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How to discover a new particle?
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Calculate invariant mass of two 
particles to discover resonance
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Event display 
from UA1 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How to discover a new particle?

Nobel price for discovery of W 
and Z boson in 1984 
(Rubbia and van der Meer)
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Figure 17: Sum of the 25 signal-plus-background model fits to the event classes in both the 7 and
8 TeV datasets, together with the data binned as a function of mgg. The 1s and 2s uncertainty
bands shown for the background component of the fit are computed from the fit uncertainty
in the background yield in bins corresponding to those used to display the data. These bands
do not contain the Poisson uncertainty that must be included when the full uncertainty in the
number of background events in any given mass range is estimated. The lower plot shows the
residual data after subtracting the fitted background component.
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Figure 18: Local p-values as a function of mH for the 7 TeV, 8 TeV, and the combined dataset.
The values of the expected significance, calculated using the background expectation obtained
from the signal-plus-background fit, are shown as dashed lines.
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11.1 Significance of the signal and its strength 41
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Figure 19: Diphoton mass spectrum weighted by the ratio S/(S + B) in each event class, to-
gether with the background subtracted weighted mass spectrum.

Table 5: Values of the best-fit signal strength, µ̂, when mH is treated as an unconstrained pa-
rameter, for the 7 TeV, 8 TeV, and combined datasets. The corresponding best-fit value of mH,
bmH, is also given.

µ̂ bmH (GeV)
7 TeV 2.22+0.62

�0.55 124.2
8 TeV 0.90+0.26

�0.23 124.9
Combined 1.14+0.26

�0.23 124.7

section times the relevant branching fractions, relative to the SM expectation. In Fig. 20 the
combined best-fit signal strength, µ̂, is shown as a function of the Higgs boson mass hypothesis,
both for the standard analysis (left) and for the cut-based analysis (right). The two analyses
agree well across the entire mass range. In addition to the signal around 125 GeV, both analyses
see a small upward fluctuation at 150 GeV, which is found to have a maximum local significance
of just over 2 s at mH = 151 GeV—slightly beyond the mass range of our analysis.

The best-fit signal strength for the main analysis, when the value of mH is treated as an un-
constrained parameter in the fit, is µ̂ = 1.14+0.26

�0.23, with the corresponding best-fit mass being
bmH = 124.7 GeV. The expected uncertainties in the best-fit signal strength, at this mass, are
+0.24 and �0.22. The values of the best-fit signal strength, derived separately for the 7 and
8 TeV datasets, are listed in Table 5. For the cut-based analysis the corresponding value is
µ̂ = 1.29+0.29

�0.26 at bmH = 124.6 GeV, and for the sideband background model analysis the value
measured is µ̂ = 1.06+0.26

�0.23 at bmH = 124.7 GeV. These values are shown in Table 6 together with
the expected uncertainty, and the corresponding values for the main analysis.

The uncertainty in the signal strength may be separated into statistical and systematic con-
tributions, with the latter further divided into those having, or not, a theoretical origin: µ̂ =

How to discover a new particle?

Di-Photon invariant mass

Divide into 25 categories 
according to purity, 
relative amount of signal 
using BDTs

Weight events according 
to excepted purity of 
category

Nobel price for 
Higgs mechanism  
2013 (Higgs and 
Englert)



We don’t know the 
mass of the 
resonant particle

But we assume it 
decays to e.g. a 
pairs of top quarks

Assume we know what we 
are looking for: e.g. a 
heavier version of the Z 
boson

How to discover a new particle?



More complicated than electrons: 
Use AI for top tagging

How to discover a new particle?



A jet is a 
collimated shower of particles in the detector



top 
quark jet?

gluon jet?

bottom 
quark jet?

light quark  
jet?

We want to know 
which particle produced a jet
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What if we combine pre-training and equivariance?
Top Quark Tagging

Order of magnitude improvement from ML

Modern tagging algorithms are widely used in 

searches for new particles




1. Introduction 1

1 Introduction
Many models of physics beyond the standard model (BSM) predict the existence of new parti-
cles with hadronic decays. One of the most generic searches for new physics at particle colliders
is therefore a search for heavy resonances decaying into two jets [1–8]. This search is sensitive
to a wide range of signals, but is dominated by an overwhelming background from Quantum
Chromodynamics (QCD) multijet production. To increase the sensitivity to specific decays,
dedicated searches have been performed that require the jets to have a substructure and flavor
content compatible with vector bosons [9–11], Higgs bosons [12, 13], b quarks [14–17], or top
quarks [18–20]. These searches are able to exploit the expected jet content of the targeted signal
to reduce the standard model background and increase the search sensitivity, but as a result are
no longer generic. These dedicated searches also do not cover many possible signals, that may
exist below the sensitivity of the inclusive dijet search, which motivates a new approach tar-
geting a broader set of signals. To get the best combination of both sensitivity and generality,
new types of model-agnostic searches based on anomaly detection have been proposed [21],
and recently also performed at colliders in dijet topologies [22–24].

In this analysis, we present a machine learning (ML)-driven, model-agnostic search for a narrow-
width heavy resonance A with TeV-scale mass decaying into two other resonances, B and C, in
a dijet final state. The B and C particles are assumed to decay hadronically and their masses
to be significantly smaller than the A’s mass. The mass hierarchy results in the B and C par-
ticles being produced with high Lorentz boost, such that their decay products are contained
in large-radius jets. This is illustrated in Figure 1. Five different methods are used to design
discriminating variables that can be used to identify large-radius jets with a non-QCD-like sub-
structure and suppress the background rate by several orders of magnitude. These methods
are consequently used to search for a resonance which can be identified as a bump in the di-
jet mass spectrum on top of the dominant QCD background events. These methods are able
to significantly enhance the sensitivity to a much wider range of signal models than tradi-
tional substructure techniques. While all methods employ ML techniques and aim to identify

?

?

A

p

p

Jet

Jet

…

…
B 

C

Figure 1: Production in pp collisions of a dijet resonance, A, which decays to two resonances
B and C, that in turn each decay to a jet with anomalous substructure arising from multiple
subjets.

anomalous jets, they differ in the substructure information utilized, aspects of their learning
setup, and model architecture. Four of these methods proceed in a fully model-agnostic fash-
ion, without any signal simulation, and only make use of data events in the training of their
anomaly detection model. The fifth method is a hybrid approach and utilizes signal simulation

Assumptions, revisited

We don’t know the 
mass and type of 
the resonant 
particle

And we don’t know 
what particles it 
decays to 
 
(assume some jets)
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7. Performance and Validation 9

tistical fluctuations, that would be present when the methods are being applied to data, both
of which affect the performance achieved when training neural networks. Due to the limited
statistics of the QCD simulations, the mock datasets corresponded to an equivalent luminosity
of only 26.8 fb�1. Versions of the mock dataset with different amounts of injected signal events
were constructed, and the search procedure was repeated on each version. A background-only
version of the mock dataset was used to verify that no method produced artificial excesses.

Mock datasets with injected signals were used to test the sensitivities of the anomaly detection
methods. These datasets were used to determine the expected statistical significance of the
signal as a function of the size of the injected signal.

The sensitivities of the anomaly detection methods were compared to several standard meth-
ods to better contextualize their performance. These comparison methods utilize the same
basic selection criteria, fitting procedure and statistical analysis as employed by the anomaly
detection methods. The only difference is slightly modified event selections. The inclusive
search, defined previously, is used as a comparison model-agnostic approach. The first (sec-
ond) model-specific event selection is a typical substructure selection tailored to two-pronged
(three-pronged) signals and requires t21 < 0.4 (t32 < 0.65) and mSD > 50 GeV for both jets in
the event. The final model-specific event selection was intended to maximally exploit signal
information to achieve superior sensitivity. For this, a version of the QUAK procedure which
had a signal prior exactly matching the injected signal was used.

Figure 2 shows simulations of the sensitivity of the search methods, comparing the extracted
p-value as a function of the signal cross section for two benchmark signals, the 2+2 pronged
X ! YY0 ! 4q and the 3+3 pronged W0 ! B0t ! bZt.
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Figure 2: P-values as a function of the injected signal cross sections for the different analysis
procedures on for two different signals: (left) the 2-pronged X ! YY0 ! 4q signal with MX =
3 TeV, MY = 170 GeV, and MY0 = 170 GeV and (right) 3-pronged W0 ! B0t ! bZt signal
with MW 0 = 3 TeV and MB0 = 400 GeV. Significances are restricted to a maximum of 7s, to
reflect limitations of the asymptotic formula used. Values larger than this are denoted with a
downwards facing triangle.

As expected, the inclusive search was sensitive to both models, but was unable to reach ev-
idence or discovery-level significances at the considered signal cross sections because of the
large QCD background. The two-prong (three-pronged) targeted selections was found to im-
prove sensitivity beyond the inclusive search for the two-pronged X ! YY0 ! 4q signal (three-
pronged W0 ! B0t ! bZt signal), but were found to be significantly worse than the inclusive
selection on the three-pronged (two-pronged) signal. In contrast, all anomaly detection meth-
ods were able to demonstrate increased sensitivity above an inclusive search for both signals.
The relative performance of the anomaly detection methods were seen to vary between the

Increasing autonomy  
of AI systems



So far, no 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Types of anomalies

Outliers

Identify anomaly 
as events in 
region of low 

p(background)

Can identify with autoencoders*

*or extensions like 
NAE (2206.14225)

Farina et al 1808.08992; Heimel, GK, 
et al 1808.08979, CMS-DP-2024-059; 
See also Bortolato, Kamenik et al 
2103.06595 & 

Also works during data taking



Types of anomalies

Outliers

Identify anomaly 
as events in 
region of low 

p(background)

No optimiality guarantees

Lan, Dinh 2012.03808; GK et al 
2209.06225
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Define a signal cut-out



And interpolate the 
background
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Machine learning 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Machine learning 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FIG. 1. Schematic view of the bump hunt. The signal (blue)
is localized in the signal region (SR). The background (red)
is estimated from a sideband region (SB).

Multiple strategies have been proposed for this task.
One approach is based on the Classification Without La-
bels (CWoLa) protocol [25, 26, 76] in which one trains a
classifier to distinguish the SR and SB data. One of the
biggest challenges with the CWoLa Hunting approach is
its high sensitivity to correlations between the features
x and m. Multiple variations of CWoLa Hunting have
been proposed to circumvent the correlation challenge,
such as Simulation Assisted Likelihood-free Anomaly De-
tection (Salad) [38] and Simulation-Assisted Decorrela-
tion for Resonant Anomaly Detection (SA-CWoLa) [52].

An alternative approach is to learn the two likeli-
hoods directly and then take the ratio. This is the core
idea behind Anomaly Detection with Density Estima-
tion (Anode) [39]. The SB is used to estimate pbg(x|m)
for the background (assuming little signal contamination
outside the SR). This likelihood is then interpolated into
the SR. Combined with an estimate of pdata(x|m) trained
in the SR, one can construct an estimate of the likelihood
ratio. The SB interpolation makes Anode robust to cor-
relations between x and m, although density estimation
is inherently more challenging than classification.

In this paper, we propose a new method which com-
bines the best of CWoLa Hunting and Anode. With
Classifying Anomalies THrough Outer Density Estima-
tion (Cathode), we train a density estimator to learn
the (usually smooth) background distribution in the SB
which we refer to as the “outer” region. Then we interpo-
late it into the SR, but rather than directly constructing
the likelihood ratio as in Anode (which would require
us to also separately learn pdata(x|m) in the SR), we in-
stead generate sample events from the trained, interpo-
lated background density estimator. These sample events
should follow pbg(x|m) in the SR. Finally, we train a clas-
sifier (as in CWoLa Hunting) to distinguish pdata(x|m)

from pbg(x|m) in the SR.

Using the R&D dataset [77] from the LHC Olympics
(LHCO) [59], we will show that Cathode achieves a level
of performance (as measured by the significance improve-
ment characteristic) that greatly surpasses both CWoLa
Hunting and Anode, across a wide range of signal cross
sections. Cathode easily outperforms Anode because it
does not have to directly learn pdata in the SR, and in par-
ticular does not have to learn the sharp increase in pdata
where the signal is localized in all of the features. Mean-
while, it outperforms CWoLa Hunting because of a com-
bination of two e↵ects: one is that in Cathode, we can
oversample the outer density estimator, leading to more
background events than CWoLa Hunting has access to
(CWoLa Hunting is limited to the actual data events in
the sideband region), and yielding a more powerful clas-
sifier. Secondly, the features are slightly correlated with
m in the LHCO R&D dataset, and this slightly degrades
the performance of CWoLa Hunting, while Cathode is
robust.

We also compare Cathode to a fully supervised classi-
fier (i.e. trained on labeled signal and background events)
and an “idealized anomaly detector” (trained on data vs.
perfectly simulated background). We demonstrate that
Cathode nearly saturates the performance of the ide-
alized anomaly detector, and even nearly matches the
performance of the fully supervised classifier at low sig-
nal e�ciencies. These approaches (particularly the ide-
alized anomaly detector) place upper bounds on the per-
formance of any data-vs-background anomaly detection
technique, and the fact that Cathode is nearly saturat-
ing them indicates that it is nearly the best that it could
possibly be.

Finally, as in [39], we study the case where x and m are
correlated, by adding artificial linear correlations to two
of the features in x. Again we show that Cathode (like
Anode, and unlike CWoLa Hunting) is largely robust
against such correlations, and continues to nearly match
the performance of the idealized anomaly detector.

In this work, we will concern ourselves solely with sig-
nal sensitivity, and reserve the problem of background
estimation for future study. As long as the Cathode
classifier does not sculpt features into the invariant mass
spectrum, it should be straightforward to combine it with
a bump hunt in m.

This paper is organized as follows: Section II briefly in-
troduces the LHCO dataset and our treatment of it, and
Section III describes the steps of the Cathode approach
in detail. Results are given in Section IV and we con-
clude with Section V. In Appendix A, we provide details
of the other approaches (CWoLa Hunting, Anode, ide-
alized anomaly detector and fully supervised classifier)
considered in this paper. A further study of correlated
features is given in Appendix B.

GK, Nachmann, Shih et al 2101.08320; 
Hallin, .., GK et al 2109.00546;

Consider resonant anomalies: 
fully data-based construction of 
anomaly detection score
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Multiple strategies have been proposed for this task.
One approach is based on the Classification Without La-
bels (CWoLa) protocol [25, 26, 76] in which one trains a
classifier to distinguish the SR and SB data. One of the
biggest challenges with the CWoLa Hunting approach is
its high sensitivity to correlations between the features
x and m. Multiple variations of CWoLa Hunting have
been proposed to circumvent the correlation challenge,
such as Simulation Assisted Likelihood-free Anomaly De-
tection (Salad) [38] and Simulation-Assisted Decorrela-
tion for Resonant Anomaly Detection (SA-CWoLa) [52].

An alternative approach is to learn the two likeli-
hoods directly and then take the ratio. This is the core
idea behind Anomaly Detection with Density Estima-
tion (Anode) [39]. The SB is used to estimate pbg(x|m)
for the background (assuming little signal contamination
outside the SR). This likelihood is then interpolated into
the SR. Combined with an estimate of pdata(x|m) trained
in the SR, one can construct an estimate of the likelihood
ratio. The SB interpolation makes Anode robust to cor-
relations between x and m, although density estimation
is inherently more challenging than classification.

In this paper, we propose a new method which com-
bines the best of CWoLa Hunting and Anode. With
Classifying Anomalies THrough Outer Density Estima-
tion (Cathode), we train a density estimator to learn
the (usually smooth) background distribution in the SB
which we refer to as the “outer” region. Then we interpo-
late it into the SR, but rather than directly constructing
the likelihood ratio as in Anode (which would require
us to also separately learn pdata(x|m) in the SR), we in-
stead generate sample events from the trained, interpo-
lated background density estimator. These sample events
should follow pbg(x|m) in the SR. Finally, we train a clas-
sifier (as in CWoLa Hunting) to distinguish pdata(x|m)

from pbg(x|m) in the SR.

Using the R&D dataset [77] from the LHC Olympics
(LHCO) [59], we will show that Cathode achieves a level
of performance (as measured by the significance improve-
ment characteristic) that greatly surpasses both CWoLa
Hunting and Anode, across a wide range of signal cross
sections. Cathode easily outperforms Anode because it
does not have to directly learn pdata in the SR, and in par-
ticular does not have to learn the sharp increase in pdata
where the signal is localized in all of the features. Mean-
while, it outperforms CWoLa Hunting because of a com-
bination of two e↵ects: one is that in Cathode, we can
oversample the outer density estimator, leading to more
background events than CWoLa Hunting has access to
(CWoLa Hunting is limited to the actual data events in
the sideband region), and yielding a more powerful clas-
sifier. Secondly, the features are slightly correlated with
m in the LHCO R&D dataset, and this slightly degrades
the performance of CWoLa Hunting, while Cathode is
robust.

We also compare Cathode to a fully supervised classi-
fier (i.e. trained on labeled signal and background events)
and an “idealized anomaly detector” (trained on data vs.
perfectly simulated background). We demonstrate that
Cathode nearly saturates the performance of the ide-
alized anomaly detector, and even nearly matches the
performance of the fully supervised classifier at low sig-
nal e�ciencies. These approaches (particularly the ide-
alized anomaly detector) place upper bounds on the per-
formance of any data-vs-background anomaly detection
technique, and the fact that Cathode is nearly saturat-
ing them indicates that it is nearly the best that it could
possibly be.

Finally, as in [39], we study the case where x and m are
correlated, by adding artificial linear correlations to two
of the features in x. Again we show that Cathode (like
Anode, and unlike CWoLa Hunting) is largely robust
against such correlations, and continues to nearly match
the performance of the idealized anomaly detector.

In this work, we will concern ourselves solely with sig-
nal sensitivity, and reserve the problem of background
estimation for future study. As long as the Cathode
classifier does not sculpt features into the invariant mass
spectrum, it should be straightforward to combine it with
a bump hunt in m.

This paper is organized as follows: Section II briefly in-
troduces the LHCO dataset and our treatment of it, and
Section III describes the steps of the Cathode approach
in detail. Results are given in Section IV and we con-
clude with Section V. In Appendix A, we provide details
of the other approaches (CWoLa Hunting, Anode, ide-
alized anomaly detector and fully supervised classifier)
considered in this paper. A further study of correlated
features is given in Appendix B.
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FIG. 1. Schematic view of the bump hunt. The signal (blue)
is localized in the signal region (SR). The background (red)
is estimated from a sideband region (SB).

Multiple strategies have been proposed for this task.
One approach is based on the Classification Without La-
bels (CWoLa) protocol [25, 26, 76] in which one trains a
classifier to distinguish the SR and SB data. One of the
biggest challenges with the CWoLa Hunting approach is
its high sensitivity to correlations between the features
x and m. Multiple variations of CWoLa Hunting have
been proposed to circumvent the correlation challenge,
such as Simulation Assisted Likelihood-free Anomaly De-
tection (Salad) [38] and Simulation-Assisted Decorrela-
tion for Resonant Anomaly Detection (SA-CWoLa) [52].

An alternative approach is to learn the two likeli-
hoods directly and then take the ratio. This is the core
idea behind Anomaly Detection with Density Estima-
tion (Anode) [39]. The SB is used to estimate pbg(x|m)
for the background (assuming little signal contamination
outside the SR). This likelihood is then interpolated into
the SR. Combined with an estimate of pdata(x|m) trained
in the SR, one can construct an estimate of the likelihood
ratio. The SB interpolation makes Anode robust to cor-
relations between x and m, although density estimation
is inherently more challenging than classification.

In this paper, we propose a new method which com-
bines the best of CWoLa Hunting and Anode. With
Classifying Anomalies THrough Outer Density Estima-
tion (Cathode), we train a density estimator to learn
the (usually smooth) background distribution in the SB
which we refer to as the “outer” region. Then we interpo-
late it into the SR, but rather than directly constructing
the likelihood ratio as in Anode (which would require
us to also separately learn pdata(x|m) in the SR), we in-
stead generate sample events from the trained, interpo-
lated background density estimator. These sample events
should follow pbg(x|m) in the SR. Finally, we train a clas-
sifier (as in CWoLa Hunting) to distinguish pdata(x|m)

from pbg(x|m) in the SR.

Using the R&D dataset [77] from the LHC Olympics
(LHCO) [59], we will show that Cathode achieves a level
of performance (as measured by the significance improve-
ment characteristic) that greatly surpasses both CWoLa
Hunting and Anode, across a wide range of signal cross
sections. Cathode easily outperforms Anode because it
does not have to directly learn pdata in the SR, and in par-
ticular does not have to learn the sharp increase in pdata
where the signal is localized in all of the features. Mean-
while, it outperforms CWoLa Hunting because of a com-
bination of two e↵ects: one is that in Cathode, we can
oversample the outer density estimator, leading to more
background events than CWoLa Hunting has access to
(CWoLa Hunting is limited to the actual data events in
the sideband region), and yielding a more powerful clas-
sifier. Secondly, the features are slightly correlated with
m in the LHCO R&D dataset, and this slightly degrades
the performance of CWoLa Hunting, while Cathode is
robust.

We also compare Cathode to a fully supervised classi-
fier (i.e. trained on labeled signal and background events)
and an “idealized anomaly detector” (trained on data vs.
perfectly simulated background). We demonstrate that
Cathode nearly saturates the performance of the ide-
alized anomaly detector, and even nearly matches the
performance of the fully supervised classifier at low sig-
nal e�ciencies. These approaches (particularly the ide-
alized anomaly detector) place upper bounds on the per-
formance of any data-vs-background anomaly detection
technique, and the fact that Cathode is nearly saturat-
ing them indicates that it is nearly the best that it could
possibly be.

Finally, as in [39], we study the case where x and m are
correlated, by adding artificial linear correlations to two
of the features in x. Again we show that Cathode (like
Anode, and unlike CWoLa Hunting) is largely robust
against such correlations, and continues to nearly match
the performance of the idealized anomaly detector.

In this work, we will concern ourselves solely with sig-
nal sensitivity, and reserve the problem of background
estimation for future study. As long as the Cathode
classifier does not sculpt features into the invariant mass
spectrum, it should be straightforward to combine it with
a bump hunt in m.

This paper is organized as follows: Section II briefly in-
troduces the LHCO dataset and our treatment of it, and
Section III describes the steps of the Cathode approach
in detail. Results are given in Section IV and we con-
clude with Section V. In Appendix A, we provide details
of the other approaches (CWoLa Hunting, Anode, ide-
alized anomaly detector and fully supervised classifier)
considered in this paper. A further study of correlated
features is given in Appendix B.
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FIG. 1. Schematic view of the bump hunt. The signal (blue)
is localized in the signal region (SR). The background (red)
is estimated from a sideband region (SB).

Multiple strategies have been proposed for this task.
One approach is based on the Classification Without La-
bels (CWoLa) protocol [25, 26, 76] in which one trains a
classifier to distinguish the SR and SB data. One of the
biggest challenges with the CWoLa Hunting approach is
its high sensitivity to correlations between the features
x and m. Multiple variations of CWoLa Hunting have
been proposed to circumvent the correlation challenge,
such as Simulation Assisted Likelihood-free Anomaly De-
tection (Salad) [38] and Simulation-Assisted Decorrela-
tion for Resonant Anomaly Detection (SA-CWoLa) [52].

An alternative approach is to learn the two likeli-
hoods directly and then take the ratio. This is the core
idea behind Anomaly Detection with Density Estima-
tion (Anode) [39]. The SB is used to estimate pbg(x|m)
for the background (assuming little signal contamination
outside the SR). This likelihood is then interpolated into
the SR. Combined with an estimate of pdata(x|m) trained
in the SR, one can construct an estimate of the likelihood
ratio. The SB interpolation makes Anode robust to cor-
relations between x and m, although density estimation
is inherently more challenging than classification.

In this paper, we propose a new method which com-
bines the best of CWoLa Hunting and Anode. With
Classifying Anomalies THrough Outer Density Estima-
tion (Cathode), we train a density estimator to learn
the (usually smooth) background distribution in the SB
which we refer to as the “outer” region. Then we interpo-
late it into the SR, but rather than directly constructing
the likelihood ratio as in Anode (which would require
us to also separately learn pdata(x|m) in the SR), we in-
stead generate sample events from the trained, interpo-
lated background density estimator. These sample events
should follow pbg(x|m) in the SR. Finally, we train a clas-
sifier (as in CWoLa Hunting) to distinguish pdata(x|m)

from pbg(x|m) in the SR.

Using the R&D dataset [77] from the LHC Olympics
(LHCO) [59], we will show that Cathode achieves a level
of performance (as measured by the significance improve-
ment characteristic) that greatly surpasses both CWoLa
Hunting and Anode, across a wide range of signal cross
sections. Cathode easily outperforms Anode because it
does not have to directly learn pdata in the SR, and in par-
ticular does not have to learn the sharp increase in pdata
where the signal is localized in all of the features. Mean-
while, it outperforms CWoLa Hunting because of a com-
bination of two e↵ects: one is that in Cathode, we can
oversample the outer density estimator, leading to more
background events than CWoLa Hunting has access to
(CWoLa Hunting is limited to the actual data events in
the sideband region), and yielding a more powerful clas-
sifier. Secondly, the features are slightly correlated with
m in the LHCO R&D dataset, and this slightly degrades
the performance of CWoLa Hunting, while Cathode is
robust.

We also compare Cathode to a fully supervised classi-
fier (i.e. trained on labeled signal and background events)
and an “idealized anomaly detector” (trained on data vs.
perfectly simulated background). We demonstrate that
Cathode nearly saturates the performance of the ide-
alized anomaly detector, and even nearly matches the
performance of the fully supervised classifier at low sig-
nal e�ciencies. These approaches (particularly the ide-
alized anomaly detector) place upper bounds on the per-
formance of any data-vs-background anomaly detection
technique, and the fact that Cathode is nearly saturat-
ing them indicates that it is nearly the best that it could
possibly be.

Finally, as in [39], we study the case where x and m are
correlated, by adding artificial linear correlations to two
of the features in x. Again we show that Cathode (like
Anode, and unlike CWoLa Hunting) is largely robust
against such correlations, and continues to nearly match
the performance of the idealized anomaly detector.

In this work, we will concern ourselves solely with sig-
nal sensitivity, and reserve the problem of background
estimation for future study. As long as the Cathode
classifier does not sculpt features into the invariant mass
spectrum, it should be straightforward to combine it with
a bump hunt in m.

This paper is organized as follows: Section II briefly in-
troduces the LHCO dataset and our treatment of it, and
Section III describes the steps of the Cathode approach
in detail. Results are given in Section IV and we con-
clude with Section V. In Appendix A, we provide details
of the other approaches (CWoLa Hunting, Anode, ide-
alized anomaly detector and fully supervised classifier)
considered in this paper. A further study of correlated
features is given in Appendix B.
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FIG. 1. Schematic view of the bump hunt. The signal (blue)
is localized in the signal region (SR). The background (red)
is estimated from a sideband region (SB).

Multiple strategies have been proposed for this task.
One approach is based on the Classification Without La-
bels (CWoLa) protocol [25, 26, 76] in which one trains a
classifier to distinguish the SR and SB data. One of the
biggest challenges with the CWoLa Hunting approach is
its high sensitivity to correlations between the features
x and m. Multiple variations of CWoLa Hunting have
been proposed to circumvent the correlation challenge,
such as Simulation Assisted Likelihood-free Anomaly De-
tection (Salad) [38] and Simulation-Assisted Decorrela-
tion for Resonant Anomaly Detection (SA-CWoLa) [52].

An alternative approach is to learn the two likeli-
hoods directly and then take the ratio. This is the core
idea behind Anomaly Detection with Density Estima-
tion (Anode) [39]. The SB is used to estimate pbg(x|m)
for the background (assuming little signal contamination
outside the SR). This likelihood is then interpolated into
the SR. Combined with an estimate of pdata(x|m) trained
in the SR, one can construct an estimate of the likelihood
ratio. The SB interpolation makes Anode robust to cor-
relations between x and m, although density estimation
is inherently more challenging than classification.

In this paper, we propose a new method which com-
bines the best of CWoLa Hunting and Anode. With
Classifying Anomalies THrough Outer Density Estima-
tion (Cathode), we train a density estimator to learn
the (usually smooth) background distribution in the SB
which we refer to as the “outer” region. Then we interpo-
late it into the SR, but rather than directly constructing
the likelihood ratio as in Anode (which would require
us to also separately learn pdata(x|m) in the SR), we in-
stead generate sample events from the trained, interpo-
lated background density estimator. These sample events
should follow pbg(x|m) in the SR. Finally, we train a clas-
sifier (as in CWoLa Hunting) to distinguish pdata(x|m)

from pbg(x|m) in the SR.

Using the R&D dataset [77] from the LHC Olympics
(LHCO) [59], we will show that Cathode achieves a level
of performance (as measured by the significance improve-
ment characteristic) that greatly surpasses both CWoLa
Hunting and Anode, across a wide range of signal cross
sections. Cathode easily outperforms Anode because it
does not have to directly learn pdata in the SR, and in par-
ticular does not have to learn the sharp increase in pdata
where the signal is localized in all of the features. Mean-
while, it outperforms CWoLa Hunting because of a com-
bination of two e↵ects: one is that in Cathode, we can
oversample the outer density estimator, leading to more
background events than CWoLa Hunting has access to
(CWoLa Hunting is limited to the actual data events in
the sideband region), and yielding a more powerful clas-
sifier. Secondly, the features are slightly correlated with
m in the LHCO R&D dataset, and this slightly degrades
the performance of CWoLa Hunting, while Cathode is
robust.

We also compare Cathode to a fully supervised classi-
fier (i.e. trained on labeled signal and background events)
and an “idealized anomaly detector” (trained on data vs.
perfectly simulated background). We demonstrate that
Cathode nearly saturates the performance of the ide-
alized anomaly detector, and even nearly matches the
performance of the fully supervised classifier at low sig-
nal e�ciencies. These approaches (particularly the ide-
alized anomaly detector) place upper bounds on the per-
formance of any data-vs-background anomaly detection
technique, and the fact that Cathode is nearly saturat-
ing them indicates that it is nearly the best that it could
possibly be.

Finally, as in [39], we study the case where x and m are
correlated, by adding artificial linear correlations to two
of the features in x. Again we show that Cathode (like
Anode, and unlike CWoLa Hunting) is largely robust
against such correlations, and continues to nearly match
the performance of the idealized anomaly detector.

In this work, we will concern ourselves solely with sig-
nal sensitivity, and reserve the problem of background
estimation for future study. As long as the Cathode
classifier does not sculpt features into the invariant mass
spectrum, it should be straightforward to combine it with
a bump hunt in m.

This paper is organized as follows: Section II briefly in-
troduces the LHCO dataset and our treatment of it, and
Section III describes the steps of the Cathode approach
in detail. Results are given in Section IV and we con-
clude with Section V. In Appendix A, we provide details
of the other approaches (CWoLa Hunting, Anode, ide-
alized anomaly detector and fully supervised classifier)
considered in this paper. A further study of correlated
features is given in Appendix B.
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FIG. 1. Schematic view of the bump hunt. The signal (blue)
is localized in the signal region (SR). The background (red)
is estimated from a sideband region (SB).

Multiple strategies have been proposed for this task.
One approach is based on the Classification Without La-
bels (CWoLa) protocol [25, 26, 76] in which one trains a
classifier to distinguish the SR and SB data. One of the
biggest challenges with the CWoLa Hunting approach is
its high sensitivity to correlations between the features
x and m. Multiple variations of CWoLa Hunting have
been proposed to circumvent the correlation challenge,
such as Simulation Assisted Likelihood-free Anomaly De-
tection (Salad) [38] and Simulation-Assisted Decorrela-
tion for Resonant Anomaly Detection (SA-CWoLa) [52].

An alternative approach is to learn the two likeli-
hoods directly and then take the ratio. This is the core
idea behind Anomaly Detection with Density Estima-
tion (Anode) [39]. The SB is used to estimate pbg(x|m)
for the background (assuming little signal contamination
outside the SR). This likelihood is then interpolated into
the SR. Combined with an estimate of pdata(x|m) trained
in the SR, one can construct an estimate of the likelihood
ratio. The SB interpolation makes Anode robust to cor-
relations between x and m, although density estimation
is inherently more challenging than classification.

In this paper, we propose a new method which com-
bines the best of CWoLa Hunting and Anode. With
Classifying Anomalies THrough Outer Density Estima-
tion (Cathode), we train a density estimator to learn
the (usually smooth) background distribution in the SB
which we refer to as the “outer” region. Then we interpo-
late it into the SR, but rather than directly constructing
the likelihood ratio as in Anode (which would require
us to also separately learn pdata(x|m) in the SR), we in-
stead generate sample events from the trained, interpo-
lated background density estimator. These sample events
should follow pbg(x|m) in the SR. Finally, we train a clas-
sifier (as in CWoLa Hunting) to distinguish pdata(x|m)

from pbg(x|m) in the SR.

Using the R&D dataset [77] from the LHC Olympics
(LHCO) [59], we will show that Cathode achieves a level
of performance (as measured by the significance improve-
ment characteristic) that greatly surpasses both CWoLa
Hunting and Anode, across a wide range of signal cross
sections. Cathode easily outperforms Anode because it
does not have to directly learn pdata in the SR, and in par-
ticular does not have to learn the sharp increase in pdata
where the signal is localized in all of the features. Mean-
while, it outperforms CWoLa Hunting because of a com-
bination of two e↵ects: one is that in Cathode, we can
oversample the outer density estimator, leading to more
background events than CWoLa Hunting has access to
(CWoLa Hunting is limited to the actual data events in
the sideband region), and yielding a more powerful clas-
sifier. Secondly, the features are slightly correlated with
m in the LHCO R&D dataset, and this slightly degrades
the performance of CWoLa Hunting, while Cathode is
robust.

We also compare Cathode to a fully supervised classi-
fier (i.e. trained on labeled signal and background events)
and an “idealized anomaly detector” (trained on data vs.
perfectly simulated background). We demonstrate that
Cathode nearly saturates the performance of the ide-
alized anomaly detector, and even nearly matches the
performance of the fully supervised classifier at low sig-
nal e�ciencies. These approaches (particularly the ide-
alized anomaly detector) place upper bounds on the per-
formance of any data-vs-background anomaly detection
technique, and the fact that Cathode is nearly saturat-
ing them indicates that it is nearly the best that it could
possibly be.

Finally, as in [39], we study the case where x and m are
correlated, by adding artificial linear correlations to two
of the features in x. Again we show that Cathode (like
Anode, and unlike CWoLa Hunting) is largely robust
against such correlations, and continues to nearly match
the performance of the idealized anomaly detector.

In this work, we will concern ourselves solely with sig-
nal sensitivity, and reserve the problem of background
estimation for future study. As long as the Cathode
classifier does not sculpt features into the invariant mass
spectrum, it should be straightforward to combine it with
a bump hunt in m.

This paper is organized as follows: Section II briefly in-
troduces the LHCO dataset and our treatment of it, and
Section III describes the steps of the Cathode approach
in detail. Results are given in Section IV and we con-
clude with Section V. In Appendix A, we provide details
of the other approaches (CWoLa Hunting, Anode, ide-
alized anomaly detector and fully supervised classifier)
considered in this paper. A further study of correlated
features is given in Appendix B.
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FIG. 1. Schematic view of the bump hunt. The signal (blue)
is localized in the signal region (SR). The background (red)
is estimated from a sideband region (SB).

Multiple strategies have been proposed for this task.
One approach is based on the Classification Without La-
bels (CWoLa) protocol [25, 26, 76] in which one trains a
classifier to distinguish the SR and SB data. One of the
biggest challenges with the CWoLa Hunting approach is
its high sensitivity to correlations between the features
x and m. Multiple variations of CWoLa Hunting have
been proposed to circumvent the correlation challenge,
such as Simulation Assisted Likelihood-free Anomaly De-
tection (Salad) [38] and Simulation-Assisted Decorrela-
tion for Resonant Anomaly Detection (SA-CWoLa) [52].

An alternative approach is to learn the two likeli-
hoods directly and then take the ratio. This is the core
idea behind Anomaly Detection with Density Estima-
tion (Anode) [39]. The SB is used to estimate pbg(x|m)
for the background (assuming little signal contamination
outside the SR). This likelihood is then interpolated into
the SR. Combined with an estimate of pdata(x|m) trained
in the SR, one can construct an estimate of the likelihood
ratio. The SB interpolation makes Anode robust to cor-
relations between x and m, although density estimation
is inherently more challenging than classification.

In this paper, we propose a new method which com-
bines the best of CWoLa Hunting and Anode. With
Classifying Anomalies THrough Outer Density Estima-
tion (Cathode), we train a density estimator to learn
the (usually smooth) background distribution in the SB
which we refer to as the “outer” region. Then we interpo-
late it into the SR, but rather than directly constructing
the likelihood ratio as in Anode (which would require
us to also separately learn pdata(x|m) in the SR), we in-
stead generate sample events from the trained, interpo-
lated background density estimator. These sample events
should follow pbg(x|m) in the SR. Finally, we train a clas-
sifier (as in CWoLa Hunting) to distinguish pdata(x|m)

from pbg(x|m) in the SR.

Using the R&D dataset [77] from the LHC Olympics
(LHCO) [59], we will show that Cathode achieves a level
of performance (as measured by the significance improve-
ment characteristic) that greatly surpasses both CWoLa
Hunting and Anode, across a wide range of signal cross
sections. Cathode easily outperforms Anode because it
does not have to directly learn pdata in the SR, and in par-
ticular does not have to learn the sharp increase in pdata
where the signal is localized in all of the features. Mean-
while, it outperforms CWoLa Hunting because of a com-
bination of two e↵ects: one is that in Cathode, we can
oversample the outer density estimator, leading to more
background events than CWoLa Hunting has access to
(CWoLa Hunting is limited to the actual data events in
the sideband region), and yielding a more powerful clas-
sifier. Secondly, the features are slightly correlated with
m in the LHCO R&D dataset, and this slightly degrades
the performance of CWoLa Hunting, while Cathode is
robust.

We also compare Cathode to a fully supervised classi-
fier (i.e. trained on labeled signal and background events)
and an “idealized anomaly detector” (trained on data vs.
perfectly simulated background). We demonstrate that
Cathode nearly saturates the performance of the ide-
alized anomaly detector, and even nearly matches the
performance of the fully supervised classifier at low sig-
nal e�ciencies. These approaches (particularly the ide-
alized anomaly detector) place upper bounds on the per-
formance of any data-vs-background anomaly detection
technique, and the fact that Cathode is nearly saturat-
ing them indicates that it is nearly the best that it could
possibly be.

Finally, as in [39], we study the case where x and m are
correlated, by adding artificial linear correlations to two
of the features in x. Again we show that Cathode (like
Anode, and unlike CWoLa Hunting) is largely robust
against such correlations, and continues to nearly match
the performance of the idealized anomaly detector.

In this work, we will concern ourselves solely with sig-
nal sensitivity, and reserve the problem of background
estimation for future study. As long as the Cathode
classifier does not sculpt features into the invariant mass
spectrum, it should be straightforward to combine it with
a bump hunt in m.

This paper is organized as follows: Section II briefly in-
troduces the LHCO dataset and our treatment of it, and
Section III describes the steps of the Cathode approach
in detail. Results are given in Section IV and we con-
clude with Section V. In Appendix A, we provide details
of the other approaches (CWoLa Hunting, Anode, ide-
alized anomaly detector and fully supervised classifier)
considered in this paper. A further study of correlated
features is given in Appendix B.
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FIG. 6. Background rejection (left) and significance improvement (right) of the various anomaly classifiers as a function of
the signal e�ciency. The solid lines are deduced from a median value of 10 fully independent trainings on the same training,
validation and evaluation set. The uncertainty bands quantify the variance from retraining the NNs on the same, fixed dataset
and are defined such that they contain 68% of the runs around the median.

FIG. 7. Left: Median maximum significance improvement of each method with 10 di↵erent signal injections (leading to a
di↵erent split of training, validation and evaluation sets in each run) at each decreasing value of signal/background ratios.
Here, the 68% hatched uncertainty bands quantify the variance (around the median) from both retrainings of the NN and

random realizations of the training and validation data, including di↵erent realizations of the 1,000 injected signal events.
Right: Achieved maximum significance, which is computed by multiplying the uncut significance by the maximum significance
improvement. Both plots feature the significance without any cut applied in the upper horizontal axis. The dotted lines on the
right hand side denote 3 and 5 � significance values.

• Both Cathode and Anode need to learn the
smoothly varying background. However, Anode
must also learn the sharply peaked distributions in
x where the signal is localized (the “inner” den-
sity estimator trained on the SR). This results in
a degradation of the Anode anomaly detection
method and worse performance than Cathode and
CWoLa Hunting.

• As for how Cathode is able to outperform CWoLa
Hunting, there are two reasons. Firstly, there is a
correlation at the percent level between the cho-

sen features in x within the original LHCO R&D
dataset with the search variable (mJJ). Since
CWoLa Hunting is very sensitive to correlations,
this small correlation is su�cient to degrade the
performance compared to that of Cathode. De-
tails of the correlation study can be found in
Sec. IVC. Secondly, CWoLa Hunting is limited to
only using the events within the sidebands to train
the classifier (approximately 65,000 events), while
Cathode is able to oversample events from the
background model (here 200,000 events are used).
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Figure 2: The p-values as a function of the injected signal cross sections for the different analysis
procedures for two different signals: (upper) the 2-prong X ! YY0 ! 4q signal with mX =
3 TeV, mY = 170 GeV, and MY0 = 170 GeV, and (lower) 3-prong W0 ! B0t ! bZt signal
with MW0 = 3 TeV and MB0 = 400 GeV. Significance values larger than 7s are denoted with
downwards facing triangles.

Fully train CATHODE on data 
 
Select top 1% most anomalous events,  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No signal-like outlier: set limits
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Figure 3: The dijet invariant mass spectrum and resulting background fit to the data for VAE-
QR (upper left), CWoLa Hunting (upper right), TNT (middle left), CATHODE (middle right),
CATHODE-b (lower left), and QUAK (lower right). The shapes of two benchmark signals are
shown for the VAE-QR method; the signal shapes for the other methods are similar. For all
methods besides the VAE-QR, separate selections are applied for different signal mass hypothe-
ses and the resulting mass spectra are fit separately. The figures show the fitted and observed
dijet mass distribution in the signal window of each selection, which results in a discontinu-
ous distribution. The spectra in the a signal regions (indicated by the vertical dotted lines) are
shown for the weakly supervised methods and a similar selection of signal regions are shown
for the QUAK method.
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7. Performance and Validation 9

tistical fluctuations, that would be present when the methods are being applied to data, both
of which affect the performance achieved when training neural networks. Due to the limited
statistics of the QCD simulations, the mock datasets corresponded to an equivalent luminosity
of only 26.8 fb�1. Versions of the mock dataset with different amounts of injected signal events
were constructed, and the search procedure was repeated on each version. A background-only
version of the mock dataset was used to verify that no method produced artificial excesses.

Mock datasets with injected signals were used to test the sensitivities of the anomaly detection
methods. These datasets were used to determine the expected statistical significance of the
signal as a function of the size of the injected signal.

The sensitivities of the anomaly detection methods were compared to several standard meth-
ods to better contextualize their performance. These comparison methods utilize the same
basic selection criteria, fitting procedure and statistical analysis as employed by the anomaly
detection methods. The only difference is slightly modified event selections. The inclusive
search, defined previously, is used as a comparison model-agnostic approach. The first (sec-
ond) model-specific event selection is a typical substructure selection tailored to two-pronged
(three-pronged) signals and requires t21 < 0.4 (t32 < 0.65) and mSD > 50 GeV for both jets in
the event. The final model-specific event selection was intended to maximally exploit signal
information to achieve superior sensitivity. For this, a version of the QUAK procedure which
had a signal prior exactly matching the injected signal was used.

Figure 2 shows simulations of the sensitivity of the search methods, comparing the extracted
p-value as a function of the signal cross section for two benchmark signals, the 2+2 pronged
X ! YY0 ! 4q and the 3+3 pronged W0 ! B0t ! bZt.
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Figure 2: P-values as a function of the injected signal cross sections for the different analysis
procedures on for two different signals: (left) the 2-pronged X ! YY0 ! 4q signal with MX =
3 TeV, MY = 170 GeV, and MY0 = 170 GeV and (right) 3-pronged W0 ! B0t ! bZt signal
with MW 0 = 3 TeV and MB0 = 400 GeV. Significances are restricted to a maximum of 7s, to
reflect limitations of the asymptotic formula used. Values larger than this are denoted with a
downwards facing triangle.

As expected, the inclusive search was sensitive to both models, but was unable to reach ev-
idence or discovery-level significances at the considered signal cross sections because of the
large QCD background. The two-prong (three-pronged) targeted selections was found to im-
prove sensitivity beyond the inclusive search for the two-pronged X ! YY0 ! 4q signal (three-
pronged W0 ! B0t ! bZt signal), but were found to be significantly worse than the inclusive
selection on the three-pronged (two-pronged) signal. In contrast, all anomaly detection meth-
ods were able to demonstrate increased sensitivity above an inclusive search for both signals.
The relative performance of the anomaly detection methods were seen to vary between the
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After the initial prompt has been submitted by the user, the agents work autonomously
and have no option to interact with the user. Instead, the process is driven by tool use: after
an agent calls a tool, it either immediately receives the result, which then forms the basis for
the next action, or the active role is given to another agent. The process continues until it is
either terminated by a specific tool or the total number of calls exceeds a limit.

3.2 Agents and their tools

The current setup consists of four agents: a researcher, a coder, a code reviewer and a logic
reviewer. The reviewing agents are inspired by a series of works that demonstrates the positive
impact of feedback for improving LLM generations (see for example [29–31]). The interplay
of the agents is illustrated in Fig. 1. Their tasks and the tools available to each of them are
explained below.
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Figure 1: Sketch of the agentic framework. The main agent is the Researcher, which
orchestrates the project. It can communicate with the Coder and the Logic reviewer
through the use of tools. The Coder has additionally access to a Code reviewer agent.
The researcher handles its tasks via a Task manager. All code is run on the user’s local
machine, and no agent has direct access to the raw data.

3.2.1 Researcher

The researcher is the main actor. It is prompted once at the beginning with a task and is then
left running until it either finishes its task or reaches a maximum number of calls set by the
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After the initial prompt has been submitted by the user, the agents work autonomously
and have no option to interact with the user. Instead, the process is driven by tool use: after
an agent calls a tool, it either immediately receives the result, which then forms the basis for
the next action, or the active role is given to another agent. The process continues until it is
either terminated by a specific tool or the total number of calls exceeds a limit.

3.2 Agents and their tools

The current setup consists of four agents: a researcher, a coder, a code reviewer and a logic
reviewer. The reviewing agents are inspired by a series of works that demonstrates the positive
impact of feedback for improving LLM generations (see for example [29–31]). The interplay
of the agents is illustrated in Fig. 1. Their tasks and the tools available to each of them are
explained below.
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Figure 1: Sketch of the agentic framework. The main agent is the Researcher, which
orchestrates the project. It can communicate with the Coder and the Logic reviewer
through the use of tools. The Coder has additionally access to a Code reviewer agent.
The researcher handles its tasks via a Task manager. All code is run on the user’s local
machine, and no agent has direct access to the raw data.

3.2.1 Researcher

The researcher is the main actor. It is prompted once at the beginning with a task and is then
left running until it either finishes its task or reaches a maximum number of calls set by the
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Figure 3: Comparison of four OpenAI models across different high-level behavior
metrics: number of calls, response time, completion time, input tokens, output tokens
and total cost (see Appendix A for the exact definition of these quantities). Only
successful runs are shown. The mean is marked with a line and the one standard
deviation with a shaded box.

response time (waiting for the API to respond), but here we see that it also spends more time
executing code than the other models. Interestingly, GPT-5 has more linting errors¶ than the
other models, but it is also writing around 4 times as much code. Once the linting errors are
dealt with and the code runs, GPT-5 has the fewest execution errors of all models. It should
be noted that execution errors might occur not only because the code is faulty, but because
the researcher is using it erroneously, for example by neglecting to provide command-line
arguments (despite receiving instructions to do so from the coder). GPT-5 also stays with a
single coder, whereas the other models call 3-4 coders on average during the run. Among these
metrics relating to coding behavior, GPT-4o is at the other end of the spectrum compared to
GPT-5. It suffers the highest number of execution errors, and sends the most tool calls for
handoff to the coder (possibly in order to fix all the errors). It also has the highest number
of failed code reviews of the four models. Although the statistics are limited due to GPT-4o
failing 11 of the 16 runs, it seems from these metrics to not be the best option for coding.
GPT-4.1 and o4-mini seem to again be performing similarly to one another.

4.2 LHCO R&D without labels

In this section we will look at the physics performance of the different LLMs. We once again
choose to evaluate them all on the ML prompt. The agent had access to data from the signal
region, but no access to labels or feedback loops. We will compare the approaches chosen by
the agents to those employed by the human participants of LHCO for the Black Box 1 dataset.

cheap at 4.40 USD/1M tokens. The cost for input tokens varies between 1.10 and 2.50 USD/1M tokens, with
cached inputs being cheaper at 0.13 to 1.25 USD/1M tokens. [42]

¶34 of the 47 linting errors were related to numpy.random.RandomState. These are not actual coding errors,
but rather the inability of the linter to “see” that this module exists.

11
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Figure 3: Comparison of four OpenAI models across different high-level behavior
metrics: number of calls, response time, completion time, input tokens, output tokens
and total cost (see Appendix A for the exact definition of these quantities). Only
successful runs are shown. The mean is marked with a line and the one standard
deviation with a shaded box.

response time (waiting for the API to respond), but here we see that it also spends more time
executing code than the other models. Interestingly, GPT-5 has more linting errors¶ than the
other models, but it is also writing around 4 times as much code. Once the linting errors are
dealt with and the code runs, GPT-5 has the fewest execution errors of all models. It should
be noted that execution errors might occur not only because the code is faulty, but because
the researcher is using it erroneously, for example by neglecting to provide command-line
arguments (despite receiving instructions to do so from the coder). GPT-5 also stays with a
single coder, whereas the other models call 3-4 coders on average during the run. Among these
metrics relating to coding behavior, GPT-4o is at the other end of the spectrum compared to
GPT-5. It suffers the highest number of execution errors, and sends the most tool calls for
handoff to the coder (possibly in order to fix all the errors). It also has the highest number
of failed code reviews of the four models. Although the statistics are limited due to GPT-4o
failing 11 of the 16 runs, it seems from these metrics to not be the best option for coding.
GPT-4.1 and o4-mini seem to again be performing similarly to one another.

4.2 LHCO R&D without labels

In this section we will look at the physics performance of the different LLMs. We once again
choose to evaluate them all on the ML prompt. The agent had access to data from the signal
region, but no access to labels or feedback loops. We will compare the approaches chosen by
the agents to those employed by the human participants of LHCO for the Black Box 1 dataset.

cheap at 4.40 USD/1M tokens. The cost for input tokens varies between 1.10 and 2.50 USD/1M tokens, with
cached inputs being cheaper at 0.13 to 1.25 USD/1M tokens. [42]

¶34 of the 47 linting errors were related to numpy.random.RandomState. These are not actual coding errors,
but rather the inability of the linter to “see” that this module exists.
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Figure 4: Comparison of four OpenAI models across different metrics related to cod-
ing: execution time, execute python errors, lint errors, number of different coders
used, tool calls handoff to coder and failed reviews (see Appendix A for the exact
definition of these quantities). Only successful runs are shown. The mean is marked
with a line and the one standard deviation with a shaded box.

4.2.1 Quantitative physics performance

Fig. 5 shows the reported values for the mass of the resonance (true value 3.5 TeV), the p-value
under the background-only hypothesis, the estimated signal percentage (true value 0.6%), and
the max SIC. The first thing we notice is that the non-reasoning models (GPT-4o and GPT-4.1)
rarely report the resonance mass. In the case of GPT-4.1, it often simply does not find any
new physics and hence does not report a mass. It is consistent across all metrics in that it
has very few p-values close to zero (that would indicate a tension between the data and the
background-only hypothesis), and only reports a non-zero signal percentage in four of its runs.
GPT-4o, on the other hand, reports very small p-values and a generally high signal percentage,
which means that you would expect it to report a resonance mass. However, it seems to mostly
ignore this, and either report something else (like the average of its scoring) or nothing at all.
Of the two reasoning models, o4-mini and GPT-5, the latter gets closer to the true resonance
mass of 3.5 TeV, although two outliers pull the average up to the same level as o4-mini. In
total, it reports 9 nonzero signal percentage values, while o4-mini reports 11.

In the light of the performance difference seen between the LLMs, it is interesting to also
examine the cost. As mentioned in Section 4.1.1, GPT-5 is the most expensive model, with
high costs for output tokens in particular. In the same section, we also saw that GPT-5 tends
to produce much more output tokens than the other models. Part of this can be explained by
GPT-5 writing much longer code, as noted in Section 4.1.2. Table 1 shows the average max
SIC achieved by the different models, the average number of tokens used, and the average
cost of the runs.
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out the fact that the models could be aware that previous work has indicated that Boosted
Decision Tree-based algorithms are an ideal classifier method for tabular data [53, 54]. In
contrast to these tabular methods, in the original LHCO study human teams deployed a broad
toolbox that included both deep learning methods (autoencoders/VAEs, normalizing flows,
and other neural network classifiers) and more traditional approaches (e.g. boosted decision
trees, likelihood/density-ratio estimation with dimensionality reduction). Thus, resorting to
classical machine learning methods is consistent with established practice, especially on tab-
ular feature sets like ours, while LHCO also showcased gains from deep generative/classifier
network models when architectures could exploit richer inputs.

4.2.3 Impact of prompt phrasing

We now proceed to investigate the impact of varying the prompt. All runs in this section are
based on GPT-4.1, since it offers good balance between performance and cost. The first part
compares the prompts that introduce changes to the task (Default, Ideas, ML), the second part
compares the different paraphrasings of the ML prompt. The FBL prompts will be discussed
separately in Section 4.3.

Fig. 6 shows the number of calls and max SIC for the Default, Ideas, ML, and Ideas+ML
prompts. The number of successful runs were overall high, with at most 3 failed runs of 16,
apart from the Ideas+ML prompt which failed 6 runs (all due to erroneous formatting of the
score file). The number of calls is fairly consistent across all prompts. When it comes to the
max SIC, the default prompt performed the worst, with the Ideas prompt closely following.
Without the ML hint, it seems that encouraging the agent to think outside of the box, and
pick the most “unique” idea, only resulted in minor improvements compared to the default.
Interestingly, in the majority of the runs with the Ideas prompt, the agent starts by examining
the data, and then decides that given the similarity between all 1D distributions and summary
statistics, the most promising approach is unsupervised anomaly detection (most often using
IsolationForest). Paradoxically, it seems as if encouraging the agent to explore different ideas
led it to consistently choose the same method. Adding the ML hint to the Ideas prompt helped:
for the Ideas+ML prompt we saw a much wider range of chosen methods, both supervised and
unsupervised. As seen in the plots, this also led to a wider spread of the max SIC, although
the regular ML prompt still led to a slightly higher average.

Figure 6: Comparison of the performances of different prompts on number of calls
and max SIC. Only successful runs are shown. The mean is marked with a line and
the one standard deviation with a shaded box.

Fig. 7 shows the number of calls and max SIC for the various prompt paraphrasings. Here
the standard ML prompt is referred to as version zero, v0. With all prompts, the agent was
able to successfully finish its runs most of the time, with at most 4 out of 16 runs failing. We
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After the initial prompt has been submitted by the user, the agents work autonomously
and have no option to interact with the user. Instead, the process is driven by tool use: after
an agent calls a tool, it either immediately receives the result, which then forms the basis for
the next action, or the active role is given to another agent. The process continues until it is
either terminated by a specific tool or the total number of calls exceeds a limit.

3.2 Agents and their tools

The current setup consists of four agents: a researcher, a coder, a code reviewer and a logic
reviewer. The reviewing agents are inspired by a series of works that demonstrates the positive
impact of feedback for improving LLM generations (see for example [29–31]). The interplay
of the agents is illustrated in Fig. 1. Their tasks and the tools available to each of them are
explained below.
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Figure 1: Sketch of the agentic framework. The main agent is the Researcher, which
orchestrates the project. It can communicate with the Coder and the Logic reviewer
through the use of tools. The Coder has additionally access to a Code reviewer agent.
The researcher handles its tasks via a Task manager. All code is run on the user’s local
machine, and no agent has direct access to the raw data.

3.2.1 Researcher

The researcher is the main actor. It is prompted once at the beginning with a task and is then
left running until it either finishes its task or reaches a maximum number of calls set by the
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After the initial prompt has been submitted by the user, the agents work autonomously
and have no option to interact with the user. Instead, the process is driven by tool use: after
an agent calls a tool, it either immediately receives the result, which then forms the basis for
the next action, or the active role is given to another agent. The process continues until it is
either terminated by a specific tool or the total number of calls exceeds a limit.

3.2 Agents and their tools

The current setup consists of four agents: a researcher, a coder, a code reviewer and a logic
reviewer. The reviewing agents are inspired by a series of works that demonstrates the positive
impact of feedback for improving LLM generations (see for example [29–31]). The interplay
of the agents is illustrated in Fig. 1. Their tasks and the tools available to each of them are
explained below.

Researcher Coder

Code ReviewerLogic Reviewer

Linting

Error?

Task

Task manager

Local

machine

End

Start

add task
select task

complete task
get task list
get task info

end project

logic review execute python
view text files
view images

submit numeric values
write final report
(get feedback)

view text files
view image files

Initial
Task

hando↵
to

coder

write
python

Yes

Errors

write code review

No

File
Access

Metric
Collection

Code
Execution

Agent

Tool call

Other systems

Figure 1: Sketch of the agentic framework. The main agent is the Researcher, which
orchestrates the project. It can communicate with the Coder and the Logic reviewer
through the use of tools. The Coder has additionally access to a Code reviewer agent.
The researcher handles its tasks via a Task manager. All code is run on the user’s local
machine, and no agent has direct access to the raw data.

3.2.1 Researcher

The researcher is the main actor. It is prompted once at the beginning with a task and is then
left running until it either finishes its task or reaches a maximum number of calls set by the
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tistical fluctuations, that would be present when the methods are being applied to data, both
of which affect the performance achieved when training neural networks. Due to the limited
statistics of the QCD simulations, the mock datasets corresponded to an equivalent luminosity
of only 26.8 fb�1. Versions of the mock dataset with different amounts of injected signal events
were constructed, and the search procedure was repeated on each version. A background-only
version of the mock dataset was used to verify that no method produced artificial excesses.

Mock datasets with injected signals were used to test the sensitivities of the anomaly detection
methods. These datasets were used to determine the expected statistical significance of the
signal as a function of the size of the injected signal.

The sensitivities of the anomaly detection methods were compared to several standard meth-
ods to better contextualize their performance. These comparison methods utilize the same
basic selection criteria, fitting procedure and statistical analysis as employed by the anomaly
detection methods. The only difference is slightly modified event selections. The inclusive
search, defined previously, is used as a comparison model-agnostic approach. The first (sec-
ond) model-specific event selection is a typical substructure selection tailored to two-pronged
(three-pronged) signals and requires t21 < 0.4 (t32 < 0.65) and mSD > 50 GeV for both jets in
the event. The final model-specific event selection was intended to maximally exploit signal
information to achieve superior sensitivity. For this, a version of the QUAK procedure which
had a signal prior exactly matching the injected signal was used.

Figure 2 shows simulations of the sensitivity of the search methods, comparing the extracted
p-value as a function of the signal cross section for two benchmark signals, the 2+2 pronged
X ! YY0 ! 4q and the 3+3 pronged W0 ! B0t ! bZt.
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Figure 2: P-values as a function of the injected signal cross sections for the different analysis
procedures on for two different signals: (left) the 2-pronged X ! YY0 ! 4q signal with MX =
3 TeV, MY = 170 GeV, and MY0 = 170 GeV and (right) 3-pronged W0 ! B0t ! bZt signal
with MW 0 = 3 TeV and MB0 = 400 GeV. Significances are restricted to a maximum of 7s, to
reflect limitations of the asymptotic formula used. Values larger than this are denoted with a
downwards facing triangle.

As expected, the inclusive search was sensitive to both models, but was unable to reach ev-
idence or discovery-level significances at the considered signal cross sections because of the
large QCD background. The two-prong (three-pronged) targeted selections was found to im-
prove sensitivity beyond the inclusive search for the two-pronged X ! YY0 ! 4q signal (three-
pronged W0 ! B0t ! bZt signal), but were found to be significantly worse than the inclusive
selection on the three-pronged (two-pronged) signal. In contrast, all anomaly detection meth-
ods were able to demonstrate increased sensitivity above an inclusive search for both signals.
The relative performance of the anomaly detection methods were seen to vary between the
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