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We present the first study of anti-isolated Upsilon decays to two muons (ϒ → μþμ−) in proton-proton
collisions at the Large Hadron Collider. Using a machine learning (ML)-based anomaly detection strategy,
we “rediscover” the ϒ in 13 TeV CMS Open Data from 2016, despite overwhelming anti-isolated
backgrounds. We elevate the signal significance to 6.4σ using these methods, starting from 1.6σ using the
dimuon mass spectrum alone. Moreover, we demonstrate improved sensitivity from using an ML-based
estimate of the multifeature likelihood compared to traditional “cut-and-count” methods. This is the first
ever detection of anti-isolated Upsilons, which can be useful in the study of heavy-flavor fragmentation in
quantum chromodynamics. Our Letter demonstrates that it is possible and practical to find real signals in
experimental collider data using ML-based anomaly detection, and we distill a readily accessible
benchmark dataset from the CMS Open Data to facilitate future anomaly detection developments.
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Quarkonia fragmentation within jets is an important test
of quantum chromodynamics (QCD), since it probes the
transition between perturbative and nonperturbative scales
[1–4]. At the Large Hadron Collider (LHC), measurements
of charmonium (e.g., J=ψ) production within jets by LHCb
[5] and CMS [6] have led to improved fragmentation
models [7] compared to baseline parton shower predictions
with leading-order fragmentation functions [8]. To date, the
only study of bottomonium (e.g., ϒ) inside jets is an LHCb
thesis that emphasized relatively isolated ϒ’s [9]. To our
knowledge, no published study has looked for anti-isolated
ϒ resonances, whose decay products are not well-separated
from other collision activity, thereby offering a comple-
mentary probe of QCD fragmentation. Unlike anti-isolated
J=ψ ’s, whose signature in the dimuon channel is readily
visible over the background, anti-isolated ϒ’s are rarer and
are more difficult to identify through simple event selec-
tions. This motivates the use of high-dimensional auxiliary

features to reveal anti-isolated ϒ’s in collider data. Such
features could be used in a traditional bump-hunt analysis,
possibly augmented with machine learning (ML).
In this Letter, we present the first study of anti-isolated

ϒ → μþμ− decays at the LHC. Our analysis is based on
13 TeV proton-proton collision data taken in 2016, as
accessed via the CMS Open Data [10]. By applying
ML-based anomaly detection, we identify a statistically
significant sample of anti-isolatedϒ’s, elevating a marginal
1.6σ excess to well over the 5σ discovery threshold. The
anomaly detection method we use, called CATHODE [11],
is capable of detecting resonant features without requiring a
simulation of the signal or background. We further show
how to boost the signal significance by reweighting the data
according to the learned multifeature likelihood, which
yields better sensitivity than a simple “cut and count” on the
anomaly score. To our knowledge, this likelihood-based
reweighting has never before been applied to anomaly
detection.
The discovery potential of ML-based anomaly detection

has been amply demonstrated on synthetic datasets for the
LHC Olympics [12] and the Dark Machine Anomaly Score
Challenge [13]; see Ref. [14] for a review of related
techniques. At the LHC, CMS and ATLAS have started
to apply ML-based anomaly detection to search for new
physics in jet data, though no significant excesses have
emerged [15–19]. Past work on CMS Open Data used
ML-based anomaly detection to rediscover the top quark in
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already-known channels [20]. Our Letter of anti-isolated
ϒ’s builds on this literature by showing that ML-based
anomaly detection is capable of finding real signals in real
experimental data in regions of phase space not previously
studied. To facilitate further ML method development and
complement existing synthetic benchmarks, we publish a
curated slice of the CMS Open Data used in this Letter
along with the code to reproduce our analysis.
Anti-isolated upsilon selection—The ϒ’s are a series of

spin-1 bottom-antibottom (bb̄) resonances with masses
mϒ ≥ 2mb ≈ 10 GeV [21]. There are three main resonan-
ces with substantial dimuon branching ratios of ≈2%:
ϒð1SÞ, ϒð2SÞ, and ϒð3SÞ. [The ϒð4SÞ, well-known
at B factories, has a thousand-fold smaller dimuon branch-
ing ratio.] Our analysis is focused on resonant anti-isolated
ϒ → μþμ− decays as seen byCMS in 2016 at

ffiffiffi

s
p ¼13TeV.

This data is made public through the CERN Open Data
Portal [22] as the DoubleMu primary dataset [10],
corresponding to 8.7 fb−1 of integrated luminosity.
As our primary analysis objects, we select the two

highest transverse momentum (pT) muons that pass the
MuonTightID criteria [23]. We also select events that pass
the HLT_TrkMu15_DoubleTrkMu5NoFiltersNoVtx
trigger, which requires at least 2 tracker muons withpT’s of
at least 15 and 5 GeV, respectively, with no requirement
that the muons come from the same primary vertex. To
avoid trigger turn-on effects, we enforce further pT cuts on
the muons of 17 and 8 GeV [24]. We refer to the higher
(lower) pT muon as the harder (softer) one. We then divide
the data into two channels: opposite sign (OS), where

the two hardest muons have opposite electric charges
(i.e., μþμ−), and same sign (SS), where they have the
same charges (i.e. μþμþ or μ−μ−). The SS samplewill serve
as validation samples for Fig. 1 below.
Many searches for dimuon resonances require the muons

to be isolated from the rest of the collision activity.
Since we are interested in finding ϒ’s produced through
QCD fragmentation, we instead impose an anti-isolation
criterion. Within a rapidity-azimuth (ΔR) distance of 0.4
around each of the two muons, we require the ratio of
nonmuon pT to muon pT to be greater than 0.55. This
threshold was chosen to be as stringent as possible while still
retaining enough events to apply ML-based techniques—
approximately 10k events are needed to ensure our models
are well trained. Unlike [9], we do not require any matching
to jets. See Ref. [25] for a previous CMS Open Data study
that considered prompt dimuons (i.e., coming from the
collision vertex), which has a substantial anti-isolated com-
ponent, and [26] for anotherCMSOpenData study usingML
to study the relation between isolation and promptness.
Anti-isolated ϒ’s can only be seen at 1.6σ using the

dimuon mass spectrum alone [see the right edge of Fig. 2(b)
below]. By comparison, without any cuts, ϒ’s are clearly
visible at the 28σ level. Anti-isolatedϒ’s are typically found
within QCD jets and are produced promptly during frag-
mentation. There are two primary backgrounds to anti-
isolatedϒ’s. The first is uncorrelated hadron decays, where
QCD processes produce hadrons (mostly charged pions) that
decay in flight to nonprompt muons; this produces approx-
imately equal numbers of SS andOS dimuons. The second is

(a) (b)

FIG. 1. Results of the SS validation study. (a) Dimuon mass distributions after a series of cuts on the BDT classifier (the second stage
of CATHODE), for different FPR working points. For each FPR, a quintic polynomial is fit to the two SB regions and interpolated into
the SR, delineated by the vertical black lines. (b) The p value (significance) as a function of FPR for CATHODE (blue), cuts on the dimuon
pT (red) and the muon 3D impact parameters (yellow and green), and a random cut as a baseline (black).
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Drell-Yan production, where virtual photons and Z bosons
directly yield prompt dimuons via γ=Z� → μþμ−; this
produces only OS dimuons and is essentially an irreducible
background. By comparing the OS and SS distributions
[Figs. 1(a) and 2(a) below], we estimate that these two
backgrounds are roughly the same size in the anti-isolatedOS
channel.
To enhance the visibility of anti-isolatedϒ’s, we consider

three auxiliary features—the dimuon transverse momentum
pTμþμ− and the 3D impact parameters (IP3D) of the harder
and softer muons—which we refer to collectively as x. This
feature set was chosen both for its performance in recon-
structing the ϒ and because it does not produce spurious
peaks or sculpting artifacts. Other feature sets we considered
include various combinations of single- and di-muon kin-
ematic observables; sculpting tended to occur with feature
sets too closely correlated withmass, such as those involving
the triplet of pTμþμ− , ΔRμþμ− , and ΔpTμþμ− . Because of the
limited training data, using too many features leads to
suboptimal CATHODE performance.
General analysis procedure—The core assumptions of

our analysis is that the signal of interest is positive,
localized in the dimuon mass m≡mμþμ−, and lives atop
a smooth background. Even though we expect three distinct
ϒ peaks, they count as one resonant feature for a wide
enough signal region (SR). In the sidebands (SBs), we
assume the data is predominantly background, and we
distinguish the low-mass sideband (SBL) from the high-
mass sideband (SBH). These regions are separated by
vertical black lines in Figs. 1(a) and 2(a) below.
For an ML-based resonance search (first outlined in

[27,28]), or extended bump hunt, the strategy is to mask the

SR and only use the SB information (and the assumption of
smoothness) to construct an estimate of the background
distribution pBkgðx;mÞ for a set of auxiliary features x.
With these assumptions, we can compare the observed data
pDataðx;mÞ to the background-only null hypothesis
pBkgðx;mÞ in the SR to test for possible resonances. We
compare our ML-based results to “classical” cuts on single
features, for which only Steps 1 and 4a below are needed.
The full analysis procedure is as follows.
(1) Choose signal and sideband regions. To define

the bump hunt window, we choose the SR to contain
the three dimuon ϒ resonances and the SBL and SBH to
avoid other known dimuon resonances, corresponding to
SBL ¼ ½5.0; 9.0� GeV, SR ¼ ½9.0; 10.6� GeV, and SBH ¼
½10.6; 16.0� GeV.
(2) Interpolate background into SR. Following

CATHODE [11], we train an ensemble of normalizing
flows (NFs) [29–31] on the SBL and SBH data (with the
SR masked out) to learn the conditional distribution
pBkgðxjmÞ. To estimate pBkgðmÞ, we fit a quintic poly-
nomial to a histogram of m in the SBs, using a relative bin
width of 1.5%. This width was chosen to be above the 1%
dimuon mass resolution (verified via J=ψ fits and con-
sistent with similar dimuon studies [25,32]). We can then
generate interpolated background events in the SR accord-
ing to pBkgðx;mÞ≡ pBkgðxjmÞpBkgðmÞ by sampling the
NFs weighted by the polynomial mass fit.
(3) Calculate likelihood ratios. Restricting our focus to

the SR, we train an ensemble of boosted decision trees
(BDTs) [33,34] to distinguish observed data pDataðxÞ from
the interpolated background pBkgðxÞ. To do this, BDTs

(a) (b)

FIG. 2. Results of the OS bump hunt analysis, shown in the same format as Fig. 1. (a) After a cut on the BDT classifier, clear peaks
emerge in the SR above the SB-fitted background. (b) Noting the different y-axis scale from Fig. 1(b), the ϒ significance grows from
1.6σ to well over 5σ with CATHODE, especially with likelihood reweighting.
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learn optimal sequences of cuts on their inputs, which is the
second stage of CATHODE. We choose BDTs over other
architectures because they are fast to train, and they were
found to be especially robust to noise in previous extended
bump hunt studies [35,36]. We do not provide the BDT
with mass information. We assume the data distribution can
be expressed as pDataðxÞ ¼ μpSigðxÞ þ ð1 − μÞpBkgðxÞ,
where μ ¼ ðNSig=NSig þ NBkgÞ is the signal fraction.
In the asymptotic limit, the classifier score zðxÞ ¼
½pDataðxÞ=pDataðxÞ þ pBkgðxÞ� is monotonically related to
the likelihood ratio,

lðxÞ≡ zðxÞ − ð1 − μÞð1 − zðxÞÞ
μð1 − zðxÞÞ ¼ pSigðxÞ

pBkgðxÞ
; ð1Þ

which in turn is the most powerful mass-independent test
statistic [37,38]. To make the most of the limited SR data,
we use five-fold cross-validation [39].
(4) Estimate significances. We have two different meth-

ods to estimate the signal significance.
(a) Cut and count. Here, we cut on a feature of interest,

count the number of events that pass the cut, and compare
to the background estimate. We place a cut either on the
classifier score for the ML-based approach or on individual
features for the classical comparisons. Working points are
defined by the corresponding false-positive rate (FPR) in
the SBs. To estimate the number of background events in
the SR after the cut, we fit the SB mass spectrum using
another quintic fit. Given the number of observed events in
the SR after the cut, we estimate the one-sided p value to
reject the background-only hypothesis following [40].
(b) Reweight by the likelihood. Instead of a single FPR

working point, we can do a weighted analysis across
different cut values. Following [41] in adapting the matrix
element method [42,43], we assign each event i a weight
wi ¼ lðxiÞ related to the estimated signal-to-background
likelihood ratio from Eq. (1). These weights generalize the
FPR cut in Step 4a: there, events have weight 1 if they pass
a given threshold and 0 otherwise. Because the estimate of
l is imperfect, some weights may be negative, correspond-
ing to the most backgroundlike events. We impose a mild
classifier cut to remove these negative weight events
(equivalently, set negative weights to zero). We then fit
the mass spectrum of the surviving events in the SB to
estimate the background-only p value in the SR—this is
just like the fits of Step 4a, but now with weighted events.
The Poisson binned likelihoods of [40] are replaced with
scaled Poisson distributions [44] to account for the event
weights.
The likelihood reweighting in Step 4b is expected to be

more powerful than the cut-and-count analysis in Step 4a
[41]. Step 4b, however, can only be performed for the ML-
based method, since obtaining an estimate for the like-
lihood ratio requires an estimate of pBkgðx;mÞ, which is
only accessible via the NF. If the classifier-learned l is a

poor estimate of the likelihood ratio, this method is still
valid, albeit with degraded statistical power.
To mitigate issues related to ML training, we take

ensemble averages of our models (five NFs and 100
BDTs). The NFs are ensembled after Step 2 by drawing
samples equally from each NF, and the BDTs are ensembled
after training in Step 3 by averaging their scores. For the
quintic polynomial fits,we profile over the fit parameters.We
briefly discuss alternate analysis choices in theEndMatter, in
particular the mass fit form and bin width.
Same-sign validation study—To be confident in the

statistical validity of our methods, we apply our analysis
procedure to a “control” sample of SS dimuons,with roughly
half the number of events as the OS sample. A doubly
charged resonance decaying to muons (Φþþ → μþμþ) at
∼10 GeV is strongly constrained by precision electroweak
tests, such as theZ-polewidth and running of αEM [21]. Such
a resonance is also ruled out by model-specific searches for
doubly charged scalars [45,46]. Thus, we seek to verify that
our procedure does not find a signal in the SS channel where
we expect there to be none.
In Fig. 1(a), we show the dimuon mass spectrum after

various BDT cuts. As we impose stricter criteria on the FPR
(i.e., smaller fraction of background events passing the cut),
no significant peaks are observed in the SR. We quantify
this via the significance curves in Fig. 1(b). The cut-and-
count significances (Step 4a) are plotted as a function of the
FPR, for both CATHODE and the classical tests, and no
method finds evidence of a localized excess above 2.4σ.
Note that these are local significances, corresponding to
different choices of cuts, not a global significance, which
would suffer a small look-elsewhere effect penalty when
profiling over this choice. The ML-based likelihood
reweighted significance (Step 4b) is plotted as a horizontal
line at amodest 1.6σ. The likelihood reweighted significance
does not suffer a look-elsewhere effect, since it circumvents
any choice in cuts and is a single search.We conclude that our
method successfully avoids sculpting spurious signals. See
the End Matter for additional validations.
Opposite-sign search results—We now present search

results in theOS channel for anti-isolatedϒ → μþμ− decays.
In Fig. 2(a), we show the dimuon mass distribution after a
sequence of BDT cuts. A modest initial excess in the SR is
visually amplified by cuts on the classifier. The quantitative
gains in signal significance are shown in Fig. 2(b). CATHODE
achieves a maximum significance of 5.7σ at a 7.5% FPR
working point, which is increased to 6.4σ with likelihood
reweighting. By contrast, none of the classical cuts surpass
the nominal 5σ discovery threshold—cutting on the harder
muon’s IP3D achieves at most 4.1σ significance. This
demonstrates substantial gains from using a multidimen-
sional ML-based approach compared to single-feature
classical cuts. See the EndMatter for a study of multifeature
classical cuts.
To better understand how the BDT discriminates ϒ-like

events from background, we can inspect the impact of
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classifier cuts on the auxiliary features in the SR, shown in
Fig. 3.With more stringent FPR cuts, the BDT selects events
with moderate dimuon pT (≈60 GeV) and small IP3Ds
(≈10−3 cm), similar to the phase space selection in [25]. In
essence, the BDT is attempting to undo the effects of the
initial anti-isolation condition to recover the ϒ resonances.
By focusing on small impact parameters, the BDT is
mitigating the background from uncorrelated hadron decays.
However, cutting on the IP3D alone does not reproduce the
original peak at 10−3 cm; if it did, a classical IP3D cut would
have matched the performance of CATHODE. By focusing on
moderate dimuon pT, the BDT is additionally rejecting low
pT backgrounds. Both the uncorrelated hadron and Drell-
Yan backgrounds fall off at high pT, although the uncorre-
lated hadron background does somore sharply,whichwe can
confirm through studies of the SS control sample. Since the
Drell-Yan background generates genuine prompt μþμ−
signatures, the BDT would need access to additional kin-
ematic features to mitigate it further.
Conclusions—Using an ML-based anomaly detection

technique, we elevated an anti-isolatedϒ → μþμ− signal to
over 5σ significance in CMS Open Data. Our Letter
represents the first analysis of anti-isolated ϒ production
at the LHC. This production channel is particularly useful
as a probe for the transition region of QCD, and our Letter
is a step toward measuring observables relevant for
bottomonium fragmentation. Moreover, we showed that
the statistical performance of multi-feature ML-based
methods is superior to that of classical single-feature cut
and count, with the best performance coming from
reweighting events according to the estimated signal-to-
background likelihood. This is all done without any
simulation of signal or background. Without these novel
methods, anti-isolated ϒ’s are hard to find: the naive
classical cuts we tested yield at best around 4σ significance.
With theϒ’s found, it would be interesting to measure their

jet energy fraction to probe bottomonium fragmentation,
which would require incorporating detector unfolding into
a future analysis.
There are a number of ways we could enhance the

statistical sensitivity of our analysis. We chose fixed SR and
SBs motivated by the known location of the ϒ and other
QCD dimuon resonances, but one could consider several
candidate regions to find the optimal choice. When
estimating backgrounds and likelihoods using NFs and
BDTs, we used ensembling to mitigate ML training
artifacts, but one could account for both statistical and
systematic uncertainties in the architecture and training.
This would improve sensitivity for the likelihood reweight-
ing method, where there are uncertainties from the estimate
of μ in Eq. (1) lead to suboptimal (though still valid)
weights. While we do not expect these variations to
substantially improve the quoted significances, they could
be relevant for revealing more elusive signals.
Now that we have “rediscovered” theϒ, we plan to build

upon this Letter and perform a full scanover the dimuonmass
range to search for resonances beyond the standard model.
Since the NF and BDT architectures are sufficiently expres-
sive, we do not expect significant hyperparameter reoptim-
ization. However, the choice of auxiliary features is analysis
dependent and could change with the final states considered
(e.g., jets, missing momentum); in addition, we must verify
that any chosen feature set avoids mass sculpting.
We encourage the anomaly detection community to use

this Letter and this dataset for development and testing,
since the ϒ peak serves as a “standard candle” whose
properties are well known. This dataset is complementary
to previously publicized benchmark datasets, since it
corresponds to real, noisy, detector-level experimental data.
It also presents new challenges; for example, we found that
not all auxiliary feature sets avoided sculpting, a hurdle
which we had not encountered in previous studies on

FIG. 3. Distributions in the SR of three auxiliary features—dimuon pT, harder muon IP3D, and softer muons IP3D—after increasingly
stringent cuts on the BDT classifier score. The dashed curves show results before the initial anti-isolation cut.
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synthetic data. We hope this ϒ analysis inspires further
anomaly detection studies in real collider data.
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Additional validations—For completeness, we perform
two additional validations beyond the SS study in the
main text. First, we use a classifier trained on OS data to
look for resonances in SS data. We (successfully) do not
find a SS signal, which implies that a classifier trained on

(signal-containing) OS data does not sculpt peaks where
none exist. Second, we use a classifier trained on SS data
to look for resonances in OS data. There is indeed a initial
1.6σϒ signal in the OS channel (as in the OS search), but
we (successfully) do not elevate the signal significance.
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We conclude that in order to reveal the ϒ signal, the BDT
classifier must be able to learn nontrivial correlations
between auxiliary features, which are not present in the
SS control sample.

Systematic variations and pseudoexperiments—To test
the robustness of our anomaly detection strategy, we
want to show its behavior under systematic variations.
The baseline results in the main text were based on a
quintic polynomial background fit and a dimuon relative
bin width of 1.5%. For fit variations, we consider cubic
and septic polynomials. For bin width variations, we
consider 1.1% and 2.3%.
In Fig. 4, we plot the CATHODE p value as a function of

FPR for these different variations, analogous to the solid blue
line in Fig. 2(b). All of these variations yield similar results to
the baseline approach, and all choices considered surpass the
5σ discovery threshold. This shows that the ϒ significances
are robust with respect to these choices. If anything, the
baseline approach is conservative relative to these variations,
likely due to a statistical fluctuation. We note that similar
robustness to variations holds for the single-feature classical
cuts and for the likelihood reweighting method.
Another potential concern is whether our computed p

values are valid even though we are using an ML-based
approach. To verify that the standard asymptotic formulae
[40] for p-values are still valid, we did a numerical analysis
with pseudoexperiments. Specifically, we generated
1,000 pseudoexperiments by sampling from a trained NF,
which we take to be our null hypothesis. We then computed
the observed distribution of the test statistic, which follows
the expected asymptotic distribution out to at least the
3σ level.

Scan over multiple cuts—Given the benefits seen from
using multidimensional information, it is interesting to
check whether classical cuts on multiple features might
mimic the CATHODE performance. Rather than cutting
on a single feature, we can scan over simultaneous cuts to
see if multi-dimensional auxiliary information can yield a
more significant ϒ peak. We emphasize that this study
was carried out after the anomaly detection analysis, so
the direction of the cuts was already informed by Fig. 3.

Nevertheless, it is interesting to see the impact of adding
more features without accounting for detailed correlations.
We scan over different cut values for the dimuon pT and

the individual IP3D values, where for simplicity, we use the
same cut on both muons. This is a 2D scan, and we choose
ten points in each dimension for 100 working points in
total. We find a maximum local significance of 5.5σ with
pT > 45.5 GeV and IP3D < 0.1 cm, though this does not
account for the look-elsewhere effect from considering
multiple cut values. Note that this is not the same look-
elsewhere effect encountered when scanning over many
mass points; rather, each choice of cuts correspond to doing
a search in a new signal region. Therefore, the full
performance is slightly less than the best CATHODE
working point cut (and also less powerful than the like-
lihood reweighting method), showing that there is a benefit
from considering feature correlations.

FIG. 4. The CATHODE p values as a function of FPR, for
different choices of fit polynomial and bin width. The central fit
and binning choice used in Fig. 2(b) is bolded in solid purple.
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