Eur. Phys. J. C (2026) 86:1211
https://doi.org/10.1140/epjc/s10052-026-16489-z

®

Check for
updates

THE EUROPEAN
PHYSICAL JOURNAL C

Regular Article - Computing, Software and Data Science

Quantume-inspired tensor network autoencoders for anomaly

detection: a MERA-based approach

2,3,b

Emre Gurkanli'?®, Michael Spannowsky

! Department of Physics, Sinop University, Sinop, Turkey

2 Institute for Theoretical Physics, Karlsruhe Institute of Technology (KIT), Campus Siid, 76128 Karlsruhe, Germany
3 Institute for Quantum Materials and Technologies, Karlsruhe Institute of Technology, 76131 Karlsruhe, Germany

Received: 13 April 2026 / Accepted: 7 October 2026
© The Author(s) 2026

Abstract We investigate whether a multiscale tensor-
network architecture provides a useful inductive bias for
reconstruction-based anomaly detection in collider jets. Jets
are produced by a branching cascade, so their internal struc-
ture is naturally organised across angular and momentum
scales. This motivates an autoencoder that compresses infor-
mation hierarchically and can reorganise short-range correla-
tions before coarse-graining. Guided by this picture, we for-
mulate a Multiscale Entanglement Renormalization Ansatz
(MERA)-inspired autoencoder acting directly on ordered jet
constituents. To our knowledge, a MERA-inspired autoen-
coder has not previously been proposed, and this architecture
has not been explored in collider anomaly detection. We com-
pare this architecture to a dense autoencoder, the correspond-
ing tree-tensor-network limit, and standard classical base-
lines within a background-only reconstruction framework.
The paper is organised around two main questions: whether
locality-aware hierarchical compression is genuinely sup-
ported by the data, and whether the disentangling layers
of MERA contribute beyond a simpler tree hierarchy. To
address these questions, we combine benchmark compar-
isons with a training-free local-compressibility diagnostic
and a direct identity-disentangler ablation. In the nominal
benchmark, the MER A-inspired model attains a higher mean
AUC than the dense autoencoder at all three latent dimen-
sions while using roughly one-third of its trainable param-
eters. The locality-preserving multiscale structure is well
matched to jet data, and, at the strongest compression bot-
tleneck, the trained disentanglers move substantially away
from the identity and are accompanied by a positive mean
performance shift. Overall, the study supports locality-aware
hierarchical compression as a useful and parameter-efficient
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inductive bias for reconstruction-based jet anomaly detection
in this benchmark setting.

Contents

Introduction . . . ... ... ...
Constructing a MERA-inspired anomaly detector . . .
Benchmarking and data preprocessing . . . . . . . ..
Model implementations and reference baselines . . . .
Results and discussion

AN N B W=

Summary and conclusions
References. . . . .. ... ... ... .. .. ...,

1 Introduction

The Standard Model (SM) gives an excellent description of
collider data, but it does not explain several basic observa-
tions, including dark matter, neutrino masses, and the baryon
asymmetry of the Universe. The search for physics beyond
the SM, therefore, remains a central goal of the LHC pro-
gramme. In practice, however, most searches are optimised
for specific benchmark signatures. This is a powerful strategy
when the signal is known in advance, but it can reduce sen-
sitivity to unexpected phenomena that do not fit a standard
search template. For this reason, there is increasing interest
in search strategies that rely less strongly on a detailed sig-
nal hypothesis and instead look more broadly for deviations
from the dominant SM background [1,2].

Anomaly detection provides one such framework. The
basic idea is to learn what typical background events look
like and then assign a large anomaly score to events that are
poorly described by that learned background model [1]. In
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collider physics, this programme has grown rapidly in recent
years, supported by community benchmarks and systematic
comparisons that clarified both the promise and the limita-
tions of model-agnostic searches [2,3]. A recurring lesson is
that the choice of data representation and the built-in struc-
ture of the model are crucial: an anomaly detector should be
flexible enough to respond to a wide class of signals, while
remaining robust against ordinary fluctuations of the back-
ground.

Among the many possible approaches, reconstruction-
based methods are especially attractive because they are con-
ceptually simple and easy to compare across architectures.
In these methods, a model is trained only on background
events to compress and reconstruct its input. The recon-
struction error is then used as the anomaly score, under the
expectation that atypical events will be reconstructed less
accurately. Autoencoders have therefore become a standard
reference point in collider anomaly detection, including for
jet-based searches, resonant-search studies, and more spe-
cialized adversarial, normalized, or graph-based construc-
tions [4—11]. At the same time, recent studies have empha-
sized that reconstruction quality alone is not enough: per-
formance can depend strongly on the input representation,
the architecture, and the evaluation protocol [3,11]. Related
work has also shown that non-neural or weakly supervised
alternatives, such as tree-based strategies, can be highly com-
petitive in collider anomaly searches [12]. This makes it espe-
cially important to ask what kind of architecture is most nat-
urally matched to the physics of jets.

Jets are collimated sprays of hadrons produced by the frag-
mentation and hadronisation of energetic quarks or gluons
in high-energy collisions. In proton-proton collisions, ordi-
nary QCD jets constitute the dominant background, while
jets originating from boosted heavy-particle decays, such as
hadronic top-quark decays, typically exhibit richer internal
substructure and more complex radiation patterns. These dif-
ferences make jet substructure a natural setting for anomaly
detection studies.

This substructure arises from a branching cascade: a high-
energy quark or gluon radiates, those daughters radiate again,
and the observable jet is built up through a nested sequence of
splittings across several angular and momentum scales [13].
Physically relevant information is therefore not distributed
uniformly across constituents. Hard, large-angle splittings
determine the coarse prong structure of the jet, while softer
and more collinear radiation refines that structure at progres-
sively smaller scales. For anomaly detection, this is precisely
the type of organisation one would like a model to capture:
signal jets may differ from QCD not only through isolated
features, but through how correlations persist or reorganise
across scales.

This motivates looking beyond dense autoencoders. A
fully connected autoencoder is flexible, but it treats the input
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as a largely unstructured vector and must learn any hierarchi-
cal organisation from the data alone. In other words, the net-
work is capable of representing multiscale correlations, but it
is not encouraged to do so in any particular way. This makes
a concrete hypothesis testable: if the ordered jet representa-
tion is locally compressible in a way that follows the shower
geometry, then a hierarchical architecture should model the
background more economically than a dense map. Whether
the additional disentangling structure of Multiscale Entan-
glement Renormalization Ansatz (MERA) is genuinely use-
ful beyond a simpler tree hierarchy is, however, an empirical
question rather than an assumption.

We study a multiscale architecture inspired by the Multi-
scale Entanglement Renormalisation Ansatz (MERA) [14,
15]. MERA was originally developed in quantum many-
body physics as a tensor-network construction that alter-
nates coarse-graining with disentangling transformations,
allowing relevant correlations to be retained across length
scales. Related tensor-network ideas have also been adapted
to machine learning, where they offer structured and often
parameter-efficient representations of high-dimensional data
[16]. In collider physics, tensor-network-inspired approaches
have already been explored for event reconstruction, compar-
isons between classical and quantum tensor-network circuits,
and generative or anomaly-oriented modelling [17-19]. For
jet analysis, the appeal of MERA is, that its coarse-graining
steps resemble the progressive aggregation of information
from nearby constituents into larger-scale features, while the
disentangling operations are designed to keep short-range
correlations from being lost before compression. In a jet con-
text, this means that local geometric structure can be reor-
ganised before information is passed to the next scale, rather
than being mixed globally from the start.

To the best of our knowledge, this is the first study to
formulate collider anomaly detection with a MER A-inspired
autoencoder. Earlier anomaly-detection applications in high-
energy physics have considered quantum autoencoders and,
more recently, tensor-network models based on matrix prod-
uct states acting in an externally learned latent space, but
not a MERA-inspired encoder—decoder operating directly on
ordered jet constituents [20,21].

This is why we consider the MERA-type anomaly detec-
tion worth studying. If the dominant background really lies
on a multiscale manifold shaped by the QCD shower, then
a MERA-inspired autoencoder should be able to model
that background economically: it should retain the correla-
tions that matter, discard redundant short-distance structure
efficiently, and compress the jet representation with fewer
parameters than a dense network of comparable reach. The
public Top Quark Tagging Reference Dataset, introduced as
part of a broad comparison of modern jet-tagging methods,
provides a clean and widely used benchmark for testing this
ideain a controlled setting [22]. Thus, we turn that motivation



Eur. Phys. J. C (2026) 86:1211

Page30of 18 1211

into two concrete tests: whether a locality-preserving con-
stituent chain is measurably more compressible at the local
tensor-network level, and whether trainable MERA disen-
tanglers improve on the corresponding identity-disentangler
limit. The goal of the present work is therefore to investigate
whether a hierarchical MER A-inspired architecture provides
a useful inductive bias for jet representations in a controlled
anomaly-detection benchmark.

To this end, we perform a comparison between a dense
autoencoder baseline, a MER A-inspired neural architecture,
the corresponding tree tensor network (TTN) limit, and clas-
sical unsupervised methods, including principal component
analysis (PCA), Gaussian modelling, and Isolation Forest.
All methods are trained on background-only QCD jets and
evaluated against hadronically decaying top jets using iden-
tical inputs, preprocessing, and performance metrics. This
common setup allows observed differences to be attributed
directly to the underlying representation rather than to dif-
ferences in data handling or optimisation.

We study the models across several latent dimensions
and assess their behaviour through ROC curves, AUC val-
ues, local-compressibility diagnostics, and direct architec-
tural ablations. Particular emphasis is placed on identifying
which part of the multiscale construction is actually sup-
ported by the data.

The rest of the paper is organised as follows. In Sect. 2,
we introduce the canonical MERA as the physical and archi-
tectural motivation for the proposed MERA -inspired autoen-
coder and develop the mathematical framework underlying
its construction. In Sect. 3, we describe the jet representation,
the locality-preserving ordering, and the anomaly-detection
setup. In Sect. 4, we present the concrete MERA-inspired,
TTN, dense-autoencoder, and classical baseline models used
in the study. In Sect. 5, we report the nominal benchmark, the
local-compressibility and ordering analyses, and the disen-
tangler ablation. Finally, Sect. 6 summarises the main find-
ings and their implications.

2 Constructing a MERA-inspired anomaly detector

Tensor networks provide structured factorisations of high-
order maps into products of low-order tensors. In many-
body physics they are used to represent states with con-
strained correlation structure; in machine learning the same
idea has been adapted to supervised classification, multi-
scale feature extraction, and generative modelling [16,23—
29]. Collider applications of tensor-network-inspired meth-
ods have also begun to appear, including matrix-product-state
event reconstruction and quantum-probabilistic generative or
anomaly-detection frameworks [17-19]. A reconstruction-
based anomaly detector built from MERA combines this
tensor-network viewpoint with the standard background-

only autoencoder strategy used in collider anomaly detection:
one constructs a constrained multiscale encoder—decoder
map, fits it only on background jets, and then uses the recon-
struction error as the anomaly score. The overall workflow
of the proposed MERA-inspired autoencoder is illustrated in
Fig. 1.

We emphasise at the outset that the model studied here
is a MERA-inspired neural architecture rather than a canon-
ical tensor-network MERA. Canonical binary MERA uses
staggered disentanglers acting across the boundaries of
the blocks subsequently coarse-grained by isometries. The
implemented model instead applies a local mixing map and
a coarse-graining map successively to the same constituent
pair, introduces nonlinear activations between hierarchical
levels, and uses an untied decoder with soft rather than
exact structural constraints. We use the term MERA-inspired
because the architecture retains the motivating alternation
of local correlation reorganisation and scale-by-scale com-
pression. All numerical results below concern this explicitly
defined neural architecture and should not be interpreted as
results for canonical MERA.

2.1 From canonical MERA to a MERA-inspired encoder

In this section, we first describe the canonical MERA con-
struction that motivates the model. The exact finite MERA-
inspired neural architecture used in the numerical bench-
mark, including its modified connectivity and nonlinearities,
is specified later in Sect. 4.

Leta jet be represented by an ordered list of N constituent-
level feature vectors,
Xj € Rdo.

2.1)

X =(X1,...,XN),

Inthe presentwork,dy = 3andx; = (piT, An;, Ag;), butthe
construction is more general. One may either work directly
with these site vectors or first apply a local feature map

¢ RO 5RO, B0 = g(x), 2.2)

where xo is the local site dimension. The full input is then
viewed as an element of a tensor-product space,

N
h® e QR

i=1

(2.3)

The essential modelling decision is to interpret the ordered
constituents as sites on a one-dimensional hierarchical graph.
Once a site ordering has been fixed, a binary MERA encoder
acts by alternating local basis changes (the disentanglers)
with local projections (the isometries). At layer £, with ny

active sites of dimension y,, we write schematically
D =wOyOp® g =o,...

,L—1, 2.4
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Fig. 1 Schematic overview of
the MERA-inspired neural
autoencoder used in this work.
After locality-preserving
ordering and standardisation, the
encoder alternates local mixing
maps Uy and coarse-graining
maps W, recursively across all
four layers of the hierarchy

48 - 24 — 12 - 6 — 3,
followed by a projection to a
latent vector z € RE. In the
implemented architecture, Uy
and W, act successively on the
same local pair; this differs from
the staggered cross-boundary
connectivity of canonical binary
MERA. The decoder mirrors the
hierarchy with untied tensors U
and W[ and reconstructs the
ordered jet constituents. The
anomaly score is computed from
the reconstruction error between
the original jet and its
reconstruction, as indicated by
the direct comparison arrow into
the score box

Jet constituents
z; = (pr,An,A¢), i = 1,...,48

Preprocessing

locality-preserving ordering, back-

ground standardisation, clipping

:

nearest neighbours in the chain are geometrically nearby in the jet

ordered constituent chain

Encoder

Decoder

Y

Encoder layer 1
disentanglers U; reorganise lo-
cal correlations, then isometries

W1 coarse-grain 48 — 24

Y

Encoder layer 2
Us then Wo: 24 — 12

Y

Encoder layer 3
Us then W3: 12 — 6

v

Encoder layer 4
Uy then Wy: 6 — 3

A
Latent bottleneck

projection to z € RZ

Y

Decoder layer 4
Wy then Us: 3 — 6

Y

Decoder layer 3
W3 then Us: 6 — 12

v

Decoder layer 2
Wa then Us: 12 — 24

Y

Decoder layer 1
Wi then Up: 24 — 48

Y

(2026) 86:1211

Reconstructed constituents

Z; in the same ordered representation

Y Anomaly score

1 48
s(z) = ;5 D llwi — &l
i=1

where ) is a product of local disentanglers and W is
a product of local isometries. In a finite binary MERA-like
layout, the local operations may be written as

0 {4 0) ?
Py = h;i) ®h, € RY, (2.5)

~(L {4 {4
O _ gy

¢ 2.2
P = I U} ) ¢ RXQ XX (2.6)
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E+D) _ i 50
hj " =Wipi

14 2

W; ) e RXHXXE 2.7
Here, the pair labels (a;, b;) are determined by the cho-
sen MERA connectivity. In the standard binary construction,
the disentanglers act across the boundaries of neighbouring
blocks and the isometries then coarse-grain those disentan-
gled blocks into the next layer [14,15]. The defining struc-
tural constraints are

WNHTU =1,

O i ONT
o WOWIOT =5 e
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so each U]@ is orthogonal and each W](.e) is an isometry. The
action of a single MERA layer, including the disentangling
and coarse-graining operations, is illustrated schematically
in Fig. 2.

After L coarse-graining layers, the remaining top-level
tensors are concatenated and mapped to a latent vector

i=P vec(h<L>) . P eREx(wx), (2.9)

where B denotes the latent dimension of the final represen-
tation. In the concrete implementation studied below, this
abstract top-level map is specialised to a finite hierarchy
whose top tensor has dimension nz, xz = 9, followed by a
final linear projection of width B. The encoder is, therefore,
a structured map

Ey : RNd _, RE ,

7= Ep(x), (2.10)

with parameter set 6 = {U©, W, P}.

2.2 Decoder and anomaly score

To use MERA for reconstruction-based anomaly detection,
the encoder must be paired with a decoder

Dy :RE - RN 3 = Dy(2). 2.11)
If one insists on an exactly tied construction, the decoder can
be built from the transposes of the encoder tensors, since for
orthogonal U and isometric W the natural expansion maps
are U and W . In a more flexible autoencoder realization
one may instead introduce an untied decoder,
A0 — O W©® /,Al(’é+1), (2.12)
with independent parameters & = {U©, W©, P}. This
generic choice is useful because exact inversion is impossible
once information has been discarded by coarse-graining. In
Sect. 4.1 we adopt this untied option for the concrete bench-
mark model.

At the conceptual level, the encoder—decoder is trained on

background jets and the anomaly score is the reconstruction
loss,
S(x) = Lrec(x, Dy=(Ep=(x))) . (2.13)
Large values of S(x) indicate that the jet lies away from
the multiscale background manifold learned by the encoder—
decoder. This subsection defines only that general reconstruc-
tion principle; the exact finite decoder, per-jet loss, soft regu-
larisation terms, and numerical hyperparameters used in the
benchmark are specified together in Sect. 4.1.

2.3 Potential advantages of a MERA approach for anomaly
detection and interpretability

The advantage of MERA over a plain tree tensor network or
an unstructured dense map can be made explicit at the level
of local compression. Consider a local pair or block vector
p e RX? with mean # = E[p] and covariance matrix
2 =E[(p-wp-wT]. 2.14)
Writing ¢ = p — u for the centred local fluctuation, a tree

tensor network without disentanglers compresses g by pro-

jection onto a low-dimensional subspace,
v =WTWq. 2.15)

By contrast, MERA first rotates the local basis and only then
truncates,

Gvera = UTW' WU q. (2.16)
The corresponding expected local truncation error is
eU, W) =E[llg —UTW WUql}]

— w(Z) — tr(WUEUTWT) . 2.17)

For fixed U, the optimal W is obtained by choosing the
xes1 leading eigenvectors of US U T; this is just PCA in
the rotated basis. The role of the disentangler is therefore
clear: it seeks a basis in which the degrees of freedom that
must be retained by the subsequent isometry are as informa-
tive as possible. In jet language, this is exactly the mechanism
one would like if short-distance angular correlations have to
be reorganised before a coarse description is formed. This is
the key mathematical reason to expect MERA to outperform
a pure tree, and potentially to reach a given reconstruction
quality with fewer parameters than a dense autoencoder.

The same argument also explains why the choice of geom-
etry matters. A dense autoencoder compresses the entire vec-
tor x € RN% using global matrix multiplications. It can
represent multiscale structure, but it does not encode where
that structure is expected to live. A MERA, by construc-
tion, allocates different tensors to different scales and only
allows information to propagate upward through a prescribed
hierarchy. If that hierarchy is well aligned with the QCD
shower, the network spends its capacity on the correlations
one expects to be physically relevant, rather than learning
them indirectly from scratch. The capacity available at each
scale is in turn controlled by the bond dimension x, which
denotes the dimension of the internal tensor indices connect-
ing neighbouring tensors. Physically, larger values of x allow
more correlations and information to be retained between
different parts of the system, at the cost of increased compu-
tational complexity.

@ Springer
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Fig. 2 Schematic action of one N/2 effective sites after one layer

layer in a canonical binary
MERA, shown here as the h{H h{H Y )

motivation for the proposed
architecture. Canonical
disentanglers U reorganise
short-range correlations across
block boundaries before
isometries W coarse-grain
adjacent pairs into a reduced set
of effective sites. The
implemented MERA-inspired

w w
neural architecture differs in that M/\
each U;Z) and W]@ acts

successively on the same local z1 z z3 T4
pair, as specified in Sect. 4.1

I

effective coarse-grained sites

I

coarse-grain adjacent pairs

[
N7
VAV

disentangle short-range correlations

ordered input sites

N input sites

For moderate bond dimensions, this leads to favourable
scaling. If x; ~ x across layers, then each disentangler
carries O(x %) parameters and each isometry carries O( x>
parameters, while the total number of local tensors is O(N)
in a binary hierarchy. The resulting parameter count is there-
fore

NMERA — O(NX4),

param

(2.18)

up to the small top tensor. The point is not that this is uni-
versally smaller than every dense autoencoder, but that the
scaling is linear in the number of sites for fixed bond dimen-
sion and that the retained parameters have a clear multiscale
interpretation.

2.4 Mathematical challenges

Although the construction above is conceptually natural,
designing a MERA for anomaly detection is mathematically
non-trivial.

Geometry and site ordering. MERA assumes a graph on
which locality is defined, whereas a jet is fundamentally an
unordered set of constituents. One must therefore specify a
map

ﬂ:{l,...,N}—){l,...,N}, xH(xﬂ(l),...,xn(N)),

(2.19)

that turns the set into an ordered sequence. If this ordering
fails to place strongly correlated constituents near each other,
then the local disentanglers and isometries will act on the
wrong degrees of freedom and the MERA inductive bias is
weakened. This is one of the central modelling choices in
collider applications, and it is why constituent ordering is
not a cosmetic preprocessing step but part of the architecture
itself.

Irregular system size. The cleanest binary MERA is defined
for a dyadic number of sites, N = 2L Jet representations
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rarely satisfy this exactly, and even a fixed choice such as
N = 48 leads to an irregular top of the hierarchy:

48 - 24 - 12 - 6 — 3. (2.20)

One must then decide whether to pad to a dyadic size, use
mixed-arity tensors near the top, or terminate the hierarchy
with an additional dense projection. Each choice changes the
balance between exact MERA structure and practical flexi-
bility.

Constrained optimisation. The exact parameter spaces are
not Euclidean:

U eod). W e St xd), (2.21)

where O(m) is the orthogonal group and St(r, m) is the
Stiefel manifold' of r orthonormal rows in R” [30]. Train-
ing directly in these constrained spaces is possible, but more
involved than ordinary gradient descent. Alternatives include
soft penalties of the form used in Sect. 4.1, explicit retractions
onto the constraint manifold [31], or layerwise constructions
based on truncated higher-order singular value decomposi-
tions and orthogonal Procrustes updates [32—34]. The prac-
tical challenge is that one wants enough freedom to fit the
background distribution, while preserving enough orthogo-
nality that the MERA interpretation is not lost.

Non-convex coupling across layers. Even the local objec-
tive in Eq. (2.17) becomes difficult once all layers are trained
jointly, because the covariance seen at layer £ depends on
every lower-layer tensor. The optimisation problem is there-
fore highly non-convex and strongly coupled across scales.
Moreover, internal tensor-network gauge freedoms imply

I The Stiefel manifold St(r, m) is the space of all ordered sets of r
mutually orthonormal vectors in R, or equivalently all » x m matrices
with orthonormal rows. It is the natural parameter space for the MERA
isometries, because each W must choose and preserve an orthonormal r-
dimensional subspace of the local m-dimensional block that is retained
under coarse-graining.



Eur. Phys. J. C (2026) 86:1211

Page 7of 18 1211

that many parameter configurations represent the same global
map, producing gauge-induced flat directions in the loss land-
scape [23]. This complicates both optimisation and interpre-
tation of the learned tensors.

No exact inverse after truncation. Once xp41 < ng’ the
projector W T W is not the identity:
WIwW £ L. (2.22)
Therefore, a MERA autoencoder is never an exactly invert-
ible transform after coarse-graining; information has been
discarded by construction. For anomaly detection, this is not
a bug but the central mechanism, since the model is supposed
to keep the dominant background modes and discard the rest.
Nevertheless, it means that the decoder must learn a stable
approximate inverse of a sequence of projections and rota-
tions, which can be numerically delicate when the retained
subspaces vary strongly across layers.

These issues explain why constructing a useful MERA
anomaly detector is not equivalent to simply replacing dense
layers with tensor contractions. The success of the method
depends on simultaneously choosing a meaningful geometry
for the data, enforcing a tractable multiscale compression
scheme, and training under non-trivial algebraic constraints.
The concrete architecture used in our numerical study is one
specific realisation of this general construction.

3 Benchmarking and data preprocessing

3.1 Benchmark dataset and task definition

Our study uses the publicly available Top Quark Tagging
Reference Dataset, introduced as a common benchmark
for comparing jet-substructure and machine-learning meth-
ods [22,35]. This benchmark is well-suited to the present
analysis for two reasons. First, it is already widely used,
which makes the results easy to compare with the existing
literature. Second, it provides an environment in which dif-
ferences between methods can be traced primarily to model
design rather than to variations in event generation, detector
simulation, or train—test splitting.

The events correspond to proton—proton collisions at a
centre-of-mass energy of v/s = 14 TeV. They are generated
with PYTHIA8 [36] and passed through a fast detector sim-
ulation based on DELPHES [37]. Jets are reconstructed with
the anti-kr clustering algorithm [38] using radius parameter
R = 0.8. Throughout the analysis, we restrict attention to
jets with transverse momentum

550 GeV < pI¥' < 650 GeV

and pseudorapidity
P < 2.

A jetis acollimated spray of hadrons produced when an ener-
getic quark or gluon fragments in the detector. In this bench-
mark, the background sample consists of ordinary QCD jets
from dijet production, while the signal sample consists of
jets initiated by hadronically decaying top quarks. The top
jets are therefore not used here as a literal model of new
physics. Rather, they serve as a well-understood example
of jets with richer internal structure than the dominant QCD
background, making them a useful proxy anomaly when test-
ing reconstruction-based methods. A broader study involv-
ing multiple signal classes would be valuable for assessing
anomaly-detection generalisation, but lies beyond the scope
of the present work.

The dataset is provided with fixed splits of 1.2M train-
ing jets, 400k validation jets, and 400k test jets. We keep
these predefined splits unchanged for every method consid-
ered in this paper. In the anomaly-detection setup, all mod-
els are trained or fitted only on background jets. Signal jets
enter only at validation and test time. This is conceptually
important: the task is not supervised classification of top ver-
sus QCD jets, but the identification of jets that are poorly
described by a model of typical background structure.

3.2 Jet representation

Each jet is stored as a list of up to 200 reconstructed con-
stituents. For each constituent, the dataset provides its four-
momentum,

p = (Ei, pxi, Pyi» P2i)s i =1,..., NCONST.

Jets with fewer than 200 constituents are zero-padded, while
jets with more constituents are truncated by construction of
the benchmark. In the released dataset, the constituents are
ordered by decreasing transverse momentum.

For the present study, we retain only the first

Nconst = 48

constituents. This choice keeps the input dimension man-
ageable while preserving the dominant substructure infor-
mation in the kinematic regime under consideration. Just as
importantly, it provides every method with the same fixed-
size input, which is necessary for a controlled comparison.
To quantify the information retained by this choice, we
evaluated the cumulative transverse-momentum coverage of
the leading constituents in the benchmark dataset. The lead-
ing 48 constituents retain on average 98.9% of the total con-
stituent transverse momentum, compared with 95.8% for 32
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constituents and 99.8% for 64 constituents. We therefore
adopt NconsT = 48 as a practical compromise between
information retention and computational cost. The fact that
48 = 3 x 2% is compatible with the four-layer binary MERA
hierarchy used in this work, but this was not the primary
motivation for the choice.

Rather than using raw Cartesian momentum components
directly, we express each jet in a jet-centred coordinate sys-
tem. The four-momentum reconstructed from the retained
constituents is

NCONST
no_ § : Iz
pjet - pi s

i=1

from which the jet axis (pr jet, Mjet» Pjer) is obtained. For each
constituent, we compute the transverse momentum

i ) 2
plT = px,i +py,i’

the azimuthal angle

¢; = atan2(py;, px,i),

and the pseudorapidity
1 Ipil + pzi 2 2 2
n= g () wi= e

The constituent coordinates used as inputs are then

(piT, An;, A¢i> )
with
Ani =i — Njets A¢; = wrap(di — diet) »

where wrap maps the azimuthal difference to the interval
(—m, m].

This representation removes the trivial dependence on the
global jet direction and focuses the model on the internal
energy flow within the jet. In other words, the models see
how momentum is distributed inside the jet rather than where
the jet happens to point in the detector. The final input is
obtained by concatenating the constituent triplets into a vec-
tor of dimension

3 x NCONST = 144.

The same representation is used for all neural and classical
baselines.

@ Springer

3.3 Locality-preserving ordering and standardisation

The original benchmark orders constituents by decreasing
pr. This is a sensible default, but it is not ideal for a multi-
scale architecture whose local tensor operations act on neigh-
bouring sites. For a MERA-type model, the notion of “neigh-
bouring” constituents matters: one would like adjacent sites
to correspond, as far as possible, to constituents that are also
close in the jet.

For this reason, we reorder the active constituents using
a simple geometry-based procedure in the (An, A¢) plane.
Constituents with

pr <1079 GeV

are treated as inactive padding entries. This is not a phys-
ical transverse-momentum cut, but only a numerical zero
threshold used to identify padded constituents in the native
dataset units. Among the active constituents, we begin with
the highest- pr constituent and then append the nearest unvis-
ited neighbour according to the angular distance

3.1

Inactive padded entries are placed at the end of the sequence.
This does not change the jet itself, but it produces a fixed
ordering that better preserves local geometric correlations.
The same reordered inputs are used for every model in
the benchmark, so any performance differences cannot be
attributed to giving MERA privileged information.

After ordering, each input feature is standardised using
only the background portion of the training set. If x ; denotes
a given input component, we define

AR = (Ani = Anj)* + (Ag; — Ap)*.

F= (3.2)
oj+10

where 1 ; and o; are the mean and standard deviation com-
puted from background training jets alone. The additive term
1079 is a small numerical stabiliser: some components can
have vanishing or extremely small variance, especially for
padded entries, and the offset prevents division by zero or by
an anomalously small denominator. The same transforma-
tion is then applied to validation and test data. This prevents
information leakage from the signal sample and ensures that
every method sees identically normalised inputs. To improve
numerical stability, we additionally clip the standardised fea-
tures to the range

fj < clip(Xj, —Zmax, Zmax)- Zmax = 3. (3.3)

We checked explicitly how often this clipping threshold
is reached before clipping is applied. Only approximately
0.12% of feature entries in QCD jets and 0.086% in top jets
lie outside the interval [—5, 5]. Clipping therefore affects a
negligible fraction of entries in both samples and does not
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preferentially remove extreme values from the top-jet sam-
ple.

We also decomposed the per-jet mean-squared recon-
struction loss into its p7, An, and A¢ contributions after
standardisation. Averaged over three independent seeds at
B =8, the pr component accounts for approximately 60%
of the dense-autoencoder loss on QCD jets and 72% on top
jets. For the MERA-inspired model, the corresponding frac-
tions are approximately 52% and 61%. Thus, pr provides
the largest single contribution for both architectures and both
samples, while the two angular variables together account for
the remainder. These fractions refer to the reconstruction loss
and do not alter the equal component-wise standardisation
applied to the inputs.

3.4 Benchmarking protocol

All methods are compared in the same unsupervised setting.
Neural models are trained on background jets only, and the
classical baselines are likewise fitted only to the background
training sample. Signal jets are withheld until validation and
testing. This benchmarking protocol is designed to answer a
specific question: how well can each method learn the struc-
ture of ordinary QCD jets, and how strongly does a top jet
deviate from that learned background description?

For the neural models studied here, anomaly scores are
defined by the per-jet reconstruction loss. A jet that is well
represented by the learned background manifold receives a
small score, while a jet that cannot be reconstructed accu-
rately receives a larger score and is interpreted as more
anomalous. For the classical baselines, we use the natu-
ral score associated with each method: the reconstruction
residual for PCA, the Mahalanobis distance for the Gaus-
sian model, and the isolation-depth-based score for Isolation
Forest.

Because the dataset, preprocessing, train—validation—test
splits, and scoring protocol are fixed across all models, the
benchmark isolates the effect of representational structure as
cleanly as possible. This is the main reason for organising
the study in this way.

4 Model implementations and reference baselines

This section specifies the concrete models used in the numer-
ical study. All methods act on the common representation
defined in Sect. 3, namely a standardised vector

x € R, 4.1

obtained from 48 ordered jet constituents with three features
each. For the capacity-controlled comparison, MERA, the
dense autoencoder, and PCA are studied at effective latent
dimension B € {8, 16, 32}. The Gaussian and Isolation For-

est baselines do not contain an explicit bottleneck, but they
are trained on the same background-only sample and evalu-
ated on the same validation and test sets. Details of optimi-
sation and model selection are summarised at the beginning
of Sect. 5; here, the focus is on the structure of the models
themselves.

4.1 MERA-inspired neural implementation

The canonical MERA construction and its motivation for
anomaly detection were discussed in Sect. 2. We now define
the modified, finite MER A-inspired neural architecture used
in the benchmark. In particular, the implementation uses
within-pair rather than staggered cross-boundary mixing,
nonlinear activations between hierarchical levels, an untied
decoder, and soft structural constraints. The input vector is
reshaped into a sequence of site tensors,

x> XO = (@) 5O e R?,

il 4.2)
so that each site corresponds to one ordered constituent
described by (pr, An, A¢). We then apply four binary

coarse-graining stages, giving

ng=48,ny =24,ny, =12, n3 =6, ng =3,

4.3)

where n, denotes the number of active sites at level £. In the
implementation used here, the site dimension is kept fixed at
x = 3 at every scale. This keeps the local tensors small and
makes the trainable complexity grow mainly with the number
of sites rather than with an increasing bond dimension.

Ateachlayer £ =0, ..., 3, neighbouring sites are paired
according to the geometry-preserving ordering introduced in
Sect. 3. For the j-th pair, we form the local vector

) sé@) 1 6

S2j

4.4)

Alearned local mixing map, playing the role of a disentangler

in the MER A-inspired construction,
Uj(_f) c R6X6 4.5)

first mixes the two neighbouring sites, and a learned coarse-
graining map, playing the role of an isometry,

W](-D c R3%6 (4.6)
then projects the result to the next scale:

(¢ 0 0+1 0 (¢

PO =uPp. T = (wp), @)

where o denotes a leaky-ReL.U activation with slope param-
eter « = 0.1 at the intermediate hierarchical levels and
the identity at the final encoder level. Thus, the nonlinear-
ity is applied after each intermediate coarse-graining opera-
tion Wj(.ﬁ). Unlike canonical MERA, the implemented layer
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is nonlinear and its U; © and W(Z) maps act successively on

the same pair (s2 J—1052; )) The tensors are not shared across
positions or layers. ThlS is a deliberate choice: the ordered
jet is finite, not translationally invariant, and the upper part
of the hierarchy is irregular because 48 # 2%,

After the final coarse-graining stage, the remaining three
sites are concatenated into a top tensor

heR. (4.8)
A linear map then produces the latent representation,
2= Pench,  Penc € R, 4.9)

with B € {8,16,32}. For B = 16 and 32, this final map
expands the 9-dimensional top tensor, so the main compres-
sion is already carried by the hierarchical coarse-graining
rather than by this last linear layer alone. The decoder begins
with an untied linear expansion

h = Pecz, Paec € RQXB, (4.10)

and then reconstructs finer scales through learned expansion
maps

W e RO .11
and local mixing maps

U e RO, (4.12)
according to

qj(ﬁ) W(Z) (€+1) A(/Z) U(Z) (Z)’ (4.13)

followed by reshaping c} i into two daughter sites at the
next finer level. The final output layer is linear, so the model
reconstructs

£ eR™ 4.14)

in the same feature space in which it was trained.
The network is trained by minimising the per-jet mean-
squared reconstruction loss
Loeelx) = = x = £13 4.15)
x) = —|lx = x||5, .
e 144 :

augmented by soft orthogonality penalties on the tensors that
play the role of disentanglers and isometries,

L= Lo 20 YU UO g2
oy
.
+aw Y[ WOWE T — 7
e7j

(4.16)

In the nominal benchmark, weuse Ay = Ay = 103, Rather
than enforcing exact constraints on orthogonal or Stiefel
manifolds, we use these penalties to keep the learned maps
close to the intended MERA structure while retaining the
flexibility of end-to-end optimisation [14,15,23,25,26,34].
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The decoder is kept untied for a related reason: after coarse-
graining, exact inversion is impossible, so a learned approxi-
mate inverse is more suitable than a rigid transpose construc-
tion. Once trained on background jets only, the anomaly score
is taken to be the reconstruction error,

SMERA (X) = Lrec(x). 4.17)

The relationship between the concrete penalised training
objective and the inference-time anomaly score is illustrated
in Fig.3. During training, the reconstruction and regulari-
sation terms act on the same encoder—decoder parameters,
whereas at inference time only the reconstruction error is
used as the anomaly score.

4.2 Dense autoencoder baseline

Fully connected autoencoders provide the standard nonlin-
ear reconstruction baseline for unsupervised anomaly detec-
tion and have been widely used in collider applications [4—
8,10,11,39]. Their role in the present study is clear: unlike
MERA, a dense autoencoder can mix all input features glob-
ally, but it carries no explicit notion of scale or locality. Any
hierarchical organisation in the jet therefore has to be discov-
ered implicitly from the training data rather than being built
into the architecture.

Our reference autoencoder takes the same 144-
dimensional input and uses a symmetric fully connected
encoder—decoder of the form

144 — 48 — 24 — B — 24 — 48 — 144, (4.18)

with B € {8, 16, 32}. Writing the encoder and decoder as
Senc and fgec, the model computes

2= fone@®) €RE, & = fuec(z) € R1H. (4.19)

Leaky-ReL.U activations with slope ¢ = 0.1 are used in the
hidden layers, while the bottleneck and output layers are kept
linear. The architecture is intentionally modest: it is expres-
sive enough to model global nonlinear correlations, but still
simple enough that differences with respect to MERA can be
interpreted as differences in inductive bias rather than brute-
force network size.

The autoencoder is trained on background jets only with
the same reconstruction objective used for MERA,

1 .
Lree(x) = Tl = 213, (4.20)
and the anomaly score is defined by
SAE(X) = Lrec(x). 4.21)

Using the same input representation, the same loss, and the
same latent sizes makes this model a direct test of whether
explicit multiscale structure improves background compres-
sion over a generic dense map.
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Training stage

Inference stage

Input jet MERA encoder—decoder Reconstructilon L= Input jet
. A 2
v % = Dy(Es()) Lrcc(@, ) = Fro=lle = 213 z
Y
Di i | Y \
|is;]er|1\;z;EnRg:rs Isometries in MERA Trained MERA
(U {Wj(z)} encoder—decoder
Z & = Dy« (Ege(z
¥ ! v+ (Eo+ (x))
Orthogonality penalty Isometry penalty
Ru = Rw =
¢ ¢ ¢ ¢
ST U ~ 1 ST~ 11l !
4,5 4,3 .
Test-time anomaly score
Y \4 S(”E) = ‘Crec(xv D19* (EG’ (.Z’)))
Training objective
]

Lirain = Lrec + AvRu + AwRw

Fig. 3 Schematic relationship between the training objective and
inference-time anomaly score for the implemented MER A-inspired net-
work. During training, the reconstruction loss is supplemented by soft

4.3 Classical reference baselines

To complement the neural comparison, we also include
three standard unsupervised baselines that embody differ-
ent notions of normality: a linear low-rank model (PCA),
a single-component density model (Gaussian/Mahalanobis),
and a tree-based isolation method (Isolation Forest). All are
fitted on the same standardised background sample used for
the neural architectures.

Principal Component Analysis. PCA is the canonical linear
compression baseline [40,41]. Let f denote the empirical
background mean and let

c R144><B

Vg = (vl, e, vB) (4.22)

contain the B leading eigenvectors of the empirical covari-
ance matrix. The rank- B reconstruction is

fpca = fi+ VBVyg (x — ), (4.23)

and the anomaly score is the squared residual

A~ A2
Spca(x) = llx — Zpcallz = | (I = VaV) (x — D)5
(4.24)

PCA is especially informative in the present context because
each MERA isometry performs a local linear truncation. It
therefore provides the cleanest global linear reference against
which one can assess the value of multiscale nonlinear struc-
ture.

orthogonality and isometry penalties on the local mixing and coarse-
graining maps. At inference time, only the per-jet reconstruction error
is used as the anomaly score

Gaussian background model. As a minimal density-
estimation baseline, we fit a multivariate Gaussian distri-
bution to the background sample using the empirical mean
i and a ridge-regularised covariance matrix T + AgI with
AG = 1073, Under this model, the negative log-likelihood
differs from the squared Mahalanobis distance only by addi-
tive terms that are common across events, so we use the cor-
responding regularised Mahalanobis score [42]

So) = (=) (£ +aal) ™ (x = ). (4.25)
This baseline asks whether the standardised background can
already be described adequately by a single ellipsoidal distri-
bution in feature space. If the background manifold is curved,
multimodal, or strongly non-Gaussian, this model should
underperform, which helps to interpret the gains from more
structured methods.

Isolation forest. Isolation Forest provides a conceptually
different unsupervised baseline based on recursive random
partitioning rather than reconstruction or density estima-
tion [43]. We use an ensemble of 7 = 100 isolation trees
trained on background events. For an event x, each tree
returns a path length £, (x), and the average path length

i} 1<
h() = — Zh,(x) (4.26)

t=1

is converted into the standard isolation score

@ Springer



1211 Page 12 of 18

Eur. Phys. J. C (2026) 86:1211

20n — 1)
n b

Sip(x) = 27@/em oy = 2H, | —

(4.27)

where 7 is the subsample size used to construct a tree and
H,, denotes the k-th harmonic number. Jets that are isolated
after fewer random splits receive larger anomaly scores. Any
monotonic equivalent of this standard score would lead to
the same ROC ranking, but the expression above makes the
statistical interpretation transparent.

5 Results and discussion

For both MERA and the dense autoencoder, hyperparame-
ters were selected separately for each bottleneck dimension
B using the validation sample. The selected configurations
were then fixed and evaluated over independent random seeds
disjoint from those used for model selection. All methods
are trained on the QCD background sample only, with sig-
nal events used exclusively for validation and final testing.
For the neural architectures, optimisation is carried out with
Adam [44] using the reconstruction losses defined in Sect. 4,
while the classical reference models are fitted with their stan-
dard unsupervised objectives. For stochastic models, the final
performance is reported as a mean over repeated runs with
independent random seeds.

The main question of this section is no longer just which
curve sits highest in one benchmark table. We instead sep-
arate two issues. First, we establish the nominal benchmark
comparison against the dense autoencoder and the classi-
cal baselines. Second, we test the locality argument directly
through a training-free local-compressibility diagnostic and
then ask whether the disentanglers improve on the corre-
sponding identity-disentangler limit of the same hierarchy.

5.1 Nominal benchmark

Figure 4 and Table 1 summarise the nominal benchmark for
the locality-preserving representation introduced in Sect. 3.
Within this specific scan, MERA attains the largest test AUC
at all three latent dimensions, reaching 0.7959, 0.7885, and
0.7963 at B = 8, 16, 32, respectively. The corresponding
dense-autoencoder values are 0.7616, 0.7487, and 0.7550,
while PCA becomes competitive only once the retained
dimension is large enough to capture a sizeable fraction of
the global background variance.

The comparison to the dense autoencoder is the most
important one in this subsection, because the dense AE is
the standard nonlinear reconstruction baseline and carries
substantially more trainable freedom than the implemented
MERA-inspired model. The MERA-inspired model attains
a higher mean AUC at every latent dimension in this bench-
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mark: the gain is about 0.034 at B = 8, 0.040 at B = 16,
and 0.041 at B = 32. At the same time, the implemented
models use only about one third of the trainable parame-
ters of the corresponding dense autoencoders: roughly 5.0—
5.5 x 10% parameters, compared with 1.68-1.80 x 10* for
AE. In other words, these numerical results show that, for
the locality-preserving representation used here, the imple-
mented MERA-inspired multiscale construction can outper-
form the standard dense autoencoder while doing so with a
far smaller parameter budget. This empirical statement con-
cerns the neural architecture defined in Sect. 4.1, not canon-
ical MERA in general.

That point is important for the logic of the paper. If
the MERA model had only matched the AE after introduc-
ing extra structure, the result would mainly be architectural
curiosity. Instead, Table 1 shows a simultaneously stronger
and more economical model in the nominal scan. This is
exactly the kind of outcome that motivates asking which part
of the construction is responsible: whether the gain is tied
to the locality-aligned representation, to hierarchical coarse-
graining more generally, or to the disentangling layers spe-
cific to MERA.

Table 1 shows the same comparison numerically. The key
observation is therefore quite concrete: in the benchmark set-
ting used throughout this paper, the implemented MERA-
inspired architecture attains a higher mean AUC than the
dense autoencoder with only about one-third of the dense
model’s trainable parameters. This makes the nominal bench-
mark a positive result for the specific neural construction
studied here and provides the starting point for the more tar-
geted tests below.

5.2 Locality and local compressibility

The most direct way to test the locality argument of Sect. 2 is
to ask whether the ordered input is actually more compress-
ible at the scale on which the local tensors of the implemented
MERA-inspired architecture act. We therefore performed a
training-free diagnostic on background jets for the three con-
stituent orderings considered earlier: the locality-preserving
chain used in the main benchmark, a simple p7 ordering, and
random permutations. For each ordering, we measured the
angular separation between adjacent sites and the retained
variance fraction of the optimal three-dimensional approxi-
mation to neighbouring two-site blocks. The latter quantity is
the local linear analogue of the compression step performed
by the first layers of the implemented model.

Table 2 summarises the two quantities that matter most for
this question. The mean adjacent-site separation (A R) mea-
sures how geometrically local neighbouring entries in the
one-dimensional MERA chain actually are. The retained-
variance fractions then quantify how compressible those
neighbouring two-site blocks are under the optimal three-
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Fig. 4 ROC curves for the nominal benchmark at latent dimensions B = 8, 16, 32. Solid lines denote the mean over random seeds where applicable,
and shaded bands indicate the corresponding + 1o variation

Table 1 Test-set ROC-AUC values for all models at latent dimensions
B =8, 16, 32, where AUC denotes the area under the receiver operat-
ing characteristic (ROC) curve and CI denotes the confidence interval

number of trainable parameters is also listed. For PCA and the Gaussian
baseline, the reported AUC standard deviations are exactly zero because
these methods are deterministic once the dataset and preprocessing are

quoted for repeated runs. For the neural architectures, the corresponding fixed

B Model Architecture Params Test AUC AUC(std) CI low CI high
8 MERA (L=4,latent=8,Ir =3 x 107%) 5021 0.7959 0.0065 0.7855 0.8063
8 AE (h1=48,h2=24,bn=8,lr =3 x 107%) 16808 0.7616 0.0038 0.7554 0.7677
8 PCA (ncomp = 8) - 0.7192 0.0000 0.7192 0.7192
8 Gaussian Mabhalanobis (ridge-reg. cov) - 0.6679 0.0000 0.6679 0.6679
8 IForest (ntrees = 100) - 0.6726 0.0142 0.6500 0.6952
16 MERA (L=4,latent = 16,1r =2 x 107%) 5173 0.7885 0.0190 0.7582 0.8189
16 AE (h1 =48,h2=24,bn=16,1r =3 x 107%) 17200 0.7487 0.0058 0.7394 0.7579
16 PCA (ncomp = 16) - 0.7502 0.0000 0.7502 0.7502
16 Gaussian Mahalanobis (ridge-reg. cov) - 0.6679 0.0000 0.6679 0.6679
16 IForest (ntrees = 100) - 0.6880 0.0082 0.6749 0.7011
32 MERA (L=4,latent =32, Ir = 1.5 x 10™%) 5477 0.7963 0.0074 0.7845 0.8081
32 AE (h1 =48,h2=24,bn=32,1r =2 x 107%) 17984 0.7550 0.0053 0.7466 0.7635
32 PCA (ncomp = 32) - 0.7764 0.0000 0.7764 0.7764
32 Gaussian Mahalanobis (ridge-reg. cov) - 0.6679 0.0000 0.6679 0.6679
32 IForest (ntrees = 100) - 0.6957 0.0119 0.6767 0.7147

dimensional approximation, providing a linear proxy for the
first local compression step of the hierarchy.

As shown in Table 2, the locality-preserving ordering
reduces the mean adjacent-site separation to (AR) = 0.131,
compared with 0.361 for pr ordering and 0.397 % 0.004 for
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random permutations. More importantly, the same ordering
yields the highest retained variance in the first two compres-
sion layers: 0.869 and 0.920, compared with 0.857 and 0.890
for pr ordering, and only 0.721 and 0.830 for the random
control. The effect is strongest precisely where the MERA
architecture is most local, namely in the first layers that com-
bine neighbouring constituents before any coarse-graining
has taken place.

This is also the physics reason to expect the implemented
MERA-inspired architecture to benefit from a locality-
preserving input representation. Jets are produced by a
branching cascade, so short-range angular correlations are
not random noise: they encode the local organisation of
prongs, collinear radiation, and softer emissions around
them. The implemented model is designed to process such
a structure hierarchically. Its local maps first rearrange cor-
relations inside neighbouring blocks and then coarse-grain
those blocks scale by scale. If neighbouring slots in the input
chain correspond to constituents that are genuinely close in
angle, then the relevant short-distance correlations are pre-
sented where the local maps can exploit them most efficiently.
By contrast, under pr ordering or random permutations, the
first layers are forced to mix constituents that are often far
apart inside the jet, so the local compression step is less well
aligned with the physical organisation of the jet.

The same pattern is reflected in the performance of the
implemented MERA-inspired model. Figure5 summarises
the completed ordering study for this model, based on three
independently tuned runs for each ordering. The locality-
preserving representation gives the highest mean test ROC-
AUC at all three latent dimensions, with values of 0.780,
0.777, and 0.774 at B = 8, 16, 32, respectively. The cor-
responding pr-ordered means are 0.745, 0.745, and 0.756,
while random permutations give 0.702, 0.698, and 0.702.
Thus, the ordering that makes adjacent input blocks most
geometrically local and most compressible is also the order-
ing that gives the strongest performance for the implemented
model on this benchmark. The separation is especially clear
at B = 8 and B = 16, where the locality-ordered chain
outperforms both alternatives by several percentage points
in AUC.

To test whether this gain is a generic consequence of
preprocessing rather than an architecture-specific effect, we
repeated the same ordering study for the dense autoencoder
and PCA. The dense autoencoder was retuned independently
for each ordering and bottleneck using three selection repli-
cates, with four evaluation seeds per replicate. Its mean AUC
values for locality ordering are 0.747, 0.745, and 0.754 at
B = 8,16,32, compared with 0.819, 0.832, and 0.831
for pr ordering and 0.821, 0.835, and 0.834 for random
ordering. Thus, the dense model does not share the MERA
improvement under locality ordering; it performs similarly
for pr and random orderings and substantially worse for
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the locality-ordered representation. PCA likewise does not
show a uniform locality benefit: its AUC changes from 0.834,
0.836, and 0.619 for pr ordering to 0.719, 0.750, and 0.776
for locality ordering. As expected for a global linear recon-
struction model, PCA is invariant, up to numerical precision,
under the fixed random permutations used here and therefore
gives the same results for the pr and random representations.
The contrast with MERA shows that the locality gain is not a
shared improvement inherited by all models from the prepro-
cessing. It arises specifically when the event-dependent local
ordering is paired with an architecture whose first operations
act on neighbouring sites.

Taken together, these results support the geometric
premise of the construction. The locality-preserving chain
is not just a convenient preprocessing choice: it aligns the
ordered jet representation with the local compression steps
of the MERA hierarchy and thereby places that model in the
regime where its multiscale structure is most effective, while
providing no corresponding general advantage to the dense
or global-linear baselines.

5.3 Effect of the disentanglers

The direct architectural question is whether the trainable
disentanglers in MERA improve anomaly detection beyond
what is already achieved by the same hierarchy with purely
local coarse-graining. To isolate that point as directly as
possible, we compare the full MERA at the strongest-
compression setting, B = 8, with a constrained variant
in which every disentangler is fixed to the identity map,
denoted MERA(U = ). This keeps the encoder—decoder
hierarchy, latent map, and local isometries unchanged, but
removes any learned local basis change before compres-
sion. Operationally, this choice makes the MERA mimic the
corresponding TTN limit simply by replacing each disen-
tangler with the identity while leaving the rest of the algo-
rithm untouched. In the present implementation, this identity-
disentangler limit is mathematically equivalent to the corre-
sponding no-disentangler tree hierarchy, and it also ensures
that the ablation introduces as few algorithmic changes
as possible: the data representation, connectivity, training
objective, optimisation procedure, and evaluation protocol
are all kept fixed, so the comparison isolates the effect of the
disentangling maps themselves.

The reason to focus on B = 8§ is also the reason to expect
the clearest disentangler effect there. As discussed in Sect. 2,
aTTN without disentanglers applies only the local projection
gJTIN = wT Wq, whereas MERA first rotates the local basis
and only then truncates, gvera = U "wiwu q. The local
truncation loss in (2.17) makes the role of U explicit: the dis-
entanglers are meant to reorganise short-range correlations
so that the degrees of freedom retained by the isometries cap-
ture more of the informative variance before the next coarse-
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Table 2 Geometric locality and two-site compressibility of the ordered constituent representation. The retained variance fractions are computed
from the optimal three-dimensional approximation to neighbouring two-site blocks on the background sample

Ordering Mean adjacent AR

Retained variance (layer 0)

Retained variance (layer 1)

Locality 0.131
pr 0.361

Random 0.397 £ 0.004

0.869
0.857
0.721

0.920
0.890
0.830

0.82

=16

0.80 1 b

0.78 &

0.76 1 b

0.74 1 b

Test ROC-AUC

0.72 4 b

0.70 7

0.68 ~— T

Locality pr Random Locality

Fig. 5 MERA test ROC-AUC as a function of input ordering for
B = 8,16, 32, aggregated over three independently tuned runs for
each ordering. Error bars indicate the corresponding confidence inter-

Table 3 Focused multi-seed disentangler ablation at the strongest-
compression setting B = 8. MERA(U = [) denotes the identity-
disentangler limit of the same hierarchy, in which the local disentangling

pr Random Locality pPr Random

vals. The locality-preserving ordering gives the strongest MERA per-
formance at every latent dimension, consistent with the geometric and
compressibility diagnostics reported in Table 2

maps are fixed rather than learned. Both models are evaluated on the
same eight seeds after separate retuning at B = 8. The last row gives
the mean matched-seed gain of the full MERA over MERA(U = I)

Model Params Test AUC TPR@1073
MERA 5021 0.8002 + 0.0052 1.37 x 1073
MERAU = I) 1781 0.7922 4+ 0.0138 1.10 x 1073
Gain of full MERA - +0.0081 +2.71 x 10~*

graining step. This mechanism should matter most precisely
when the compression bottleneck is tight. At larger latent
dimensions, the network can retain more information even
without an optimal local rotation, whereas at B = 8 the hier-
archy is forced to be economical at every stage. This inter-
pretation is consistent with the local-compressibility results
of Table 2, which already showed that the locality-preserving
representation concentrates relevant structure into the neigh-
bouring blocks on which the MERA tensors act.

The corresponding multi-seed comparison is shown in
Table 3. At B = 8, the full MERA reaches a mean test
AUC of 0.8002 +£ 0.0052, compared with 0.7922 £ 0.0138
for MERA(U = I), and the low-false-positive-rate oper-
ating point changes from 1.10 x 1073 to 1.37 x 1073
in mean TPR@1073. Using matched evaluation seeds, the
mean differences are AAUC = 0.0081 and ATPR@ 1073 =
2.71 x 10™*. The uncertainties on the AUC values overlap,
however, so this finite-seed comparison should be interpreted

as a positive mean shift rather than a statistically resolved
performance improvement.

To determine whether the learned disentanglers neverthe-
less perform a nontrivial transformation, we also measured
their distance from the identity at the end of training. Aver-
aged first over the 45 encoder tensors in each model and then
over the same eight evaluation seeds, we find

(U = Igll ) = 3.898 = 0.026,
<|IU—16||F

5.1
NG (5.1

>= 1.591 £0.011,

where the quoted spread is the standard deviation across
seeds. Thus, the trained local mixing maps do not remain
close to the identity: they learn substantial transformations
even though the present AUC comparison alone does not
establish a statistically significant performance gain. As a
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diagnostic of the soft structural constraints, the correspond-
ing residuals are

(llUTU - 16||p> —1.623 +0.110,

<||WWT — 13||F> — 0.228 + 0.034. (5.2)
The normalized residuals, obtained by dividing by +/6 and
V3 ,are 0.662+0.045 and 0.1311+0.020, respectively. These
nonzero values quantify the fact that the penalties are soft: the
trained model retains the intended MERA-inspired structure
but is not an exactly orthogonal/isometric canonical MERA.

This is the regime in which the MERA-inspired architec-
tural motivation is strongest, and it is precisely there that
the local-mixing ablation tests it. The result does not mean
that every additional tensor must help in every possible set-
ting. It says something more specific: when the implemented
anomaly detector operates in the strongest-compression
regime and the locality-preserving input representation is
used, the trainable local mixing maps move substantially
away from the identity and are accompanied by a posi-
tive mean performance shift. The present seed sample does
not resolve that shift statistically, but the structural diagnos-
tic shows directly that this component of the implemented
MERA-inspired neural architecture is not merely an identity-
like or inactive addition.

6 Summary and conclusions

We set out to test two related questions. First, can a MERA-
inspired autoencoder serve as an effective background-
only anomaly detector for jets when applied directly to an
ordered constituent representation? Second, are the archi-
tectural ingredients that motivate MERA in the first place,
namely locality-aligned hierarchical coarse-graining and
local correlation-reorganisation operations, supported by the
data? To answer those questions, we construct the MERA-
inspired neural encoder-decoder defined in Sect. 4.1 and
benchmark it on the Top Quark Tagging Reference Dataset
against a dense autoencoder, the corresponding identity-
mixing TTN limit, and classical unsupervised baselines. The
numerical conclusions of this study apply to that imple-
mented architecture, including its within-pair connectivity,
nonlinear activations, untied decoder, and soft structural con-
straints; they are not claims about canonical MERA in gen-
eral.

The nominal benchmark gives a clear positive result for
the implemented MER A-inspired construction. We find that,
for the locality-preserving representation used throughout the
paper, this model achieves the largest mean test AUC at all
three latent dimensions considered, with values of 0.7959,
0.7885, and 0.7963 at B = 8§, 16, 32, respectively. The cor-
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responding dense-autoencoder values are 0.7616, 0.7487,
and 0.7550, so the mean AUC gains are about 0.034, 0.040,
and 0.041. At the same time, the MERA-inspired models use
only about one third of the trainable parameters of the dense
autoencoder, with roughly 5.0-5.5 x 10% parameters versus
1.68-1.80 x 10* for AE. The nominal benchmark therefore
shows that this particular multiscale neural architecture is
both stronger in mean AUC and more economical than the
standard nonlinear reconstruction baseline in the setting stud-
ied here.

The targeted follow-up studies then clarify why this
happens. We showed that the locality-preserving order-
ing reduces the mean adjacent constituent separation to
(AR) = 0.131, compared with 0.361 for pr ordering and
0.397+0.004 for random permutations, and that it also gives
the largest retained-variance fractions in the first two local
compression layers, namely 0.869 and 0.920. This is pre-
cisely the regime in which the local MERA tensors act. Con-
sistently, the completed ordering study shows that the same
locality-preserving representation gives the strongest MERA
performance at every latent dimension, with mean AUC val-
ues 0of 0.780, 0.777, and 0.774, compared with 0.745, 0.745,
and 0.756 for pr ordering and 0.702, 0.698, and 0.702 for
random orderings. Through this analysis, we showed that the
ordering is not a minor preprocessing detail: it is part of the
mechanism that allows the hierarchical compression to align
with the physical organisation of the jet.

The disentangler study provides a more specific but
equally important result. In the strongest-compression
regime, B = 8§, the full MERA exhibits a positive mean shift
relative to the identity-disentangler limit MERA(U = 1),
which operationally mimics the corresponding TTN by set-
ting each disentangler to the identity while leaving the rest of
the algorithm unchanged. The full MERA reaches 0.8002 +
0.0052 in mean test AUC, compared with 0.7922 £ 0.0138
for MERA(U = I), while the mean TPR@10~3 changes
favourably from 1.10 x 1073 to 1.37 x 1073, This is the
regime in which the mathematical argument of Sect. 2 is
most relevant: if the compression bottleneck is tight, then the
ability of the disentanglers to rotate short-range correlations
into the subspace retained by the isometries should matter
most. The trained maps move substantially away from the
identity and are accompanied by favourable mean shifts in
both reported performance measures. The ablation therefore
establishes that the disentangling step is an active, nontrivial
component of the architecture, although the present eight-
seed sample does not statistically resolve its performance
advantage.

Thus, we established that the implemented MERA-
inspired neural autoencoder is a viable and parameter-
efficient architecture for collider anomaly detection on
ordered jet constituents; that locality-aware preprocessing is
a substantive part of why this multiscale model works; and
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that, in the regime where the hierarchy is forced to compress
most aggressively, its trainable local mixing maps are demon-
strably active and accompany a positive mean performance
shift relative to the corresponding identity-map limit. Taken
together, these results provide a concrete empirical case that
MERA-inspired, multiscale, locality-aware compression can
be a useful inductive bias for jet anomaly detection.
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