
Interpretable unsupervised representation learning for high-precision
measurements in particle physics

Xing-Jian Lv ,1,2 De-Xing Miao ,1,2,* Zi-Jun Xu ,1 and Jian-Chun Wang1
1Institute of High Energy Physics, Chinese Academy of Sciences, Beijing 100049, China

2University of Chinese Academy of Sciences, Beijing 100049, China

(Received 22 December 2025; accepted 11 June 2026; published 8 July 2026)

Unsupervised learning has been widely applied to various tasks in particle physics. However, existing
models lack precise control over their learned representations, limiting physical interpretability and
hindering their use for accurate measurements. We propose the histogram autoencoder (HistoAE), an
unsupervised representation learning network featuring a custom histogram-based loss that enforces a
physically structured latent space. Applied to silicon microstrip detectors, HistoAE learns an interpretable
two-dimensional latent space corresponding to the particle’s charge and impact position. After simple
postprocessing, it achieves a charge resolution of 0.25e and a position resolution of 3 μm on beam-test
data, comparable to the conventional approach. These results demonstrate that unsupervised deep learning
models can enable physically meaningful and quantitatively precise measurements. Moreover, the
generative capacity of HistoAE enables straightforward extensions to fast detector simulations.
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I. INTRODUCTION

Machine learning, and in particular its modern
incarnation of deep learning (DL) [1,2], has become an
indispensable tool in particle physics, a field that routinely
handles vast datasets and nonlinear relationships among
observables [3–6]. In recent years, advances in DL have
expanded the scope of data-driven progress across the
energy, intensity, accelerator, and cosmic frontiers [7,8].
Despite remarkable advancements, most current DL appli-
cations in particle physics are supervised, relying either on
Monte Carlo (MC) simulations or on labeled experimental
data. However, because simulations cannot fully capture
the complexity of the real world, a persistent gap between
MC simulations and data leads to training bias. Direct
training on real data, in turn, demands truth labels for every
event. In practice, such labels must be derived from
auxiliary detectors, whose raw measurements cannot serve
directly as training targets but require elaborate, detector-
specific calibration and manual processing to convert into
usable labels [9–11]. This labeling pipeline is difficult to
generalize and scale. For this reason, the development of
unsupervised DL [12,13] is integral for particle physics.

Unsupervised learning has achieved remarkable success in
tasks such as clustering and identifying topological phases of
matter [14,15], anomaly detection [16,17], and learning
representations that capture essential physical degrees of
freedom [18,19]. These results demonstrate that unsuper-
visedmethods can discover physicallymeaningful structures
from raw data without explicit labels. However, measure-
ments in particle physics demand quantitative precision and
interpretability. To date, unsupervised models lack explicit
control over their learned representations [20], rendering
them unsuitable for direct physical measurement [21].
In this work, we present a fully unsupervisedDL approach

capable of performing precise measurements. We focus on
the charge and position measurements of particles (nuclei)
using silicon microstrip detectors (SSDs) [22,23], which are
among the most fundamental physical observables in many
areas of particle physics, such as cosmic-ray composition and
rigidity measurements in spaceborne experiments [24] and
final-state particle identification and track reconstruction in
heavy-ion experiments [25].
The detector response exhibits a complex and nonlinear

dependence on the charge and impact position of the
incident particle. Consequently, conventional charge and
position reconstruction methods rely on elaborate calibra-
tion procedures and prior knowledge of particle species
[10,11]. Such priors are typically derived from auxiliary
detectors, introducing considerable detection inefficiency
and potential bias. In particular, conventional charge
reconstruction requires prior species identification from
other subdetectors, creating a circular dependency between
charge measurement and particle identification. Moreover,
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the calibration itself relies on simulation-derived correction
functions, so any mismodeling of the detector response
propagates directly into the measured charge. An unsu-
pervised method that learns directly from the raw detector
signals removes both dependencies, enabling stand-alone
reconstruction without auxiliary detectors or simulation-
tuned calibrations. Furthermore, no conventional SSD
reconstruction algorithm simultaneously determines both
charge and position, because the respective calibrations are
performed independently with different auxiliary inputs.
While supervised multitask neural networks can in princi-
ple perform such joint regression [26], they require labeled
training data derived from simulation or auxiliary detectors.
Autoencoders (AEs) [27,28] are a widely used frame-

work for unsupervised learning. An AE consists of an
encoder that compresses input data into a latent represen-
tation and a decoder that reconstructs the original features.
By training to minimize reconstruction error, AEs learn
compact representations of the data. However, standard
AEs lack explicit control over the latent distribution,
rendering the learned representations not fully interpretable
and thus unsuitable for precise measurements. Previous
extensions, such as variational autoencoders (VAEs)
[29,30] and Wasserstein autoencoders (WAEs) [31], incor-
porate regularization terms to impose global constraints on
latent distributions, thereby improving overall controllabil-
ity. Still, there is a lack of fine-grained control over the
internal structure of the latent space.
To overcome this limitation, we introduce a novel network

architecture, the histogram autoencoder (HistoAE), which
employs a custom loss function based on the histogramof the
latent space. HistoAE enables explicit control over the latent-
space distribution, leading to a fully interpretable latent
representation.With this network,we achieve highly precise,
unsupervised, and simultaneous reconstruction of particle
charge and position.
These results demonstrate that a deep learning model can

deliver physically meaningful and quantitatively accurate
measurements in a completely unsupervised setting.
Beyond its application to SSD, our approach provides a
general framework for interpretable, label-free analysis of
high-dimensional data.
This article is organized as follows. Section II introduces

the basics of SSDs and the training and testing dataset for
this work. Section III presents the HistoAE framework in
detail. Section IV reports the main results, and Sec. V
provides a summary.

II. DATA SAMPLE

A. Silicon microstrip detector for particle measurement

SSDs are extensively used for precise position and charge
measurements of ionizing particles across several fields in
collider experiments [32–34] and nuclear physics [35], as
well as in many spaceborne experiments [36–38] includ-
ing the Alpha Magnetic Spectrometer (AMS-02) [39,40].

The SSD used in this work was designed for the layer-0
tracking detector upgrade of theAMS-02 experiment, aiming
to triple the statistical sample and enhance the nuclei iden-
tification capability [41]. The layer-0 detector is scheduled to
be launched to the International Space Station in 2027.
The SSD consists of a large number of parallel, equally

spaced readout strips fabricated on a silicon substrate.
When a charged particle traverses the detector, it deposits
energy along its path through ionization, generating elec-
tron-hole pairs in the silicon bulk. Under an applied electric
field, charge carriers drift toward the nearest readout strips,
causing the signals of several adjacent channels to exceed
the threshold. These adjacent channels collectively form
what is referred to as a “cluster.” According to the Bethe-
Bloch formula [42], the total deposited energy is propor-
tional to the square of the particle’s charge, Z2. However,
the signal amplitudes of individual channels within a
cluster exhibit a much more complex behavior.
First, due to the nonlinearity and saturation effects of the

readout electronics, the signal amplitude recorded by each
channel is not strictly proportional to the amount of charge
collected by the corresponding readout strip. Moreover, the
charge-collection efficiency of the SSD depends on the
impact position of the particle: when the particle hits closer
to a readout strip, the efficiency is higher. Consequently, even
for the same particle species, clusters produced at different
impact positions can exhibit different total amplitudes and
shapes. In addition, the presence of δ rays leads to a non-
Gaussian signal distribution for individual particles [43].
Figure 1 shows that the signal amplitude of the maximum
channel within a cluster, hereafter referred to as the seed

FIG. 1. Distribution of the maximum channel signal within a
cluster (referred to as the seed value) as a function of the
normalized impact position for mixed-nuclei beam-test events.
The x-axis represents the impact position normalized to the pitch
between two readout strips, where a value of 0.5 denotes the
midpoint between adjacent strips. The y-axis gives the maximum
channel signal in units of the digitized electronics readout (LSB,
least significant bit). The horizontal bands from bottom to top
correspond to different nuclear species, with the lowest visible
band corresponding to Z ¼ 3 after hydrogen and helium events
are removed.
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value, varies with the particle’s impact position, normalized
to the interval between two readout strips. The signal is
expressed in LSB, the least significant bit of the digitized
electronics readout. Each band corresponds to a specific
species; in the figure shown here, the lowest visible band
starts at Z ¼ 3 because hydrogen and helium events are
removed. The shapes of these bands differ significantly and
exhibit complex nonlinear behavior. This complexity
makes it challenging to reconstruct the particle’s charge
and impact position from the cluster signals.

B. High-energy nuclei beam test

In this work, all training and testing data are real data
obtained from beam-test measurements, which were carried
out at CERN Super Proton Synchrotron. The beam was
generated by bombarding a lead primary beam of
150 GeV=n on a beryllium target. The resulting secondary
fragmented beam consisted of a mixture of various nuclei
and was selected by the magnetic optics with a mass-to-
charge ratio of A=Z ¼ 2, while the beam momentum was
controlled by the magnet system with a precision of 0.1%
[44]. A total of 5 × 106 data samples were collected for
training and testing.
We have a total of nine SSD layers with identical designs.

Among them, eight layers serve as a beam telescope,
providing reference measurements of the particle charge
and impact position, while the central layer is the detector
under test (DUT). The “truth” position used in this study
refers to the predicted impact point derived from the tele-
scope reconstructed track. The truth charge is defined as the
average charge value obtained from independent measure-
ments of the same particle track in different telescope layers.
The results presented for the network training and testing are
the DUT’s completely independent measurements of the
same particle tracks. We emphasize that the truth charge and
position from the telescope are used exclusively for post-
training evaluation and are never provided to the network
during training. The HistoAE model is trained in a purely
unsupervisedmanner using only the rawDUT cluster signals
as both input and reconstruction target.

III. MODEL ARCHITECTURE

A. Network design

HistoAE adopts a deep neural network architecture com-
posed of fully connected layers for both the encoder and
decoder. The model is designed to learn compact, physically
interpretable latent representations of detector responses,
corresponding to the impact position and charge of incident
particles. The architecture of HistoAE is shown in Fig. 2.

B. Input representation

For each event, we use the readout signals of the five
channels with the highest amplitudes within the cluster
associated with the incident particle. The raw signals span

several orders of magnitude—from Oð1Þ to Oð104Þ—
owing to variations in impact position and particle charge.
Direct application of standard normalization techniques,
such as min-max or mean-variance scaling, fails to alleviate
this dynamic range problem, since they preserve the
multiplicative scale differences between large and small
signals. Logarithmic or power transformations can com-
press the range but distort the absolute differences between
signal amplitudes from adjacent nuclei, thereby hindering
the learning of relative charge patterns.
To address this, we introduce a digitwise vector encoding

scheme, referred to as vecoding. Each scalar input value is
decomposed into its individual decimal digits and mapped
to a fixed-length vector representation. For instance, a value
of 9764.4 is transformed into the vector ½0; 9; 7; 6; 4; 4�,
corresponding to a six-dimensional encoding with one
decimal place retained. This approach ensures that every
element entering the network lies within the range [0, 9],
thereby maintaining numerical stability while preserving
the intrinsic structure of the original signals. Crucially, this
transformation does not alter the relative or absolute
information content of the input data. Related digit-level
encoding strategies have appeared in machine learning
models for mathematical reasoning [45] and in continuous
numerical tokenization for scientific data [46]; our vecod-
ing is motivated by the specific dynamic range require-
ments of physical detector signals.

C. Encoder and decoder design

The input vectors from the five channels are flattened
into a single 30-dimensional vector (5 × 6) before being fed
into the encoder. The encoder consists of a stack of fully
connected layers with intermediate dimensions of 256,
128, 64, and 32, each followed by batch normalization
and sigmoid linear unit activation functions. The final
encoder layer projects the high-dimensional input into a

FIG. 2. The network architecture of HistoAE. It consists of an
encoder and a decoder connected through a two-dimensional
latent space. A reconstruction loss ensures that the reconstructed
clusters closely match the original ones, while the HistoLoss
constrains the two latent dimensions to represent charge and
position, respectively.
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two-dimensional latent space, representing the particle’s
impact position and charge. The decoder mirrors the
encoder with hidden widths 32, 64, 128, and 256 in reverse
order to reconstruct the input readout patterns from the
latent representation. The use of batch normalization in all
hidden layers stabilizes training and improves convergence
in the presence of large dynamic ranges [47].

1. HistoLoss

Physically, a cluster is fully determined by the impact
position and the particle charge. In principle, any linear or
nonlinear combination of these two variables would allow
the decoder to reconstruct the observed cluster. However,
only a properly disentangled latent representation can be
interpreted in physically meaningful terms. Therefore, a
central objective of our approach is to achieve accurate
control of the latent-space distribution.
In the broader machine learning community, several

frameworks have been proposed to impose global constraints

on the latent distribution, such as VAE and WAE. However,
when trained on our data, the resulting latent distributions
typically exhibit bandlike structures—each band corre-
sponding to a distinct particle species—but these bands
are often curved and irregular, lacking clear physical inter-
pretation along either latent dimension as shown in Figs. 3(a)
and 3(c). This arises because suchmodels regularize only the
overall support of the latent space [20], without providing the
fine-grained control needed for quantitativemeasurements in
our problem, where signal distributions from different
particle species intrinsically overlap due to finite resolution.
To explicitly regulate the geometry of the latent space,

we introduce a loss function based directly on a two-
dimensional histogram, referred to as HistoLoss. A target
latent distribution is first defined, and the histogram of the
learned latent variables is computed. The L1 loss between
the two histograms is then minimized to align the learned
distribution with the target.
In our case, the incident particles carry integer charges.

After accounting for detector resolution, the charge

FIG. 3. Latent-space visualizations. (a),(b) Two-dimensional histograms of the latent variables obtained with the WAE and HistoAE,
respectively. (c),(d) The corresponding latent spaces color coded by the true nuclear charge, revealing overlapping diagonal bands for the
WAE and well-separated horizontal parallel structures for the HistoAE.
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dimension is expected to follow a Gaussian mixture model
distribution. The incident position, normalized to lie
between two adjacent channels, can be regarded as uni-
formly distributed. Since the charge and position are
independent, the target latent distribution can therefore
be expressed as a function of the charge coordinate q and
the position coordinate x,

Htargetðq; xÞ ¼
XK
k¼1

wkN ðqjμk; σ2kÞ
1

xmax − xmin
;

where μk, σ2k, and wk are the mean, variance, and normalized
weight of each charge component, respectively.Htargetðq; xÞ
represents the target probability density at charge coordinate
q and position coordinate x. We stress that Htarget is
constructed entirely from generic physical priors: incident
particles carry integer charges, which after detector-resolu-
tion broadening produce a Gaussian mixture, and the
normalized interstrip impact position is approximately uni-
form. Here, K denotes the number of charge components
retained in the selected beam sample, andwk represents their
relative abundances in the mixed beam. The parameters μk
correspond to the integer charge values. The σk parameters
provide an estimate of the intrinsic detector resolution,which
is reflected in the relativewidths of the bands in Fig. 1. These
parameter values are used only for initialization. After 5000
epochs, they are released and allowed to be learned by the
model, enabling them to adapt to the characteristics of the
data themselves.
Denote zq and zx as the latent variables corresponding to

charge and position, respectively. For the latent-space
distribution, let fðzq;i; zx;iÞgNi¼1 represent the latent varia-
bles for N events in a minibatch. We first normalize zq;i and
zx;i to the range [0, 1] and compute their two-dimensional
histogram. To enable backpropagation, the histogram is
smoothed using a Gaussian kernel, yielding the empirical
latent density Hempðq; xÞ,

Hempðq; xÞ ¼
1

N

XN
i¼1

Kσðq − zq;iÞKσðx − zx;iÞ;

where Kσ is a Gaussian kernel with bandwidth σ.
The histogram loss is computed as the elementwise L1

distance between the empirical and target densities,

Lhisto ¼ kHempðq; xÞ −Htargetðq; xÞk1;

evaluated on the binned latent grid.
The total training objective combines this histogram loss

with the standard reconstruction loss,

Ltotal ¼ Lrecon þ λhistoLhisto;

where λhisto controls the strength of the latent-space
regularization.

2. Training details

All model implementation and training were performed
using the PyTorch framework [48]. The network was
trained end to end using the AdamWoptimizer [49] with a
weight decay of 10−4 and a base learning rate of 10−3. All
weights were initialized following the Kaiming scheme
[50] to ensure stable convergence. A linear warm-up [51] of
the learning rate was applied during the first 10 epochs,
followed by a cosine annealing schedule [52] that gradually
decreased the rate to 10−5. Mixed-precision training with
automatic gradient scaling [53] was employed to enhance
numerical stability and computational efficiency on GPUs.
The dataset was randomly split into 80% for training and

20% for testing. Training was conducted for up to 20 000
epochs. To improve convergence and ensure physical
consistency of the latent representation, we adopted a
two-stage training strategy. In the first stage, the network
was pretrained using data with charge number 3 ≤ Z ≤ 13
and a batch size of 10 000. In the second stage, the model
was post-trained with an enlarged batch size of 40 000 and
data covering the range 3 ≤ Z ≤ 22. The use of a large
batch size is particularly important because the number of
high-Z events in the beam-test dataset is relatively small.
Smaller batches would contain too few samples of these
rare species to yield stable gradients or meaningful statistics
for the empirical latent histogram Hempðq; xÞ used in the
HistoLoss. We start from Z ¼ 3 for the same reason, since
hydrogen and helium dominate the statistics and can be
easily selected with a simple value cut.

IV. RESULTS

(1) Precise control of the latent-space distribution.
Compared with a plain AE or its variational and
Wasserstein variants, the latent representation
learned by HistoAE aligns exceptionally well with
the physically motivated target distribution, namely
a Gaussian mixture along the charge axis and a direct
product with a uniform distribution along the posi-
tion axis. As shown in Figs. 3(a) and 3(c), when
applying previous solutions, such as the Wasserstein
distance-based loss, the latent variables indeed
occupy an approximately square region in latent
space, indicating that the support of the distribution
is bounded as expected. However, the internal
geometry within this region remains uncontrolled:
the distribution exhibits irregular, curved bandlike
patterns with no clear physical meaning. While
incorporating the HistoLoss, both the sup-
port and the detailed shape of the latent-space
distribution align closely with the target, producing
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well-separated, linear structures as shown in Figs. 3
(b) and 3(d).

(2) Fully interpretable latent space. Because the latent
distribution learned by HistoAE matches the desired
target manifold, the two latent dimensions acquire
clear and independent physical interpretations. The
dimension with a Gaussian mixture structure corre-
sponds to the particle charge, while the dimension
with a uniform distribution represents the interstrip
position on the detector. Figure 4 shows the physical
interpretation of the latent space along the two
dimensions. For the charge dimension, we color code
with the true charge of the incident particle. Each peak
inFig. 4(a) corresponds to one charge species, ordered
sequentially from low to high Z. For the position
dimension, we compare with the impact position
predicted by the telescope in Fig. 4(b), revealing a
piecewise linear relation. This demonstrates that the
latent variables jointly encode the complete physical
information of the strip-signal pattern.

(3) Unsupervised precision measurement of physical
quantities.With this interpretable latent distribution,
we perform unsupervised measurement of physical
quantities directly from the learned latent variables.
Because the latent-space control in HistoLoss oper-
ates on normalized coordinates, a postprocessing
step is applied to map these to physical quantities.
For the charge dimension, we identify the charge
peaks and assign them to the corresponding integer
charges (Z ¼ 3–22) and interpolate in between, as
shown in Figs. 5(a) and 5(b). The resulting charge
distribution is shown in Fig. 5(c), where the indi-
vidual peak is fitted with a Gaussian function. The σ
values of the Gaussian represent the charge reso-
lution for the corresponding nuclei. The charge
resolution of nuclei between Z ¼ 3ðLiÞ and Z ¼
22ðTiÞ is shown in Fig. 5(d), which is better than
0.3e for all nuclei. For position measurement, a

normalization procedure is also required, in which
the AE position is scaled to the range of 0–1. It can
also be seen from Fig. 4(b) that the AE position
exhibits a piecewise linear relationship with the true
impact position. This arises because particles hitting
symmetrically between two strips produce mirror-
symmetric clusters, while no left-right information is
provided to the network. However, this ambiguity
can be easily resolved by comparing the two largest
channel signals within a cluster, denoted as (SL) and
(SR), corresponding to the left and right signals,
respectively. Define η ¼ SR

SLþSR
. When η < 0.5, the

impact point lies in the left half between the two
strips, and vice versa. Therefore, we can express

FIG. 4. Physical interpretation of the HistoAE latent space.
(a) Projection onto the charge dimension, where each point is
color coded by the independently measured charge from the
telescope, shows that each AE-derived charge peak corresponds
to the correct nuclei. (b) Comparison between the position
dimension and the telescope-predicted impact position, normal-
ized to the interval between two strips, reveals two distinct linear
segments.

FIG. 5. Charge measurement using HistoAE. (a) Local peak
finding to determine the AE charge value corresponding to each
integer charge nucleus. (b) Linear correlation between the AE
charge and the true integer charge. (c) Rescaled AE charge to the
physical charge space through interpolation based on the linear
relation, and each nucleus peak is fitted with a Gaussian function.
(d) The Gaussian width represents the charge resolution for each
nucleus obtained with HistoAE.

FIG. 6. Hit position measurement using HistoAE. (a) Two-
dimensional distribution of the scaled AE position versus the true
impact position predicted by the telescope. (b) Residual distri-
bution of the AE reconstructed positions (red) and those obtained
with the conventional method (blue). Both distributions are fitted
with a double-Gaussian function, yielding a width of 3 μm.
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scaledAEposition ¼
�
AEposition; η < 0.5;

1 − AEposition; η ≥ 0.5:

As shown in Fig. 6(a), the distribution of the scaled
impact position versus the true position is presented.
The residual distribution is fitted with a double-
Gaussian function, from which the position resolution
achieved by HistoAE is determined to be 3 μm, as
shown in Fig. 6(b). It can also be seen that the
position resolution obtained by HistoAE is consistent
with that derived from the conventional method,
which has already reached the intrinsic performance
limit of the detector [54]. This indicates that HistoAE
introduces no additional measurement uncertainty.
This demonstrates, for the first time, to the best of our

knowledge, that highly precise measurements are
achieved with a completely unsupervised learning
method.Notably,HistoAE is also the first unsupervised
algorithm capable of performing simultaneous charge
and position reconstruction with SSDs, without requir-
ing any labeled training data.

(4) Fast simulation of SSD response. Accurate and fast
simulation of particle physics processes is crucial for
the high-energy physics community [55,56]. Regard-
ing the use of HistoAE for fast simulation, this
possibility is enabled by the fact that the learned
latent-space distribution intrinsically captures the
detector-response fluctuations, while the decoder
maps these latent representations back to realistic
detector clusters. The reconstruction quality of the
decoder is illustrated directly in Fig. 7, where the
reconstructed cluster distribution reproduces the main
structures of the original data. For example, for
incident particles with charge Z ¼ 10, one may smear
the charge coordinate according to the corresponding
learned latent-space distribution and then pass the
resulting latent representations through the decoder to
generate detector clusters. In this way, the generated
clusters naturally reproduce the characteristic band

structure (just like the pattern shown in Fig. 1)
associated with Z ¼ 10.

Therefore, the decoder of HistoAE can serve as a
physically motivated generator of SSD responses. At the
same time, for applications to downstream physics analy-
ses, the quantitative accuracy of such a fast-simulation
approach still needs to be evaluated in future studies.

V. SUMMARY

Unsupervised learning is widely used, yet its application
to high-precision physical measurements has remained
challenging. We present HistoAE, an unsupervised deep
learning model capable of performing precise, interpretable
measurements. When applied to silicon strip detectors,
HistoAE learns a two-dimensional latent space whose
axes correspond directly to particle charge and impact
position. It achieves charge and position resolutions of
approximately 0.25e and 3 μm, on par with conventional
approaches. Moreover, its decoder can be repurposed for
fast detector simulation. At present, the method is suitable
for low-dimensional latent spaces. For tasks involving
higher-dimensional latent representations, larger statistical
samples are required to achieve effective control of the
latent space. It will be addressed in future work.
Looking ahead, we also plan to further develop HistoAE

for the future in-orbit operation of the AMS layer-0 detector.
In this context, HistoAEmay offer two potential advantages:
first, by reconstructing charge and position simultaneously in
a unified representation learning framework, it may help
reduce the mutual error propagation present in conventional
sequential corrections; second, because it does not rely on
event-by-event labels from other subdetectors during train-
ing, it may help preserve more usable physics events in the
large-acceptance L0 configuration. These possible advan-
tages will need to be investigated carefully with real in-orbit
data in future studies.

ACKNOWLEDGMENTS

We would like to express our sincere gratitude to Luya
Lou (AMSS), Shudong Wang (IHEP), Yiming Wang
(IHEP), Zhiyu Xiang (CSU), Jiaoyang Xu (BNU),
Yepeng Yan (IHEP), and Tongtian Zhu (ZJU) for the
inspiring discussions that greatly facilitated the design of
HistoAE. This study was supported by the National Key
Research and Development Program of China (Grant
No. 2022YFA1604800) and the National Natural
Science Foundation of China (Grant No. 12342503).

DATA AVAILABILITY

The data that support the findings of this article are not
publicly available. The data are available from the authors
upon reasonable request.

FIG. 7. Comparison between the original and HistoAE recon-
structed clusters, illustrated by the two-dimensional distribution
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