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We present R-ANODE, a new method for data-driven, model-agnostic resonant anomaly detection that
raises the bar for both performance and interpretability. The key to R-ANODE is to enhance the inductive
bias of the anomaly detection task by fitting a normalizing flow directly to the small and unknown signal
component, while holding fixed a background model (also a normalizing flow) learned from sidebands.
In doing so, R-ANODE is able to outperform all classifier-based, weakly supervised approaches as well as
the previous ANODE method, which fit a density estimator to all of the data in the signal region instead of
just the signal. We show that the method works equally well whether the unknown signal fraction is learned
or fixed and is even robust to signal fraction misspecification. Finally, with the learned signal model, we can
sample and gain qualitative insights into the underlying anomaly, which greatly enhances the interpret-
ability of resonant anomaly detection and offers the possibility of simultaneously discovering and
characterizing the new physics that could be hiding in the data.
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I. INTRODUCTION

Despite countless searches at the LHC [1–7], so far none
has turned up any definitive evidence for new physics
beyond the Standard Model yet. Since the vast majority of
these searches has been model specific, there has been
increasing interest in developing new, model-agnostic
search strategies powered by modern machine learning
in recent years (for reviews and original references, see
Refs. [8–11]). Among the model-agnostic search strategies
proposed so far, methods for resonant anomaly detection—
or using additional features x to enhance the sensitivity of a
bump hunt in a primary resonant variable m—have
received a lot of attention. All of these methods have
focused on learning good approximations to the Neyman-
Pearson optimal anomaly detector:

RoptimalðxÞ ¼
pdataðxÞ
pbgðxÞ

: ð1Þ

Here, x are the additional features, and pdataðxÞ and pbgðxÞ
are the data and background probability densities,

respectively, in the signal region (SR), defined as a window
in m. As discussed in Refs. [12,13], RoptimalðxÞ is mono-
tonic with the signal-to-background likelihood ratio for any
unknown signal. Therefore, cutting on it can potentially
enhance the significance of any anomaly in the signal
region by a large amount.
The main strategy for learning Roptimal has been based on

weak supervision: training a classifier between the data
and a sample of events constructed to resemble the back-
ground as closely as possible. One exception to this has been
ANODE [12], which is technically an unsupervised approach.
With ANODE, one trains conditional density estimators
(normalizing flows in practice) on the signal region and
sideband events, interpolates the latter into the SR, and
constructs Roptimal by taking their ratio directly. Since this
approach is solely based on unsupervised density estimation
and does not involve any classifiers, it is technically an
unsupervised approach to resonant anomaly detection.
It has been recognized [12,13] that, since density esti-

mation is much more difficult than classification, ANODE
suffers in sensitivity relative to classifier-based approaches.
However, weak supervision and classifier-based approaches
also have their drawbacks. In particular, they do not perform
well when the number of signal events is too small, and they
can be confused by noisy or uninformative features. Finally,
the classifier by itself is not interpretable in that it does not
tell us where the signal is, only where it is more overdense
relative to the background.
In this paper, we present a new method for resonant

anomaly detection that remedies the shortcomings of
ANODE. We call our new method Residual ANODE or
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R-ANODE for short. The idea of R-ANODE is to explicitly
fit to the signal component in the SR while holding the
background fixed. Assuming data to be a mixture of the
signal and background distributions

pdataðx;mÞ ¼ wpsigðx;mÞ þ ð1 − wÞpbgðx;mÞ; ð2Þ

with w as the fraction of signal in the data and pbgðx;mÞ as
the fixed background template, we attempt to model
psigðx;mÞ.
Fitting for the signal density directly, instead of the full

data density, not only improves on the performance of
ANODE, but it even surpasses the performance of the
Idealized Anomaly Detector (IAD), which sets an upper
bound to classifier-based approaches. The IAD was intro-
duced in Ref. [13] and corresponds to training a classifier
on data vs perfectly simulated background (i.e., the same
background model that the background in the data was
drawn from). The IAD is limited by finite training statistics,
noisy features, and finite model capacity. So, it cannot fully
approach the optimal anomaly detector or (by extension)
the fully supervised classifier. R-ANODE is able to surpass
the IAD since it assumes more about the signal vs back-
ground mixture.
In R-ANODE, one has the option to fix the signal fraction

w during training or to let it be a learnable parameter along
with the signal density.We explore both options in thiswork,
finding that for fixed w the method is quite robust to
w-misspecification, retaining excellent sensitivity to the
signal even when w is larger or smaller than the true w
by nearly an order of magnitude. For learnable w, we find
that the method is robust and there is only a slight drop in
overall signal sensitivity; furthermore, the learned w tracks
the true w well down to a nominal significance of ∼0.6σ
(corresponding to ∼200 injected signal events). Thus,
R-ANODE could potentially be used to place measure or
place limits on the signal fraction directly.
Finally, with the learned signal density, one can also

draw potentially unbiased signal samples and directly learn
about the properties of the new physics model hiding in the
data. In this way, R-ANODE simultaneously offers sig-
nificantly improved performance over other methods and
also much greater interpretability.

II. RESIDUAL ANODE METHOD

In R-ANODE, we model the signal distribution
psigðx;mÞ for m∈SR directly with a normalizing flow
and use it to fit to data from Eq. (2). We minimize the
negative log likelihood averaged over the SR data,

L ¼ −Ex;m∼SR data logpdataðx;mÞ; ð3Þ

with respect to the parameters of psigðx;mÞ while keeping
pbgðx;mÞ fixed during training.

To obtain the joint background density in the SR from
the sidebands, we break it up into two factors:

pbgðx;mÞ ¼ pbgðxjmÞpbgðmÞ: ð4Þ

The first factor, the conditional density pbgðxjm∈SRÞ, is
obtained by interpolating from the sidebands similarly as in
Refs. [12,13]. The second factor, the background mass
distribution pbgðm∈SRÞ, can be similarly obtained by
interpolating from sidebands or (as we do in this work)
approximating it with the data mass distribution under the
assumption that there is no statistically significant anomaly
in the inclusive bump hunt. This allows us to get pbgðx;mÞ
for m∈SR.
For the signal fraction w, we explore two options:
(1) Hold w fixed during training. We then scan over

different values of w, exploring the effect of fixing w
to be larger or smaller than the true w.

(2) Keep w as a learnable parameter during training,
with the same optimizer and hyperparameters used
for psigðx;mÞ.1

We note that the true signal fraction wtrue is related to the
number of signal and background events in the SR:

wtrue ¼
Nsig;SR

Nsig;SR þ Nbg;SR
: ð5Þ

For small amounts of signal that we assume throughout this
work, this relation is approximately linear, i.e., wtrue ≈
Nsig;SR=Nbg;SR.
Finally, the anomaly score is constructed as

Rðx;mÞ ¼ psigðx;mÞ
pbgðx;mÞ : ð6Þ

III. SETUP

A. Dataset

We use the LHCO R&D Dataset [8,14] for our studies
with dataset and train-val-test splits similarly as in
Refs. [12,13]. In the following, a brief summary of the
dataset is given.
QCD dijet events form the Standard Model (SM)

background and W0 → Xð→qqÞYð→qqÞ events with
mW0 ¼ 3.5 TeV, mX ¼ 500 GeV and mY ¼ 100 GeV are
used as signal. These are simulated using Pythia [15,16] and
Delphes3.4.1 [17–19]. The reconstructed particles are clus-
tered into jets using the anti-kT algorithm [20,21] with
R ¼ 1 using FastJet [22]. Events are required to satisfy the
pT > 1.2 TeV jet trigger.

1Using a different optimizer and hyperparameter to learn w
might be interesting, but it could also necessitate further hyper-
parameter tuning, so we save this for future work.
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The training features used are

m ¼ mJJ; x ¼ ½mJ1 ;ΔmJ; τ21J1 ; τ21J2 �; ð7Þ
where invariant masses of the subjets satisfy mJ1 < mJ2,
and ΔmJ ¼ mJ2 −mJ1 . The n-subjettiness ratios are
defined as τij ¼ τi=τj [23,24].2 The resonant variable is
chosen as the dijet invariant mass mJJ, with the signal
region (SR) defined as m∈ ½3.3; 3.7� and its complement
m ∉ ½3.3; 3.7� forming the sideband (SB) regions.
For the primary dataset (meant to represent actual

unlabeled data from the experiment), we use all 1 million
SM background events from the original R&D dataset and
inject different amounts of signal (1000 or lower) from the
first 70,000 signal events of the R&D dataset. The amount
of signal in the SR is approximately 76% of the total
injected signal, i.e., Nsig;SR ≈ 0.76 × Nsig. Meanwhile, the
amount of background in the SR is Nbg;SR ≈ 120, 000. The
highest signal injection of Nsig ¼ 1000 corresponds to ≈2σ
significance for the inclusive bump hunt in mJJ (so, below
discovery threshold).
All methods split this primary dataset into training and

validation sets, with 80=20 split for R-ANODE and 50=50
split for IAD and ANODE.3 For IAD, following Ref. [13],
we used an additional 272,000 QCD dijet events in the
SR [26] (with the same split as for data) to train the classifier.
For evaluating Significance Improvement Characteristic
(SIC) curves, we use the remaining 30,000 signal events
from the original R&D dataset, along with the additional
340,000 QCD dijet events in the SR from Ref. [26].
For each Nsig, 10 different datasets are produced by

injecting different randomly selected signal events from the
R&D dataset. These are used to derive error bars on the
performance curves in the figures below.

B. Model architectures and selection

Here, we briefly describe the model architectures and
model selection procedures used in this work. More details
can be found in Appendix A.
In Refs. [12,13], the conditional normalizing flow

models used to fit the data in the SR and SB regions were
masked autoregressive flows with affine transformations
[27,28]. Here, we use the same model for learning pbgðxjmÞ
in the SB, but for learning pdataðxjmÞ and psigðx;mÞ in the
SR (for ANODE and R-ANODE, respectively), we switch

to rational-quadratic spline (RQS) transformations [29]
instead. Using the more expressive RQS transformations
for the data and signal distributions was found to improve
the performance of the methods. Interestingly, using RQS
transformations for fitting the background in the SB led to
worse results. Since RQS transformations are more expres-
sive, it possibly leads to overfitting of the simpler back-
ground and/or interpolation.
For a proof of concept, pbgðm∈SRÞwas estimated using

the mass histograms of each full dataset using SciPy

RV_HISTOGRAM. Even though the full data contain signal,
this should be an excellent approximation to pbgðmÞ under
our assumption that there is no significant excess in the
inclusive bump hunt. In future work, it would be interesting
to also compare this against a proper interpolation of the
mass histogram from the sidebands.
Finally, for the IAD and fully supervised classifier,

we utilize boosted decision trees (specifically a
HistGradientBoostingClassifier from scikit-
learn [30,31]), which were shown in Ref. [25] to be robust
under uninformative features.
For ANODE and R-ANODE, the method is trained on 20

random train/val splits of a given dataset, and for each split,
the 10 epochs with lowest validation losses are selected.
Probabilities from these 200 models (or fewer in the case of
learnable w; see Sec. IV C for details) are ensembled to
obtain the final predictions of the methods. For the IAD, the
model is retrained on 50 random train/val splits of a given
dataset, and the models with lowest validation loss for each
retraining are chosen to ensemble, similarly as in Ref. [25].

C. Performance metrics

The main performance metric we use in this paper is the
SIC. In terms of the signal efficiency (ϵS or true positive
rate) and background efficiency [ϵB or false positive rate
(FPR)], one has

SIC ¼ ϵS
ffiffiffiffiffi

ϵB
p : ð8Þ

The SIC characterizes the improvement to the nominal
significance, using a cut on the anomaly score from a given
method. We will also quote this nominal significance
below, which is given by

significance ¼ SIC ×
Nsig;SR
ffiffiffiffiffiffiffiffiffiffiffiffiffi

Nbg;SR
p : ð9Þ

The latter factor is the nominal significance from the
inclusive bump hunt (i.e., prior to any enhancement from
a resonant anomaly detection method).
In general, the SIC depends on the working point, and we

will exhibit this dependence by plotting SIC vs the signal
efficiency. At lower signal efficiencies, there are large
statistical uncertainties in the SIC values. Hence, we
introduce a cutoff in the SIC curves when the relative
statistical error on the background efficiency exceeds 20%.

2These features correspond to the baseline features defined in
Ref. [25], along with the invariant mass mJJ . We leave exploring
the effects of noisy features and extended set of features for a
future study.

3Following previous work, we use the 50=50 split for ANODE
and IAD. For R-ANODE, we found that the 80=20 split leads to a
better performance as compared to the 50=50 split. We think that
this is because R-ANODE has to explicitly learn the small
amount of signal present in data, and this benefits from a higher
amount of training data.
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It is also useful to quantify the performance at particular
working points. Maximum SIC is defined as the maximum
of all the SIC values above the cutoff for statistical stability.
We also use SIC at FPR ¼ 0.001 to represent a typical,
fixed working point that an experiment might choose in
practice.

IV. RESULTS

We first show the performance of an ideal version of
R-ANODE with the correct value of w ¼ wtrue fixed during
training, for different amounts of injected signal. Then, we
present the results for different fixed values of w for
Nsig ¼ 1000. And finally, we show the results for the case
where we attempt to learn w.
We compare R-ANODE to ANODE, the IAD, and a

fully supervised classifier. For all figures, unless otherwise
mentioned, the curves show the median value and 68% con-
fidence bands for the results obtained by retraining the
methods on 10 different datasets described in Sec. III A
corresponding to different randomly selected signal
injections. Since the upper limit for performance of the
classifier-based data-driven approaches like CWoLA [32,33],
CATHODE [13], CURTAINS [34], etc. is the IAD, we omit the
explicit comparison to these methods. The supervised
classifier sets the upper bound to performance for all
methods on this signal hypothesis. Interestingly, as
observed in Refs. [13,25,34], for these signal injections,
there is a difference in performance between the IAD and
supervised classifier. This is because the IAD is not
actually fully optimal—it is limited by finite training
statistics and finite model capacity. The truly optimal
anomaly detector given by Eq. (1) would be completely
equivalent to the fully supervised classifier, since it would
be monotonic with it [13].

A. Idealized version: Fixing w=wtrue

We study the performance of R-ANODE for different
amounts of signal injections, in the idealized scenariowhere
w ¼ wtrue is held fixed during training. In Fig. 1,we show the
SIC curves for Nsig ¼ 1000 and Nsig ¼ 300 (which corre-
spond to 2.2σ and 0.7σ nominal inclusive significance in the
SR, respectively). In both cases, the R-ANODE (ideal)
method outperforms ANODE and the IAD across a wide
range of signal efficiencies. For Nsig ¼ 1000, R-ANODE
(ideal) nearly closes the gap between the IAD and the fully
supervised classifier.4 Meanwhile, for Nsig ¼ 300, we see
that the gap between R-ANODE and the fully supervised
classifier widens, but the gap with the IAD widens even
further. The IAD suffers relative to the fully supervised
classifier due to limited training statistics, whereas
R-ANODE benefits from not being classifier based and
from its stronger inductive bias.
Next, we examine the SIC values and total achieved

significances at a fixed FPR of 10−3. These are shown in
Fig. 2 as a function of the number of injected signal events,
for the different methods. We see from both plots that R-
ANODE (ideal) achieves a better sensitivity to signal at all
signal strengths and allows us discover the signal at cross
sections that are ∼25% lower than the IAD.

B. Scanning fixed w

Next, we study the more realistic case of scanning across
different, fixed values of w during training. We focus on the
benchmark case of Nsig ¼ 1000 for simplicity.

FIG. 1. SIC curves forNsig ¼ 1000 (left) and Nsig ¼ 300 (right). R-ANODE with a learnable w almost saturates the performance of an
idealized R-ANODE where w is fixed to its true value during training. Both these methods outperform the IAD and ANODE.
The supervised classifier sets the upper limit for performance of all these methods, and at larger signal strengths, R-ANODE saturates
this upper limit before the IAD does.

4Interestingly, R-ANODE even seems to outperform the fully
supervised classifier for a small range of signal efficiencies. This
should not be possible, and it may not be statistically significant,
or it could point to a deficiency of the model architecture chosen
for the fully supervised classifier.
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From Fig. 3, we see that the performance curves and SIC
values are actually quite robust to incorrect choices of w.
We see that only at w-values an order of magnitude
different than wtrue is there some noticeable difference in
the max SIC. At w < wtrue, the trained signal model could
be overestimating regions in phase space where the signal
density is higher than background. This might help it locate
the region with higher signal density easier, which could
explain why in Fig. 3 we see a higher max SIC than wtrue.
At w ≪ wtrue, R-ANODE loses the capability of modeling
the signal, which leads to a sharp decline in performance.
This could be possibly used to put a lower bound on w.
Finally, for w > wtrue, the SIC declines slowly but does not
completely go away. Here, the method is learning to model
the signal in addition to some amount of background. We
expect that as w → 1 the R-ANODE method smoothly
interpolates to the original ANODE method.

C. Learnable w

Finally, we explore what happens if we allow w to be
learned during training. For simplicity, we use the same
optimizer for w as the rest of the signal model; i.e., we just
include w in the list of learnable parameters during training.
For each dataset—as described in Sec. III A—we take

w-values from 20 retrainings and 10 lowest validation
losses from each training. For learnable w, we find that
some trainings converge to extremely low values, below
10−6. For 100,000 events in SR, such low w values
correspond to Nsig < 1. We label these trainings as having
“undetected signal” and choose to exclude them from the
analysis. To do so, we form histograms of the 200 learned
w-values as shown in Fig. 6 of Appendix B. These
histograms show a clearly well separated, bimodal struc-
ture, with one mode corresponding to the undetected signal
case. We therefore devise a simple by-eye cut to remove
this mode for a given dataset. In Appendix B, we explore
other ways of removing this mode.

FIG. 3. For Nsig ¼ 1000, we scan across different w-values,
while holding it fixed during training. The significance improve-
ment is robust for incorrect choices of w; however, the perfor-
mance drops significantly for w ≪ wtrue.

FIG. 4. A comparison between learned w and wtrue for different
Nsig values.

FIG. 2. Left: SIC (at FPR ¼ 0.001) vs Nsig (amount of signal injected to data). Right: total significance achieved (at FPR ¼ 0.001) vs
Nsig. Again, we see that R-ANODE with learnable w matches the idealized R-ANODE with w ¼ wtrue, and both outperform IAD and
ANODE, across a wide range of signal levels.
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The remainingw-values are then averaged toproduce a final
output for the learned w for a given dataset. (The correspond-
ing psig distributions are also averaged as described above, to
produce the anomaly score, etc. in the learned w case.)
In Fig. 4, we show the final learned w vs true w, for a

range of Nsig values. We also indicate the spread of

outcomes across the 10 different datasets as a blue
uncertainty band. We see that for the most part there is
a good agreement between the learned w and true w values.
At larger w, there is a slight downward bias in the learned
w, while at smaller w, there is a pronounced upward bias.
Indeed, for the no-signal fit, the learned w values have an

FIG. 5. Samples for R-ANODE with a learnable w during training, for Nsig ¼ ½1000; 500; 300�. Solid histograms show the true
background (signal) distributions in orange (blue), while black lines indicate the signal distributions learned for different injected signal
amounts. Overall, the qualitative agreement between the learned and actual signal distributions is decent, although the samples clearly
get worse for lower signal injections due insufficiency of training data.
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average value of ≈10−3. According to Fig. 4, our method
with learnable w is unable to detect ≲300 signal events, for
the given amount of background events.
Theundetectabilityofsignalbelowsomethresholdmaybean

irreducible limitation of the R-ANODEmethod with learnable
w, or it could be a byproduct of our decision to exclude the
undetected signal trainings and keep trainings where a nonzero
wwas returned. Ideally, one could devise a data-driven criterion
thatwouldcorrectlyswitchbetweentheundetectedanddetected
signalmodes asNsig decreases.Alternatively, one could stick to
the current procedure and devise a process to quantify the lower
threshold on signal strength in a data-driven way. For example,
one could imagine applying R-ANODE to synthetic back-
ground events sampled from the interpolated sideband model
pbgðx;mÞ, whichmight enable us tomeasure the “floor” forw.
We save such investigations for future work.
As noted in Sec. IV B, R-ANODE as an anomaly detector

is robust to incorrect choices of w. In Figs. 1 and 2, the
R-ANODE performance curves with learnable w are shown
in brown. Although a slight performance drop relative to the
idealized w ¼ wtrue case is seen for lower signal strengths,
overall it is encouraging to see that the performance of the
learnable w case is actually extremely robust and nearly
saturates the ideal R-ANODE performance.

D. Samples from the signal distribution

Using the IAD, one could make cuts on data with the
anomaly score RðxÞ, to obtain the resulting signal samples.
This requires a choice for the cut, which is not necessarily
obvious from data. It also might leave too few signal events
for interpretable distributions. Finally, the distributions one
obtains would in general be biased, since the cut on RðxÞ
preferentially selects signal events that are more overdense
relative to background. In R-ANODE, however, we benefit
from being able to directly (over)sample signal events in an
(in principle) unbiased way.
In Fig. 5, we show a comparison of these signal densities

obtained from R-ANODE (learned) for different signal-
injections.5 We see that the learned signal densities show
good qualitative agreement with the true signal densities and
allow us to get rough estimates on properties of the signal,
like the invariant mass, subjet mass, pronginess of each
subjet, etc. There is a clear degradation in the quality of the
learned signal densities at lower signal strengths. Clearly, an
important future direction here will be to devise data-driven
methods to place uncertainties on these learned distributions.

V. CONCLUSIONS

R-ANODE is a novel method for model-agnostic, data-
driven resonant anomaly detection that sets a new standard for

the state of the art in both performance and interpretability.
The key to R-ANODE is to build inmore inductive bias to the
task of learning the optimal anomaly score. It builds on the
previous approach of ANODE [12], but instead of fitting a
density estimator for the data, it aims to isolate the small
contribution from the unknown signal. By fitting a density
estimator for just the signal component, holding fixed the
backgrounddensity learned from the sidebands,R-ANODE is
able to better approach the optimal anomaly detector, surpass-
ing approaches based on classifiers and weak supervision.
By learning the signal density, R-ANODE allows us to

model the signal distributions directly from data, and this
could be used to simultaneously discover and fully char-
acterize the signal.
One of the issues we have not addressed in this paper and

which we save for a future study is background estimation.
Combining R-ANODE with a bump hunt would require us
to examine the issue of mass sculpting in more detail, as
was done in Ref. [35] for classifier-based approaches.
Alternatively, perhaps the technique of “direct background
estimation” from Ref. [12] could be revisited, or the
uncertainties on the learned w could be properly calibrated
somehow from data. We also plan to investigate the efficacy
of using the direct estimation of w for anomaly detection as
an alternative to the bump hunt.
Another potential issue which we look forward to

exploring further in future work is performance and robust-
ness under the inclusion of additional, noisy high-level
features [25,36]. Perhaps the boosted decision trees-based
density estimator used in Ref. [36] could be beneficial for
this task, while speeding up the density estimation as well.
It will also be important to examine how the performance of
this method varies with different types of signal. Finally, it
will be very interesting to go beyond high-level features
and implement the R-ANODE method on the full phase
space of jet constituents [37], where classifier-based
approaches are especially challenged.
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APPENDIX A: IMPLEMENTATION DETAILS

The background model pbgðxjmÞ is the same as in
Refs. [12,13]: a masked autoregressive flow with affine
transformations [27]. It contains 15 masked autoencoder
for distribution estimation blocks, with each block con-
sisting of one hidden layer of 128 nodes. We train the
density estimator using PyTorch [40] in the SB region for 100
epochs with the ADAM optimizer [41], with a learning rate
of 10−4, batch size 256, and batch normalization with a
momentum of 1.0. The base distribution chosen is unit
normal. The SB data are split into a training-validation split
of 50=50, and models with 10 lowest validation losses are
selected. The probabilities obtained from these 10 models
are averaged to obtain pbgðxjmÞ.6
For psigðx;mÞ (fit to data in the SR only), we use RQS

transformations [29] with six masked autoencoder for
distribution estimation blocks, with each block consisting
of two hidden layers with 64 nodes, dropout 0.2, and
batch normalization is applied in between layers. The same
model is also used for pdataðxjmÞ in the SR for ANODE.
The RQS models for all cases are trained with a unit normal
base distribution and a learning rate of 0.0003 with the
ADAMW [42] optimizer, with a batch size of 256 for 300
epochs. The train/val split and ensembling of psig and pdata

were described in Sec. III B. We select the lowest validation
losses to avoid overfitting, and our ensembling avoids
selecting the lowest loss from a single training as a
downward fluctuation.
For the IAD and the fully supervised classifier, we train

HistGradientBoostingClassifier with default
hyperparameters for 200 epochs, similarly as in Ref. [25].

Similarly as in Ref. [13], the features x in the SB are first
shifted and scaled so that x∈ ð0; 1Þ, logit transformed, and
then standardized with mean 0 and variance 1. The same
preprocessing parameters from the SB were reused for the
SR, for all the methods. For R-ANODE and supervised, the
mass is centered around zero, by subtracting 3.5 from all
mass values.

APPENDIX B: TRAININGS
WITH UNDETECTED SIGNAL

As mentioned in Sec. IV C, Fig. 6 shows the full
histograms of learned w values, for different Nsig values
(single dataset only). The undetected signal trainings where
w converged to zero (up to machine precision) are clearly
seen in the bimodal histograms. The cuts shown in Fig. 6
(red dashed lines) are based on by-eye estimates, performed
for each dataset, and all the results for R-ANODE (learned)
are based on models corresponding to w-values surviving

FIG. 6. Histograms of all 200 learned w values for three choices of Nsig (single dataset only). We see a clearly separated bimodal
structure, with undetected signal trainings clustering at the low end (zero up to numerical precision). The red dashed lines are our
thresholds selected by eye, for trainings with undetected signal; w values below these thresholds are rejected. Similarly, applying
K-MEANS results in two clusters shown in blue and green; the w values in the blue cluster are discarded. The by-eye determined
thresholds and K-MEANS clustering algorithm are applied independently to each dataset.

FIG. 7. A comparison between learned w and wtrue for different
Nsig values, after a by-eye cut, K-MEANS cut and without any cut.

6For simplicity, we use the same background model, obtained
from a Nsig ¼ 1000 case, as pbgðxjmÞ for all signal injections.
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above these cuts. We also investigated clustering all 200w
values for each dataset into two clusters using K-MEANS

clustering [43]. Figure 6 shows the resulting clusters (in
blue and green). We discard the w values in the cluster with
lower mean as undetected signal. Figure 7 compares the

w values obtained from K-MEANS, the bye-eye cut, and
without any cut. We found that not imposing any cut
underestimates the w compared to when unphysical w
values are removed. Both the by-eye cut and K-MEANS

clustering result in similar w values.
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