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Learning to reconstruct quirky tracks
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Analysis of data from particle physics experiments traditionally sacrifices some sensitivity to new
particles for the sake of practical computability, effectively ignoring some potentially striking signatures.
However, recent advances in machine learning (ML)-based tracking allow for new inroads into previously
inaccessible territory, such as reconstruction of tracks that do not follow helical trajectories. This paper
presents a demonstration of the capacity of ML-based tracking to reconstruct the oscillating trajectories of
quirks, particles charged under an unbroken QCD-like gauge symmetry. The technique used is not specific
to quirks, and opens the door to a program of searching for many kinds of nonstandard tracks.
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I. INTRODUCTION

Hadronic collisions at the energy frontier have wide
power to reveal or constrain new physics [ 1-8], such as new
particles or interactions, whether expected or unexpected.
In the coming years, the Large Hadron Collider (LHC) will
accumulate a dataset of unprecedented luminosity, with
an expected £ = 300 fb~! (3 ab™!) with the completion
of Run 3 (Run 4+). While the current physics program
is broad, the technical challenges of analyzing the
high-dimensional, high-volume dataset have historically
required imposing assumptions on the nature of the
potential new physics, which translate to strategic sacrifices
in sensitivity, especially to the unexpected. As a result,
signatures of ground-breaking discoveries may be over-
looked by the traditional analysis pipelines.

A crucial and challenging component of that pipeline is
identifying tracks of charged particles in the inner, mag-
netized detector volume. lonization leaves hits as particles
pass through a tracking detector, but the task of assembling
sets of hits to reconstruct fracks of particles is a challenging
combinatorial problem. The task is made tractable, though
still computationally costly, if one can assume that all
tracks follow a helical trajectory and originate from within
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the beam pipe, as is expected of electrically charged
particles created in an interaction at the beam crossing.
This narrowed scope is sufficient for many expected
signatures, but consequentially restricts the power to
discover unexpected new physics. This is well understood,
and significant effort has been made to relax the assumption
that tracks must originate inside the beam pipe by devel-
oping dedicated software to reconstruct tracks with dis-
placed vertices (recent results include Refs. [9-14]), as
might be expected from decays of long-lived particles.
Comparatively little effort [15-18] has been put toward
development of algorithms capable of identifying a poten-
tially much broader class of tracks, those which are charged
under other forces and do not follow helical paths in a
solenoidal magnetic field. Such striking tracks may already
exist in our data, but would be largely invisible to our
current algorithms.

An important challenge in reconstructing such non-
helical tracks is that traditional tracking algorithms
[19-22] assume the specific parametric form of the desired
track in a way that does not trivially generalize to new
forms. Each new potential trajectory would therefore
require its own bespoke tracking algorithm and incur its
own computational expense in the analysis pipeline.
However, recent innovations in machine learning (ML),
such as geometric deep learning [23], have allowed for
the development of ML-based tracking algorithms which
are architecturally agnostic to the parametric form of the
track [24], where the target class of the track is defined only
by the sample used to train the algorithm. In principle,
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this allows for rapid development of tracking pipelines which
are more flexible, replacing the complex work of dedicated
algorithm development with the much simpler task of
preparation of a new training sample. If successful, it lays
the groundwork for a more ambitious task, preparation of a
generalized training sample that produces a track finder
capable of reconstructing a broad class of helical and non-
helical trajectories, with true sensitivity to unexpected tracks.

In this paper, we take the first step in that direction by
demonstrating that ML-based tracking algorithms can be
trained to identify nonhelical tracks from a training sample,
without the development of a dedicated new tracking
algorithm. We train the graph neural network (GNN)
machine learning algorithm ExaTkx [25] to learn to
reconstruct the strikingly nonhelical oscillatory tracks
produced by quirk pairs. Quirks [26] are charged under
an unbroken confining QCD-like gauge symmetry but, in
contrast with quarks, the quirk masses are large relative to
the confinement scale, resulting in an oscillatory nonhelical
motion by quirk pairs in a magnetic field. These spectacular
signatures are such a departure from the classical helical
tracks, given the in-flight interactions between the quirks,
that even a bespoke application of the traditional algorithms
has been a long-standing challenge. Previous efforts have
attempted to side-step this complexity by searching for
straight tracks [27], momentum imbalance [28], stopped
out-of-time particles [29], or sets of hits along a plane [18],
essentially ignoring the oscillatory nature of the tracks. This
is reasonably effective for a limited quirk parameter range,
but we show that ML-based tracking is more broadly
efficient without requiring such quirk-specific simplifica-
tions. Our studies also demonstrate a capacity to generalize
beyond examples in the training set. This gives hope that a
similar approach could be used to construct a pipeline that
can reconstruct tracks from a broader class of particles,
unrestricted to helical tracks or quirks. This may pave the
way for discoveries at the LHC that have evaded our
detection. Complementary studies show sensitivity to
quirks in the far-forward region with experiments such
as FASER [30-33].

The paper is organized as follows. In Sec. II we cover
the background of our study by reviewing the quirk model
in a collider setting. In Sec. III, we discuss the equations
of motion for the quirk pair and for the background
particles. In Sec. IV, we discuss the Exa.TrkX pipeline and
how it can be applied to quirk track reconstruction. In
Sec. V we present our track reconstruction performance.
In Sec. VI we discuss the sensitivity of our reconstruction
techniques to quirks. In Sec. VII we conclude and discuss
future directions.

II. THEORETICAL BACKGROUND

In the standard model (SM), quarks are charged under
the unbroken SU(3) which confines below the QCD scale,
Aqcp- Notably, there exists light quarks with a mass m,

such that m, << Agcp. This leads to color confinement, as
quarks separated by a sufficient distance convert the energy
of their interaction into quark pairs.

In contrast, if the masses were above the confinement
scale, macroscopic distances could be maintained. This is
the case for quirks [26], charged under a distinct non-
Abelian, confining gauge theory SU(N),-, sometimes
called infracolor, of which all other standard model
particles are singlets. This new gauge interaction produ-
ces a confinement scale Ajc. The key difference between
quirks and quarks is that for a quirk, Q, the mass
mg > Ajc, where for convenience, we write A = Ay
for the remainder of this paper. Quirks are also typically
charged under the standard model, such that they can be
pair produced at colliders.

The unbroken SU(N);- leads to an infracolor gauge
string between the pair-produced quirks, as with quarks.
Unlike quarks, however, as the quirks separate the breaking
of the string is exponentially suppressed due to my > A.
The absence of string breaking results in oscillation of the
pair with a characteristic length [18]

m keV 2
dem 2 cm(y = 1) (100 (Q3ev) <T) (m)

in the center-of-mass frame, where y is the Lorentz boost of
the quirks at production. When reporting the quirk track
reconstruction performance we will use this formula for
qualitative understanding. It is important to note that since
we study pair-produced quirks in association with a jet,
actual oscillation lengths in the lab frame can be very
different from Eq. (1) due to smaller-than-typical opening
angles or different energies of each quirk.

In a collider setting, the oscillation length of produced
quirks determines the potential reconstruction scenario. For
d.,, < 1 mm, oscillation cannot be resolved by the detector,
and the quirk pair is reconstructed as a single track. For
oscillation scales much larger than the detector, d.,, 2 1 m,
the quirk pair does not complete an oscillation within the
detector, and so the quirk pair appears as two standard
tracks. In both cases, the tracks can be described using
helical parametrization, traditional tracking algorithms are
effective, and existing searches are relevant [18,27-29].

However, when the oscillation length is on the order of
the size of the detector, the quirk pair produces two tracks
with a unique, nonhelical motion. See Fig. 1 for visual-
izations of example trajectories, whose features are
explained in greater detail in the following section. The
stark deviations from a helix make traditional tracking
algorithms ineffective for finding such complex tracks.

III. MODELING

Samples of simulated events are prepared and used for
training of the tracking algorithm as well as evaluation of
the performance. We study quirks charged under the

015005-2



LEARNING TO RECONSTRUCT QUIRKY TRACKS

PHYS. REV. D 114, 015005 (2026)

60 . 60 60
mg = 500 GeV mg = 5000 GeV
A =100 eV A =100 eV
40 < x Quirk Hit 40 S 401 *  Quirk Hit
e — s Quirk Track | | o semte s | | e Quirk Track
Background Background
20 20 20 T Z
g o 0 0
> M
~ Lseoo
-20 -20 -20
mo = 1000 GeV
A =100 eV
—40 —40 x  Quirk Hit —40
fffff Quirk Track
Background
_6960 —-40 -20 0 20 40 60 _6960 -40 -20 0 20 40 60 _6960 -40 -20 0 20 40 60
60 60 60
mo = 500 GeV
A =500 eV s . :
40{ * Quirk Hit 40 5 40 g
————— Quirk Track
Background b
20 20 20 =
E o 0 0
>
-20 -20 AN\ R -20
meo = 1000 GeV - mg = 5000 GeV
A =500 eV % A =500 eV
—40 —40 x  Quirk Hit —40 x  Quirk Hit
————— Quirk Track --=-= Quirk Track
Background Background
-60 -60 —-60
-60 —-40 -20 0 20 40 60 —-60 -40 -20 0 20 40 60 —-60 -40 -20 0 20 40 60
60 60 60
mo = 500 GeV mo = 1000 GeV me = 5000 GeV
A =1000 eV A =1000 eV A =1000 eV
40 x  Quirk Hit 40 x  Quirk Hit 40 x  Quirk Hit
fffff Quirk Track ----= Quirk Track = ----- Quirk Track
Background Background § \ Background
20 20 .
§ 0 0
>
-20 -20
—40 -40
_6960 -40 -20 0 20 40 60 _6960 -40 -20 0 20 40 60 _6960 -40 -20 0 20 40 60
x [cm] x [cm] x [cm]
FIG. 1. Example trajectories of quirk pairs in simulated events with a simplified detector geometry described in the text. The top row

shows example trajectories for A = 100 eV, and increases in mass from left to right, with m, = 500, 1000, 5000 GeV, all with small
oscillation distances. The center (bottom) row shows examples for the same mass range but for A = 500(1000) eV, both with visible
oscillations. Hits from SM background tracks (see Sec. V D for details) are in gray, and from quirks are in blue. The true quirk trajectory

is also shown, in red.

standard model U(1)g,, (with charge £1) such that they
can be pair produced through, e.g., an s-channel Drell-Yan
process. Samples of simulated quirk signal and SM back-
ground are generated in pp collisions at /s = 13 TeV
with MadGraph5_aMC [34]. Nonquirk particles are showered
and hadronized with Pythia8 [35] and a selection of
pr > 100 MeV and || < 2.5 is applied on all charged
particles, including quirks. The trajectories of particles and

their interaction with the detector are then modeled with a
custom package described below.

The leading-order Drell-Yan production mechanism
results in a quirk pair with zero transverse momentum,
but each quirk can have nonzero transverse momentum.
For certain regions of the (mg,A) parameter space with
oscillation lengths ~1 cm, the resultant motion is that the
quirks travel in the beam direction [31] and only leave hits
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FIG. 2. Distributions of kinematic quantities for simulated quirk pairs, for several mass values, independent of A. Shown are the y

factor, transverse momentum pr, and opening angle Ag.

in the innermost layers of the detector. To generate visible
tracks, we produce the quirk pair in association with a jet,
giving the quirk pair a net transverse momentum. We
generate samples of simulated quirks in the mass range
mg € [100,5000] GeV. Figure 2 shows the distributions
of the simulated y factor of the quirk pair, y,,,, quirk pair
transverse momentum, and opening angles in this range.
Here, the opening angle refers to the initial angle between
the quirks within the plane of their production. These
quantities broadly describe the oscillation calculated for
quirk trajectories. In general, as the opening angle, A¢,
approaches =z, and for quirks produced with large
momenta, the resultant quirk motion will have the largest
separation. An additional feature of the initial quirk
production which has important consequences for the
quirk trajectory is the case where py; > pg, (or vice
versa). In this case Q, will drag Q, in the direction of pj,
which will result in a complicated motion and exchange
of momenta between each quirk.

In pp collisions at /s = 13 TeV, the production cross
section for two quirks and a jet opg;~1tb for
mg = 500 GeV, which is sufficient to expect a significant
number of quirks in the current LHC dataset. For the
purposes of this study we will explore quirk masses up
to 5 TeV—for the larger masses in this range, the cross
section is too small for appreciable production at the LHC
with current planned luminosities. Nevertheless, we
explore these heavier cases to assess the strength of our
reconstruction technique which may be useful at future
colliders or for models with higher production cross
sections. Larger cross sections can be achieved for quirks
with lower pr, with associated reconstruction challenges,
or quirks charged under SU(3),.

Instead of following a helical path, quirk pairs follow the
motion of two objects subjected to a central force. Given
that their angular momentum is approximately conserved,
their trajectories are largely confined to a single plane [18].
Solutions to the equations of motion assume an extra
central force between the two quirks in addition to the

Lorentz force that arises from the external electric and
magnetic fields. Following Ref. [18], the system is
modeled using a Nambu-Goto action with massive end
points [36], leading to the equations of motion for a quirk
given by the force,

d(my7) A (

S v o
Y + H 5 Uy | +Fexo (2)
U 1-v]

dt

with a similar equation for the second quirk. Here, m is
the mass of the quirk, 7, and 7 are the perpendicular
and parallel velocities of the quirk with respect to the
infracolor string, and F, is the external force acting
on the quirks, which for us will only include the affect
of the external magnetic field on the (anti-)quirk with
charge g = +1.

To assess the track reconstruction performance, we
assume two simplified detector configurations for an
LHC-style detector. The simplest is an eight-layer [18]
configuration with four tracking layers in the inner detector
between r =3.1 cm and r = 1225 cm covering |z| <
40 cm and four layers in the outer detector, between
r=299cm and r=100cm, covering |z| <75 cm.
In a second configuration, we consider a configuration
where there are 25 tracking layers between r = 3.1 cm and
r=53 cm with the same z-range as the eight-layer
detector. We calculate particle trajectories and their inter-
section with a detector layer is recorded as a hit. No noise
hits are included in these first studies, though hit location
uncertainties are assessed in Sec. V H.

Figure 1 shows selected examples of quirk trajectories
for A = 100, 500, 1000 eV (top row) and m, = 500 GeV,
1 TeV, and 5 TeV. The oscillation length depends strongly
on the mass and A, as expected from Eq. (1). As quirks
become heavier, they naturally receive less kinetic energy
which results in smaller oscillation lengths. For heavy
quirks with large A, the oscillations can be quite rapid.
Both very long and very short oscillation lengths are similar
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enough to traditional helical tracks that standard algorithms
can have reasonable efficiency. The focus of this work is on
the intermediate regime, where the quirk separation is
approximately a few centimeters, making strikingly non-
helical tracks.

For the production of background tracks arising from the
associated jet production, we collect all stable charged
particles on the detector length scale (e*, u*, 7%, K*) with
pr > 100 MeV and || < 2.5 from Pythia. We model their
propagation through the detector as charged particles in a
magnetic field, neglecting matter interactions. We find that
background tracks contribute many more hits as compared
to quirks. For my < TeV we find that background hits
outnumber quirk hits by a factor of O(100), with lighter
quirks being more outnumbered by background than
heavier quirks with the same A. For the heaviest quirks
we consider, my = 5 TeV, which is nearly at the kinematic
threshold, there is significantly less energy available for
background particles resulting in comparatively fewer
background tracks, although background still dominates
by a factor of ~20.!

IV. TRACKING

Track reconstruction broadly consists of track finding,
which proposes a set of track candidates given hits in a
detector, and track fitting, which aims to predict the
particle momentum and production vector of the match-
ing track candidate. Reconstructed tracks are used for
many downstream reconstruction and analysis tasks,
including trigger decisions, jet tagging, and signal-back-
ground discrimination.

Most traditional algorithms make assumptions about
the characteristics of the particles being reconstructed.
This particle hypothesis typically includes the assumption
that the particle track is approximately helical and that the
particle has ionization and interaction properties typical of
known particles. In this way, algorithms used in collider
tracking such as the Kalman filter (KF) propagate a helical
(or otherwise modeled) state vector and update it hit-by-
hit as part of track finding. Machine learning approaches,
such as graph neural networks, need not explicitly model
this state and therefore need no such assumption. The
characteristics of the particle tracks are learned by
providing examples of target tracks, which may therefore
be of any shape.

There are a variety of ways ML can be used to solve the
track-finding problem (see [38—40] for thorough reviews).
It can be treated as an object detection problem and one can
perform instance segmentation with object condensation
[41-43]. One can frame reconstruction as a generative
process, where track candidates are recurrently produced

'The data for the quirk and SM charged particle trajectories
can be found in [37].

by some autoregressive process [44]. The combinatorial
Kalman filter (CKF) technique can also be combined with
techniques for extending track seeds using ML [45], or
using reinforcement learning to choose a next hit [46,47].

A successful approach has been to take advantage of a
natural description of tracks as a set of paths in a directed
graph, and apply a GNN. The Exa.TrkX pipeline is built on
this GNN paradigm, and uses the physics intuition of a
track being a chain of sequentially connected hits
[25,48,49]. This and similar approaches have been shown
to give high track-finding efficiency and stable training on a
diverse set of HEP experiments [50-61]. This pipeline
contains three stages: (i) graph construction, where 3D
spacepoints are connected into a graph of spacepoint-to-
spacepoint edge connections, (ii) edge classification,
where edges are scored with a confidence of being either
“true” (a connection between two sequential hits from a
signal particle) or “fake” (any other kind of edge), and
(iii) graph segmentation, where low-scoring edges are
removed, and collections of connected hits are used to
produce track candidates, using an algorithm called
Connected Components [62,63].

The ExaTrkX pipeline can be applied nearly out-of-the-
box to nonhelical tracking, as in the case of quirk tracks.
Some alterations to the definition of “true edges” generalize
the pipeline to train correctly for this broader class of
tracks. The most significant alteration is in the assumptions
about the ordering of the hits. As many tracking detectors
(as in ATLAS and the open detector used in the TrackML
challenge [64—66]) do not include reliable timing informa-
tion, the ordering of hits in tracks within Exa. TrkX is defined
heuristically using increasing distance from the production
vertex of the track. This is reliable for high-momentum
helical tracks that are unlikely to scatter back toward the
interaction point. However, quirk tracks with a non-
negligible opening angle are able to oscillate away from
and toward the detector origin. Relying on the assumption
that hits are in order according to their distance from the
production vertex can lead to misinterpretation of the true
track shape in training. In this work, we access the
underlying simulation data to define the time-ordering of
hits in order to correctly construct true edges for training,
though such information is not required for testing.

To construct graphs, we train a metric learning model,
which attempts to embed sequential hits in a particle track
into nearby positions in a latent space, while hits from other
particles should be distant in the latent space. As this is
purely data driven, tracks need not be helical, and any
smooth particle trajectory may be learned by such a
nonlinear embedding. All that is required is a definition
of pairwise similarity, as defined earlier. In our training
analyses, we split our dataset into training, validation, and
testing sets with 2k, 400, and 400 samples, respectively. We
note that we have compared these results to a training
dataset with 4k events and did not find much improvement
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and an order of magnitude more events would require
significantly higher computing resources. As we will
discuss, we focus on certain regions of quirk parameter
space to maximize track reconstruction, and it is likely that
larger training samples would be useful for parameter space
that lead to more exotic tracks. We use 150 training epochs
and a learning rate of 0.001 in the metric learning for
constructing the tracking graph. We then train a GNN to
classify the edges as either “true” or “false.” In this step, we
modify the epochs and learning rate for better efficiency
and to avoid overfitting by checking the loss and efficiency
plots, using early stopping and decreasing the learning rate.
Also, we define the ‘“score cut” to select our target
candidates. This value is set to 0.9 in most analyses and
is optimized in some cases.

V. TRACK RECONSTRUCTION PERFORMANCE

Performance of the tracking algorithm is measured in
simulated samples described above. Performance is mea-
sured by tracking efficiency, the fraction of reconstructable
particles that are reconstructed. Reconstructable particles
are those with at least seven (22) true hits in the eight-
layer (25-layer) geometry. A particle is reconstructed if it is
double-majority matched” to a matchable track candidate:
one with at least five (15) hits in the eight-layer (25-layer)
geometry.

Below, we demonstrate the challenges of finding quirks
using helical track finders, study the power of ML tracking
to find quirk tracks, and explore the ability of the pipeline to
generalize from one set of quirk parameters to another.
Rather than provide an exhaustive set of results for every
configuration discussed below, we begin with a single
characteristic choice of quirk model parameters, our bench-
mark sample, with mgo = 500 GeV and A =500 eV,
before presenting a broader study across all parameters.
We choose this benchmark as it displays an oscillation
length in the region of interest O(cm).

A. Reconstructing quirk tracks using SM tracks

We wish to compare the performance of a traditional
helix-finding algorithm to a dedicated ML quirk-finding
approach. However, while powerful, the CKF is costly to
tune on a new geometry. As such, for this study we take a
GNN trained on helical SM tracks as the baseline, as it
achieves similar physics performance as non-ML algo-
rithms [67]. We take this GNN as a proxy for a general
“helix-finding algorithm,” which could also be a hand-
tuned CKF or Hough transform, for example.

The SM-trained GNN-based tracker excels at finding
SM tracks. For our benchmark sample, in the eight-layer

*Double-majority matching requires that at least 50% of the
reconstructed track hits belong to a matching truth track, and that
at least 50% of the hits in that truth track are found in the
reconstructed track.

geometry, SM tracks are found with 97.9% efficiency,
while quirks are mostly missed, with 10.2% efficiency,
using the definition of track efficiency above. For the 25-
layer geometry, we find similar performance.

These results are typical for other m, A in the regime of
interest, where the oscillation length is centimeters. As
expected, if the oscillation length is much longer, these
trackers succeed in reconstructing the tracks due to the
quirk track in the longer oscillation being similar to the SM
tracks. See Tables II and III in the Appendix for details.

B. Well-behaved quirks

Tracks of quirks are substantially more complex than
helical tracks, and over the range of parameters can display
a broad range of behavior that can be challenging for
reconstruction algorithms. As seen in Fig. 1, tracks can
cross individual layers multiple times due to oscillations.
Before tackling these more difficult scenarios, we focus on
the subset of quirk tracks identified as well behaved, those
whose number of hits do not exceed the number of layers
by a factor of 3. This eliminates, for the moment, the most
challenging quirk tracks, those which leave a very large
number of hits as they travel in and out of detector layers,
but retains tracks with clearly nonhelical trajectories.

In the benchmark sample with eight layers, training on a
pure sample of well-behaved quirks produces a track finder
with efficiency of 91.5% in events with only well-behaved
quirks and no background tracks. This is a highly idealized
scenario, but gives a rough upper bound on the perfor-
mance of the pipeline and demonstrates its capacity to learn
to find nonhelical tracks when they comprise its training
set, without background. Figure 3 shows an example of
reconstructed and truth tracks in this scenario.

C. All quirks

Quirks are an interesting and challenging problem
precisely because they are not always well behaved, and
performance on these not-well-behaved tracks is also
important for broad sensitivity. When the training sample
is expanded to include all reconstructable tracks, the
efficiency in our benchmark scenario with eight detector
layers is 56.3%, as compared to 10.2% for the tracker
trained on SM tracks. Figure 4 presents an example of
reconstructed and truth tracks.

The efficiency with respect to pt, opening angle, and the
number of true hits are shown in Fig. 5, for all quirks as
well as the well-behaved subset. The efficiency falls as the
number of hits increases, reflecting the challenge of
reconstructing tracks with complex in-and-out trajectories.
There is also a soft dependence on opening angle and quirk
track pr, due to tracks with wider opening angles or higher
momentum being more likely to exhibit complex oscil-
lations with in-and-out behavior. The efficiency shown in
Fig. 5 illustrates that the best performance is obtained on
well-behaved quirks. There is thus a trade-off in choosing a
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FIG. 4. Examples of truth and reconstructed tracks for not-well-behaved quirks with my = 500 GeV, A = 500 eV.

model configuration that has some acceptable discovery
potential given computational constraints. Here we choose
that working point to be those well-behaved quirks
defined above.

The performance on the full set of quirk tracks is a
significant improvement relative to the efficiency of the
SM-trained algorithm. However, due to the complexity
of reconstruction of the all-quirks dataset, we leave
the broader challenge of optimizing the all-quirks
reconstruction, and indeed any parametrizable path, to
future work, and base our analysis on well-behaved quirks

in the following sections. The well-behaved quirks contain
sufficient complexity to represent a novel tracking chal-
lenge and a large enough fraction of the all-tracks dataset to
provide sensitivity to quirks at the LHC.

D. Finding quirks among the background

Realistic applications of nonhelical tracking require
identifying such tracks among many background helical
tracks from SM processes. To assess the performance in
this environment, we use a training sample which includes
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FIG. 5. Tracking performance for quirks without background for m, = 500 GeV, A = 500 €V in the eight-layer geometry. Shown is

efficiency versus track pr (left), quirk opening angle (center), and number of true hits (right) for a model trained on well-behaved quirks
(those with 24 or fewer hits) searching for well-behaved quirks (blue) and one trained on all quirks and searching for all quirks (red). The

error bars indicate statistical errors.

tracker hits from both quirk and SM particles in each
event.” In graph construction and edge classification, only
quirk hit pairs are treated as true. All other pairs, including
pairs of hits from the same SM particle, are treated as fake
in training, and models are encouraged to not reconstruct
them. Previous work has explored other strategies with
such background tracks, such as treating them as true or
masking them from the loss function [50]. In this work, our
goal is quirk finding at the highest possible background
rejection rate, rather than the reconstruction of all true
tracks, and this motivates the strategy, as described. The
efficiency in this scenario is 71.9% for all quirk tracks in
our benchmark sample with eight detector layers, some-
what less efficient than the much simpler task of back-
ground-free tracking, which scores 91.5%. The fake rate
from track finding, defined as one minus the ratio of
matched track candidates to all track candidates, is globally
5% for the (mQ =500 GeV, A =500 eV) working point,
with efficiency given in Table I. Across the quirk parameter
space, fake rates increase with A and are O(1)% for A =
100 eV and can reach as high as 50% for A = 5000 eV, but
do not vary significantly with mg,, however, we note that
this number can be misleading for the overall performance,
as it describes fake rates before fitting. Our prefit fake rate
is considerably higher than the typical fake rate of O(1074)
obtained from the expected Run 4 ATLAS tracking chain
[68] but, as we demonstrate in Sec. VI, quirk and SM tracks
can be distinguished after fitting by using both the fit
quality and the opening angle between the track pair.
Most of the fakes measured here are the result of
combined quirk tracks not being matched according to
the strict double-majority rule, rather than background hits
being built into completely fictitious tracks. This suggests
that a more sophisticated track segmentation algorithm than
Connected Components would benefit these merged or

JA reminder that the SM particles are those produced in the
hard-scatter jet, giving a typical number of hits ~103-10*. We do
not include pileup in these studies.

TABLE I. Efficiency and fake rate to reconstruct quirk tracks
for various values of quirk mass (m¢) and confinement scale (A)
based on a 25-layer and well-behaved setting. We also calculate
the mean Lorentz factor of the quirks () and the standard
deviation (c,) in each of the generated datasets to calculate
oscillation length d, as calculated by Eq. (1), which can be useful
for understanding reconstruction efficiencies. See the text for
details.

Well-
mg Efficiency behaved
(GeV) AEV) 7 o, d[cm] (%) fraction (%)
100 100 44 34 670 91.0 88.3

500 3.7 27 216 82.8 77.0
1000 3.1 205 42 77.8 79.7
2000 3.0 20 1.0 60.4 83.4
3000 3.0 19 044 35.6 83.6
4000 29 1.8 024 34.5 84.5
5000 29 1.7 0.15 24.2 85.0
500 100 1.9 0.7 896 92.0 82.3
500 1.8 0.6 31 79.0 51.2
1000 1.7 06 73 64.3 53.1
2000 1.7 0.5 1.7 60.9 59.9
3000 1.7 0.5 0.8 59.6 62.3
4000 1.6 0.5 0.4 42.6 63.0
5000 1.6 0.5 0.2 39.2 63.8
1000 100 1.5 03 950 94.6 80.5
500 14 03 32 63.6 40.2
1000 1.4 03 7.6 62.7 42.3
2000 14 03 1.8 69.2 48.6
3000 1.3 02 08 54.1 51.7
4000 1.3 02 04 59.7 52.9
5000 100 1.04 0.03 420 84.8 40.2
500 1.03 0.02 11 69.8 32.6
1000 1.03 0.02 2.7 69.5 35.2
2000 1.03 0.02 0.7 49.2 39.6
3000 1.03 0.02 0.3 36.4 40.8
4000 1.03 0.02 0.2 34.6 41.2
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FIG. 6. Fake rate for my =500 GeV, A =500¢V, as a
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noisy track candidates, as demonstrated in [50,63]. In these
works, a walkthrough of the graph effectively separates and
cleans noisy tracks such as those seen in our candidate set.
Fake production across pseudorapidity is presented in
Fig. 6, where stable performance is observed across the
detector coverage. The duplicate rate, defined as the rate of
reconstructable particles being matched by more than one
track candidate, is by construction zero, as the double-
majority matching overconstrains against this possibility.
Background tracks are also included in training discussed
in subsequent studies in the following sections, as well as
the results in Table L.

E. Dependence on geometry

To explore the dependence of the number of tracking
layers, the study was repeated in the 25-layer setting,

yielding an efficiency of 79.0%, somewhat higher than the
efficiency in the eight-layer case. This suggests that the
nature of the problem does not sensitively depend on
the number of layers. Figure 7 presents an example of
reconstructed and truth tracks with 25 layers for
mgo = 500 GeV, A =500 eV. The 25-layer geometry is
used in studies in the following sections.

F. Dependence on quirk parameters

Results above demonstrate effective tracking for a single
value of quirk parameters, but the task of quirk track
reconstruction is much broader, and the nature of the
tracking challenge varies strongly with the parameter
values. Table I shows the typical oscillation length and
measured reconstruction efficiency for quirks over a range
of quirk parameters mg, A.

For very long oscillation lengths, O(m), no oscillations
occur in the tracking volume and the problem is essentially
indistinguishable from that of the SM tracking, and
efficiencies are very high, ~90%. For the target regime
of intermediate-length oscillation lengths, O(cm), perfor-
mance is in the range of 60-80%, which is a dramatic
improvement over the ~10% efficiency for quirk tracks
when using a SM-trained tracker (compare Tables I and II).
As the oscillation length becomes very small, reported
efficiency drops by a factor of ~2, and this is due to the two
quirk tracks overlapping nearly exactly, often leading to
only one reconstructed track, though in principle two exist,
see Fig. 8.

G. Generalization across quirk parameters

The studies above demonstrate the capacity for the
pipeline to reconstruct tracks for particular quirk

50{ —— Truth Quirk 1 0
Truth Quirk 2
o Reconstructed Quirk 1
o Reconstructed Quirk 2
40 -10
30 -20
IS €
o L
> >
20 -30
10 —40
—— Truth Quirk 1
Truth Quirk 2
o Reconstructed Quirk 1
0 —50| © Reconstructed Quirk 2
-50 —40 -30 =20 -10 0 -60 =50 —-40 -30 -20 -10 0
x [cm] x [em]
FIG. 7. Example truth and reconstructed quirk tracks for my = 500 GeV, A = 500 eV in the 25-layer geometry.
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visible oscillation and the two quirks overlap.

parameters when those tracks are present in the training
sample. It would be much more desirable, however, to
develop a single pipeline capable of reconstructing any
quirk track, or more ambitiously, any smooth, continuous
particle path. Achieving such a broad capacity is left to
future work, but the rough ability of the current pipeline to
generalize can already be assessed by training on a sample
with several quirk parameter sets, rather than a single
choice, and testing on a sample of tracks from a parameter
set which does not appear in the training sample.

The efficiency to reconstruct quirks generated with
mg = 100 GeV, A =1000 eV is 52.6% when training
with a mixture that does not include that set, compared
to 77.8% when training only on tracks from the same
parameter set as the testing sample. The mixed set includes
mg (GeV), A (eV) = (100, 100), (500, 100), (1000, 100)
(100, 500) (5000, 1000). This demonstrates some significant
but imperfect ability to generalize. Another working point
with mgy = 1000 GeV, A = 1000 eV achieves 49.3% effi-
ciency for the generalized training, compared to 62.7% for
the specific training, a similar performance ratio. The nature
of the tracking challenge varies with quirk parameter values,
but each working point clearly has enough in common for
the tracker to learn general features of quirk tracks, not just
the features of quirks for one particular quirk parameter
choice. Further work is required to understand which ML
choices contribute to the highest generalizability.

H. Hit location uncertainty

To explore the sensitivity of the pipeline to imperfect
detector resolution, we smear the hit locations in training

0
-10
-20
IS
S
>—30
-40
—— Truth Quirk 1
—-50 Truth Quirk 2
o Reconstructed Quirk 1
o Reconstructed Quirk 2
0 10 20 30 40 50

X [cm]

Examples of truth and reconstructed tracks for well-behaved quirks with m, = 500 GeV, A = 5000 eV, in which there is no

and testing with a Gaussian of width 1 mm, which is larger
than typical LHC tracking resolution [21,69]. A spot test
for myp = 500 GeV, A = 500 eV quirks shows no signifi-
cant degradation in tracking performance, with perfor-
mance consistent within statistical uncertainties.

VI. BACKGROUNDS AND SENSITIVITY

The pipeline has demonstrated the capacity to find quirks
with a reasonable efficiency, which is necessary to observe
quirks in experiments at the LHC. However, equally
important to control is the background (or “fake”) rate.
Quirks are an exciting target because their signature is
striking enough to suggest the possibility of very low
background, potentially even background-free, discoveries.
Unfortunately, SM tracks have a very high rate, so even a
tiny probability to mimic the quirk signature could sig-
nificantly impact discovery potential.

To examine the rate of background from SM tracks, we
collect samples of fake tracks reconstructed by the
pipeline which are not matched to quirks. We perform
two fits to each track, one to the quirk hypothesis and a
second to the helix hypothesis, and use the ratio of y?
values to discriminate between quirks and the back-
ground. In both the quirk and helix hypothesis, the y?
is the sum of the squared distances between a hit and the
distance of closest approach by the track, with an implicit
6% =1 cm? for simplicity.

The helix fitter finds the value of the five helical
parameters that minimize the y3,;., starting from an initial
estimate [70] and refined by the Nelder-Mead optimization
algorithm. This approach does not match the sophistication
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remove SM tracks is shown in the dashed red lines.

of track fitting in a realistic setting, which benefits from
additional heuristics, such as outlier removal and ambiguity
resolution. For our purposes, this provides a conservative
estimate on our ability to distinguish between true quirks
and background. The distribution of yZ .. is shown in the
upper left panel of Fig. 9 for true quirks at our benchmark
point (mgy = 500, A = 500) and for background particles.
There is a clear separation between the two distributions, as
many quirks cannot be well fit to a helix. A significant
population of background tracks also receive a yi... larger
than what might be expected, due to incorrect hits and local
minima in the fitting.

In the quirk hypothesis, we use the propagation algo-
rithm as described in Sec. III, which requires that we fit

5000
0.36
4000 0.30
r0.24
— 3000
> ©
9 g
= 0.18 w
2000
r0.12
1000 0.06
0.00

1000 2000 3000 4000

mgo [GeV]

5000

simultaneously for the four-vectors of the quirk pair given
values of (mg, A), though only one track is required and
included in the y? evaluation. The distribution of the ratio of
Xeink 1O Xierix Values are shown in the left panel of Fig. 9 for
true quirks and for background SM tracks. Both back-
ground tracks can be accommodated by the quirk hypoth-
esis, due to the freedom provided by the second quirk’s
unconstrained parameters. To mimic a high-momentum SM
track, the fitter finds solutions in which the two quirks
are back to back, generating a perfectly straight line.
To suppress these, we remove tracks whose fitted quirks
are back to back (A¢ > 2.8) or whose ratio of
(3 i/ Xheiin) < —1, see the lower panel of Fig. 9. For
mgo = 500 GeV, A =500 eV, this requirement is 94%
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FIG. 10. Left: efficiency of quirk finding versus mass m, and string tension A. Right: expected reconstructed quirk event rate per

300 fb~! in the same parameter plane.
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efficient for quirks and removes all SM tracks in our
samples. For other m, A comparable efficiencies of ~80%
are found, except for the heaviest case m, = 5000 GeV,
due to their larger opening angles (however, 5 TeV quirks
have a small cross section and are not produced at any
appreciable rate). To ensure a negligible background, these
requirements can be tuned in data, but these studies suggest
that such suppression is possible. Further suppression is
available by fitting two quirk candidate tracks simulta-
neously, if needed. Additional discrimination power may
be available from the momentum of the recoiling jet, which
is correlated with the quirk pair momentum.

To estimate the potential of discovering the quirk signal
among the SM background, we estimate the number
of reconstructed quirk events, Ngeconstrucied> @S follows.
Following Ref. [18], we select quirk events that include
a pr > 200 GeV jet to pass the high-level trigger, and
calculate the number of reconstructed quirk events as

NReconstructed =L x G(QQJv pj”l?t > 200 GCV) X €otal» (3)

where €, 1s the total efficiency for reconstruction,
selection, and also includes the fraction of well-behaved
quirks at this parameter point. The efficiency €, varies
from <1% to =30% across the plane, as shown in the left
panel of Fig. 10. The right panel of Fig. 10 shows the
expected quirk event rate Ngeconsiructed in 300 fb~1 of pp
collisions at the LHC, showing N > 3 across A < 5000 eV
for mgy <700 GeV.

VII. DISCUSSION

Reconstruction of quirk tracks in the region where the
oscillation length (d) is larger than detector resolution but
smaller than the detector is expected to be very challenging.
The application of ML-based tracking demonstrates a new-
found capability to reconstruct such tracks with reasonable
efficiency, in excess of 50% across a range of parameter
values where d ~ 1-10 cm. For comparison, previous work
which searches for coplanar hits to avoid fitting quirk
trajectories [18] has a similar reconstruction efficiency
for small oscillation lengths, d < 1 cm, but drops very
quickly for cm-scale oscillations, reaching ~10% for
mp, A = 800 GeV, 1000 eV. Training ML trackers explic-
itly on quirks can significantly extend the sensitivity range,
complementing the coplanar approach. The technique
presented in Sec. V is found to be sensitive to
mg < 700 GeV, for 100 eV < A < 5000 eV.

One approach for the implementation of an ML-based
quirk-finding algorithm is to analyze a set of events which
are selected for other reasons, such as large pTss. But a
more ambitious and much more challenging direction
would be to generalize the core track finding in the
reconstruction pipeline so that it is capable of identifying

helical and nonhelical tracks, whether those are quirks or
other unexpected particles.

Reference [18] estimated the trigger efficiency for quirks
directly to be low with existing tools, relying on primarily
muon triggers. However, an ML-based tracker for quirks
opens a new possibility of identifying quirks directly in the
trigger, using knowledge distillation [71] and hardware
accelerators such as GPUs to fit the GNN within the trigger
budget. The computational cost of this pipeline at high
luminosity remains to be studied. However, we observe,
with no dedicated tuning of the Exa.TrkX pipeline, the metric
learning stage to produce approximately 180 edges per
node. This is a factor of 3 more dense than those produced
for standard model tracks [50]. This gives an approximate
scaling factor for the extra cost of a quirk tracking pass.
This is comparable with, for example, the extra computa-
tional cost of a large-radius tracking pass used in the
ATLAS experiment [72].

VIII. CONCLUSIONS

The analysis of data from particle physics experiments
necessarily sacrifices some general sensitivity for the sake
of practical computability, leaving us blind to many
potentially striking signatures of new particles. An example
of this is quirks, confining particles where the quirk mass,
mg, is greater than the confinement scale, A, opposite to
that of quarks. This hierarchy leads to an oscillating pair of
nonhelical tracks from the particles once they are pair
produced at the LHC and propagate through the detector.
Current tracking algorithms fail to reconstruct the quirk
tracks when their oscillation is on the scale of the detector,
O(cm). Larger oscillations would appear as two helical
tracks, and shorter ones would appear as a nearly straight
track through the detector.

Recent advances in ML-based reconstruction allow for
new inroads into the previously inaccessible territory. In
this work we have shown that graph neural network
tracking can be trained to reconstruct quirk tracks with
macroscopic oscillation lengths in the problematic centi-
meter range. We have generated quirk pseudodata across
the my, A parameter space in a simplified model of
the ATLAS detector and trained the ExaTrkX machine
learning algorithm to reconstruct quirks. When trained
on only SM tracks, the algorithm naturally fails to
reconstruct tracks, but when instead trained on quirks
the algorithm reaches comparatively large reconstruction
efficiencies, ~40%—-90%. We have also tested the robust-
ness of the algorithm, by including background tracks from
the associated jet in the signal process, and found that these
additional backgrounds do not significantly degrade our
reconstruction performance or the sensitivity to discovering
quirks. It remains to be understood the performance of
traditional algorithms such as the CKF in nonhelical track
searches. Certainly those configured for helical track
finding have very low track-finding efficiency, as shown
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in Sec. VA with a GNN proxy for a helical CKF. Tuning
such an algorithm to nonhelical tracks has, to our knowl-
edge, never been performed. It is unclear how onerous
building such an algorithm would be, particularly in
defining the seed construction stage. We note for future
work that the Exa.TrkX pipeline has been successfully used
to produce track seeds, which can then be used for a track
extension algorithm, and this approach may render a CKF
quirk finder more tractable [73].

Effects from pile-up remain to be studied rigorously in
future work, but existing implementations of GNN
reconstruction in high pile-up [high luminosity (HL)-
LHC-like] conditions are performant with comparable
sensitivity to traditional techniques [25,50]. Although quirk
trajectories are clearly more topologically complex than a
SM hadron, we have no reason to suspect that their
reconstruction is particularly sensitive to pile-up and noise
effects, and remain optimistic that future studies in this
direction will maintain the high efficiency demonstrated in
this work. The agnostic nature of the ML pipeline to the
specific features of these tracks suggests a potentially
broader capability to reconstruct nonhelical tracks in a
model-independent way.

The application of such techniques to the existing vast
LHC dataset might identify quirk candidates, which could
be nearly background-free, as the probability for a SM track
to exhibit such oscillations or of random hits creating such a
path are near zero.
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APPENDIX: SM EFFICIENCY

TABLE II. Efficiency to reconstruct quirk tracks for various
values of quirk mass (mg) and confinement scale (A), when
training on the SM trackers and inference on the quirk trackers
based on a 25-layer and well-behaved setting.

mg (GeV)
A (eV) 100 (%) 500 (%) 1000 (%) 5000 (%)
100 81.3 89.9 93.2 80.5
500 19.0 7.0 54 22
1000 18.8 12.8 4.8 13.0
2000 15.4 11.8 31.2 8.0
3000 18.6 322 24.6 15.2
4000 17.0 21.0 29.6 18.8
5000 29.8 24.6 e e
TABLE III.  Score cut for different points.
mo A d Efficiency  Score
(GeV) €V) y o, [cm] (%) cut
100 100 44 34 670 91.0 0.9
500 37 27 216 82.8 0.9
1000 3.1 205 42 77.8 0.9
2000 3.0 2.0 1.0 60.4 0.6
3000 3.0 19 044 35.6 0.5
4000 29 1.8 024 34.5 0.5
5000 29 1.7 0.15 242 0.5
500 100 1.9 07 896 92.0 0.9
500 1.8 0.6 31 79.0 0.9
1000 1.7 0.6 7.3 64.3 0.9
2000 1.7 05 1.7 60.9 0.6
3000 1.7 05 0.8 59.6 0.6
4000 1.6 0.5 0.4 42.6 0.5
5000 1.6 0S5 0.2 39.2 0.5
1000 100 1.5 03 950 94.6 0.9
500 14 03 32 63.6 0.9
1000 14 03 7.6 62.7 0.6
2000 14 03 1.8 69.2 0.7
3000 13 02 0.8 54.1 0.6
4000 13 0.2 0.4 59.7 0.6
5000 100 1.04 0.03 420 84.8 0.9
500 1.03 0.02 11 69.8 0.9
1000 1.03 0.02 27 69.5 0.6
2000 1.03 0.02 0.7 49.2 0.5
3000 1.03 0.02 03 36.4 0.5
4000 1.03 0.02 0.2 34.6 0.3
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