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Jet reconstruction in an ultrarelativistic heavy-ion collision suffers from a notoriously large, fluctuating
thermal background. Traditional background-subtraction methods struggle to remove this soft background while
preserving the jet’s hard substructure. In this Letter, we present DEEPSUB, a machine-learning-based approach
for full-event background-subtraction. DEEPSUB utilizes a model based on Swin Transformer layers to denoise
jetimages and disentangle hard jets from the heavy-ion background. DEEPSUB significantly outperforms existing
subtraction techniques by reproducing key jet observables such as jet pr and mass, and substructure observables
such as girth and the energy correlation function, at the subpercent to percent level. As such, DEEPSUB paves the

way for precision heavy-ion measurements in hitherto inaccessible kinematic regimes.
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I. INTRODUCTION

CERN’s Large Hadron Collider (LHC) and Brookhaven
National Laboratory’s Relativistic Heavy-Ion Collider
(RHIC) collide ultrarelativistic heavy ions to offer a glimpse at
the quark-gluon plasma (QGP), a state of matter where quarks
and gluons exist deconfined from hadronic matter. Arguably
the most powerful probes of the QGP are jets: collimated
sprays of particles that result from the fragmentation of
high-energy quarks and gluons produced in hard QCD
scatterings [1]. Interactions with the QGP particles modify
the jet showering process, thereby leaving the QGP’s imprint
on the jet itself.

This phenomenon of jet quenching, where highly energetic
partons are expected to lose energy while traversing the QGP,
has been extensively studied to understand the interaction
between jets and the medium [2-5]. For instance, studies of
jet suppression [6—15], dijet asymmetry [16—19], and splitting
functions [20-22], in addition to modifications in jet shapes
[23-25], fragmentation functions [26,27], and energy-energy
correlators [28,29], have provided insights into the redistri-
bution of energy and momentum due to QGP interactions.
Despite these advances, challenges remain in studying jet
quenching due to the steeply falling jet spectrum and, even
more so, the presence of a large fluctuating background char-
acteristic of heavy-ion environments.
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Identifying jet constituents against the background is thus
a significant challenge, motivating considerable efforts to
develop efficient background-subtraction methods. For in-
stance, conventional approaches such as the area [30,31]
and constituent-based subtraction techniques [32,33] estimate
and subtract an average (or modulated, i.e., a function of
azimuthal angle) background contribution after excluding
the leading jets. However, by doing so, they often erase
fine-grained jet substructure and consequently produce sub-
stantial residuals. Since one cannot identify a single particle
as having been produced from either jet or a background,
these methodologies often rely on ensemble-based approaches
that trade background rejection and signal retention. This
is particularly important for low-momentum particles in
and around jets, which are expected to carry signatures of
the jet-QGP interaction. These subtraction methods, origi-
nally developed for proton-proton (pp) collisions, struggle
in heavy-ion environments due to much larger backgrounds
and nonlinear interactions between jets and the QGP. For
example, background-subtraction methods can be skewed by
medium-induced recoil and other noise, distorting both jet
momentum and internal structure, an effect that is particularly
pronounced for low-pr jets. This highlights the need for more
sophisticated techniques capable of navigating the complex
background while faithfully preserving the detailed substruc-
ture of heavy-ion jets.

The advent of machine learning (ML) has opened new av-
enues for analyzing heavy-ion collisions [36]. Recent efforts
have leveraged ML on various representations of heavy-ion
jets (i.e., sequences, images, graphs, point clouds, etc.) for
quark-gluon discrimination [37,38], tagging quenched jets
[39—-44], predicting jet energy loss [45], and locating jet
creation vertices [46]. However, applications in background-
subtraction remain limited to reconstructing the transverse
momenta [47-52] of jets embedded within a heavy-ion
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FIG. 1. The DEEPSUB architecture based on the Swin Transformer [34,35] for image reconstruction.

background. The aforementioned momentum reconstruction
methods are inherently restrictive: they focus on a single
one-dimensional observable and thus do not capture the full,
high-dimensional structure of jets. In addition, they are often
trained on generators that simulate pp collisions and only con-
sider a small dynamic range in the space of jets (i.e., restricted
jet transverse momenta). As such, these methods fail to adapt
to the wide range of medium-induced modifications as shown
in Refs. [50,53].

A general-purpose ML-based framework is therefore
needed, one capable of learning from the high-dimensional
structure jets on an event-by-event basis, encoding nontrivial
correlations between signal and background constituents and
robustly disentangling the entirety of the signal instead of ex-
tracting a one-dimensional quantity. In this study, we present
DEEPSUB, an ML-based approach for full-event background-
subtraction. DEEPSUB takes as input noisy event images,
where hard events are embedded in the underlying events, and
outputs the signal image as shown in Fig. 1.

The remainder of this Letter is structured as follows: In
Sec. II A, we describe the simulation procedure for gen-
erating hard scattering and the thermal background events.
Section II B discusses the Swin-Transformer-based DEEPSUB
architecture. In Sec. III, we present results on traditionally
challenging jet observables and compare them between dif-
ferent background-subtraction methods. Finally, we conclude
with a short discussion in Sec. IV.

II. METHODOLOGY

A. Samples and simulation

Dijet events are produced considering hard 2-to-2 QCD
scatterings with PbPb beams at /syy = 5.02 TeV with pr >
100 GeV at 0%-10% centrality using JEWEL [54-56]. No
further cutoffs are imposed to ensure that the model is trained
on a large dynamic range of jets. To simulate interactions with
the QGP medium, we keep recoils on and consider initial
temperature 7; = 590 MeV and initial quenching time 1; =
0.4, which provides an adequate description of a variety of
jet quenching observables. To remove the energy-momentum
contributions from the recoil partons prior to interactions with
the hard-scattered partons, the constituent subtraction method
[57] is applied.

We simulate background events corresponding to the most-
central (0%-10%) PbPb collisions at /sy = 5.02 TeV, in
accordance with ALICE data published in Refs. [58-60]. To
account for fluctuations in particle multiplicity, we sample
the number of particles from a Gaussian distribution with
mean 15000 and standard deviation 122 (the square root of
the mean). The pr is sampled from a Boltzmann distribution
with mean (pr) of 1.2 GeV. The pseudorapidity 7 is sampled
uniformly over the interval |n| < 3 and the azimuth ¢ from
the distribution f(¢) = %[1 — vy cos(2¢)] with v, = 0.05 to
account for elliptic flow modulation on ¢. Mixed events are
subsequently constructed by embedding dijet events into the
underlying events.

Event images are then created by discretizing the n-¢
plane into a 128 x 128 grid covering [n| <3 and 0 < ¢ < 7.
Each final-state particle with coordinates (7;, ¢;) and trans-
verse momentum pr; deposits its pr; into the corresponding
pixel, yielding a two-dimensional image of total transverse
momentum per bin, similar to Refs. [61-67]. For each event,
we generate a pair of images: the mixed “input” image Zi,,
which includes both the underlying event and the dijet, and
the “target” image Ziarge, Which contains only the particles
from the JEWEL dijet.

B. Machine-learning architecture

DEEPSUB utilizes the Swin Transformer [34,35] architec-
ture for event image reconstruction as shown in Fig. 1. The
model processes the input as nonoverlapping local windows
and applies shifted-window multihead self-attention, which
enables both efficient computation and information exchange
across window boundaries. The network begins with a shal-
low feature extractor Agg (a 3 x 3 convolution) that preserves
local, low-level features. These features are passed to a deep
feature extractor composed of stacked residual Swin Trans-
former blocks (RSTBs), hrste, Where each RSTB bundles
several Swin Transformer layers inside a residual wrapper
to stabilize training and capture long- and mid-range de-
pendencies. Convolutions inside and around RSTBs provide
an inductive bias toward locality, complementing attention’s
global context. A simple reconstruction head (a final 3 x 3
convolution in our setup) maps deep features back to the im-
age space, yielding an output with the same spatial resolution
as the input.
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Given an input image Z;, € R"*% a shallow feature ex-
traction layer hgg consisting of a 3 x 3 convolutional layer
extracts shallow features Fy € RT"W*C as Fy = hgp(Zin),
where C is the latent feature dimension. Deep feature rep-
resentations Fpp € R¥*W*C are then extracted from Fp as
Fpr = hpp(Fy) with hpg denoting the deep feature extraction
module, which consists of K RSTBs followed by a 3 x 3 con-
volution. In particular, intermediate features Fi, F3, ..., Fx
and Fpr are constructed sequentially as F; = hﬁSTB (F;_y) for
i€{l1,2,...,K} and Fpp = heony(Fk ) Where hiygrg and hony
denote the ith RSTB and final convolution layer, respectively.

As the name suggests, the RSTB is a residual block with
Swin Transformer layers (STLs) followed by a convolution.
Given the input feature Foi of the ith RSTB, the features
F{,Fj, ..., F/ by L STLs are computed as F} = hsr (F]_,)
for j € {1,2,..., L}, where hgy; is the ]th STL in the i"
RSTB. Fmally, the output is generated by applying a convo-
lution before the residual connection: F, = heony, (F}) + Ff,
where hcony, 1s the final convolutional layer in the ith RSTB.
Finally, the shallow and deep features are convolved with a
single convolutional layer to produce the reconstructed output
image Zreco aS Zreco = Meonvyg (Fo + FDE), Where heonyy, 1S the
convolution layer in the High-Quality (HQ) image reconstruc-
tion module.

The STL extends the original multihead self-attention
(MSA) mechanism of the standard transformer [68] by re-
stricting attention to local windows and alternating these
windows in a shifted configuration to enable cross-window in-
teractions. Given an image Z € R¥>*W*C it is first partitioned
into HW /M? nonoverlapping windows of size M x M, each
reshaped into a feature matrix X € R *C_ Within each win-
dow, projections Py, Py, Py € RE*¢ produce queries Q =
XPy, keys K = X Px, and values V = XPy in RM*xd Local
self-attention is subsequently computed as SoftMax( —+—

B)V where B denotes learnable relative positional blases
Multihead self-attention concatenates . such attention out-
puts computed in parallel. A subsequent two-layer MLP with
GELU activation is further applied to the features. Both the
attention and MLP blocks employ pre-LayerNorm and resid-
ual connections, thus giving X = MSA(LN(X)) + X and then
X = MLP(LN(X )) + X. In contrast with the vision trans-
former (ViT) [69], which applies global self-attention over
all tokens with O(H*W?) complexity, the Swin Transformer’s
hierarchical, window-based design achieves linear O(HW M?)
complexity while still capturing long-range dependencies via
its shifted window scheme as well as bringing in strong induc-
tive biases for local translational equivariance.

III. RESULTS

For this study, the number of RSTBs, STLs, and attention
heads is kept to six each. The window size and latent feature
dimension are kept to 8 and 180, respectively. The model in
this formulation has 11.5 M parameters and uses roughly 5
GFLOPs on the forward pass. The canonical PYTORCH [70]
deep learning framework was employed for implementing,
configuring, training, and evaluating the model on 4 x Nvidia
RTX A100 GPUs. The ADAM [71] optimizer with a learning

rate of 7 x 1077 is used in conjunction with the mean-squared
error (MSE) loss function between Zyec, and Ziger. A train-
validation-test split consisting of 360, 40, and 80 k events,
respectively, is used with a batch size of 128, and the model
is trained for 15 epochs until convergence. The best model
based on the validation set MSE loss is used for all subsequent
testing.

The output space of events generated by DEEPSUB is too
high-dimensional to be examined holistically. Therefore, to
evaluate its performance, we compute a few observables and
compare their truth values to the reconstructed values. We
compare DEEPSUB to the powerful and widely used event-
wide iterative constituent subtraction (ICS) method [33] with
two iterations using distance parameters ARyx = {0.2, 0.1}
between signal and background particles, and a transverse
momentum weight o = 1. For the ICS baseline, we adopt
the same 7n-¢ discretization prior to subtraction, in line with
prior image-based strategies [66]. Jets are clustered after
background-subtraction with the anti-kr algorithm [72] re-
quiring R = 0.4, pi™ > 0.3 GeV, p;' > 100 GeV, and |n| <
2.5 using FASTJET [30,73,74]. All particles are given the
charged-pion ¥ mass of 139.5 MeV. Our comparisons focus
on the following four jet observables: (i) jet pr, i.e., the
transverse momentum of the jet; (ii) jet mass, i.e., the Lorentz-
invariant mass of the four-momentum sum of all particles
(grid cells from the image); (iii) the jet girth g defined as

I s
= D PrARG, jev), (M

P1icjet

where pi is the transverse momentum of constituent i and
AR(i, jet) is the distance to the jet axis; and (iv) the energy
correlation function (ECF) [75] with N = 2 and 8 = 2 defined
as

ECFi=} = >0 PhphARG, Y. )
icjet j<i

The top panels of Fig. 2 illustrate the distributions of these
observables after applying the two background-subtraction
methods. A more useful comparison of performance is shown
in the bottom panels of each plot, i.e., the ratio of the recon-
structed value of each observable to their truth values. From a
quick glance at the plots, it is clear that DEEPSUB more closely
matches, by a significant margin, the true distributions of more
sensitive substructure observables like mass, girth, and the
energy correlation functions as compared with the event-wide
ICS method.

The top-left plot of Fig. 2 shows jet pr, which falls by
nearly four orders of magnitude between 100 and 1200 GeV
in a characteristic power law. Overlaid are the background-
subtracted spectra: DEEPSUB (red-dashed) and the event-wide
ICS method (green-dashed). Both closely follow the true
distribution, but with small deviations. In the 100-200 GeV
region, ICS overshoots the truth by ~5%, while DEEPSUB
stays essentially on top of it. From 200 to 800 GeV, ICS con-
tinues to exceed the truth by up to ~10%, whereas DEEPSUB
remains within 1% of unity. Above =1 TeV, both methods
fluctuate about the true yield, ICS by as much as ~20% and
DEEPSUB by ~5%, although much of these can be attributed
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FIG. 2. Distributions of jet pr (top-left), mass (top-right), girth (bottom-left), and the energy correlation function (bottom-right) for
DEEPSUB (red-dotted), event-wide ICS (green-dashed), and the ground truth (blue-filled) on JEWEL dijet events. The error bars represent
the statistical uncertainty in each bin. The bottom panels in each plot show the ratio of the reconstructed value of each observable to their truth
value, and the yellow-shaded region indicates the statistical uncertainty in the truth.

to statistical uncertainties. Overall, DEEPSUB delivers a more
faithful reconstruction of the hard-jet spectrum with smaller
residual deviations compared with the traditional event-wide
ICS approach.

The top-right panel of Fig. 2 shows the reconstructed
jet mass spectrum, which falls by roughly three orders of
magnitude. Both methods struggle at the very lowest mass
bins ~3-20 GeV, here ICS overshoots the truth by as much
an order of magnitude, while DEEPSUB overpredicts by
~40%. In the intermediate mass region (20-60 GeV), ICS
underestimates the yield by a factor of ~2-3, whereas DEEP-
SUB remains within 1%-5% of the true spectrum. At high
masses (>80 GeV), ICS still runs low by a factor of 2 and
DEEPSUB by ~1%-5% except in the very last bins where
statistical uncertainties dominate. Since jet mass is largely
governed by large-angle structure, this behavior is indicative

of over-subtraction and destruction of genuine large-angle soft
radiation within the jet by the ICS method, a notion that
is supported by Refs. [32,33]. In contrast, DEEPSUB is able
to preserve this softer wide-angle information and delivers a
markedly more accurate reconstruction of the jet mass spec-
trum than ICS.

The bottom-left panel shows the reconstructed jet girth dis-
tribution. At the smallest girth values <0.075, ICS overshoots
the truth by roughly 80%-100%, while DEEPSUB remains
much closer, overpredicting by only 1%—-5%. In the mid-girth
region (0.08 < ¢ < 0.12), ICS transitions from overpredicting
to underpredciting, while DEEPSUB remains within ~1%-5%
of the truth. Beyond g~ 0.12, ICS increasingly underesti-
mates the yield, falling to ~50% of the truth by g ~ 0.018 and
down to 10% by g &~ 0.25, whereas DEEPSUB holds within &~
5%—10% across the entire high-girth tail.
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FIG. 3. Distributions of jet girth (left), and the energy correlation function (right) for DEEPSUB (red-dotted), event-wide ICS (green-
dashed), and the ground truth (blue-filled) on COLBT-HYDRO dijet events. The error bars represent the statistical uncertainty in each bin. The
bottom panels in each plot show the ratio of the reconstructed value of each observable to their truth value, and the yellow-shaded region

indicates the statistical uncertainty in the truth.

Finally, the bottom-right panels show the ECF distribu-
tion, which falls by more than six orders of magnitude. At
the smallest ECF values ~10*, ICS severely underpredicts
the yield (ratio ~0.15) while DEEPSUB remains within ~5%
of the truth. In the midrange (ECF € [2 x 10%, 10°]), ICS
overshoots by up to 80%, whereas DEEPSUB tracks the truth
within &~ 1%-5%. At higher ECF (10°-5 x 10°), ICS again
overestimates by as much as an order of magnitude, while
DEEPSUB continues to stay within ~1%-5%. In the extreme
tail (ECF > 5 x 10°), both methods exhibit statistical fluctu-
ations and DEEPSUB shows a large dip (to 20%), indicative
of limited counts. Once again, DEEPSUB reproduces the ECF
with significantly higher accuracy than ICS.

While it is encouraging that DEEPSUB performs so well in
Fig. 2 relative to ICS, it is perhaps not surprising given that
it was fine-tuned on the (statistically) same dataset, while ICS
was generically designed to subtract a variety of underlying
events from a signal. Furthermore, it is also conceivable that
the model may have over-fitted to model-dependent radiation
patterns, which is especially problematic since, in this case,
the performance of DEEPSUB trained on simulation may not
translate to real data due to mismodeling. Thus, as a second
set of results, we investigate the performance of DEEPSUB on
event distributions from a generator that it did not encounter
during training. For this out-of-distribution validation, we
use events from COLBT-HYDRO [76] simulation with pr €
[100, 300] GeV and test them identically to the JEWEL events.
For brevity, we omit distributions of jet pr and mass, and
present the more challenging girth and ECF distributions in
Fig. 3.

The performance of DEEPSUB for these distributions con-
tinues to inspire confidence, remaining within 1%-5% of the
truth, with the exception of tails, despite significant shifts in
the spectra themselves. Meanwhile, ICS continues to show
large order-of-magnitude deviations from the truth. Although

DEEPSUB was never trained on COLBT-HYDRO, it still out-
performs the generic ICS approach by a wide margin, thus
demonstrating its robustness to generator shifts, although fur-
ther systematic studies may be needed to ensure reliable
transfer to real data. The main reason one can expect DEEP-
SUB to extrapolate to this dataset is that while the models
use very different mechanisms to implement jet energy loss
and other quenching effects, large overlaps exist in radiation
patterns and other particle correlations. Therefore, the same
latent representations DEEPSUB learns to distinguish signal
from background remain effective.

Another key advantage of DEEPSUB is speed. For 80 k
JEWEL events parallelized across a 32-core Intel Xeon (2500
per core), it takes approximately 20 minutes for ICS to run.
In comparison, DEEPSUB running on a fairly modest Nvidia
RTX A6000 GPU takes only 3 minutes.

IV. DISCUSSION AND FUTURE WORK

In summary, we have presented a paradigm for con-
structing a data-driven background-subtraction method in
heavy-ion environments. This framework is based on a deep
learning model that takes as input an event image (a noisy
image consisting of signal and underlying event) and outputs
another image (the reconstructed signal particles). While we
have used dijet events at LHC energies as an example, this
approach is generalizable to a variety of processes at past,
current, and future accelerators. It is also worth reminding that
while we chose a handful of observables for their sensitivity
to jet substructure, the goal is that whatever observables are
used for an analysis, DEEPSUB should be able to provide an
accurate reconstruction.

The long-term objective of DEEPSUB is to solve the
challenges encountered by experimental collaborations in mit-
igating the heavy-ion background and to provide a unified
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analysis framework for both experimentalists and phenome-
nologists. Nonclosure due to background-subtraction is often
an O(1) fraction of all systematic uncertainty in a heavy-ion
jet substructure analysis. Thus, if we can reduce it to the
extent shown in this study, then we could pave the way for
precision QCD measurements in heavy-ion collisions. Fur-
thermore, since DEEPSUB, once trained, is portable, it would
be a straightforward one-time exercise for experiments to
share their tuned models for background-subtraction for any-
one to use.

Although this work represents a major advancement to-
ward this long-term vision, several critical steps remain. First,
we must evaluate DEEPSUB’s performance on other processes
such as y-jet, Z-jet, or minimum-bias events, and also include
additional output features such as particle ID information.
Next, establishing true universality will require validating the
method across a variety of energies, background parameters,
and observables. Moreover, for widespread adoption, DEEP-
SUB should also provide a flexible, user-friendly interface, on
par with that of FASTJET, for instance. Lastly, we need to work
with experiments to develop models and facilitate the sharing
of these models with the broader community.

With that said, we believe that the progress presented
in this Letter serves as proof of concept for DEEPSUB in
establishing a new paradigm for fast, accurate background-
subtraction in ultrarelativistic heavy-ion environments.
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