|™** — 2.5 for the 600-MeV and 750-MeV trainings and 4.0 for the 1-GeV training (see Sec. IV B for more
information).
piin (GeV) |7 max Layers Preprocessing Postprocessing

GNN4ITk 1.0 4.0 P+S Edge classification Graph traversal
HGNN 1.0 4.0 P+S Edge classification GMPool
oC 0.9 4.0 P Edge classification Clustering
This work 0.6 2.5 P Hit filter None

0.75 2.5 P Hit filter None

1.0 4.0 P Hit filter None
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number of input hits M. To allow hits to communicate
around the +x boundary, the first w/2 hits are appended
to the end of the sequence and vice versa. We further
benefit from the fused attention kernels provided by
FlashAttention2 [68] for efficient computation and
SwiGLU activation [69] for improved performance.

This approach allows us to efficiently encode 60,000
pixel hits in 25 ms on a single GPU, making it suitable
for low-latency trigger-level track reconstruction at the
HL-LHC. Scaling to higher hit multiplicities could be
achieved through algorithmic optimizations, or simply
scaling to multiple GPUs. A common encoder architecture
is used in both the hit filtering and track reconstruction
stages of our model, as described in the following sections.
Detailed timing results can be found in Sec. V C.

B. Hit filtering model

The large number of hits present in each event makes it
computationally infeasible to feed all hits directly into the
tracking model. As described in Sec. II, previous approaches
to ML-based track reconstruction have required a graph
construction stage based on geometric constraints and/or
edge classification to reduce the input hit multiplicities. In
contrast, we introduce a transformer-based hit filtering model
to reduce the input hit multiplicities by directly predicting
whether each hit is noise or signal. Noise hits are defined as
hits belonging to particles that we do not wish to reconstruct,
for example, particles below a pr threshold or outside a
specified pseudorapidity range, in addition to the intrinsic
noise hits which do not belong to any simulation-level
particle. The remaining hits are labeled signal.

The hit filtering model is composed of an embedding
layer, a transformer encoder, and a dense hit-level classi-
fier. In the model, the input features of M hits are first
passed through an embedding layer to produce a d = 256-
dimensional representation for each hit. Positional encod-
ings are applied [17] in the cylindrical hit coordinates (see
Sec. IVA) to allow the SA mechanism to readily identify
nearby hits. In particular, a cyclic positional encoding [70]
is used for ¢. The initial hit embeddings are then passed
into an efficient SA transformer encoder as described in
Sec. III A. The encoder has 12 layers (eight for the 1-GeV
model; see Sec. IV), model dimension d, and feedforward
dimension 2d. A window size of w = 1024 is used for the
sliding window attention. The output embeddings are
classified using a dense network with three hidden layers.

The hit stand-alone filtering step offers broad applicabil-
ity beyond our MaskFormer-based approach to track
reconstruction. It could be integrated as a preprocessing
step into other traditional and ML-based tracking pipelines,
or repurposed for other tasks such as pileup mitigation.

C. Track reconstruction model

The tracking model follows an encoder-decoder archi-
tecture as shown in Fig. 1, with the encoder processing the

Class prob
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Hit cross
attention

Object self
attention

head —.{ Track params ‘
=
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3
£
-
s

Object cross
attention

Object decoder layer

queries

L

queries

L

‘ Output ‘ Output

Object
decoder

Object
decoder
layer 2

layer 1

To next layer
Input
queries.

FIG. 1. Overview of the track reconstruction model, with data
and operations being shown in green and blue, respectively. M
input tokens representing the hits are fed into an initial trans-
former encoder. The object decoder then takes a set of N object
queries, which represent tracks, and iteratively updates them with
information from the input elements and other object queries.
Finally, three task heads are used to categorize each object as
being from one of C + 1 object classes (including a class),
estimate R regression targets, and predict N x M binary masks
which provide the assignment of input hits to output tracks. The
resulting embedded queries and hits are then fed into another
decoder layer to refine the predictions and produce an inter-
mediate auxiliary loss for each layer. These decoder layers can be
stacked repeatedly to increase accuracy at the expense of
computational cost. On the right-hand side, a detailed view of
an object decoder layer is shown.

input hits and the decoder reconstructing the tracks. The
encoder model is the same as the hit filtering model, except
for the window size which is decreased to 512 to com-
pensate for the reduced hit multiplicities after filtering. The
object decoder is a MaskFormer-based model [18,65,71]
which forms an explicit latent representation for each track
candidate, allowing for joint optimization of hit assign-
ments and track parameters. Similar to Ref. [19], we
include modifications to handle sparse inputs, and to allow
additional regression tasks for the reconstructed tracks.
The object decoder initializes a set of N object queries as
learned vectors of dimension d. Each object query repre-
sents a possible output track. The number of object queries
N sets the maximum number of tracks that can be
reconstructed per event, and is chosen as the maximum
number of tracks over the events in the training sample
(described in Sec. IV A). The object queries are then passed
through eight decoder layers. In each layer, the object
queries aggregate information from relevant hits via bidi-
rectional CA, and from other object queries via SA. The
MaskAttention operator [65] is used to generate
attention masks from the intermediate mask proposals
produced by the preceding decoder layer, encouraging
object queries to attend only to relevant hits. The resulting
object queries from the object decoder are processed by
three task heads, which predict the track class, track-to-hit
assignments, and track properties. The number of decoder
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layers and model dimension d was chosen to achieve
good performance with reasonable training and infer-
ence times.

Since the number of object queries is fixed, but the
number of tracks in each event is variable, a dense binary
classifier with a single hidden layer of size d is used to
predict whether each object query corresponds to a track or
not. If not, other outputs for that object query are ignored.
The assignment of each of the hits to tracks is given by an
M-dimensional mask over the input hits for each of the N
object queries. Mask tokens are formed from the query
embeddings via a dense network with a single hidden layer
of size 2d. The mask for each hit is computed by taking the
dot product between the updated hit embeddings from the
object decoder and the query mask token for each object
query. After applying a sigmoid activation, the mask is
binarized, and a value of 1 indicates assignment of the hit to
the track, while O indicates no assignment. Using an
elementwise sigmoid operation as opposed to applying a
softmax over the hits or tracks allows the model to assign a
single hit to multiple tracks, which can occur due to random
track crossings or from collimated particles in the core of
high-pt jets [72]. Track parameters are regressed using a
dense network with four output nodes, with each node
corresponding to an output target. We regress the particle
3-momenta in Cartesian space (p,., p,. p,), along with the z
position of the production vertex v,. The total momentum is
not regressed directly, but rather calculated from the
component predictions and added to the loss to enforce
consistency. Other track parameters, such as the track
transverse momentum pr, angle ¢, and pseudorapidity #,
are derived from the regressed Cartesian components of the
momentum.

The training loss is the sum of the loss terms from each
of the tasks. For the object class, a categorical cross-entropy
loss Lcg is used. For the regression targets, a SmoothL1
loss [73] Lgegression 18 used. The mask loss Ly is a
combination of a Dice loss Lp;.. [74] and focal loss Lgycy
[75]. The total loss is then the weighted sum,

L =0.1Lcg + 2Lpjce + SO0LEgcq + O'ILRegressionv (1)
e ———

LMusk

where the weights are coarsely optimized to provide an
good trade-off between the performance of the different
tasks. To ensure that the loss is invariant over permutations
of the object queries, the loss is defined using the optimal
bipartite matching between the predicted and target objects,
as computed with an efficient linear assignment problem
solver [76]. Regression targets are scaled to be of order ~1
during the loss computation so that they do not dominate
the loss or interfere with the matching process. Finally, the
intermediate outputs from each decoder layer are used to
compute auxiliary loss terms which are included in the total
loss [65].

IV. DATASET AND EXPERIMENTAL SETUP

A. Dataset

The TrackML challenge [20,48,66] was established to
promote the development of novel techniques for particle
track reconstruction in the high pileup environments
anticipated at the HL-LHC. It has since become a standard
benchmark for evaluating track reconstruction methods.
The dataset simulates a generalized LHC-like detector,
inspired by planned ATLAS and CMS upgrades for the
HL-LHC, and is composed of approximately 9000 simu-
lated events. Each event features one hard top quark-
antiquark pair (¢7) interaction, overlaid with an additional
200 soft QCD interactions, simulating the expected high
pileup conditions at the HL-LHC.

An x-y and r-z view of a sample event is depicted in
Figs. 2 and 3, respectively. As shown in Fig. 4, O(10%)
particles and O(10) hits are simulated per event, resulting
in O(10%) tracks to be identified from approximately
O(10%) hits across the entire dataset.

For each event, TrackML provides information about
simulated hits, particles, and their associations. The detec-
tor geometry follows a typical collider layout, with distinct
tracking subsystems arranged in concentric layers around
the beam axis. The innermost tracking system consists of
silicon pixel sensors arranged in four cylindrical barrel
layers, complemented by seven pixel end cap disks on each
side. The outer tracking system comprises strip detectors
with six barrel layers and six end cap disks per side. In this
work, we focus exclusively on the innermost pixel detector,
including the central barrel and end cap layers. This
restricted geometry may present a more difficult challenge
than using all layers, as on average only 4-6 hits are
available per track. However, the computational complexity
is reduced, making it suitable for our initial studies.

Hits are three-dimensional space points formed from
pixel elements which have been clustered together.

200

100

—100

200 E
200 100 0 100 200 200 100 0 100 200 200 -100 0 100 200
2 [mm] o] = [mm]

FIG. 2. Event display in the transverse x-y plane, showing a
view down the beamline. This projection captures the cylindrical
detector cross section perpendicular to the beam axis (z), with the
origin corresponding to the nominal interaction point. Hits and
tracks are shown in the transverse plane, where particle trajecto-
ries typically curve due to the magnetic field oriented along the z
axis. Left: the positions of pixel hits for a single event. Middle:
hits passing the 750-MeV filter at a cut of 0.1. Right: filtered hits
along with the trajectories of reconstructible particles (assuming a
homogeneous 2-T magnetic field) that satisfy pr > 1 GeV
and |n| < 2.5.
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200 200
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1000 -500 0 500 1000 21000 -500 0 500 1000 1000

+ [mm) * fmm]

FIG. 3. Event display in the r-z projection of a cylindrical
detector. The horizontal axis corresponds to the beamline
direction (z), and the vertical axis is the radial distance from
the beamline (r). The azimuthal coordinate (¢) is suppressed in
this view, such that tracks and hits are projected onto the r-z plane
irrespective of their azimuthal angle. Left: the positions of pixel
hits for a single event. Middle: hits passing the 750-MeV filter at
a cut of 0.1. Right: filtered hits along with the trajectories of
reconstructible particles (assuming a homogeneous 2-T magnetic
field) that satisfy pp > 1 GeV and |y < 2.5.

The model is given information about the position of each
hit and the shape and orientation of the corresponding
clusters. For the hit position, the superset of the Cartesian
and cylindrical coordinates, each defined with the origin at
the geometric center of the detector, is used as this was
found to improve convergence during training. Additional
position information is provided in the form of the hit
pseudorapidity #, and the conformal tracking coordinates
[77]. Finally, information about the associated cluster is
provided in the form of the charge fraction (the sum of the
charge in the cluster divided by the number of activated
channels), the cluster size, and the cluster shape, following
the approach in Ref. [78].

B. Experiments and training setup

In this work, we focus on the task of reconstructing
charged particles from hits in the pixel layers of the
TrackML detector. Using only pixel layer information
presents a challenging reconstruction task with limited
data, requiring the model to efficiently leverage limited
information about each particle. We perform three different
training experiments, each with different selection criteria
for the reconstructed particles. In all cases, particles must
satisfy the base criterion of having at least three hits left in
the pixel layers. All hits from particles not matching this
criteria are labeled as noise and targeted for removal by the
hit filtering model. The transverse momentum and pseu-
dorapidity selections vary across the three experimental
configurations:

(1) piin =600 MeV: Pseudorapidity selection of

[ = 2.5
(2) pt™ =750 MeV: Pseudorapidity selection of
pmx = 2.5

(3) piin =1 GeV: Wider pseudorapidity selection of
|n|™™ = 4.0, demonstrating the model’s capability
to reconstruct tracks efficiently across the full
detector acceptance.
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FIG. 4. Histograms summarizing the kinematics and object
multiplicities of the TrackML dataset restricted to the inner pixel
layers. (a) Transverse momentum (p) distribution of all par-
ticles. (b) Pseudorapidity (1) distribution of all particles. (c) Num-
ber of pixel layer hits per event before filtering. (d) Number of
total particles per event, showing all particles (black) and those
passing the three pr thresholds used in this work.

For each experiment, a hit filtering model is first trained to
select hits from reconstructable particles. A tracking model
is trained to reconstruct tracks based on the hits that pass
the filtering model’s selection. The filtering models each
have approximately 8 x 10° trainable parameters, while the
tracking models have approximately 22 x 10° trainable
parameters. A summary of the different experiments is
provided in Table II. The different choices of pTi" and
[n|™@* allow us to explore the trade-offs between model
complexity, inference time, and performance. They also
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TABLE IL

Summary of the models trained with different p?m and |n|™* selections. For each selection, the

number of hits prefiltering and postfiltering is shown, along with the average number of target particles in the event,
and the configured number of object queries for the associated track reconstruction model. Hit and particle counts

are averaged over the test set.

piin || max Hits (prefiltering) Hits (postfiltering) Particles Object queries
600 MeV 25 57,000 12,000 1800 2100
750 MeV 25 57,000 8,000 1300 1800
1 GeV 4.0 57,000 11,000 1100 1500

provide an insight into the impact of reducing the effective
training statistics (i.e., the number of target particles), as
discussed in Sec. V.

For each of the validation and testing sets, 100 events are
reserved with the remaining events used for training.
Models are trained on a single NVIDIA A100 GPU for
30 epochs. The hit filtering models trained in approxi-
mately 10 h, while the tracking models trained in 20-60 h,
depending on the pT" and ||™> selections applied. A
batch size of a single event is used. Inference times are
provided in Sec. V C.

V. RESULTS

As described in Sec. IVA, we consider a particle to be
reconstructible if it leaves at least three hits in the pixel
detector, has an absolute pseudorapidity less than |r|™,
and a transverse momentum pr > pTin. The hit filtering
performance is discussed in Sec. VA, while the tracking
performance is discussed in Sec. V B and inference times
are presented in Sec. V C. All results shown are obtained
using the test set of 100 events.

A. Hit filtering

In the hit filtering task, hits are labeled as signal if they
belong to a reconstructible particle and noise otherwise.
The filter performance is evaluated using binary efficiency
and purity. The hit efficiency is defined as the fraction of
signal hits retained after filtering, while the purity repre-
sents the fraction of retained hits that are signal hits.

Figure 5 demonstrates how these metrics vary with the
probability threshold used to classify hits. At our chosen
operating threshold of 0.1, the models achieve impressive
performance while significantly reducing the input multi-
plicity for downstream tracking. The dramatic reduction
in hit multiplicity achieved, from approximately 57k to
6k—12k hits depending on the model, are detailed in
Table II and also visualized in Fig. 2.

As summarized in Table III, the 600-MeV model
maintains a hit efficiency of 99.5% while improving purity
from 15.6% prefilter to 72.7% postfilter. Similarly, the 750-
MeV and 1-GeV models achieve efficiencies of 99.6% and
98.8%, respectively, with corresponding purities of 67.2%
and 64.5%. This represents dramatic purity improvements

from their prefilter values of 11.2% and 13.1%. When
considering only hits from particles passing the require-
ment on |7|™* (and excluding noise particles), the initial
purities are higher at 34.0%, 24.3%, and 14.8%, respec-
tively; however, the postfilter purity still represents a
significant improvement.

We also examine the fraction of particles that remain
reconstructible after filtering (i.e., those that retain at least
three pixel hits). The results are shown as a function of the
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FIG. 5. Hit filtering performance for each of the three models.

(a) Signal hit purity as a function of the signal hit efficiency. The
markers show the efficiency and purity at the chosen threshold of
0.1 and each model achieves an area under the curve of 0.998.
(b) The fraction of particles that remain reconstructible as a
function of simulated particle p after filtering hits that fall below
the 0.1 threshold. Binomial errors are indicated by the shaded
regions, and the final bin includes overflow.
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TABLE III.  Performance of the hit filtering models on the test set. From left to right the columns show the initial
hit purity (and the purity calculated using only hits from particles that fall within the specified |7|™* excluding
detector noise hits not associated with any particle), the postfilter efficiency and purity, and the percentage of
particles which remain reconstructible (i.e., retain three or more hits in the pixel layers) after the application of the
filter. |n|™* is 2.5 for the 600- and 750-MeV models and 4 for the 1-GeV model. Statistical uncertainties are

PHYS. REV. X 15, 041046 (2025)

negligible.

Model Initial purity (|n| < |7|™) Filter efficiency Filter purity Reconstructible
600 MeV 15.6% (34.0%) 99.5% 72.7% 99.7%
750 MeV 11.2% (24.3%) 99.5% 67.2% 99.6%

1 GeV 13.1% (14.8%) 99.4% 64.5% 98.8%

particle pr in Fig. 5, and integrated values are shown in
Table III. For particles with pp > 1 GeV, each model
achieves excellent performance, preserving more than
99.5% of particles. The performance for each model
degrades as the particle py approaches the p™i" used to
train the model, indicating that the p" threshold needs
to be set below the desired minimum particle pr for
reconstruction. Given the strong performance of the hit
filtering model, we anticipate that this approach may find
use as a preburner to other track reconstruction algorithms,
including traditional approaches.

B. Tracking

Track reconstruction performance is evaluated in terms
of the efficiency and fake rate. Tracking efficiency is
defined as the fraction of reconstructible particles that
are correctly matched to a reconstructed track. The fake rate
is defined as the fraction of reconstructed tracks that are not
well matched to any reconstructible particle. These tracks
either result from accidental combinations of unrelated hits
or fail to meet the matching threshold due to relevant hits
not being included in the predicted track mask or insuffi-
cient detector activity from the corresponding particle to
have enough hits to satisfy the matching criteria. A lower
fake rate indicates better suppression of such spurious
predictions. We consider two different criteria to define
whether a track is matched to a particle or not: double
majority (DM) and perfect matching. Under the double
majority criteria, a match occurs if >50% of the particle’s
hits are assigned to the track and >50% of the hits on the
track are from that particle. Under the perfect criteria, a
match occurs if all of the particle’s hits are assigned to the
track, and no other hits are assigned. Each track is matched
to the simulated particle that contributes the largest number
of hits to the track. If two particles have the same number of
hits on a given track, one is chosen at random. The
efficiencies using the DM and perfect match criteria are
noted as DM, . and e‘gzrfft(;ev, respectively. Subscripts
are used to indicate the minimum pr of the matched
simulated particles included in the calculation. The fake
rate fPM is defined using the DM matching and without any
selections on matched simulated pt. To enable comparison

with other methods, we also define a fake rate )™ g Gey-

which considers only tracks matched to target particles with
pr > 0.9 GeV. The particle-level inefficiencies resulting
from the filtering step are included in the tracking effi-
ciencies discussed here. The duplicate rate d is defined as
the fraction of reconstructed tracks that have identical hit
assignments.

The tracking performance of the different models
depends on the values of p™" and |7|™ used to define
the target particles during training. As shown in Fig. 6, all
three models achieve a plateau efficiency of approximately
97.5% for particles satisfying 2 < pp < 6 GeV. Below
2 GeV, the efficiency drops significantly as the particle py
approaches the p™" used to train the model, and falls
to nearly zero below this threshold. The reconstruction
efficiency for particles with pt > 6 GeV drops slightly
from the plateau to around 95%-96% depending on the
model; however, the statistical uncertainties are large in this
region due to the sharp decrease in particle multiplicity with
increasing pr. Notably, the models are able to perfectly
reconstruct particles at high rates (above 90% in most
cases). However, a stronger decreasing trend with pr is
observed for the perfect match, reflecting the increased
difficulty in assigning hits at high pr. The overall high
performance underscores the model’s ability to handle the
combinatorial complexity of the TrackML dataset, with
only a low number of output tracks not perfectly recon-
structed (around 2%—4% depending on the model and pr).

Figure 6 also shows the fake and duplicate rates as a
function of the reconstructed track pr. In general, the fake
rate remains low but shows an increasing trend with pr.
The 600-MeV model has a significantly higher fake rate at
low pr compared to the 750-MeV model (1.5% compared
to 0.7%), possibly due to the increased complexity asso-
ciated with reconstructing low pr particles. The rate of
duplicate tracks (those with identical hit assignments) is
also examined, and is comfortably below 0.5% for tracks
below 6 GeV for all models. Above 6 GeV, the duplicate
rate increases to 0.5%-1.5% depending on the model,
although statistical uncertainties are large.

The efficiencies, fake rates, and duplicate rates are
shown as a function of 7 in Fig. 7. The efficiency remains
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FIG. 6. (a) Track reconstruction efficiency as a function of the

simulated particle pt for the DM (solid lines) and perfect (dashed
lines) matching criteria. (b) Fake rate using the DM matching
criteria (solid lines) and duplicate rate (dashed lines) as a function
of the reconstructed track py. The shaded regions indicate the
binomial errors, and the final bin includes overflow.

high across the full 5 range, with a slight decrease of
approximately 2.5% in the central region (|57| < 1) for all
models. A corresponding increase in the fake rate is
observed in this region, consistent with the increased
particle density and pr in this region. The efficiency of
the 1-GeV model is slightly lower than the other two
models due to the drop in reconstruction efficiency for
particles with pr approaching pT, as discussed above.
The duplicate rate remains low across the full  range, with
a slight increase in the central region.

Performance comparisons with existing methods are
summarized in Tables IV and V, though several important
methodological differences should be noted. While OC and
HGNN include particles in the forward region (|| < 4),
our 600- and 750-MeV models focus on the more chal-
lenging central region (|n| < 2.5) where track density is
highest, and our 1-GeV model uses || < 4. Given the
reduced performance near the pr threshold, the 750-MeV
model provides the most meaningful comparison with OC.
Despite the expectation that particles in the forward region
are easier to reconstruct due to lower track density, the
750-MeV model achieves a slightly higher efficiency
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FIG. 7. (a) Track reconstruction efficiency as a function of

the simulated particle  for the DM (solid lines) and perfect
(dashed lines) matching criteria. For consistency, only particles
with pr > 1 GeV are considered. (b) Fake rate using the DM
matching criteria (solid lines) and duplicate rate (dashed lines) as
a function of the reconstructed track #z. The shaded regions
indicate the binomial errors.

(€M) Gey = 97.2%) than OC (96.4%) while reducing
the fake rate by a factor of 3 to fIM (g Gy = 0.3%. In
addition, our approach demonstrates improved perfect
match efficiency, increasing the rate by 9 percentage points.
The HGNN method includes hits on the strip layers and
requires more than 5 hits for a particle to be reconstructible,

TABLE IV. Comparison of the results for the various models
using the TrackML dataset on the test set. HGNN [79] includes
hits from the pixel and strip layers. HGNN aims to reconstruct
particles satisfying |57| < 4, whereas we target |57| < 2.5 for the
600- and 750-MeV models and || < 4.0 for the 1-GeV model.
Statistical uncertainties are negligible.

f
Model 1,);?: 1Clcev 51[7);\11 GeV oM d
1 GeV 90.4% 94.1% 0.7% 0.1%
750 MeV 94.8% 97.2% 0.7% 0.2%
600 MeV 93.2% 97.1% 1.2% 0.1%
HGNN e 97.9% 36.7% e
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TABLE V. Comparison of the results for the various models
using the TrackML dataset on the test set. OC [57] uses piin =
0.9 GeV and also includes hits from the pixel and strip layers. OC
aims to reconstruct particles satisfying || < 4, whereas we target
|| < 2.5 for the 600- and 750-MeV models and ;| < 4.0 for the
1-GeV model. Statistical uncertainties are negligible.

erfec
Model EZT>0T9 GeV 8,?&0.9 GeV f Exoy GeV d
750 MeV 94.5% 97.1% 0.3% 0.2%
600 MeV 93.0% 97.0% 0.2% 0.1%
OC 85.8% 96.4% 0.9%

and would require additional postprocessing steps after the
model to reduce the high fake rate. While these differences
complicate direct comparisons, our results achieve com-
parable efficiencies with significantly better fake rate, all
while using less information and being significantly faster,
as discussed in Sec. V C.

Figure 8 shows the residuals between reconstructed and
target track parameters, where the target parameters are
derived from DM matched particles. While v, is regressed
directly, the pr, 17, and ¢ are constructed from the track’s
Cartesian momentum. The residuals demonstrate minimal
bias, with the exception of the pt residuals which have a
positive skew, possibly due to boundary effects or the
relative abundance of low-pt particles [80]. However,
the current regression performance does not yet match
the precision achieved by established experiments like
ATLAS and CMS, which employ highly tuned parametric
fitting techniques [29,30]. Regardless, these results serve as
a promising proof of principle for our novel approach of
jointly performing hit-to-track assignment and track para-
meter fitting in a single model, and may already be
sufficiently precise for simple triggering applications.
Several avenues exist for improving the parameter estima-
tion. First, incorporating hits from the outer strip layers
would significantly enhance momentum resolution. Second,
directly regressing the parameters of interest, rather than
constructing them from the Cartesian momentum, would
likely further improve performance. Finally, the model could
be extended to estimate track parameter uncertainties and
their correlations, bringing the approach closer to the
comprehensive track fitting methods used in production
environments. Alternatively, a Kalman filter or least-squares
fit could be applied to the set of hits assigned to a given track
prediction, as is done in ATLAS and CMS, to extract high-
precision track parameters.

Analysis of model performance versus training set size
for the 1-GeV model reveals that the model has not yet
reached performance saturation when using the complete
TrackML dataset. This suggests significant potential for
improved performance through additional training data.
Furthermore, our approach provides a convenient trade-off
between model size, performance, and inference speed:
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FIG. 8. Residuals between the regressed parameters of recon-

structed tracks and the targets from the DM matched tracks.
Tracks matched to simulated particles with pr > prT“i" are used
for each model. The mean y and interquartile range (IQR) of the
residuals for each model is shown in the legend. Residuals that lie

outside the plot range are placed into extremal bins.

When inference speed is critical, model size can be reduced
to achieve faster processing times, while in applications
where speed is not the primary concern, model size can be
increased to enhance tracking performance. This flexibility
allows the same fundamental approach to be adapted to
different experimental requirements and computational
constraints.

C. Inference time

Inference time is a critical metric for track reconstruction
at particle colliders, directly impacting the feasibility of
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TABLE VI. Mean inference times and standard deviations for
the tracking model forward pass, and combined filtering and
tracking forward pass, evaluated on an NVIDIA A100 GPU with
a batch size of 1.

Tracking time (ms)  Filter + tracking time (ms)

600 MeV 100 + 12 123 + 14
750 MeV 74+9 97+ 11
1 GeV 76 £9 99 £ 11

real-time event processing. Our transformer-based models
demonstrate competitive performance in this key metric.
The hit filtering forward pass requires on average approx-
imately 23 4+ 3 ms to process a single event comprising O
(60k) hits when using an NVIDIA A100 GPU. The hit
filtering model is just in time (JIT) compiled via torch
.compile, which significantly accelerates the forward
pass during inference.

The tracking inference time depends on the choice of
pin - and ranges from approximately 75 ms for the 750-
MeV and 1-GeV models to 100 ms for the 600-MeV model,
as detailed in Table VI. For the 750-MeV model, which
represents a good balance between tracking performance
and inference time, the total time for hit filtering and
tracking combined is approximately 97 ms on average.

To understand scaling behavior in order to estimate the
timing requirements to consider all detector layers, we
analyzed inference times as a function of hit multiplicity in
Fig. 9. Both the filtering and tracking models exhibit linear
scaling with the number of input hits, a critical result
achieved through the architectural choices described in
Sec. III A. This linear scaling is crucial for adaptability to
varying event complexities.

The linear scaling observed in Fig. 9 enables us to
extrapolate performance to the higher hit multiplicities
anticipated in the full detector of a typical HL-LHC event.
For the O(350 k) hits expected in the ITk detector at
the start of run 4 [81], we project a combined filter and
tracking time of approximately 800 ms to reconstruct tracks
with pTi" = 1 GeV and ||™* = 4, assuming this linear
scaling holds.

Direct comparisons of inference times across different
track reconstruction methods are inherently challenging
due to variations in experimental setups and differences in
reported metrics. These include differences in detector
geometry, the total number of hits considered, the inclusion
of various subdetectors, and the choices of target particle
definitions.

In light of these caveats, our projected inference time of
~800 ms for the full ITk detector is comparable to recent,
optimized results from the GNN4ITk project [55], which
represents a highly customized approach developed through
extensive, multiyear optimization efforts. Remarkably, our
end-to-end learned approach achieves comparable timing
performance while leveraging largely off-the-shelf ML
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FIG.9. Inference times as a function of the input hit multiplicity

for the hit filtering model (a) and 1-GeV track reconstruction
model (b), evaluated on an NVIDIA A100 GPU with a batch size
of 1. The average time in each bin and the 95% confidence
intervals are shown by the markers and vertical error bars. A
linear fit is shown in the dashed line, along with a 95% confidence
interval shown by the shaded region.

architectures demonstrating a strategy that offers potential
advantages in flexibility and broader applicability, despite
requiring significantly less development effort. Furthermore,
our results improve upon the timing studies in Ref. [79] and
are comparable with optimized non-ML approach to trigger-
level tracking [34], as visualized in Fig. 10.

In this study, MaskFormer achieves a high efficiency
and low fake rate using exclusively pixel detector hits.
While incorporating strip hits could further improve
performance, it would also increase hit multiplicity and
thus processing time. A key finding is the strong tracking
performance achieved without this additional information,
suggesting a potential advantage: For certain applications,
the computational cost of processing all strip hits might be
avoidable if pixel-based performance is sufficient. Thus,
the ~ 800 ms projection for all O(350 k) ITk hits might
be an upper limit if strong performance is maintained by
primarily using pixel data or a subset of strip hits, enabling
faster inference.

The timing estimates assume continued linear scaling
with hit multiplicity. In realistic detector environments
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FIG. 10. Combined filtering and tracking inference times for
the MaskFormer track reconstruction model (1 GeV, trained with
|7]™® = 4) as a function of input hit multiplicity. A linear fit to
the MaskFormer data is shown and, assuming its validity,
extrapolated to the O(350k) hits expected in the full ITk detector.
This extrapolation allows for an approximate comparison with
other approaches: Mikado [20], HGNN [79], and GNN4ITk [55].
Direct comparisons should be approached with caution due to
significant methodological differences: MaskFormer, Mikado,
and HGNN are evaluated on the TrackML dataset, while
GNN4ITk uses a realistic ITk detector simulation. Furthermore,
MaskFormer, HGNN, and GNN4ITk are benchmarked on
NVIDIA A100 GPUs, whereas Mikado is evaluated on 2 CPU
cores. Additional variations in detector geometries, event mul-
tiplicities, and target particle definitions may also affect compar-
isons. This figure shows that the model presented has great
potential to be the state-of-the-art solution for a highly combina-
toric process: fast and accurate charged particle reconstruction.

additional factors, such as geometric irregularities or
nonuniform magnetic fields, may necessitate larger ¢
windows and introduce deviations from this behavior.
Hardware constraints, including the inability to fit the full
model and input data into device memory, could render
training infeasible. Validating these extrapolations using
full detector simulations remains an important future step.

Nevertheless, the current inference times have been
achieved with minimal optimization, indicating substantial
potential for future speed improvements. Our approach is
poised for significant enhancements through architecture
optimization, enabling JIT compilation for the full tracking
model, and the application of established techniques such as
model pruning and quantization. Additional gains are antici-
pated from training smaller, more efficient models on
expanded datasets, while inference throughput can be further
boosted by increasing the batch size. These clearly defined
avenues for development are expected to markedly enhance
the real-world applicability and performance of our method.

VI. CONCLUSION

We present a novel application of the transformer archi-
tecture to charged particle track reconstruction, achieving
state-of-the-art results on the full TrackML dataset. Our
approach demonstrates strong performance, with the

750-MeV model achieving an efficiency for particles with
pr > 1 GeV of approximately 97.2% and a fake rate of
0.7%. We also demonstrate the model’s capacity to recon-
struct low-pr tracks with the 600-MeV configuration, and
tracks across the full |5| range with the 1-GeV, |n|™* = 4
model. The model’s inference time of approximately 100 ms
makes it highly competitive for real-world applications.

This success stems from two key innovations: a trans-
former-based hit filtering stage that effectively reduces
input multiplicities without requiring complex graph con-
struction, and a MaskFormer track reconstruction stage that
leverages cross-attention to build an explicit latent repre-
sentation of each track. This unified approach enables
simultaneous track finding and parameter estimation while
naturally handling hit sharing between tracks. The model’s
linear scaling with hit multiplicity, enabled by efficient
attention kernels and demonstrated in our timing studies,
suggests promising scalability for future detector environ-
ments. By aligning with recent advancements in the field
of machine learning, our approach stands to benefit from
future developments, offering scalable, adaptable, and
high-performance solutions to meet the increasing compu-
tational demands of high-energy physics.

While our method demonstrates promising performance
on the TrackML dataset, we note that real detector environ-
ments introduce additional complexities not included in this
dataset. For example, including nonuniform geometries,
material interactions, sensor inefficiencies, and magnetic
field inhomogeneities can all affect performance and time-
scaling behaviors. Evaluating the robustness of transformer-
based tracking in such settings remains an important future
direction. It will also be critical to assess generalizability and
deployment feasibility by testing on simulated events in the
planned ATLAS and CMS tracking detector upgrades.

There are several directions for future work to enhance
the capabilities and applicability of the model. First, we
plan to improve the algorithmic efficiency of the model,
allowing it to handle the increased hit multiplicities that
would stem from including the strip hits, and reconstructing
additional particles with even lower transverse momenta.
Second, combining the hit filtering and track reconstruction
stages into a single model could streamline the training
process and reduce inference times. Third, we plan to test
the model and scaling properties on more realistic detector
simulations, including irregularities in the detector layout,
material effects, and magnetic field variations to validate
generalization. Finally, incorporating additional informa-
tion from other detector systems, such as calorimeters,
could further enhance the reconstruction of charged par-
ticles and enable the simultaneous reconstruction of
charged and neutral particles, paving the way toward full
particle-flow-style reconstruction.

In the near term, the architecture is already suitable for
hybrid use within existing reconstruction pipelines. The
model’s tunable nature, enabling trade-offs between per-
formance and inference time and targeting of specific
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particle kinematics, makes it adaptable to various high-
energy physics experiments, from trigger-level systems to
off-line reconstruction, without requiring changes to estab-
lished reconstruction techniques. The hit filtering compo-
nent can be readily integrated as a fast preprocessing step to
reduce input multiplicity. Similarly, the tracking model
could act as a learned track-seeding mechanism, replacing
or augmenting standard pattern recognition algorithms and
integrating seamlessly with current pipelines to deliver
high-quality track parameter estimates.

Beyond these immediate uses, our work contributes to a
broader shift in reconstruction strategy. An end-to-end
optimizable framework for charged particle reconstruction,
such as the one presented, could offer significant benefit to
a diverse range of experimental setups beyond traditional
collider experiments. Most significantly, the success of
transformer-based architectures in both tracking and ver-
texing points toward a unified approach to particle physics
reconstruction, moving away from specialized solutions
and toward generalized learned models leveraging cross-
domain advances in machine learning. Such models could
significantly impact how we process and analyze particle
collision data and meet the evolving challenges of high-
energy physics.
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