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The phase space of hadron collider events spans hundreds of dimensions, generating an intricate
geometry that we are just starting to explore. The number of possible new physics signals is exponential in
the number of dimensions and detecting all of them is currently impossible for any human or artificial
intelligence. In this work we introduce a method to search for new physics model independently in this
high-dimensional space. It is based on the measurement of the most basic property of the manifold of
collider events, its dimensionality. Our proposed technique does not suffer from a look-elsewhere effect that
grows exponentially with the number of dimensions of the dataset, and by construction is insensitive to
energy scale uncertainties. We illustrate its potential by finding new physics in simulated events with
hundreds of phase space dimensions, taking as input single particles rather than jets. This study sets the
stage for new model-independent search strategies based on global properties of collider data manifolds.
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I. INTRODUCTION

Proton-proton collisions at the Large Hadron Collider
(LHC) fill the detector with hundreds of particles, populat-
ing a highly complex manifold1 in their phase space.
Identifying all potential new physics signals within this
manifold is extremely challenging and goes beyond what
traditional analysis strategies or novel machine-learning
approaches can reliably achieve. In this work we propose a
methodology that allows us to take a first step in the search
for new physics with hundreds or even thousands of
observables, when the signal model is unknown.
Our approach is based on the measurement of the

number of intrinsic dimensions of phase space. To derive
this quantity from data we need to define a metric on this
space. In this work we use the energy mover’s distance
(EMD) proposed in [1], which connects to several known
collider observables [2] and allows a transparent interpre-
tation of our results in terms of measurable energy scales.

We compute the intrinsic dimension of the data manifold
using a nearest-neighbors estimator [3–6] described in
Sec. II, and we refer to the resulting observable as the
nearest neighbor intrinsic dimension (NNID) to distinguish
it from other existing ways to measure the intrinsic
dimension of a dataset (see [7,8] for a review).
Our proposal has been developed in the context of a

growing interest in the geometry of collider events. New
observables were presented in [2,9,10], a series of optimal
transport distances between energy flow distributions
were introduced in [11–13], and a number of applications
have followed. In particular, a different notion of intrinsic
dimension, compared to the one used in this paper,
was applied to jets in the CMS open data in [14,15] and
other strategies for new physics searches were discussed in
[16–18]. We comment in detail in Sec. II on the differences
between our notion of intrinsic dimension, the correlation
dimension used in [1,14,15], and other estimators for the
dimension of a data manifold.
Additionally, the EMD has been used to speedup collider

computations [11,12,19,20] and classify jets [21]. A
covariant description of N-body phase space has been
introduced in [22] and has led to the definition of a
Riemaniann metric on this manifold in [23,24].
From this discussion it is clear that we are not the first

ones to take a “global look” at collider events, but we still
want to focus on the most basic property of the phase space
manifold, its dimensionality. There are multiple reasons to
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1Without any infrared regulator this is not a real manifold. Its
dimension is unbounded due to the emission of infinitely many
soft photons. However the detector itself regulates the divergence.
We thank J. Thaler for pointing this out to us.
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make this choice. First of all, to the best of our knowledge,
we are the first to use the intrinsic dimension of the data to
search for new physics. This approach has several quali-
tative advantages, that we detail below, over existing
model-independent searches in high-dimensional spaces.
Besides, the NNID that we discuss in this paper, which is

well known in computer science [3,5,7,25–31] and stat-
istical physics [32,33], can be computed from a maximum-
likelihood procedure founded on solid statistical principles,
with well-understood convergence properties [34].
Finally, in its simplest form the NNID is dominated by

the shortest distances in the dataset as opposed to the
correlation dimension used in [1,14,15], which is domi-
nated by the largest distances. Furthermore, one can
generalize its simplest definition to explore the kinematics
of the phase space manifold at different energy scales.2

After introducing the intrinsic dimension and its proper-
ties in Sec. II, in Sec. III we build a test for new physics
based on it, which includes also information on the average
distance between neighboring points in phase space. In
Sec. IV we find that our test is sensitive to a wide variety of
signals, to the point that it can be considered a model-
independent search for new physics. Any signal that we
have tested has a characteristic shape for its intrinsic
dimension as a function of energy that differs from the
Standard Model (SM), even when the kinematics of the
events are similar.
A large number of model-independent new physics

search strategies exists in the literature [16,35–142].
Most of them have been developed in the last decade in
response to the tension between our theory priors and LHC
results. Theoretical considerations (as the electroweak
hierarchy problem) led us to expect new physics at the
LHC, but hundreds of experimental searches have mea-
sured only the SM.
There are several qualitative differences between our

approach and other existing ideas. To better understand the
main difference, it is useful to divide existing techniques
into two broad categories. The first one, developed for
instance in [37,45,64], consists in choosing a fixed analysis
strategy, which is independent of the dimensionality of the
dataset. A concrete example could be: “Take the two
leading muons in the event and search for a bump in their
invariant mass.” This example greatly oversimplifies the
ideas in [37,45,64], but captures their two basic features:
they do not suffer from a look-elsewhere effect that
increases exponentially with the number of dimensions,
but they are insensitive to large classes of signals. The
second category, which includes [38,50,99], lives at the
opposite end of the spectrum. It is sensitive to essentially
any signal in the dataset, but suffers from a correspondingly

large look-elsewhere effect. Techniques based on autoen-
coders, such as [41,42,78,139] or a pretraining dimension-
ality reduction step [141–145] can live in either one of the
two categories, depending on their implementation. If the
number of features extracted in the dimensionality reduc-
tion step is increased with the input dimension,3 then we
have a strategy in the second category, with an exponential
increase of the look-elsewhere effect. If instead this number
is fixed, the analysis strategy falls in the first category, i.e.,
the look-elsewhere effect is kept under control, but at the
price of reducing the number of signals that one is sensitive
to. We explain this point in more detail in Sec. IV D.
Our methodology is conceptually similar to the first

category of techniques, since it is a fixed analysis strategy,
independent of the dimensionality of the dataset, and does
not suffer from a large look-elsewhere effect. The strategy
is essentially the comparison of the NNID, and of distances
in phase space, between different datasets as a function of
energy. We are choosing ab initio a handful of fixed
observables and using them to distinguish signal from
background, so by construction we are not sensitive to any
possible signal in the dataset. However, this methodology
ends up being much more flexible than most existing
techniques, because the NNID captures any subtle differ-
ence in kinematics between the SM and new physics, well
beyond “bumps,” “tails,” or other features that one typically
looks for, as discussed in Sec. IV. The approaches in
[141,142] are quite similar in their final goal, but quite
different in terms of implementation. The observables used
there are selected using contrastive learning from a higher-
dimensional set of input features defined on a event-by-
event basis, while we rely on global observables that are
only defined on the whole dataset.
A second unique feature of our new physics test is its

robustness against an important set of systematic errors. As
we discuss in Sec. II the NNID is measured from a set of
ratios of dimensionful quantities. This makes it completely
insensitive to energy scale uncertainties. Additionally, it
involves an average over the dataset and this strongly
reduces the impact of energy and angular resolution effects.
We demonstrate these properties in Sec. IV.
It is important to point out that our search strategy is not

designed for precision searches in the sense of high energy
physics, since we need at least one dimension of the dataset
to be observably distorted compared to the SM prediction.
We are not looking for a part in 105 effect on top of a SM
distribution that has already been studied in great detail, but
rather for signals with large significances. Nonetheless our
technique is designed to solve the small signal-over-back-
ground problems in high-dimensional spaces that are
relevant to high energy physics, where the signal can be
rare, weakly expressed, and embedded in the data manifold.

2This can be done also with correlation dimensions [1,14,15],
but we find in toy models that the NNID better captures the short-
distance physics.

3This is done to reliably describe the null hypothesis, i.e., the
SM.
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We want a framework to analyze datasets with hundreds
or thousands of phase space dimensions, which can go
beyond clustering jets and, if possible, even reconstructing
tracks. Large signals (in terms of statistical significance)
could still be hiding in these spaces, since at the LHC we
essentially reconstruct what we know, i.e., well-behaved
tracks4 of particles with charge ∼� 1 without long-
range correlations that are then clustered into well-behaved
anti-kT jets. Any light new physics creating correlations
between tracks, jets, or constituents of different jets, or
deforming them could still be hiding in the data.5 We
consider the intrinsic dimension the natural first step to
detect these signals. In this work, as a first test and to
develop some analytical intuition, we study the perfor-
mance of this technique on more traditional signals, but its
real goal is to find new physics that we might not even have
imagined yet.

II. INTRINSIC DIMENSION
FROM NEAREST NEIGHBORS

Consider a sample of D-dimensional vectors fxlgNl¼1,
where each vector is drawn from a probability distribution
having support on a submanifold of dimension d ≤ D. Our
goal is to estimate d from the data without prior knowledge
of their probability distribution. Here, we focus on nearest-
neighbor based estimation methods [3–6], although other
approaches are possible (see [7,8] for a review). We choose
nearest-neighbor estimators because they are grounded on a
firm statistical foundation, allowing for exact asymptotic
results and a simple interpretation.
We assume that locally the probability density function

(pdf) of our dataset on the support of dimension d is
constant. In practice we are taking a small neighborhood of
a point in the dataset and keeping only the constant term in
a Taylor expansion of the pdf. We then imagine having
enough points in the dataset that this constant value does
not fluctuate appreciably when we choose different starting
points. Notice that this assumption is needed if we want
to measure d, but it is not needed for our new physics
search strategy in Sec. III. In that case we want to identify
an observable that distinguishes signal from background,
but does not necessarily have to be equal to d, even in
expectation value. In practice, when searching for new
physics, we compute a property of the manifold that
converges to d when N → ∞, but in some cases we
purposefully stay away from this asymptotic limit. The
N → ∞ limit sees any contribution to d including spurious
dimensions introduced by the finite momentum and angular
resolution of the detector. In a realistic setting, with finite
detector resolution and systematic uncertainties, the “true”

dimension d of the manifold also includes these effects. As
a simple illustration, consider 2 → 2 events with on-shell
final-state particles. When the initial energies are fixed, as
at a lepton collider, the kinematics span only two dimen-
sions in phase space so d ¼ 2. At a hadron collider, by
contrast, the initial parton energies are not fixed, and the
same final state spans four dimensions so6 d ¼ 4. However
a finite momentum resolution of our detector makes d → 6.
If the particles have momenta much larger than the detector
resolution, these noise directions are significantly smaller
than the physical ones, and one may avoid the asymptotic
small-scale limit of the estimator to reduce detector effects
on the measurement of d. More details on this point are
given in Sec. II A.
For now we set aside this discussion and focus on the

measurement of d in the limit where the pdf ρ is constant. In
this limit the number of points falling within a sphere of
radius rwith center xk can be thought of as a realization of a
homogeneous Poisson process with constant intensity
function ρ, i.e., the probability of finding m points within
the sphere of volume VðrÞ is

Pðm; r; ρÞ ¼ ðρVðrÞÞm expð−ρVðrÞÞ
m!

;

VðrÞ ¼ πd=2rm

Γðd=2þ 1Þ : ð2:1Þ

The number of points in the hyperspherical shells between
any consecutive neighbors is independent and identically
distributed exponential random variables, with constant
parameter ρ [5,154].
To remove any dependence on the unknown dimension-

ful variable ρ, one can consider the dimensionless ratio
between the distance of point xk to its jth and ith nearest
neighbors (j > i),

μk;ij ≡ rk;j
rk;i

: ð2:2Þ

Expressing μk;ij in terms of the volume of the hyper-
spherical shells, it is then straightfoward to obtain its
probability distribution [155],

fðμk;ij; dÞ ¼
dμ−id−1k;ij ð1 − μ−dk;ijÞj−i−1

Bðj − i; iÞ ; ð2:3Þ

where B denotes the Euler beta function. As promised,
Eq. (2.3) does not depend on the unknown variable ρ, but
it has an explicit dependence on the parameter d that
we want to estimate. It is therefore natural to construct

4For an alternative approach to the problem that seeks to
reconstruct nonhelical tracks see [146].

5Although a number of efforts in this direction has been made
in the context of specific models [147–153].

6At a lepton collider one may parametrize the configuration by
the two angles θ and ϕ of one of the final-state particles, while at a
hadron collider one must additionally specify the total energy and
rapidity of the two-particle center of mass.
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the negative log likelihood,

Lij ¼ −
XN
k¼1

log fðμk;ij; dÞ ¼ −N log d

þ ð1þ idÞ
XN
k¼1

log μk;ij − ðj − i − 1Þ

×
XN
k¼1

log ð1 − μ−dk;ijÞ; ð2:4Þ

where the sum extends over all points in the dataset. The
likelihood in Eq. (2.4) can be minimized to obtain the
maximum likelihood (ML) estimator d̂i;j for the intrinsic
dimension d. In principle any choice of i, j is measuring the
same value of d and should give the same result, but this is
true only asymptotically (N → ∞), when ρ is truly constant
across the dataset. For the specific case j ¼ iþ 1 the
minimization can be carried out analytically, resulting in

d̂i;iþ1 ¼
N=iP

k log μk;iðiþ1Þ
;

E½d̂i;iþ1� ¼ d
N

N − 1
: ð2:5Þ

In general Eq. (2.4) should be minimized numerically, but
the particular choice of j in Eq. (2.5) allows one to compute
d̂i;iþ1 from first principles in QCD as was done in [15] for a
different notion of intrinsic dimension. For i ¼ 1, d̂i;iþ1 in
Eq. (2.5) is the same as the two nearest neighbors estimator
originally introduced in [5], although here we obtain it from
a ML principle rather than a fit to the empirical cumulative
distribution function (CDF) of μ.
To better understand our estimator for d for collider

events, it is important to recall the definition and the
properties of the metric that we have chosen. The EMD
introduced in [1] has dimensions of energy and measures
the distance between two events EA;B. Here by events we
mean collections of three momenta of massless particles,
and in practice we use for each particle its pT , y and ϕ
coordinates, since we are mainly considering applications
to hadron collider physics. The EMD is the minimum
amount of “work” needed to move all the particles in event
EA so that the event is rearranged into event EB. Formally it
can be obtained via the minimization process

EMDðEA; EBÞ ¼ min
fξkmg

X
k;m

ξkm
θkm
R

þ
�����
X
k∈ EA

Ek −
X
m∈ EB

Em

�����;
ð2:6Þ

subject to the constraints

ξkm ≥ 0;
X
k∈ EA

ξkm ≤ Em;

X
m∈ EB

ξkm ≤ Ek;
X
k;m

ξkm ≤ Emin: ð2:7Þ

In the above equations we have introduced a dimensionless
parameter R, which sets the relative importance of the two
terms in the EMD. We have also used the angular distance
between two particles

θkm ≡
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðyk − ymÞ2 þ ðϕk − ϕmÞ2

q
ð2:8Þ

and the minimal energy Emin ¼ minðEEA ; EEBÞ, where EEA;B
are the total energies in the two events.
One can show [1] that the EMD is a true metric that

satisfies the triangle inequality as long as θkm is a metric
and R ≥ θmax=2, where θmax is the largest angular distance
in the dataset. Additionally the EMD is an infrared and
collinear safe observable [1].
Note that the EMD is not the only possible definition of

distance between collider events and more recent proposals,
such as [156,157], reduce the minimization in Eq. (2.6),
which is a two-dimensional optimal transport problem, to a
one-dimensional problem that can be solved analytically.
However in this work we use Eq. (2.6) since it allows a
simple physical interpretation of our results, which is
needed to construct the new physics search strategy in
Secs. III and IV. We leave to future work the exploration of
different definitions of distance for the estimation of
the NNID.
For us the most relevant feature of Eq. (2.6) is that small

values of the EMD correspond to small energy differences
and small spatial separations on the collider “celestial
sphere.” Similarly, large EMDs correspond to large energy
differences and spatial separations.
We are now ready to develop some intuition on our

intrinsic dimension estimator d̂i;j. From now on we focus
on the estimator evaluated for j ¼ 2i, that we call d̂i,

d̂i ≡ d̂i;2i: ð2:9Þ

This choice gives a small statistical error (i.e., a stable
estimate for d) over the largest range in i (and hence energy
scales), as verified empirically in [6] and confirmed by our
studies of the models in Sec. IV.

A. Properties of NNID estimators at finite N

Consider the estimator d̂i in (2.9). As we increase i at
fixed N we are looking at the phase space manifold from
farther and farther away, progressively becoming insensi-
tive to small energy differences and spatial separations, so
there is some optimal value of i that cuts out all detector
effects. For example, a finite resolution in energy can
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introduce a fictitious small dimension that we might want
to get rid of.
If we take i large enough the manifold will appear to us

as a pointlike object. Therefore, even if d̂i;j is independent
of i, j asymptotically (that is for N → ∞), at fixed N we
expect d̂i;j → 0 as i grows. This can be useful to filter out
noise, but also to explore the kinematical features of our
events at different energy scales. At the qualitative level, we
expect d̂i;j → d, independent of i, j, whenN → ∞, because
in that limit more and more points are added at short
distances and any finite choice of i, j is probing infini-
tesimal distances in the dataset. Therefore in the asymptotic
limit d̂i;j converges to the result that a “perfect short-
distance observer” would measure.
If we want to retain the dependence of d̂i on the energy

scales in the dataset also in the asymptotic limit, we can
compute it at fixed i=N rather than i. We can justify
quantitatively the choice of varying i=N rather than i as
follows. The pdf of the distance rl between a point and its
lth neighbor is [155]

fðrlÞ ¼
d

rlðl − 1Þ! ðρωdrdl Þl expð−ρωdrdl Þ; ð2:10Þ

with ωd the volume of the d-dimensional sphere of unit
radius. From Eq. (2.10) one has E½rl� ≃ ðl=ρωdÞ1=d, so that
on average rl=rN ≈ ðl=NÞ1=d. If we imagine that rN is
bounded by the kinematics and varies slowly with N,
eventually saturating in the asymptotic limit, by fixing the
proportions i=N, j=N we are probing fixed distances in the
dataset. This should lead to curves that are compatible
between datasets with different number of points and
retains the dependence of d̂i on the energy scales in the
dataset also in the N → ∞ limit. We verify this intuition on
the models studied in Sec. IV.
The last property of d̂i that we want to highlight and we

are going to use in Sec. III is its distribution in the
asymptotic limit. In the N → ∞ limit, the estimators d̂i;j
minimizing Eq. (2.4) are expected to follow a multivariate
Gaussian distribution under standard regularity conditions.
For the case j ¼ iþ 1, this is easily seen and follows
directly from the central limit theorem and delta method
applied to (2.5) [158]. For the vector of estimators d̂ ¼
ðd̂i1;j1 ; d̂i2;j2 ;…ÞT across different ði; jÞ pairs, joint asymp-
totic normality follows from multivariate M-estimator
theory [159,160]. Asymptotically

ffiffiffiffi
N

p ðd̂− d0Þ→Nð0;ΣÞ,
where the covariance matrix Σ accounts for correlations
arising from shared data points and nearest-neighbor
relationships across different ði; jÞ pairs. This is true under
“physically sensible” regularity conditions, including finite
second moments of log μk;ij, existence of the Jacobian, and
nonsingularity of the Hessian matrix of (2.4) at the true
solution d0.

In all the cases discussed later, we empirically verify the
normality of our estimators before using this property in
any new physics search.
To summarize, when performing the new physics search

described in Sec. III we are going to compute our estimators
d̂i as a function of i=N for two reasons: 1) to make them
comparable across different datasets, 2) to retain the depend-
ence on i (and thus on energy scale) also in theN → ∞ limit.
Additionally we are going to verify that the entries of the
vector fd̂igi¼1;…;N follow a joint normal distribution that we
then use to compute significances.

B. Comparison with existing work

We can compare the NNID to the correlation dimension
computed in [1,14,15] and other strategies commonly used
to measure the dimension of a dataset. First of all we recall
the broader context of dimensionality reduction. A number
of methodologies [161–166] define a loss function that is
essentially a projection error and then try to minimize it.
The dimensionality of the sample is inferred from dis-
continuities in the eigenvalues of the loss function. These
ideas face serious difficulties when trying to define the
notion of discontinuity for a function (the spectrum of
eigenvalues) defined over discrete values.
We take the alternative point of view that the data are

sampled from a high-dimensional “intrinsic manifold” and
we estimate their dimensionality from that of its tangent
space at each point. Fractal methods, as the one used in
[1,14,15] to measure the correlation dimension of jets, are
another application of the same logic. Fractal methods rely
on the intuition that the number of points in a sphere of
radius r should grow as rd for constant density. Their main
drawback is that an accurate estimate of the dimension
requires a number of data points that grows exponentially
with d, as discussed in [167,168].
In practice, correlation dimensions have a hard time

reproducing the dimension that a “UV observer” with
access to the shortest distances in the dataset would
measure. This would be the number that we are interested
in if we wanted to know how many neurons we need in the
latent space of an autoencoder, or how many additional
degrees of freedom one needs to describe a jet compared to
the three components of the momentum of a massless
parton. The correlation dimension in [1,14,15] captures a
different and physically interesting property of a dataset. It
was shown to measure the logarithmic increase in the
number of jet constituents as one decreases the jet energy
scale [14]. In the regime considered in [1,14,15] it is
essentially measuring the entropy in the dataset. The NNID
is instead insensitive to the density of points, and thus
the entropy of the dataset, as long as the density is constant
on the scale defined by the typical distance to the jth
neighbor.
A second comparison worth exploring is the dependence

of the dimension on the typical energy scales in the

INTRINSIC DIMENSION OF COLLIDER EVENTS AND MODEL- … PHYS. REV. D 114, 016022 (2026)

016022-5



problem. The correlation dimension of [1,14,15] was
defined as

dCðrmaxÞ ¼
d

d log rmax

X
1≤A≤B≤N

Θ½EMDðEA; EBÞ < rmax�;

ð2:11Þ

where N is the total number of events and rmax an energy
scale. The value of dC strongly depends on the choice of
rmax, i.e., the largest distances (energy scales) that we
include in its calculation. Instead, the NNID estimator
based on the two nearest neighbors (j ¼ iþ 1 ¼ 2) is
insensitive to rmax. As discussed before, we can introduce a
dependence on the energy scale in the NNID by consid-
ering different values of i, j, i.e., using farther neighbors of
each point to estimate the dimension of the dataset. If we do
this, we should recover the intuition discussed above, i.e., at
large i, j the dimension goes to 0, as if we were looking at
the manifold from farther and farther away, while for the
closest neighbors (i, j ¼ 1, 2) we should recover the result
that we would expect based on first principles, when one
has a perfect knowledge of the dataset. We illustrate these
points in the toy example below.

C. The Swiss roll as a toy example

We consider here a toy example consisting of a Swiss-
roll manifold to make all our statements more concrete and
easy to visualize. The Swiss roll is a two-dimensional
manifold embedded in a three-dimensional space. It is
parametrized by

x⃗SR ¼ ðt cos t; t sin t; zÞ; t∈
�
3

2
π;
9

2
π

�
; z∈ ½0; 21�:

ð2:12Þ

We show a sketch in Fig. 1. The (Euclidean) distance
between consecutive spiral windings in the x-y plane is 2π,
that together with the extension along z sets the typical
length scales of the manifold.
We add some noise to this manifold in the form of a

random vector extracted from a normal distribution with
mean zero and unit variance, rescaled by a factor δ,

x⃗ ¼ x⃗SR þ δ · x⃗G;

x⃗G ∼N ð0⃗; diagð1; 1; 1ÞÞ: ð2:13Þ

In this way, when δ ¼ 0 the manifold is genuinely two-
dimensional, while δ ≠ 0 “fills” the spiral and makes it
three-dimensional. Later we will choose δ ¼ 0.5, 1, cor-
responding to a ≈10%; 20% noise with respect to the
typical length scales of the spiral.
We first compare the NNID for the closest nearest

neighbors d̂1 to the correlation dimension by computing
both under the constraint on the distances r ≤ rmax. We
employ the Euclidean distance, and to obtain confidence
bands we use 100 datasets each comprised of 104 points.
The result, reported in Fig. 2, shows that the NNID (dotted
bands) is independent of the largest distances in the dataset
and always sees either a two-dimensional manifold (when
δ ¼ 0) or a three-dimensional manifold (when δ > 0). The
correlator dimension dC (solid bands) at large rmax sees a
pointlike object, then as rmax decreases it starts resolving
more features of the Swiss roll and therefore increases. It
peaks around rmax ≃ 6–7, the length scale of the spiral,
where it can not yet resolve the substructure of the manifold
and sees it as a filled cylinder. Then, as we further lower

FIG. 1. Sketch of a Swiss-Roll manifold.

FIG. 2. Comparison of the correlation dimension dC (solid
lines) and the NNID (dotted lines) for a Swiss roll. The NNID is
computed at i ¼ 1 and j ¼ 2 and by definition is insensitive to
cutting the largest distances in the dataset. The parameter δ,
defined in the text, quantifies the thickness of the Swiss roll. The
shaded areas give the 95% CL interval for the two estimators.
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rmax, it starts resolving the spiral structure and slowly
converges to the true result.
At very small values of rmax both measurements of the

dimension break down, because we do not have enough
points in the dataset for a reliable estimate. For example, in
the case of the NNID we are starting to cut out of the dataset
the nearest neighbors used for the estimate. It is interesting
to notice that the NNID knows that it is failing (i.e., the
error bands get larger and larger as we decrease rmax), while
the same is not true for the correlation dimension dC.
To illustrate the dependence of d̂i on i that we introduced

earlier, we plot in Fig. 3 the NNID estimator against the
average distance between a point and the nearest neighbor
used in the estimate (r̄i), in turn averaged over our 100
datasets. In practice, when varying r̄i on the x axis of the
plot, we are changing the nearest-neighbor number i in the
NNID estimation (with fixed j ¼ 2i). We truncate our lines
at the value of r̄i below which there are no more neighbors.
We observe a dependence of the NNID on distance that

resembles the behavior of dC as a function of rmax in Fig. 2,
and the qualitative description of the curve is the same.
Interestingly, however, our estimator remains stable even
when probing the smallest distances in the dataset, unlike
dC, which diverges in that regime. In fact, our estimator
correctly converges and stops at di;2i ¼ 2 in the case of no
noise and at di;2i ¼ 3 when noise is present.

III. A MODEL-INDEPENDENT
NEW PHYSICS TEST

The NNID of events with a fixed number of particles is
well defined and can in principle be computed on a piece of
paper, simply from kinematics. Consider, for example, a

generic 2 → n scattering process with no on-shell media-
tors and in which the masses of all the particles are known,
as well as the 3-momenta of the incoming ones. If we can
measure the momenta of m ≤ n of the outgoing particles,
simple kinematic considerations set d ¼ minð3n − 4; 3mÞ.
Suppose, however, that some of the final momenta are

correlated; for example, because two of the m particles in
the final state come from a new intermediate on-shell
particle X that decays promptly. This reduces the dimension
of the support manifold by 1, since the momenta of the
decay products satisfy ðp1 þ p2Þ2 ¼ m2

X. Hence, the mea-
sured NNID in the data will be lower than the naïve SM
expectation, potentially revealing the presence of new
physics.
In reality, things are much more complicated. Even if we

just consider the simple example above, without system-
atics or detector effects, our new particle X has some finite
width ΓX, and the kinematical constraint ðp1 þ p2Þ2 ≃m2

X
does not eliminate one dimension, it just shrinks it to a size
of order ΓX. If we know ΓX in advance we can choose
the appropriate i, j in the estimator di;j so that we are
insensitive to energies smaller than ΓX. However, if we
want to design a model-independent search strategy, we
will not know ΓX in advance, or even the nature of the
kinematical constraints in the beyond the standard model
theory, which is hiding in the data.
Additionally, every measurement has an associated exper-

imental error. This source of noise introduces fictitious
dimensions that make the empirical estimate of the NNID
deviate from the kinematical one and introduce new energy
scales in the problem. Furthermore, hadron collider events
coming from the same high-energy scattering process do not
have a fixed number of particles due to pileup, particles from
the underlying event, initial state radiation (ISR), final state
radiation (FSR), and the stochastic nature of the quantum
mechanical processes in jet showers. Even if we could isolate
two quarks with exactly the same momentum in two
different events, the two reconstructed jets would not contain
the same number of particles.
In practice the best strategy to find new physics does not

seem to analytically predict the NNID of a given class of
events or its dependence on i, j and compare it with the
data. We should rather leverage the differences in NNID
between different processes as a function of energy scale
(or in practice of i=N, j=N) to detect new physics.
To do it we first construct a reference sample of events

that describes our null hypothesis (i.e., the SM). This can be
done in several ways, depending on our final goal:
(1) We take a data sample and split it into subsamples

that were collected by the detector at different times.
One is the reference and by testing its compatibility
with the others we can perform data quality mon-
itoring tasks.

(2) We exploit the approximate symmetries of the SM,
as proposed in [169]. For example we take a data

FIG. 3. Intrinsic dimension of a Swiss roll for different choices
of the noise δ, i.e., its thickness. On the x axis we show the
average distance of the ith neighbor, on the y axis the NNID
calculated at j ¼ 2i. The shaded areas give the 95% CL interval
for the estimator. We truncate our lines at the value of r̄i below
which there are no more neighbors.
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sample that contains at least one high-quality elec-
tron and compare it with another sample containing
at least one high-quality muon, after correcting for
detector effects.

(3) We generate the reference sample by simulating the
SM using Monte Carlo (MC) methods.

The first strategy is straightforward to implement, but its
applicability to new physics searches is limited. The second
strategy is purely data driven and can be used to compare
complex datasets without clustering jets. It does not allow
one to probe every possible new physics signal, but it is still
quite flexible, as one can repeat the exercise with all sorts of
different datasets (two electrons vs two muons, three
electrons vs three muons, and so on). Additionally, we
remind the reader that we are not doing a precision search
in the sense of high energy physics, but rather looking for
signals with small S=B, but potentially large significances,
hiding in the large dimensionality of the space, so the
systematic error associated with replacing a muon with an
electron is a small effect for us.
The last strategy is the most flexible, i.e., the one that is

sensitive to the largest number of new physics signals, but
requires a reliable MC simulation. We do not view this as a
real drawback, for two reasons. On the one hand MC
simulation has progressed a lot since the early days of the
LHC, to the point that it is routinely used in precision
measurements [170,171]. Secondly, we do not need to
simulate the SM with high accuracy, as the dimension of
the dataset is a robust quantity, as we demonstrate in
Sec. IV. Its sensitivity to new physics degrades only slightly
going from parton-level to detector-level events, it is not
affected by momentum scale uncertainties and only mildly
by momentum resolution effects, even if at detector level
we use hundreds of particles to compute the NNID as
opposed to the few partons coming out of the hard collision.

A. Statistical test

Equipped with the information contained in the NNID
estimators d̂i and in the neighbor distances r̄i, one can
perform model-independent searches for new physics. Here
we consider the simplest possible implementation of such a
test, which has the virtue of being easy to interpret and
computationally very efficient in the calculation of sig-
nificances, since it exploits analytic results in the asymp-
totic limit. In the previous sections we have described at
length the NNID and its properties, but in the test we
include also information on the average distance between
neighbors r̄i. Its properties have already been studied in [1].
For our purposes it is sufficient to recall that since r̄i is an
average we also expect it to follow a Gaussian distribution
asymptotically.
Our test compares NNID and r̄i, as a function of i=N,

between collider data and a reference hypothesis (the SM).
We consider a single collider dataset, while the reference
ensemble is split into smaller subsamples and used to

estimate the mean and covariance under the null hypothesis
of the asymptotic Gaussian distribution of NNID and r̄i.
The test then quantifies the compatibility of the exper-
imental data with the reference distribution. We leave to
future work the study of more elaborate approaches that can
further optimize this procedure, for instance by feeding the
information on d̂i, r̄i, or related quantities into machine-
learning algorithms.
For concreteness, let us focus on the NNID. We denote

by fdkgnk¼1 a reference set of m-dimensional NNID vectors
computed from n datasets, where n > m, sampled from the
same reference distribution under identical conditions, and
by d0 an m-dimensional vector computed from the exper-
imental data, whose compatibility with the reference set we
want to test. The m entries of the vectors are populated by
varying i=N in the NNID computation.
In Sec. II we assumed the probability density of points to

be locally constant and then derived from this assumption a
series of properties for the NNID estimator. This was useful
to set the stage for the new physics search presented here.
However it is important to keep in mind that even when this
initial assumption breaks down, our new physics test can
still be performed as described in this section.
Even if ρ is not constant across the dataset, the random

vector d can still be distributed as a multivariate normal
random variable with mean μ and covariance matrix Σ,
d ∼N ðμ;ΣÞ. Call μ̂; Σ̂ the parameters empirically esti-
mated employing the n datasets associated to the reference
distribution, and call T̂2 the would-be χ2,

T̂2 ¼ n
nþ 1

ðd0 − μ̂ÞTΣ̂−1ðd0 − μ̂Þ: ð3:1Þ

Under the null hypothesis, namely d0 ∼N ðμ;ΣÞ, the
variable F≡ T2ðn −mÞ=ðmðn − 1ÞÞ follows an F distri-
bution with ðm; n −mÞ degrees of freedom, F ∼ Fm;n−m
[172].7 This can be regarded as a generalization of the
familiar Student’s t distribution. Note that in the limit
n → ∞, T2

n;m → χ2m.
A p value for the compatibility between the reference

model and the new data can be computed simply as

p ¼ PðF ≥ F̂Þ F ∼ Fm;n−m; ð3:2Þ

and then converted in the more familiar signifi-
cance Z ¼ Φ−1ð1 − pÞ.
This procedure can be seen as a model-independent test

of the agreement between the reference distribution and the
experimental data. The biggest numerical burden is the
computation of the distance matrix between events, which
for a two-dimensional optimal transport problem, such as

7Formally, T̂2 follows a Hotelling distribution [173],
T̂2 ∼ T2

n−1;m.
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the EMD computation, is of OðN2D3Þ for a dataset with N
points and D features.
In Sec. IV we also consider for the test the averages of

the distances r̄i, which by the central limit theorem are
approximately normally distributed. In practice, this
amounts to repeating the same procedure above but for
the fr̄kgnk¼1 vectors, where r̄ denotes the vector of the
various r̄i for a given dataset. We choose to carry out the
two tests, on NNID and r̄i, separately, to discuss their
different physical properties, but to maximize performances
one should concatenate the two vectors, for instance as
outlined in Appendix A.
We stress that the reliability of the resulting p value

depends on the validity of the assumptions underlying the
test; most crucially, that Eq. (3.1) follows an Fm;n−m
distribution under the null hypothesis. In practice, this
approximation can break down when the NNID vector
components become highly correlated, or when their
number m approaches the number of reference samples
n. In these regimes, the empirical covariance matrix Σ̂
acquires small eigenvalues, making its inversion numeri-
cally unstable and causing the test statistic to fluctuate more
than expected from the F distribution.
A standard approach to mitigate this problem is principal

component analysis (PCA). We project the NNID vectors
onto the subspace spanned by the first M principal
components, i.e., the directions with largest eigenvalues,
and discard components associated with small eigenvalues
that are most prone to numerical noise. The optimal number
of retained components M is determined by performing a
Cramér–von Mises (CvM) test on the empirical distribution
of T2 obtained via a leave-one-out procedure under the null
hypothesis: we choose the largest M for which the CvM
statistic indicates acceptable agreement with the theoretical
F distribution. As an additional qualitative cross-check, we
inspect quantile-quantile (Q-Q) plots of the resulting T2

values. Full details of this procedure are given in
Appendix A, where we show its application to the examples
of Sec. IV.
In the next section we perform this novel new physics

test on a series of benchmark models and verify its main
properties:
(1) Flexibility: Sensitivity to diverse Beyond the Stan-

dard Model scenarios with different kinematics.
(2) Robustness (to showering and detector effects): The

performances do not change appreciably when going
from the parton-level to the detector-level simu-
lation.

(3) Robustness to systematics: Systematic errors can be
incorporated in a statistically well-defined way and
the test is insensitive to energy scale errors.

(4) Protection from the Curse of Dimensionality: This
feature is already present by construction in our test,
but we demonstrate it explicitly in two examples,
going up to ∼100 dimensions.

IV. FLEXIBILITY, ROBUSTNESS, SYSTEMATICS
AND NO CURSE OF DIMENSIONALITY

In this section we show the performances of our new
physics search strategy on six benchmark models. The
results are a first proof-of-principle test of our methodology
and therefore we only consider the main background in
each search, except in Sec. IV B where we consider an
admixture of SM processes as background for a Z0 signal.
We comment more on the impact of admixtures on the
NNID in Appendix B. In Sec. IV D, we summarize the
significance of these results for each of the four properties
listed at the end of the previous section (flexibility, robust-
ness to detector effects, robustness to systematics, no curse
of dimensionality).
To test the performances of our methodology in a

controlled setting, we apply our new physics test following
a procedure that is not optimal as far as finding new physics
goes, but it is the most transparent for testing. More
concretely, we start by choosing a final state, for example
two muons and one electron or aW and a Z boson. Then we
identify the irreducible SM backgrounds and design a set of
cuts to eliminate all other backgrounds. Only then we select
a signal that can produce the chosen final state. The cuts are
designed on the SM backgrounds, assuming no knowledge
of the signal. Our cuts are chosen to simplify the analysis,
i.e., to select a single SM background process. For this
reason they often penalize our signal. An example of this is
our main benchmark (called MSSM-3 in what follows),
that leads to very boosted particles in the final state. The
efficiency of our cuts on MSSM-3 is not optimal, as they
were designed on WZ production in the SM. Additionally,
the cuts are designed to be exclusive, since their goal is to
reduce the list of backgrounds relevant to the analysis, but
the real purpose of our techniques is to find unexpected new
signals and it should be applied on final states that are as
inclusive as possible. We leave this to future work in
collaboration with LHC experiments. Our choice simplifies
the task of interpreting and validating the NNID and r̄i
curves and develops some physics intuition on them.

A. Leptonic decays of charginos and neutralinos

As a first example, we focus on a purely leptonic final
state arising from the production of new weakly coupled
particles, namely a set of charginos and neutralinos. The
model consists of an electrically charged fermion χ�1 and
two neutral fermions χ02; χ

0
1, with R parity conserving

couplings to the SM. We take χ01, to be the lightest fermion
in the spectrum, so R parity makes χ01 stable.
We analyze the process pp → χþ1 χ

0
2, with on-shell χþ1

and χ02 decaying as χþ1 → Wþχ01 and χ02 → Zχ01, respec-
tively. The final state we consider contains a pair of χ01 ’s, a
positron-neutrino pair from Wþ → eþνe, and a muon-
antimuon pair from Z → μþμ−; the full diagram is depicted
in Fig. 4. The leading SM background consists of

INTRINSIC DIMENSION OF COLLIDER EVENTS AND MODEL- … PHYS. REV. D 114, 016022 (2026)

016022-9



pp → WþZ events, with the same Wþ and Z decays
as above.
This is a MSSM-inspired simplified model, in which,

however, we let the total cross section vary freely to study
the behavior of the NNID with respect to the number of
beyond the Standard Model (BSM) events. Therefore the
detailed admixture of Wino, Higgsino, and Bino that makes
up our particles is not relevant to the search.
Simulation and event selection. We simulate the process

with
ffiffiffi
s

p ¼ 13.6 TeV center of mass energy and choose a
reference luminosity of 200 fb−1. The simulation of the
signal and background is carried out at parton level using
MadGraph5_aMC@NLO [174] with the MSSM_SLHA2 model
[175]. Hadronization and showering are performed with
Pythia 8 [176], and detector effects are simulated with
Delphes [177].
The data is split into several samples (see Results

paragraph below), and for each the NNID is obtained as
described in Sec. II. Specifically, we first compute the
EMDs among events and then obtain the NNID by
minimizing Eq. (2.4). The EMDs are computed with the
Python package EnergyFLOW [1,2,14,178–181], using β ¼ 1
and R ¼ 3, and taking as input the ðpT; η;ϕÞ of each
particle (all treated as massless).
Since our new physics test will be applied at both parton

and detector level to assess the difference in performance,
we report here the details of the event simulation,
reconstruction, and selection in both cases:

(i) Parton level: For each event, the muon, anti-
muon, and positron from the hard collision
simulated in MadGraph are directly used in the
computation of the NNID. The leptons are re-
quired to satisfy pT > 10 GeV and jηj < 2.5.
Furthermore, we select isolated leptons by requir-
ing the total pT of other particles within a cone of
radius R ¼ 0.3 around each lepton to be smaller
than 0.12 of the lepton’s pT for electrons and
0.25 for muons. After all cuts we find an overall
efficiency ϵ ≃ 0.44 for the SM. In terms of the
number of events, taking the results of [182,183]
for the total cross section and W� polarization,

and the Wþ; Z branching ratios from [184], about
12,000 SM events are expected;

(ii) Detector level: We employ the default CMS card
[185] in Delphes, with the only modification being an
adjusted lepton isolation requirement. Specifically,
we apply the same isolation criteria as at parton
level. Jets are clustered with the anti-kT algorithm
with radius R ¼ 0.5. Events selected for the analysis
must contain exactly a muon, an antimuon, and a
positron with pT > 10 GeV and jηj < 2.5. Addi-
tional jets (from initial and final state radiation) are
allowed if pT;j < 40 GeV. For the EMD computa-
tion only the three leptons are used. These criteria
lead to approximately 4800 selected SM events; the
efficiency relative to the parton level selection is
about 43% for the SM.

Results. To get some intuition on the physics of the r̄i and
NNID search strategy, we first inspect the NNID curve as a
function of i=N and r̄i in pure SM and BSM datasets at
parton level. For the BSM model, here and in the following
we fixmχ0

1
¼ 150 GeV andmχ0

2
¼ mχþ

1
, withmχ0

2
;χþ

1
¼ 250,

500, 1000 GeV, which we refer to as MSSM-1,2,3,
respectively.
The NNID curve is computed taking j ¼ 2i and m ¼

200 points logarithmically spaced between i ¼ 1 and
i ¼ bN=2c, with N ¼ 104 points.8 This operation is
repeated for 100 signal and background samples, to obtain
confidence level intervals for the NNID. We also compute
the average distances r̄i for each i and plot the NNID
against it. The results are given in Fig. 5.
In the SM we expect the NNID estimate to asymptote to

either 8 or 9 for small values of i=N, depending on whether
we can resolve the Z boson width or not. The theoretical
counting of the independent degrees of freedom that
justifies our expectation goes as follows. We are only
including the two muons and the positron in the calculation
of the NNID, and we treat them as massless, so we have at
our disposal nine variables. The two kinematical constraints
from momentum conservation in the plane transverse to the
collision do not hold because we are not including the
neutrino in the calculation. The only additional kinematical
constraint that we can impose comes from the Z being on
shell. The W does not count because again we are not
including the neutrino in our calculation.
The result in Fig. 5 (left) respects perfectly this estimate,

falling between 8 and 9, but closer to 8, meaning that we
can barely resolve the Z width with the number of events at
our disposal.
For the MSSM models, we also ignore missing energy

and only consider particles to which we can associate a
three-component momentum. With this assumption the

FIG. 4. Leading diagram for the leptonic MSSM signal in
Sec. IVA.

8At this stage we are only interested in the qualitative behavior
of the NNID and use a large number of events for illustrative
purposes.
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counting proceeds in exactly the same manner as in the SM.
Hence, also here we expect a saturation of the NNID
between 8 and 9. In Fig. 5, we show that this counting is
approximately respected for the MSSM-1 benchmark. The
MSSM-2 and MSSM-3 benchmarks give a very different
result; the latter, in particular, shows the biggest deviation
compared to our theoretical counting. The muons and
positron-neutrino pairs arising from the Z and W decays
are very boosted, since mχ0

2
≫ mχ0

1
; mZ;W . This leads to a

strong collimation of their momenta, which may render it
difficult for the estimator to disentangle them, thereby
reducing the measured dimension of the manifold. This is
evident from the right panel of Fig. 5, in which we can
appreciate the boost in the form of much bigger typical
distances r̄i for the MSSM-2,3 cases.
Overall, the NNID shows a remarkable sensitivity to

small kinematical changes in the models. For example
MSSM-1 and the SM are quite close kinematically, but
have different NNID curves. Interestingly, as the proportion
i=N increases, the difference persists or increases. This
qualitative behavior shows that we can use the NNID as a
test for new physics, at least for these specific models.
Figure 5 also highlights the topological nature of the

NNID (i.e., its insensitivity to absolute scales). The dis-
tances r̄i are sensitive to the typical energy scale of the
events and show clearly that MSSM-2 and MSSM-3 live at
much higher scales compared to the SM. This is only
partially reflected in the NNID, which registers the collapse
of some of the dimensions due to the MSSM events’ boost,
but is also loosing some of the kinematical information
contained in the r̄i, as one can see by comparing the two
panels of the figure. We see this both as an issue and a
positive feature. It is an issue because of the loss of
information, but it is a feature because the NNID is
completely orthogonal to traditional strategies that target
high-energy tails or bumps. Additionally the topological
nature of the NNID makes it much less sensitive to a series
of effects that we describe below (for example errors on pT

scale and resolution, extra input dimensions identical for
signal and background).
To solve the issue we enlarge our new physics test to

include also the average distance r̄i between neighbors, as
discussed in the previous section. We choose the average
over the median because of asymptotic normality and to
give a bigger weight to the small number of highly
energetic new physics events as opposed to the large
number of low-energy events in the SM. We build a vector
of r̄i ’s and treat it as the vector of NNIDs in the test. We
also performed a combined test concatenating the two
vectors, but here we only show the results of the two
separate tests to better understand their strengths and
weaknesses.
To proceed with the new physics test outlined in

Sec. III A, we simulate 200 SM NNID curves, now with
20 logarithmically spaced i=N points, to speed up compu-
tations. We collect in Appendix A the comparison of our
test statistic under the null hypothesis with the theoretical
T2 distribution.
Each SM sample has a variable number of events

extracted from a Poisson distribution whose mean μSM is
itself extracted from a Gaussian distribution with variance
δμSM. Here δμSM accounts for the systematic error on the
total number of SM events, given by the sum in quadrature
of the error on the luminosity [186] and that on the cross
section of our main background [182]. The error on the
cross section δσWZ=σWZ ≃ 4% dominates over the error on
the luminosity δL=L ≃ 1.6% and the Poisson statistical
error, which for our choice of luminosity is around 1%.
Similarly, we compute 50 SM + BSM curves, with the

number of SM events determined as above. On top of the
SM events, we add PoissonðμBSMÞ BSM events whose
“nominal” rate is fixed by the total cross-section ratio
σBSM=σSM. Note that in the new physics test the effective
rate used is the nominal one rescaled according to the SM
and BSM efficiencies; in particular, the efficiency of our
parton-level cuts on these three benchmarks is ≃0.7, 0.82,

FIG. 5. Parton level NNID curves as a function of 2i=N (left panel) and the average distance to the ith neighbor (right panel) in the SM
(black) and in three MSSM-like benchmark models described in the text. The curves are obtained from 100 samples. In the left panel the
central line represents the median, while the band is the 68% confidence level. In the right panel we show the 68% confidence level for
both axes as error bars.
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0.73 for MSSM-1,2,3, and roughly 33% pass also the
detector-level cuts for MSSM-3. This means that, for
example, the effective S=B at parton level for MSSM-3
is about 1.7 times larger than the nominal rate. We then
compare the NNID and r̄i curves using the statistical test
described in Sec. III, including the selection of the best
number of points using PCA (see Appendix A). This set of
SM + BSM samples allows us to obtain confidence level
intervals for the significance of our statistical test.
In Fig. 6 we show the result of the new physics test on the

benchmark models that we have just described. Both of our
signal-agnostic tests outperform a simple counting experi-
ment by orders of magnitude for MSSM-3, while they
cannot meaningfully distinguish MSSM-1 from the SM. In
this setup, the test based on the r̄i variables achieves
significantly better sensitivity than the one using the
intrinsic dimension: the strong boost of the MSSM events
amplifies the r̄i values, leading to a much clearer separation
between SM and MSSM. However this is not always the
case as we are going to see in the next section for a different
type of signal.
Detector effects reduce the performance of the tests, as

shown in the right panel of Fig. 6. This reduction is mainly
due to the lower event selection efficiency at detector level,
which effectively halves the available events in the refer-
ence samples and consequently increases the statistical
fluctuations of the points along the NNID and r̄i curves. As
expected from general significance tests, this loss of
statistics weakens the overall discriminating power.
For comparison, the dashed line in the figures shows

the result of the “trivial” counting test, in which the
p value is obtained solely from the total number of events
N and the corresponding significance is computed as
Z ¼ μBSM=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
μSM þ δμ2SM

p
, where δμSM takes into account

the uncertainty in the SM cross section and luminosity
knowledge mentioned in the previous paragraphs.
No curse of dimensionality. Our methodology is

inherently free from a look-elsewhere effect that grows

exponentially with the number of dimensions. This is
because we apply to each dataset a fixed analysis strategy,
independent of its phase-space dimensionality. Conse-
quently, we expect the performance of our method to
remain stable when adding “spectator” particles that are
distributed identically in the SM and in the new physics
signal.
We demonstrate this in Fig. 7, where we extend the

MSSM-3 benchmark by including up to 60 additional
dimensions corresponding to spectator particles. For each
such particle, the values of ðpT; η;ϕÞ are randomly and
independently sampled from the distributions of SM
muons. The results show that the performance of the
NNID test on detector-level events remains unchanged
when up to 15 spectator dimensions are added. By contrast,
for other model-independent searches the p value would
degrade exponentially with dimensionality [50].
A performance decrease becomes visible only when

adding 30 (m ¼ 10) or 60 (m ¼ 20) extra dimensions,
though still at the level of about one sigma. This behavior is
expected: in high dimensions, the distance between nearest
neighbors grows with d (the growth scaling as

ffiffiffi
d

p
for an

Euclidean distance, for example), and once the typical
interevent distance exceeds the smallest intrinsic scale of
the dataset, the search can no longer resolve it. For
example, in comparing SM and MSSM-3 events, if d is
increased sufficiently, even the two SM muons may appear
overlapping, effectively reducing the number of informa-
tive dimensions in the NNID curves below six. At that
point, distinguishing the more boosted MSSM-3 events
becomes impossible unless the total number of events N is
increased.
In contrast, the test based on r̄i suffers a much stronger

degradation when spectator particles are added. The addi-
tion of new dimensions distorts the r̄i distribution, and
since r̄i enters the test directly, rather than through a
topological quantity as the NNID, these distortions
immediately wash out the distinctive MSSM contribution.

FIG. 6. Left panel: Parton level significance of the NNID and r̄i new physics search versus the fraction of BSM events in the sample,
for the three MSSM leptonic benchmarks described in Sec. IVA. The solid and dashed lines are the median significances and are shown
with the corresponding 68% CL band. The black dotted line corresponds to the simple counting significance, Z ∼ S=δB. Right panel:
Comparison of the parton level and detector level significances for the MSSM-3 benchmark model.
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FIG. 7. Top row: NNID curves at detector level in the SM and MSSM-3 benchmark models described in Section IVAwith a variable
numberm of spectator particles (i.e., fictitious particles that are identical in the MSSM-3 and SM samples). Bottom row: the significance
of the NNID new physics test for the MSSM-3 benchmark model remains stable if the number m of spectator particles is increased,
while the r̄i test suffers more.

FIG. 8. Constant, uniform rescaling of all particles’ pT leaves the NNID invariant, and thus the significance remains unchanged (left
panels). The distances r̄i get uniformly rescaled, but the significance is still unaltered (right panels). We rescale the pT by up to 40% in
the figure, but we could have further increased this factor with no visible effect. The figure demonstrates the insensitivity of our new
physics search to energy scale uncertainties.
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As a result, it becomes significantly harder to identify a new
effect hidden in the background.
Robustness to systematics. As a first assessment of the

robustness of our method against systematic errors, we
concentrate on scale and resolution uncertainties in the
charged particles’ pT . Once again, we take as a benchmark
the detector-level MSSM-3 model.
Any global rescaling of pT uniformly rescales the

distances r̄i, while leaving the NNID completely
unchanged. Indeed, from the definition of the EMD in
Sec. II, it follows directly that all distances scale linearly
under dilations, as expected from their scaling dimension

pT → λpT ⇒ rki → λrki: ð4:1Þ

Since the NNID depends only on ratios of these
distances, it is exactly invariant under pT rescalings. We
demonstrate this in Fig. 8, where we apply a constant
rescaling that increases all particles’ pT values, mimicking
the procedure used to estimate detector energy-scale
uncertainties. We set λ ¼ ð1þ αÞ in Eq. (4.1) with α ¼
f5%; 10%; 20%; 40%g. Both the NNID curve (zoomed in
here to highlight the 68% confidence band) and the cor-
responding significance remain unchanged compared to the
unrescaled case. The same conclusion holds, of course, for
rescalings that decrease pT . For the r̄i, while the rescaling
seems to alter the distribution of distances, the uniform
transformation in Sec. IVA ensures that the test statistic in
Eq. (3.1) is invariant. Consequently, the significance is

unaffected, as is evident from the curves shown in Fig. 8.
In addition to this uniform rescaling we also study the
effect of rescaling only the positron (Fig. 9) or only the
muons (Fig. 10). In both cases we find that the NNID
and the performances of the new physics test are
essentially unchanged, demonstrating the robustness of
our methodology to energy scale uncertainties. The
average distance r̄i changes as for a uniform rescaling,
but the performances of the r̄i-based new physics search
are not affected, as before. We still interpret the robust-
ness of the NNID and the new physics test as a partial
cancellation between dimensionful quantities in our
ratios. This test reproduces a more realistic setup where
energy scale uncertainties are binned in η and pT and
differ for individual particles.
The impact of the finite pT resolution of the detector on

the value of the NNID is suppressed by the sample size
(N ≈ 5000 in the figure). While the CMS Delphes card that
we used already incorporates a few-percent pT smearing
for leptons, we deliberately amplify this effect by applying
an additional 5%, 10%, 20%, or 40% smearing to the
selected final state events.
By standard M-estimator theory, the variance of the

NNID, σ2d, scales as 1=N. An additional per-particle
smearing of relative size σpT

inflates the variance of the
distances, and hence of each log ratio μk;ij ¼ rk;j=rk;i, by an
Oðσ2pT

Þ term, but its contribution to σ2d is suppressed by
1=N. Consequently, even a Oð10%Þ smearing in pT
produces only a few-percent increase in the standard error

FIG. 9. Uniform rescaling of the positron pT has only a minor impact on the NNID and on the significance of the test. See the text for
more details.

D’AGNOLO, GLIOTI, RIGO, and VALENTI PHYS. REV. D 114, 016022 (2026)

016022-14



of d, which is already at the percent level. From the top-left
panel of Fig. 11, we can indeed appreciate how the
68% confidence level bands for the NNID maintain the
same width. The most notable differences are the shifts in

the median, particularly for σpT
¼ 20%; 40%, associated to

the hard cut that we impose to keep pT > 0, which distorts
the distribution of the distances, as shown in the top-right
panel of Fig. 11. The same argument applies to the variance

FIG. 10. Similarly to Fig. 9, a uniform rescaling of the muons and antimuons pT has only a minor impact on the NNID and on the
significance of the test.

FIG. 11. Robustness of the NNID and the associated statistical test to a Gaussian smearing of all particles’ pT . The figure demonstrates
the insensitivity of our new physics search to energy resolution uncertainties.
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of r̄i, which is also already at a percent level and hence is
essentially unaffected even for big additional smearing.
Since the significance depends on the relative distance

between the NNID and r̄i curves in units of their standard
deviation, it should not be appreciably affected by the
smearing, given its small impact on the standard deviation
of their distribution. Indeed this is what we can see from the
bottom panels of Fig. 11, in which the significances remain
essentially unchanged, except for the biggest smearing
values, which induce a small decrease of Z.
Overall, this demonstrates that our r̄i and NNID-based

significance is both exactly insensitive to global scale shifts
and highly resilient to large random pT variations, making
the method very robust to detector effects on particles’
energies and momentum. We expect similar results to hold
for errors on the particles’ positions (η and ϕ), given that
their contribution to the EMD is similar to that of the
particle pT .
In principle, such a transformation would also

affect which events pass the pT selection cuts, since their
absolute thresholds are not invariant under rescaling. In our
analysis, the rescaling (and later the smearing) is applied
only after event selection, so this effect is not included. In
Appendix B we rescale the pT of all particles before event
selection and we find a nonzero effect, as expected, but still
a very modest impact on the significance as shown in
Fig. 20 and explained in the Appendix.

B. Leptonic Z0

To test our approach as a model-independent search, we
now consider a completely different signal. Specifically, we
focus on a light Z0 model arising from gauging the
Uð1ÞLμ−Lτ

symmetry of the SM, where Lμ;τ are the muon
and tau lepton numbers. The process we study is
pp → 2μþ2μ−, where a Z0 boson is radiated by a final-
state muon and subsequently decays into a μþμ− pair [the
characteristic topology is depicted in Fig. 12(a)]. This setup
is quite different compared to the previous example, where
the final-state particles originating from the decay of heavy
new physics were highly energetic. Here we do not have
boosted particles in the final state and, additionally, we

have a relatively low mass resonance (in what follows we
take mZ0 < mZ).
The leading irreducible Standard Model background

consists of diagrams similar to that of the Z0, i.e., with
a radiatively emitted Z boson, along with other contribu-
tions, which include Z bosons and virtual photons as
intermediate states, as shown in Fig. 12. We include all
relevant tree-level processes in our background simulation
(but not the 1-loop box diagram with virtual quarks,
considered in [187]).
Simulation and event selection. Events are generated at

parton level with a custom MadGraph implementation of the
Z0 model [188]. We set

ffiffiffi
s

p ¼ 13.6 TeV and a reference
luminosity of 400 fb−1, doubled with respect to Sec. IVA
to provide a sizeable amount of events. We then run the data
through Pythia 8 and Delphes to simulate hadronization and
detector effects. The procedure for computing r̄i and the
NNID is the same as in Sec. IVA, and it is carried out again
for two sets of events:

(i) Parton level: for each event, the two muons and two
antimuons from MadGraph are directly employed in
the computation of distances, subject to the same
cuts as in Sec. IVA regarding rapidty, pT , and muon
isolation. This leads to datasets of ≈2600 SM events
with the reference luminosity of 400 fb−1;

(ii) Detector level: we employ again the custom CMS
card, and select only events with at least two isolated
muons and two isolated antimuons with
pT > 10 GeV, jηj < 2.5. As before, jets are allowed
if pT;j < 40 GeV, although they are not employed
for the computation of distances. The efficiency of
the selection after the detector simulation retains
only about 50% of the events compared to the
parton case.

Results. We generate 500 samples of the SM back-
ground, and compute the NNID and r̄i with 50 logarithmi-
cally spaced values of the normalized index i=N. The
granularity is improved compared to the model in Sec. IVA
to compensate the smaller number of events per sample in
this benchmark. We collect in Appendix A the comparison
of our test statistic under the null hypothesis with the
theoretical T2 distribution.

FIG. 12. Dominant production mechanism for the Z0 signal in Sec. IV B (a) and leading SM backgrounds (b), (c).
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For the Z0 signal, we fix the mass to MZ0 ¼ 50 GeV and
vary the gauge coupling to muons and taus, denoted as gZ0 ,
in the range [0.01, 0.1] in steps of 0.01. As a reference, the
number of Z0 events passing the cuts and selection at
detector level ranges from a few (gZ0 ¼ 0.01) to about 100
(gZ0 ¼ 0.1). To obtain confidence level bands, we generate
50 samples for each value of the coupling.
The NNID curves for both the pure and the combined

background + signal samples are shown in Fig. 13.
Interestingly, both the pure SM and SMþ Z0 cases exhibit
a distinct “plateau” at large values of 2i=N, corresponding
to scales of Oð100Þ GeV. A comparison with the invariant
mass distributions of the four leptons 2μþ2μ−, shown in the
bottom panels of Fig. 13, suggests a possible connection
with the two shoulders highlighted by the dashed boxes.

This is confirmed by the absence of such a bump in the
NNID curves and invariant mass distributions in the
leptonic MSSM case (see Fig. 5) and in the pure Z0
samples in Fig. 13.
The significances obtained from the NNID and r̄i tests

described in Sec. III A, at both parton and detector level, are
shown in Fig. 14 as a function of gZ0 . The sensitivities at
parton and detector level are compatible within one sigma.
In this case, the test based on the NNID is more powerful

than that based on r̄i, in contrast to the findings of
Sec. IVA. The reduced sensitivity of the r̄i test can be
traced to the kinematics of the process: the events asso-
ciated with Z0 production are not significantly more
boosted than the corresponding SM background ones,
since mZ0 is close to the Z-boson mass. As a result, the

FIG. 13. NNID curves at parton level as a function of 2i=N and r̄i in the pure SM and pure Z0 samples (left). In the right panels we
show a comparison between the SM and the SMþ Z0 samples. The mass of the Z0 is fixed to MZ0 ¼ 50 GeV with coupling gZ0 ¼ 0.1,
and the curves are obtained with a fixed number of SM events N ¼ 2613 for illustrative purposes. The bottom row shows the invariant
mass distribution of the four muons in the event. We highlight with a dashed black box the region of the NNID curves corresponding to
the two shoulders in the invariant mass distribution of the bottom panels.
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distribution of r̄i alone provides limited discrimination. The
NNID, on the other hand, appears to enhance the separation
between signal and background by effectively exploiting a
nonlinear function of r̄i, thereby leading to a more power-
ful test.
As in previous cases, the simple counting experiment

(dashed black line in the figure) is dominated by systematic
uncertainties (4.4% on the SM cross section, combined
with a 1.6% uncertainty on the luminosity [189]).
The main message of this section is that our NNID test

is sensitive also to the Z0 signal. The kinematics explored
in this section and the previous one are completely dif-
ferent from each other and support our statements on the
flexibility of our new physics search strategy. Additionally,
the performances at parton level and detector level remain
comparable, further confirming the robustness of our test.

C. Semileptonic decays of charginos and neutralinos

In this section we show that our techniques can find new
physics without clustering jets in a ∼100-dimensional
phase space. To this end, we employ the MSSM-3 model
introduced in Sec. IVA, but consider a semileptonic final
state where the W boson decays to jets: W → jj.
Simulation and event selection. As in the previous

sections, parton-level events, hadronization, and detector
effects are simulated using MadGraph, Pythia, and Delphes,
respectively, with the same configuration cards as in the
leptonic study. We take

ffiffiffi
s

p ¼ 13.6 TeV and generate
batches of 10,000 clean parton level events, formally fixing
the effective luminosity through the corresponding cross
section (see below). This choice is motivated by the fact
that the cross section of the relevant background process
would otherwise produce datasets far too large for us to
process with our available resources, if we were to match
the luminosity used in Sec. IVA. We perform the analysis
on two sets of events:

(i) Parton level: the four charged partons from the hard
collision generated by MadGraph are used directly.
The selection cuts are pT > 10 GeV for muons and
pT > 30 GeV for jets, both within jηj < 2.5. The
same muon isolation as in Sec. IVA is imposed, and
we further require ΔRjj ≥ 0.4 to mimic the detector-
level jet separation (since jets are clustered with anti-
kT and radius R ¼ 0.4, see below). We also impose
70 GeV ≤ mjj ≤ 90 GeV
and 76 GeV ≤ mμμ ≤ 106 GeV;

(ii) Detector level: we use the custom CMS card of
Secs. IVA and IV B, this time with a jet radius
R ¼ 0.4. Events are required to contain an isolated
muon and an isolated antimuon with pT > 10 GeV
and 76 GeV ≤ mμμ ≤ 106 GeV, as well as at least
two jets with pT > 30 GeV and 70 GeV ≤ mjj ≤
90 GeV.

With these cuts, the leading SM background consists of
Z þ 2 jets events; the cross section for WZ is orders of
magnitude smaller. The dimuon invariant mass window
suppresses the tt̄ background. We stress that additional
cuts, for instance on the missing transverse momentum as
in dedicated MSSM searches for this channel [190], could
further improve the signal isolation. However, since our
goal is to identify potential traces of new physics within a
fixed final-state configuration (here 2μ2j), without prior
knowledge of the signal, imposing such cuts would
artificially enhance the significance. With the cuts above,
the parton-level cross section for the SM background is
≈3 pb; the relative efficiency from parton to detector level
is about 45% for both signal and background.9

To test the robustness of our search against the dimen-
sionality of the input space, we compute distances and
NNID at detector level in two setups: (a) using muons and
clustered jets as inputs, and (b) using muons and the
subcomponents of the selected jets. The latter case results in
an average of about 30 particles per event, corresponding to
a search performed in an Oð100Þ-dimensional space.
Results.We compute the NNID on 200 SM samples. We

collect in Appendix A the comparison of our test statistic
under the null hypothesis with the theoretical T2 distribu-
tion for the various sets of events described below (parton
level, detector level clustered, and unclustered). Then, we
proceed as in the leptonic case: we include a variable
fraction of MSSM events in the SM samples, and perform
the new physics test. The fraction is set in a fiducial region
defined by loose cuts,

FIG. 14. Significance bands at 68% CL of the new physics test
at parton and detector level, as a function of the Z0 coupling to
leptons. The curves are obtained using the test described in
Sec. III A, either using information from the NNID (blue curves)
or from r̄i (orange curves).

9This cross section and our events are obtained simulating
Z þ 2j at LO with MadGraph. We do not generate an inclusive
matched sample because we choose to neglect the corrections to
the pT distribution of our jets with pT > 30 GeV [that are of
Oðαs logðmZ=pTÞ] in this first proof-of-principle study of the
methodology.

D’AGNOLO, GLIOTI, RIGO, and VALENTI PHYS. REV. D 114, 016022 (2026)

016022-18



pT;j > 25 GeV; pT;μ� > 10 GeV; jηj;μ�j < 2.75:

Since the efficiency for SM and MSSM with respect to our
event selection is different (about 10% for the SM and 60%
for the MSSM at parton level), the effective S=B ratio in the
actual computation is almost a factor of ten larger. This
explains why in this case a smaller percentage of signal is
needed to get sizeable significances compared to Secs. IVA
and IV B.
In Fig. 15 we show the NNID as a function of the

proportionality vector 2i=N and of the average distance
to the ith neighbor, r̄i, for pure SM samples and SM +
MSSM-3 events. The input to the NNID computation
varies between 12 kinematical variables in the parton case,
to more than 100 for detector-level unclustered events.
Nonetheless, NNID curves do not vary dramatically
between these two sets of events. The results in the left
panel of Fig. 15 show that the transition between partons
and jets encodes information, as the NNID grows at small
i=N between the two sets of events from roughly 9 to

around 11. Additionally, the ID correctly recognizes that
the 100 or so particles in the unclustered events are in
reality encoding information about a much smaller set of
degrees of freedom. Indeed we can see in the left panel
of Fig. 15 that the NNID computed at detector level
starting from jets (so overall 12 input variables) gives
roughly the same result as the NNID computed from jet
constituents (so around 100 input variables). In the right
panel of the figure we show that also the typical distances
between neighbors do not change appreciably between
clustered and unclustered calculations, further demon-
strating the robustness of these observables. The shorter
distances probed in the parton-level dataset arise from the
larger number of available events, which allows the
nearest-neighbors estimator to explore smaller scales.
At fixed r̄i, the intrinsic dimension extracted from
detector-level data is indeed larger, as expected, because
hadronization and detector smearing introduces additional
noisy directions.
In Fig. 16 we display the usual significance plots as a

function of a variable BSM cross section. In this case, for
the reference “naïve” counting experiment we take a total
error of ≈9% on the theory SM prediction for Z þ 2j [191].
Quite remarkably clustered and unclustered events at
detector level give the same median significance with also
the error bar on the significance remaining stable. We
emphasize that, in the unclustered case, this corresponds to
a model-independent new physics search in a space of order
Oð100Þ dimensions. This demonstrates the robustness of
our NNID and r̄i new physics test and supports its
application to real data.
The parton-level performances are instead higher than

the detector-level ones. We can trace this difference to the
different efficiency of our event selection cuts. The larger
number of events at parton level reduces the statistical error
on NNID and r̄i.
In Fig. 22 (Appendix B) we provide the same signifi-

cance plot in terms of S=B, since the efficiency of the cuts
going from the region of phase space where we define our
fiducial cross sections to the signal region that we use to

FIG. 15. NNID curves at parton, clustered detector, and unclustered detector level as a function of 2i=N (left panel) and the average
distance to the ith neighbor (right panel). The central line represents the median, while the band is the 68% confidence interval.

FIG. 16. Significance bands at 68% CL of the new physics test
in the semileptonic MSSM-3 model at parton level and detector
level (with clustered and unclustered jets), as a function of the
ratio between the BSM and SM cross section in the fiducial
region.
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compute the NNIDmakes S=B larger than the fiducial cross
section ratio.

D. Summary of results

This work represents an initial proof-of-principle study
in which we have included the Standard Model background
most closely resembling the signal. Nevertheless, the
results obtained here are already highly encouraging and
clearly illustrate the capabilities and distinctive advantages
of our new physics search strategy.
(1) Flexibility: sensitivity to diverse beyond the Stan-

dard Model scenarios with different kinematics. This
is demonstrated by the variety of signals explored in
the three previous sections. We had boosted leptons
from the MSSM-3 signal in Sec. IVA, low-mass
resonances from the Z0 in Sec. IV B, boosted jets in
Sec. IV C, and heavy nonresonant new physics from
the MSSM-2 signal in Sec. IVA.

(2) Robustness (to showering and detector effects): the
performances are degraded when going from the
parton-level to the detector-level simulation. We
trace this effect to the lower efficiency of the
detector-level event selection and the increased
statistical error on NNID and r̄i. However, the
performances remain unaltered going from clustered
jets to jets’ constituents and remain comparable
between leptonic and hadronic decays of the W.
We take this as a promising sign of the robustness of
our methodology, leaving to future work the study of
the effect of mismodeling of the shower by different
event generators. This is shown in Figs. 6 and 14 for
the MSSM-3 leptonic and Z0 signals, respectively,
and in Fig. 16 for the MSSM-3 semileptonic signal.
A comparison between leptonic and semileptonic
MSSM in shown in Appendix B.

(3) Robustness to systematics: systematic errors can be
incorporated in a statistically well-defined way. We
included pT scale and resolution uncertainties in the
leptonic MSSM-3 benchmark in Figs. 8 and 11 and
found no sensitivity to momentum scale uncertain-
ties and a mild sensitivity to momentum resolution
uncertainties. We expect similar results for angular
resolution uncertainties.

(4) Protection from the curse of dimensionality: This
feature is already present by construction in our
definition of the NNID, but we demonstrate it
explicitly in a toy example in Fig. 7, and by
detecting new physics in 100 dimensions in
Sec. IV C.

1. Qualitative comparisons with other search strategies

A quantitative comparison with other model-indepen-
dent search strategies goes beyond the scope of this work.
However, at least conceptually, it is easy to show that our
technique is complementary to the two broad categories of

model-independent searches identified in the introduction.
Our methodology does not require a localized resonance in
some kinematical variable and in this sense is comple-
mentary to the techniques put forward in [37,45,64] that
require one. The more flexible strategies in [38,50,99] can
in principle detect any of our signals, but only at much
larger cross sections. Their global p value decreases
exponentially with the dimension of the input space,
placing the d ≃ 100 and d ≃ 60 examples that we have
discussed well beyond their reach with any future LHC
luminosity. Complementing [38,50,99] with a pretraining
step of dimensionality reduction as in [141,142] can solve
the problem, but for now it has been done with event-by-
event observables for localized signals. So our “global”
approach is conceptually quite different and it would be
interesting to compare the performances of the two ideas in
more detail.
It is, of course, possible to find examples where other

techniques would shine and ours would underperform. It is
the case, for instance, of the LHC Olympics dataset [192],
which contains only resonant signals. Those signals are
easily detectable with [37,45,64], but require a larger cross
section with our methodology. Similarly, any intricate low-
dimensional signal that requires combining multiple final
states each with kinematics close to the SM and a small
cross section is better searched for using [38,50,99] rather
than what we proposed in this work.
To conclude this brief and qualitative discussion, we

would like to emphasize two aspects of model-independent
searches that are obvious to the practitioners, but often
underappreciated by the broader community. We chose to
compare our sensitivities to that of a counting experiment
because this is the only option when one knows nothing
about the signal and other model-independent search strat-
egies fail by construction. Asking if a model-dependent
search targeted to ourZ0 signal, for instance, would do better,
is not a honest question. It forces a comparison betweenwhat
we do when we know nothing about the signal and what we
do when we know everything about it. Obviously, there is
always a better way to construct a search compared to what
we did, if we know what we are looking for. So all the
hundred (or so) model-independent search strategies devel-
oped so far are truly useful only in two situations. The first is
whenwe suspect that signals lying outside our current theory
priors might be hidden in the data. The second is when the
range of reasonable possibilities is so large that we do not
have the manpower to search for all of them individually. An
example of the first case is an object that does not trace a helix
in themagnetic field of the LHCdetectors. An example of the
second is a Higgs-like particle with sizeable branching ratios
in many final states but a cross section small enough that we
must combine all channels with the right weights in order to
observe it.
The second aspect of model-independent searches

that is obvious, but worth stating explicitly is that anomaly
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detection is only the first step in a new physics search. We
can establish if an anomalous event is coming from a new
physics phenomenon only if we can define a reference
hypothesis to compare it with and output a p value. After
identifying a set of anomalous events, we still have to set up
a statistical test to determine whether they are just rare SM
events or truly new physics. If we consider for instance
anomaly detection with autoencoders, the most natural way
to do it (but not the only way) would be to use the
autoencoder output as a test statistic and then perform a
standard frequentist goodness-of-fit test.
This short discussion completes the analogy between the

most common use of autoencoders in high energy physics
and the second category of model-independent search
strategies that we mentioned in the Introduction. The ideas
in those two sets of papers are just two different ways of
obtaining a test statistic needed to perform a goodness-of-
fit test. A good test statistic necessarily describes correctly
the probability distribution of the reference data (i.e., the
SM) against which we want to compare the experimental
data, so an autoencoder needs a larger and larger number of
parameters in the hidden layer as we increase the dimen-
sionality d of the training data. The increase in internal
parameters must be comparable to that in [38,50,99] since
both methodologies aim at fitting the probability distribu-
tion of the reference data with a neural network. Hence we
expect a look-elsewhere effect that increases exponentially
in d also for autoencoders.
The analogy between these two methodologies becomes

an equality in the case of normalized autoencoders
[139,193] where the autoencoder is built explicitly to learn
the probability distribution of the training data, just as was
done in [38,50,99] with different loss functions. Note that
normalized autoencoders are built precisely to correct what
makes traditional autoencoders unsuitable for anomaly
detection, i.e., that they are not learning correctly the
probability distribution of their training data for outliers.
However, as stated in the introduction, this is not the only

possible use of autoencoders or dimensionality reduction in
general. If we keep the number of extracted features fixed
and do not increase it with the input dimension of the
dataset, we end up with an analysis strategy in the first
category, with a smaller look-elsewhere effect, but a
correspondingly smaller expressivity on the signal. In that
case we aim at describing well the SM only on a lower-
dimensional subspace of the input space.

2. On the look-elsewhere effect and the curse
of dimensionality

We have often stated throughout the text the difficulties
of traditional model-independent search strategies to gen-
eralize to high-dimensional spaces. Here we would like to
make this intuition more precise using heuristic (but
quantitative) arguments. The most obvious instance of
an exponentially large look-elsewhere effect occurs in

binned searches. Consider having D input observables.
They could be, for instance, the momenta of D=3 massless
particles. Imagine, for simplicity, that we measure all
these momenta in the same range Δp and with the
same resolution δp. Then we are going to have a number
of bins that scales exponentially with D, i.e., Nbins ¼
ðN1D

binsÞD ¼ ðΔp=δpÞD. If we are completely agnostic about
the signal and perform a χ2 goodness-of-fit test over Nbins,
we are going to be sensitive to signals whose local p value
is at least as small as p ≃ 1=

ffiffiffiffiffiffiffiffiffiffi
Nbins

p
, i.e., we need local

significances that grow exponentially with D.
This simple intuition can be applied, with some caveats,

to more elaborate search strategies. The first step consists in
defining what is a “signal.” For us a signal is a choice of pdf
of the observed data

fðfpigjwÞ; ð4:2Þ

where we are again taking as observables all the momenta
of the particles in the event fpig, for concreteness, but any
other choice leads to the same conclusion. Since we do not
want to assume a priori a signal model, our signal
hypothesis depends on some free parameters w. The crucial
observation is that, if we truly want to be completely
agnostic about the signal, the number of parameters is
proportional toD, Nw ¼ αD, where α is a positive constant
(in some cases much larger than D). We are not going to
prove this last statement, but it is not hard to understand it
heuristically. If we Taylor-expand f we are going to have

fðfpigjwÞ ¼
X
n

an

�X
i

w⃗i · p⃗i

�
n
; ð4:3Þ

i.e., at leastD parameters for n ¼ 1. Similarly, if fðfpigjwÞ
is a neural network (or more precisely a multilayer
perceptron) the weights in the first layer should each be
a matrix withD columns. We can then use the properties of
perceptrons as universal function approximants to conclude
that a parametric limit of this setup where we are a
searching for every possible signal exists, but we need a
number of free parameters proportional toD. As mentioned
this is not a proof of the proportionality, but it shows that in
practical cases we do not know how to perform a model-
independent search that is not missing potential signals,
without at least D parameters.
If one accepts that Nw ∝ D, the rest of the argument

follows almost exactly the one for binned searches. A finite
resolution in pi corresponds to a finite resolution in the free
parameters w that we are using to describe the data. Each
one of these parameters can thus take Nv ≃ Δw=δw distinct
values, where Δw, i.e., the total range of variation of w is a
choice made at the beginning of our model-independent
search. At this point we are done, i.e., Nv values for
each parameter correspond to ðNvÞαD distinct choices of
the w’s and the same number of distinct signal hypotheses.

INTRINSIC DIMENSION OF COLLIDER EVENTS AND MODEL- … PHYS. REV. D 114, 016022 (2026)

016022-21



The global p value that we can quote at the end of a search
like this one, takes therefore an exponentially large hit of
order ðNvÞαD.
One is still free to chooseΔw and δw to reduce the impact

of this look-elsewhere effect, as was done in [38,50,99]
for instance, but the scaling remains exponential inD, unless
one takes a dimensionality-reduction step before fitting
fðfpigjwÞ, as in [141–145]. Autoencoders can either suffer
from this exponential reduction in p value or not, depending
onwhether the number of parameters of the hidden layers are
increasedwithD or not, but of course the intuition outlined in
the previous sections still applies, i.e., a fixed number of
parameters coarse grains the information in the event and (as
shown in this section) makes the autoencoder insensitive to
exponentially many signals.
To conclude, it is worth highlighting that this is just

another manifestation of the usual curse of dimensionality.
If we had infinitely many points in the dataset we would be
sensitive to any signal with any p value and the previous
discussion would be immaterial. The number of points
needed to keep up with the exponential increase in the
number of signals that we are testing is also exponentially
increasing with D.

V. CONCLUSION AND OUTLOOK

We have discussed how to perform a data-driven meas-
urement of the dimension of the phase space of collider
events. In Secs. III and IVwehave demonstrated that it can be
used as a model-independent new physics search strategy. It
allows one to capture new physics precisely where it could
still be hiding at the LHC, i.e., in subtle correlations between
hundreds or thousands of observables that in existing
searches are coarse grained and reduced to a few high-level
quantities. Our methodology, as is, already allows us to
search for new physics without clustering jets (see Sec. IV C)
and we see it as a first step toward performing a search
directly on raw data. There are of course a number of open
questions on how to analyze raw data directly, so many of
them thatwewill not even list themexplicitly, but this is a first
conceptual step in this direction.
The results presented here aim at illustrating the salient

conceptual features of the methodology. We see this as a
first paper that will be followed by more detailed studies,
which will include more background processes, compar-
isons between different showering algorithms and MC
tunes, the full set of systematic uncertainties for each
analysis, and studies of even higher-dimensional spaces.
It is worth commenting on how to characterize new

physics if a deviation in the NNID with respect to the SM is
observed. The signals discussed in the text provide some
guidance. The NNID of a boosted process is smaller than
the SM when computed for nearest neighbors (i.e., small
values of i, j), as illustrated by our MSSM benchmarks. A
broad resonance shows up in the NNID as a plateau at
average distances comparable to the resonance mass, as

illustrated by the SM background to our Z0 benchmark. In
practice it is possible to translate much of our usual
kinematical intuition to the space of NNID and r̄i. In this
work we have taken only small qualitative steps in this
direction and we defer a more complete characterization to
future work. However, it is useful to notice that NNID and
r̄i alone are unlikely to be all that is needed to fully
characterize a signal. The same qualities that make them
robust to systematics (i.e. its topological nature in the case
of NNID and its construction as an average for r̄i) make
them insensitive to some features of the signal, since we are
not incorporating all local (in the sense of EMD) informa-
tion in the dataset. In practice one can get a first intuition on
the signal from these two variables, as outlined above, and
then should presumably go back to studying event-by-event
observables.
In addition to new physics searches, there is a number of

other applications of the NNID that we have barely
mentioned in the rest of the paper, but we would like to
explore in future work. We highlight here those that we find
most interesting:
(1) What is the intrinsic dimension of a jet? The answer

depends on the energy scale (as noted also in
[1,14,15]) and encodes interesting information on
the transition between the perturbative and non-
perturbative regimes. Compared to existing studies
[1,14,15] the NNID is more robust experimentally at
small EMDs for finite datasets, as illustrated by the
toy model of Sec. II C. This leaves open the question
of its calculability in perturbative QCD, which is
itself an interesting problem for future work.

(2) What is the right dimension for the latent space of an
autoencoder or other dimensionality reduction tech-
niques? This question is usually answered heuristi-
cally in high energy physics, but the NNID provides
a (rather standard) data-driven methodology to find
the optimal size of these spaces.

(3) Is this a quark or a gluon jet? From preliminary
studies we found that the NNID of quark and gluon
jets, computed from their constituents, is appreciably
different and could be used as an observable to
improve their classification, as was done with the
correlation dimension in [15].

(4) Can the NNID improve model-dependent searches?
The application of neural networks (and older
techniques such as boosted decision trees) to
model-dependent analyses seems to have left very
little margin of improvement to human ingenuity.
However model-dependent searches are optimized
using event-by-event observables and not global
properties of the dataset. We would like to explore
the possibility that the NNID curves computed in
this work can be used to further increase the
sensitivity of model-dependent searches.

(5) More “global” observables for new physics
searches. As mentioned just above, new physics
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is often searched for using observables that can be
defined on an event-by-event basis, but here we have
discussed a way to do it using only the measurement
of a property of the entire dataset. The NNID has no
meaning for a single event. In this sense our strategy
is orthogonal to anomaly detection and could be the
first of many other applications of global properties
of a dataset to detect new physics. We already took a
first step in this direction by using the average
distances r̄i to detect new physics.

In this work we have explored the intrinsic dimension of a
dataset as a tool for model-independent new physics
searches. As such, it allows us to study very high-dimen-
sional spaces, and could reveal signals still hiding in LHC
data. We see this technique as something qualitatively new
in the already vast landscape of model-independent
searches.
Furthermore, the NNID of a dataset can have a long list

of other applications to the analysis of collider data,
including the study of nonperturbative aspects of QCD
and the optimization of model-dependent searches.
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APPENDIX A: EMPIRICAL T2 DISTRIBUTION,
VALIDATION, AND PCA

In this Appendix, we expand upon and illustrate the
procedure outlined in Sec. III A for validating the T2

statistic under the null hypothesis. The primary source
of discrepancy between the theoretical and empirical
distributions arises when the NNID vector components

are highly correlated or when the feature count m becomes
comparable to the number of reference samples n. In these
regimes, the empirical covariance matrix Σ̂ develops small
eigenvalues, its inversion is numerically unstable and
amplifies statistical noise, causing large fluctuations in
the test statistic.
To diagnose this instability, we construct the empirical

T2 distribution via a leave-one-out approach under the null
hypothesis: for each j ¼ 1;…; n, we remove the jth
reference vector, compute μ̂ð−jÞ and Σ̂ð−jÞ from the remain-
ing n − 1 samples, then evaluate

T̂2
j ¼

n − 1

n
ðdj − μ̂ð−jÞÞT ½Σ̂ð−jÞ�−1ðdj − μ̂ð−jÞÞ: ðA1Þ

This yields n [approximately independent, up to Oð1=nÞ
correlations] realizations of T̂2 under the null hypothesis.
A qualitative check is provided by a Q-Q plot of the

empirical quantiles of fT̂2
jg against the theoretical quantiles

of the T2
n−1;m distribution (equivalently proportional to

Fm;ðn−1Þ−m). Deviations from the diagonal, beyond
expected finite-sample fluctuations in the upper tail, signal
a breakdown of the null hypothesis assumptions.
For a quantitative assessment, one may employ non-

parametric goodness-of-fit tests such as Kolmogorov-
Smirnov [195] or Cramér–von Mises (CvM) [196]. We
prefer the CvM statistic because it weights deviations in the
tails and near the median equally, yielding a more balanced
measure of agreement.
Since the root cause of the discrepancy is covariance-

matrix instability, a natural remedy is dimensionality
reduction. We implement a PCA-based selection of princi-
pal directions as follows.
PCA selection algorithm:
(1) For each reference vector dj, remove it from the

dataset and perform PCA on the remaining n − 1
vectors. Apply the same rotation induced by PCA
to dj.

(2) For each k ¼ 1;…; m, compute T̂2
jðkÞ using only the

first k principal components (ordered by descending
covariance matrix eigenvalue).

This produces an n ×m matrix of T̂2
jðkÞ values. For each

column k, we apply the CvM test to compare its empirical
distribution to the theoretical T2

n−1;k distribution, yielding a
p-value pðkÞ. Plotting pðkÞ versus k reveals the largest k
for which the empirical and theoretical distributions remain
in statistical agreement. Finally, we inspect the Q-Q plot at
the chosen k to confirm visually the adequacy of the fit.
This final step also helps identify and potentially remove
remaining outliers, which are still visible in some plots.
The same procedure can be repeated for the fr̄g vectors

and for the joint fðd; r̄Þg set. When combined, PCA
should be performed globally on the concatenated and
standardized vector. Standardizing the concatenated vector
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before applying PCA is important, as otherwise observ-
ables with big relative but small absolute variations may be
obscured by those with larger scales.
A representative example is shown in Fig. 17, applied to

the StandardModel background of theZ0 signal in Sec. IV B.
The left panel displays theCvMp-value curves for theNNID
vectors and the r̄i vectors. For small k, the CvM tests shows
good compatibility between the theoretical and empirical
reference distributions. As k increases, small eigenvalues
introduce instability and thep values fall. Setting a 5% cutoff
selects, for instance, k ¼ 21 components for the NNID
vector; the corresponding Q-Q plot in the right panel
confirms the adequacy of this choice.

For completeness, we include in the following pages the
diagnostic plots for the other benchmark models analyzed
in Sec. IV, following the same procedure used in Fig. 17. In
Figs. 18 and 19 we present the corresponding results for the
leptonic and semileptonic MSSM backgrounds discussed
in Secs. IVA, IV C.
Interestingly, at very large k the p-value curves some-

times recover, particularly in the case of r̄i for the MSSM
background (Figs. 18, 19), wrongly suggesting a good fit.
We attribute this to the diminishing discriminating power of
the Fk;ðn−1Þ−k distribution when k is large: noise amplifi-
cations fail to produce statistically significant deviations,
giving an illusion of agreement. This regime, however, is

FIG. 17. CvM p value as a function of the number of principal components retained for the SM background of the Z0 signal in
Sec. IV B. The right panel shows the qualitative agreement at the optimal number of components via a Q-Q plot for the NNID vector.

FIG. 18. CvM p values as a function of the number of principal components retained for the SM background of the MSSM leptonic
signal in Sec. IVA at parton and detector level.
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unsuitable for new-physics discovery and should be
avoided.

APPENDIX B: MORE DETAILS
ON THE MSSM ANALYSES

In Sec. IVA we showed the impact on the significance
test based on the NNID and r̄i when uniformly rescaling the
particle transverse momenta (pT) after the event selection
had been carried out. Here we examine how the results
change if the rescaling is applied before the event selection.
In this case, we downscale pT by 5%, 10%, and 20% with
respect to the true values.

In the leptonic case, the event selection required pT >
10 GeV for all leptons, and additionally pT < 40 GeV for
all extra jets present in the event. Since the leptons originate
from on-shell Z and W bosons, the downscaling has a
negligible effect on the lepton pT cut. The dominant effect
instead arises from the jet veto: as pT is reduced, more
events are accepted because they satisfy the veto condition.
Quantitatively, the overall cut efficiency increases by about
5% between the no-rescaling and the 20% downscaling
cases. Consequently, we expect a small improvement on the
significance test, unlike the postcut rescaling analyzed in
Sec. IVA, where the test remained exactly invariant. This
expectation is confirmed by our results, shown in Fig. 20.

FIG. 19. Q-Q plot corresponding to the optimal number of PCA components for the NNID vectors at parton level (top right), and CvM
p value as a function of the number of principal components retained for the SM background of the MSSM semileptonic signal in
Sec. IV C.

FIG. 20. Impact of a global uniform downscaling of pT before the event selection on the significance tests with NNID and r̄i in the
leptonic MSSM case.
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Interestingly, the effect is more pronounced for the r̄i test
than for the NNID one.
It is also useful to comment on the impact of mixing

samples on the NNID. In the main text we have already
discussed the Z0 signal where the SM background is an
admixture of different processes. However it is useful to
show a more controlled example where we can dial the
proportions in the admixture. In Fig. 21 we show this effect
for SM and MSSM-3. From the results we see that in some
kinematic regimes the total NNID is approximately a
weighted average of the NNID of the two samples.
However, in other regions of phase space the subleading
sample might dominate and lead to nontrivial features in the
NNID as one can see in the tails of curves with large
fractions of MSSM-3 events. The way we interpret Fig. 21
is as follows. In samples with small fractions of MSSM-3
we run out of events at smaller values of r̄i and when this

happens the curve drops toward zero as fast as the SM. As
we increase the fraction of MSSM-3 events points with
large r̄i begin to be populated and the curve becomes
similar to the pure MSSM-3 curve up to larger values of r̄i,
where the SM again takes over, until the slope is reversed
once more when we start to probe regions close to the
typical boost of MSSM-3 events.
We leave a more detailed characterization of this

phenomenon to future work, but we believe that this will
help distinguish individual signals from the SM, as the SM
will in general be an admixture of multiple processes with
multiple nontrivial features in the NNID at different
distance scales, while individual signals tend to be
smoother as shown by all our examples in the main text.
To conclude we show the sensitivity curve for the

leptonic and semileptonic analysis of the MSSM-3 bench-
mark as a function of S=B after all cuts in Fig. 22.

FIG. 21. Significance bands at 68% CL of the new physics test in the leptonic (left) and semileptonic (right) MSSM-3 model as a
function of the signal over background rate after all cuts.

FIG. 22. Parton level NNID curves as a function of 2i=N (left panel) and the average distance to the ith neighbor (right panel) for a
variable percentage of SM and MSSM-3 events in the batch, with batch size fixed at 10000 events.
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