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Model-free detection of physical order from scattering and imaging data using escort-weighted
Shannon entropy and divergence matrices
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We demonstrate a model-free data analysis framework that leverages escort-weighted Shannon entropy and
several divergence matrices to detect phase transitions in scattering and imaging datasets. By establishing a
connection between physical entropy and informational entropy, this approach provides a sensitive method
for identifying phase transitions without a physical model or order parameter. We further show that pairwise
divergence matrices, in particular, Kullback-Leibler divergence, Jeffrey divergence, Jensen-Shannon divergence,
and difference Kullback-Leibler divergence, provide more comprehensive measures of statistical changes than
scalar entropy alone. Our approach successfully detects the onset of both long- and short-range order in neutron
and x-ray scattering data, as well as a nontrivial phase transition in magnetic skyrmion lattices observed through
Lorentz-transition electron microscopy. These results establish a framework for fast, automated, model-free
detection of physical order in experimental data with broad applications in materials science and condensed

matter physics.
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I. INTRODUCTION

Entropy stands as one of the most fundamental concepts
in physics. It is intimately linked to the second law of ther-
modynamics and is central to our understanding of diverse
phenomena, from frustrated magnetism [1,2] and black hole
radiation [3] to emergent gravity [4] and information the-
ory [5,6]. In thermodynamics, entropy provides a measure
of disorder and is generally defined via the Gibbs formu-
lation, Sgibbs = —kg Y_, pi In(p;), where p; is the probability
of occupying a microstate i and kg is the Boltzmann con-
stant. Likewise in information theory, the Shannon entropy
that possesses a similar mathematical form (defined in the
next section) quantifies the average amount of information
or uncertainty in a dataset. While thermodynamic entropy
is often regarded as a physical quantity, Shannon entropy is
typically viewed as “subjective,” measuring the incomplete-
ness of an observer’s knowledge of a system’s state. E. T.
Jaynes, in one of his seminal works, proposed a fundamental
conceptual connection between the two formulations of en-
tropy [7,8], where the thermodynamic entropy is derived from
Shannon entropy through principles of statistical inference.
This connection was further developed by Landauer [9] and
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experimentally validated in several studies [10,11], which
showed that erasing information necessarily leads to the
dissipation of heat, revealing an intrinsic entropy cost to infor-
mation processing. It is now well established that there exists
an entire family of entropy measures, and some of them, such
as quantum Fisher information [12], have attracted renewed
interest for their usefulness in quantifying entanglement
and other physical phenomena across a range of scientific
disciplines.

Here, we focus on scattering and imaging experiments,
where the image and volumetric data encode information
about the physical state of a material. Traditional data analysis
often focuses on identifying peaks in scattering spectra (e.g.,
as a function of energy or momentum transfer). In condensed
matter physics, the intensities of peaks at ordering wave
vectors can be used to track order parameters as functions
of thermodynamic control parameters, such as temperature,
pressure, and applied magnetic or electric fields [13—15].
However, this approach is only useful if the ordering wave
vector can be identified; there are risks of oversight or selec-
tion bias if ordering occurs at unknown wave vectors that are
unrecognized by experimenters or data analysis routines. This
risk has been reduced by the introduction of large-area de-
tectors, which dramatically expand reciprocal-space coverage
[16] and enable rapid collection of large datasets with many
potential regions of interest. Nevertheless, the resulting in-
crease in data volume creates significant challenges for rapid
analysis, as conventional model-driven methods can be time-
consuming and often require sophisticated techniques [17,18].

To address these challenges, we assume a hypothetical
mapping between the physical state distribution and the
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FIG. 1. (a) Schematic illustration of the relationship between
physical entropy and information entropy. (b) Diffraction intensity
from perfectly ordered materials where low physical entropy cor-
responds to low Shannon entropy. (c) Diffraction intensity from
disordered materials, where high physical entropy is reflected by
Shannon entropy in the data.

distribution of intensities in measurement (data) space:
q>(x]7x27 ~--)=-F(P(~xlax27 ))7 (1)

where <I>(x’1,x’2, ...) denotes a probability distribution in a
high-dimensional data space with coordinates x;, x’z, ..., and
P(x1,x,, ...) is the probability distribution over the sys-
tem’s phase space with physical degrees of freedom xi,
X2, .... By connecting the thermodynamic entropy of the sam-
ple to the informational entropy of the measured datasets
(Fig. 1) through this mapping, we develop an information-
theory-inspired analysis framework that operates directly on
measured data without requiring an explicit physical model.
Based on the escort distribution and relative entropy (diver-
gence), we demonstrate that this framework captures the onset
of long- and short-range magnetic and structural order, as
well as a nontrivial two-dimensional (2D) phase transition in
magnetic skyrmion lattices. We present case studies spanning
a range of data types, including neutron diffraction data on
Eu3Sn,S7, x-ray scattering on Cd,Re,O7 [18], and Lorentz-
transition electron microscopy (L-TEM) images of magnetic
skyrmions in Fe;GeTe, [19]. We show that escort-weighted
entropy and pairwise divergence matrices serve as effective
and model-free indicators of potential phase changes and tran-
sitions. We emphasize that this development is not intended
to replace conventional physics-based analysis but rather pro-
vides a complementary method to rapidly identify candidate
phase transitions on raw measured data. Our framework can
be integrated into existing analysis pipelines and used as input
for advanced machine-learning (ML) workflows [17]. These
results highlight opportunities to leverage informational and
statistical tools for automated, model-free analysis of large
scientific datasets.

II. THEORETICAL AND METHODOLOGICAL
FRAMEWORK

A. Escort distribution and artificial temperature

In general, scattering or imaging datasets in one- or mul-
tidimensional spaces can be normalized into a probability
distribution P = {p;}, where p; represents the normalized
intensity at pixel or voxel i and satisfies the normalization
condition ) ; p; = 1. Such datasets can be represented in
various formats, such as detector pixels, wave vectors in Q
space, positional indices in real space, or even time steps
along a temporal axis. The Shannon entropy, quantifying the
information content of a distribution, is defined by

H(p)=—_ pilogapi. )

In a typical diffraction experiment on a perfectly ordered crys-
tal, the diffraction intensity distribution exhibits Bragg peaks
that are ideally § functions, with zero intensity elsewhere. The
low thermodynamic entropy of a crystal with infinite long-
range order is reflected in the minimal Shannon entropy of
the corresponding diffraction dataset [Fig. 1(b)]. In contrast,
if the atoms are completely random, with neither long- nor
short-range order, the scattering pattern approaches a uniform
distribution, and the information entropy is maximized.

While this connection is intuitive and not mandated by
fundamental principles, it is reasonable to postulate that the
transformation functional

P(x') = F(P(x)) 3

is monotonic in the sense that it preserves the ordering of state
probabilities. Specifically, if the physical distribution satisfies

PILSPi<- - <pj<- < Ppn,
where N is the total number of states (irrespective of symmetry

or periodicity), then the transformed distribution preserves
this ordering:

G <G << g < S

To formalize this idea, we adopt the escort distribution trans-
formation [20,21], defined by

ri

_ i

= — ,
D k=1 Pk

where p; represents the probability associated with pixel/

voxel i in P(x), g; is the corresponding probability in ®(x"),

and n = Tl Here, T, acts as an effective “artificial temper-

ature” that controls the relative weight of each state (pixel

or voxel). Apparently, this mapping is monotonic for n > 0,

and the original distribution is recovered when n = 1 (equiv-
alently, 7, = 1).

qi “

B. Relative entropy and divergence matrices

While Shannon entropy characterizes the overall content of
information in a dataset, changes across a phase transition as
a function of external parameters can be subtle. For instance,
in a neutron diffraction study of temperature-dependent mag-
netic order, the Shannon entropy might be dominated by the
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nearly constant intensity of structural Bragg peaks across
the transition. To increase sensitivity to such changes, we
introduce relative entropy, mirroring the Kullback-Leibler di-
vergence (KLD) [22] in information theory:

Dxi(P || Q) = Zpilog(g). ®)

Here, Dxi (P || Q) denotes the divergence between two prob-
ability distributions P = {p;} and Q = {¢;} measured under
two different conditions (e.g., temperatures or fields); in our
divergence matrix, it corresponds to the matrix element com-
paring those two conditions. In general, KLD quantifies how
much information is lost when P is approximated by Q and is
inherently asymmetric: Dk (P || Q) # Dkr(Q || P). In prac-
tice, symmetric variants are more commonly used, including
the Jeffrey divergence (JD) [23]:

Dy(P || Q) = 5DxL(P || @)+ 3Dk (Q || P), (6)
and the Jensen-Shannon divergence (JSD) [24]:

Dys(P || Q) = iDx (P | M)+ iDx (Q | M), (7)

where M = %(P + Q). A key advantage of JSD is that it is
bounded: 0 < Dys(P || Q) < log2, making it widely used in
bioinformatics, social sciences, and deep learning [25,26]. In
addition to these symmetric forms, we introduce the differ-
ence KLD (d-KLD or A-KLD):

Dyxr (P || Q) = DxrL(P || Q) — DxL(Q || P), (8)

which measures directional changes of entropy between two
datasets. We note that these directional differences should
not be directly interpreted as thermodynamic irreversibility
and leave further discussion of their physical interpretation to
future work.

When arranged into pairwise matrices over a sequential
series of measurements, all four divergence measures exhibit
blocklike structures whose boundaries separate statistically
similar datasets from dissimilar ones, serving as visual in-
dicators of phase transitions. However, there are important
differences. The KLD matrix has nonidentical upper and
lower triangles due to its asymmetry. The JD and JSD pre-
serve symmetry by either averaging the two KLD directions,
or by comparing each distribution to their mixture M, with
the additional advantage of being bounded in [0, In 2]. The
A-KLD is unique because it can take both positive and neg-
ative values. This property is particularly advantageous for
pseudocolor visualization, since the zero crossing provides a
natural and robust boundary separating regions of the matrix,
as demonstrated below. However, as discussed below, we find
that different measures are more sensitive to different types of
transitions, e.g., long-range versus short-range transitions, and
therefore recommend examining all four matrices in practice
for determination of changes in physical order or character of
fluctuations.

III. EXPERIMENTAL METHODS

We selected three full sets of representative temperature/
field-dependent data from neutron scattering, x-ray scatter-
ing, and L-TEM images, respectively. Neutron diffraction
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FIG. 2. (a) Detector image of the magnetic Bragg peak in
Eu;Sn,S7 at g = (—0.5, 1.5, 0). (b) Temperature dependence of the
peak intensity (red) and the Shannon entropy (blue). (c)—(f), KLD,
JD, A-KLD, and JSD matrices computed from the detector images at
a series of temperatures. Blocks with similar colors in the divergence
matrices indicate statistically similar states, and their boundaries
correspond to the phase transition at 6 K.

data on a single crystal of EuszSn;S; were collected on the
HB-3A (DEMAND) beamline at Oak Ridge National Labora-
tory. Both temperature and magnetic field dependencies were
measured. Using a two-dimensional area detector, typical low-
temperature data contain a single magnetic Bragg peak at
wave vector Q = (—0.5, 1.5, 0) r.L.u. (reciprocal lattice units)
and surrounding background, as shown in Fig. 2(a). This
material exhibits an interesting magnetic Cairo lattice [27,28]
and undergoes two magnetic transitions at 6 and 4 K at zero
field, plus a series of metamagnetic transitions under applied
magnetic fields. While the magnetic structure has not been
previously reported, we leave detailed discussion of physics
for a separate paper and focus here on testing the model-free
framework for identifying magnetic phase transitions from
this dataset.

The second dataset comprises temperature-dependent x-
ray diffraction from Cd,Re;0O;, which exhibits a series
of intriguing structural transitions still under active debate
[29-33]. We use the same data previously analyzed with
a physics-based ML study and again focus here on testing
our entropy analysis on this representative total scattering
dataset containing thousands of Bragg peaks and short-range
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diffuse scattering, in contrast with our first example of neutron
diffraction dataset that contained a single Bragg peak. Details
regarding the measurements are given in Ref. [18].

In the third case, we extend beyond the scattering data
and show the robustness of our framework on real-space L-
TEM images of Fe;GeTe,. Previous L-TEM results reveal
thermally hysteretic behavior in Fe;GeTe,, dependent on the
strength of the out-of-plane magnetic field [19]. A 2D phase
transition associated with the Néel skyrmion lattice occurs
in the 150-200 K temperature range for both field-cooled
and field-heating protocols. Here, we focus on the same pub-
lished dataset collected during field heating that exhibits a
relatively sharp change in skyrmion order under an applied
field of 500 G. In the L-TEM experiment, skyrmion lattice
order, quantified by the local orientational order parameter,
indicates a phase transition near 200 K [19]. Details regarding
the measurements are given in Ref. [19].

IV. DEMONSTRATION OF ENTROPY ANALYSIS
IN EXPERIMENTAL DATASETS

A. Temperature-dependent neutron diffraction in Eu;Sn,S;

Figure 2(a) shows a raw detector image with a distinct
magnetic Bragg peakat Q = (—0.5,1.5,0)r.lu.atT =1.7K.
The peak intensity decreases with increasing temperature and
is absent at T = 10 K. The strong, localized intensity against
near-zero background visually indicates a magnetically or-
dered state at low temperature. As shown in Fig. 2(b), the
peak intensity vanishes above ~6 K, consistent with an anti-
ferromagnetic transition near this temperature. The Shannon
entropy computed from these images is rather ambiguous,
although it appears to saturate above 6 K [Fig. 2(b)]. This co-
incidence suggests that the Shannon entropy computed from
raw data images captures the evolution of magnetic order
in this material, with lower entropy corresponding to more
ordered states.

Figure 2(c) displays the computed pairwise KLD matrix,
which exhibits a square block below 6 K corresponding to
the magnetically ordered phase. The low divergence val-
ues within this block reflect the statistical similarity among
low-temperature states, distinct from high-temperature disor-
dered phase. Similar blocklike structures also appear in the
symmetric JD and JSD matrices, as well as in the A-KLD
matrix [Figs. 2(d)-2(f)]. Notably, an additional transition is
marginally visible near 4 K in Fig. 2(e). This feature is sup-
ported by magnetic susceptibility measurements and neutron
diffraction at another wave vector, although it is not directly
visible in temperature-dependent peak intensity in Fig. 2(b).
Overall, these results suggest that our statistical analysis of
raw neutron scattering data can identify potential phase transi-
tions without requiring prior knowledge of the ordering wave
vector or explicit model.

B. Field-induced transition in Eu;Sn, S,

Since the analysis above does not explicitly require tem-
perature as input, we can extend this approach to detect
magnetic-field-dependent phase transitions. Figure 3(a) shows
the field dependence (uoH) of the magnetic peak intensity at
0 = (—0.5,1.5,0). Three prominent features are observed:
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FIG. 3. (a) Magnetic field dependence of the magnetic Bragg
peak intensity at Q = (—0.5, 1.5, 0). (b) Shannon entropy (n = 1)
and escort-weighted entropy (n = 2) as functions of magnetic field.
(c)—(f) Divergence matrices highlighting a series of field-induced
transitions at 0.5, 2, and 3 T.

Two sharp intensity drops signaling field-induced metamag-
netic transitions at uoH = 0.5 and 2 T, and a change in
slope above 3 T consistent with magnetization saturation.
Figure 3(b) shows the Shannon entropy as a function of
field; however, it is noisy, not providing a clear indication
of phase transitions. In contrast, the escort-weighted entropy
with exponent n = 2, plotted in the same figure, effectively
reduces the weight of background (discussed in Sec. V)
and clearly reveals the two field-induced transitions around
0.5 and 2 T. Figures 3(c)-3(f) display the four divergence
matrices computed based on the escort distribution (n = 2).
Their color maps exhibit similar blocklike structures whose
boundaries align with the transitions identified from the peak
intensity in Fig. 3(a). As we have shown, introducing the
escort distribution into the calculation of entropy and diver-
gences significantly enhances the sensitivity and robustness
of entropy analysis for detecting subtle phase transitions.

C. Detecting diffuse scattering and multiple
transitions in Cd;Re, Oy

Owing to the brightness of synchrotron sources and the
development of pixelated detectors, it is now efficient to col-
lect large (several terabytes) datasets of single crystal x-ray
scattering. To examine the applicability of the entropy
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FIG. 4. (a) A [H, K, 0] slice of the x-ray scattering data
for Cd,Re,0; measured at 150 K. (b) Shannon entropy (n = 1)
and escort-weighted entropy (n = 0.5) as functions of temperature.
(c)—(f) Divergence matrices revealing transitions near 100, 130, 200,
and 250 K.

analysis to such datasets, we applied it to our existing x-
ray diffuse scattering data on Cd;Re,O7, which exhibits
intriguing phase transitions and diffuse scattering. Figure 4(a)
presents a slice of scattering data in Q space at 150 K, with
both Bragg peaks and diffuse scattering clearly visible. Fig-
ure 4(b) shows the computed Shannon entropy (n = 1) and the
escort-weighted entropy (n = 0.5). While the two curves ex-
hibit completely different behaviors, they both show features
across the phase transitions near 200 and 100 K. We further
computed all four divergence matrices using different values
of n ranging from 0.125 to 1, shown in Figs. 4(c)—4(f).
Previous studies have shown that Cd;Re,O; undergoes
a second-order phase transition at 7y; =200 K from the
high-temperature cubic pyrochlore Fd3m structure to an in-
termediate phase. This intermediate phase breaks inversion
symmetry with the /4m2 space group, corresponding to one
component of the E, order parameter [29], followed by a
first-order transition at 7y, = 113 K to the 74,22 space group,
the other component of E, symmetry. Raman data further pos-
tulate a possible third transition at 80 K involving symmetry
lowering into an orthorhombic structure [29]. A machine-
learning-based analysis of the total x-ray scattering data,
which clustered points in reconstructed reciprocal space by
their temperature dependence, identified several temperature
regions with different behavior [18]. Upon cooling from about
250 K, a buildup of order-parameter-like diffuse scattering
was observed around two sets of Bragg peak positions as

the system approached the second-order phase transition at
T, (Fig. 2(a) in Ref. [18]). Below Tj;, new Bragg peaks
of the 14m2 structure emerged at the positions of these two
sets, with one set having a larger amplitude than the other,
though both increased with the same critical exponent. At
T}, the intensities of these sets abruptly swapped amplitudes
and then continued to increase at the same rate without any
other changes in the long-range ordered structure. Strong
diffuse scattering around these sets persisted throughout the
range between Ty and T,, but with the intensity around one
set being much stronger than around the other. Both diffuse
scattering contributions initially decreased below T but were
found to increase again below about 130 K toward T},, and
then decreased with different behavior below T},, where they
also swapped the ratio of their intensities (see Fig. 4(c) of
Ref. [18]). No signature of another transition at 80 K was
observed.

These observations were interpreted as the buildup of dif-
fuse scattering due to a soft phonon leading to the phase
transition at Ty;, which splits into a Higgs mode and a Gold-
stone mode below Tj;. The Goldstone mode arises from
fluctuations between the two components (/4m2 and 14,22)
of the E, order parameter. Its energy rises slightly below T},
leading to a decrease of the diffuse scattering. The Goldstone
mode energy then approaches zero again as fluctuations shift
from the I4m2 to the 14,22 symmetry near T, causing the
diffuse scattering to increase. Below 7}, the Goldstone mode
energy increases again, and the behavior of the diffuse scat-
tering in the two sets changes relative to that above Ty, as
explained by a swap of the sign of sixth- and eighth-order
terms in a Landau expansion (see Fig. 4 and related discussion
in Ref. [18]). This analysis, while providing detailed physical
insights, required two separate ML runs on the temperature-
dependent x-ray data, with one for the strong Bragg peaks and
another for the much weaker diffuse scattering, with a fixed
number of distinct phases and detailed theoretical interpreta-
tion of the results.

Our divergence matrices clearly reveal these different
regions with distinct behavior without any prior physics
knowledge. The A-KLD, shown in Fig. 4(e), reveals five
blocks along the diagonal direction, separated by four tran-
sitions at 90, 130, 200, and 250 K. The transitions at 90 and
200 K are also clearly visible in the JD, while the JSD matrix
shows a sharp transition at 90 K, a broader one at 130 K, and a
broad transition near 200 K. By comparison with the detailed
previous physical analysis in Ref. [18], it becomes clear that
the block in A-KLD from 250 to 300 K corresponds to the
region in the cubic structure without appreciable fluctuations
of the lower-temperature tetragonal phase. The second block,
from 250 K to T, marks the onset of diffuse scattering due to
the soft-mode transition, with a sharp boundary at 75, signal-
ing the onset of a long-range ordered /4m2 phase. The next
transition, observed in both the A-KLD and the KLD, reflects
the crossover from diffuse scattering dominated by critical
fluctuations to that dominated by Goldstone mode fluctua-
tions. Finally, the transition at 90 K marks the disappearance
of the diffuse scattering into the background, possibly as-
sociated with a further lowering of symmetry observed in
Raman studies. While both the JD and JSD clearly show tran-
sitions between regions with markedly different behavior of
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the data, e.g., onset of long-range-order Bragg peaks and the
disappearance of diffuse scattering, they are less sensitive
to the more subtle change in the character of the diffuse
scattering at 130 K. It is interesting to note that none of the
divergence matrices marks the transition at Ty, itself; instead,
they indicate the changes in diffuse scattering associated with
this transition. In contrast, the Ty transition is clearly observed
in all matrices, as are all other transitions in the other datasets
analyzed. We attribute this to the rather special behavior of the
I4m?2 to 14,22 transition, where the two sets of Bragg peaks
distinct from the cubic structure swap intensities, resulting
in no net change in entropy. This interpretation is further
in agreement with the physical interpretation of this being a
transition between two components of the £, mode.

While our entropy analysis cannot provide a physical inter-
pretation for the different temperature regimes observed, the
entropies and divergence matrices can be calculated instantly
from raw data. Moreover, the differences among A-KLD, JD,
and JSD can provide indications of the origin of different
transitions. More subtle transitions, possibly due to short-
range order and fluctuations, are most visible in the KLD
and A-KLD, whereas long-range order are more apparent in
the entropy, JD and JSD. The instantaneous indication of the
onset of a transition can be used to guide experiments on the
fly, and the determination of the number of different regions
provides important input for further physics-based analysis.
These results clearly demonstrate the advantage of our entropy
analysis approach in identifying complex phase transitions in
large datasets without requiring prior structural models.

D. Detection of phase change/transition of magnetic
skyrmions in Fe;GeTe,

In the previous scattering experiments, the intensity at
each pixel or voxel can be directly related to a specific Q-
state of the system via Fourier transformation. However, this
connection is not as straightforward when processing real-
space imaging datasets. In the following case, we demonstrate
that the same entropy analysis technique can be applied to
a broad range of data types beyond reciprocal-space mea-
surements. Here, we use our previously published L-TEM
datasets of Fe;GeTe,, which was found to host a transi-
tion in its two-dimensional magnetic skyrmion lattice [19].
Figure 5(a) displays a representative L-TEM image of a
Néel skyrmion lattice at 100 K. Previous statistical analysis,
with machine-learning-assisted image processing, indicated
a transition from a disordered skyrmion lattice to a more
ordered phase as the temperature approaches 200 K [19].
Figure 5(b) presents both the Shannon (n = 1) and escort-
weighted (n = 2) entropies, showing similar increases upon
field heating. These entropy changes coincide with the emer-
gence of orientational partial ordering of magnetic skyrmions.
Figures 5(c)-5(f) show the computed divergence matrices
based on the escort distribution (n = 2). The color maps reveal
a clear square block below ~180 K, with a crossover between
180 and 210 K. The boundary between low-temperature and
high-temperature states, however, is less sharp than those ob-
served in Figs. 2—4, likely due to the intrinsic 2D nature of
the transition. Our published work suggests that this transition
is associated with both long-range translational effects and
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FIG. 5. (a) Lorentz-TEM image of magnetic skyrmions in
Fe;GeTe, at T = 100 K. (b) Shannon entropy (n = 1) and escort-
weighted entropy (n =2) as functions of temperature. (c)—(f)
Divergence matrices highlighting the restoration of orientational or-
der in the skyrmion lattice around 200 K.

local orientational order. While our entropy analysis does not
directly probe the local orientational order parameter, our re-
sults in Fig. 5 might reflect the statistical variation associated
with skyrmion sizes and/or densities. Nevertheless, the close
correspondence between the material’s phase evolution and
the divergence matrices in Figs. 5(c)-5(f) demonstrates that
our entropy analysis framework robustly applies to real-space
imaging datasets.

V. DISCUSSION

Having demonstrated the practical advantages of this en-
tropy analysis framework, we now discuss its implications.
In principle, experimental observation can be considered as
an information transfer process, wherein the vast degrees of
freedom in a physical system are reduced to finite datasets
via an unknown transformation (Fig. 1) depending on the
experimental methods and parameters, such as instrument
geometry, coherence loss, limited elemental contrast, finite
detector coverage, etc. Therefore, only a fraction of the total
information can be captured in a single experiment, which
may not suffice to uniquely determine the ground truth. In
fact, comparing measured observables from complementary
experimental approaches is necessary and frequently used
in discovering hidden phases in the past. For instance, in
water ice [34,35], it is well known that thermodynamic
measurements fail to capture the partially frozen degrees of
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freedom according to the so-called “ice rule,” resulting in the
discovery of residual entropy when compared to spectroscopic
measurements. A similar practice was also conducted by A.
Ramirez in the discovery of zero-point entropy in spin ice
[2,36,37], defined as the difference between the measured
entropy from specific heat data and that of an assumed high-
temperature paramagnetic phase.

Although there exists considerable ambiguity in inter-
preting the computed entropy, some intuitive understanding
can be obtained for typical scattering experiments, which is
essentially a Fourier transformation of atomic positions or
electron density distribution, with the weight of each pixel
(voxel) corresponding to the probability of a specific Q-
state of the system. Due to the incomplete coverage of the
reciprocal space, however, the measured probability distribu-
tion contains partial information, representing a conditional
probability distribution [8] rather than the true distribution.
Our introduction of the escort distribution essentially estab-
lishes an approximate connection between the conditional
probability distribution and the ground truth. While such an
approximation has not been rigorously proved, the framework
is empirically supported by its consistent performance across
all tested datasets, and its primary value lies in practical utility
rather than mathematical rigor.

We can gain further insights into our entropy analysis
through analogy with thermodynamic entropy. First, the diver-
gence matrices quantify statistical changes in entropy between
different macroscopic states separated by a small change of
an external parameter (e.g., AT) and are therefore analogous
to a specific heat measurement based on small temperature
increments. By taking a line cut slightly off the diagonal of a
divergence matrix, such as Dg (T, T 4+ AT) from the KLD
matrix, one can obtain a curve analogous to specific heat.
Just as peaks in specific heat signal phase transitions in ther-
modynamic measurements, peaks or shoulders (manifested
as a corner of the block structure in divergence matrices) in
the off-diagonal curve signal statistical phase changes in data
space.

Second, the introduction of the escort distribution with
a tunable exponent n, or T,, effectively controls the “tem-
perature” of the measured datasets. For instance, an escort
distribution with n > 1 (equivalently, 7, < 1) amplifies high-
valued, more singular regions of the original distribution,
analogous to cooling a system and concentrating population
in low-energy states. Conversely, for n < 1, it enhances less-
populated regions, resembling heating. To illustrate how T,
modulates the estimated entropy, we present a phase diagram
[38] of the escort-weighted entropy with varied 7, in Fig. 6,
using the field-dependent datasets of Eus;Sn,S;. The corre-
sponding phase diagrams for other datasets are provided in the
Supplemental Material [38]. Because the calculated entropy
can vary by several orders of magnitude, we visualize the
results by normalizing the minimum and maximum of each
field-dependent entropy curve (horizontal line in Fig. 6) to
0 and 1, respectively. The artificial temperature 7, is plotted
on a logarithmic scale, with log,7;, = 0 corresponding to the
original Shannon entropy.

In Fig. 6, we find that the escort-weighted entropy is noisy
at high artificial temperatures, though some visible transitions
appear near the field of ~2 T. As T, is reduced, the computed

phase diagram of
escort-weighted entropy
for Eu;Sn,S;

H (T)

FIG. 6. Diagram of escort-weighted entropy as a function of 7,
from the field-dependent Eu3Sn,S; dataset. The horizontal axis de-
notes magnetic field, and the vertical axis is the artificial temperature
T, shown on a logarithmic scale. Each row is normalized between its
minimum and maximum to emphasize the relative variation within
that row.

escort-weighted entropy enters a critical region in which its
field dependence exhibits well-structured features with a vis-
ibly high signal-to-noise ratio. As 7, decreases further, this
region terminates at a lower bound, beyond which the entropy
curve becomes noisy again. In the limit 7, — 0, the escort
distribution is expected to condense toward a “ground state”
dominated by one or a few pixels/voxels, while the rest carry
zero weight. Within the critical region of T, we found that the
divergence matrices consistently produce blocklike features,
confirming that well-defined phase boundaries persist in this
regime. Interestingly, across all the datasets we have tested
(Figs. 2-5), the optimal value of 7, falls in the region with
log, T, close to 0. This empirical finding suggests that, for the
experimental configurations studied here, the measurement
process approximately preserves the statistical structure of the
physical state distribution, providing a nontrivial validation of
the postulated mapping in Eq. (1). Therefore, the value of 7,
might also be useful as a rough indicator of the “efficiency” of
a proposed measurement.

In practice, we recommend computing the phase diagram
of escort-weighted entropy as a function of log, 7, with a finite
range (as shown in Fig. 6 and in the Supplemental Material
[38] for all datasets) to determine a suitable value of n or 7.
This diagram provides a systematic way to identify the region
of artificial temperature in which phase boundaries are clearly
resolved. Since the nature of the raw probability distribution is
largely affected by the experimental setup, the optimal value
of n is unlikely to vary significantly once the instrumental
configuration is fixed. This opens the possibility of calibrating
n once for a given instrument and measurement type and
reusing it across similar measurements without recomputing
the full phase diagram each time.

Beyond the selection of 7, we envision this entropy-based
analysis as a fast screening tool rather than a replacement
for conventional model-based analysis. Its primary added
value lies in three aspects: (1) it provides a bias-free,
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model-independent screening of experimental data, reducing
the risk of overlooking unexpected phase transitions that may
occur at unanticipated wave vectors or involve subtle redis-
tribution of spectral weight; (2) it offers rapid, automated
detection of the onset of candidate phase transitions, which
is particularly valuable during ongoing experiments when
beamtime is limited and rapid decisions are required [38]; and
(3) the results can serve as input for more advanced analysis
pipelines, for example, by providing initial estimates of the
number of phases or transition temperatures as hyperparame-
ters for machine-learning workflows [17,18].

VI. CONCLUSION

In conclusion, we have developed an entropy-based anal-
ysis framework that connects the thermodynamic entropy
of materials and the informational entropy in experimental
datasets. By transforming measured data into an escort dis-
tribution, we can associate changes in Shannon entropy of the
datasets with the formation of various physical orders in mate-
rials, including long- and short-range magnetic and structural
orders as well as nontrivial orientational order in topological
spin textures. We introduced four divergence matrices (KLD,
JD, JSD, and A-KLD) that collectively provide comprehen-
sive measures of potential phase transitions without explicit
models or prior knowledge and in contrast to traditional
methods, e.g., of measuring the temperature dependence of
a single or few particular peaks, avoids misidentification or
not observing transitions due to selection bias. This method
provides very quickly basic information regarding changes in
the character of large datasets to guide more detailed physical
analysis. We demonstrated that this framework is broadly
applicable to diverse datasets and experimental probes, in-
cluding neutron/x-ray scattering and real-space imaging.

As data collection rates in modern experiments continue
to increase with technical advances such as large-area detec-
tors and higher flux sources, model-free, real-time informatics

provides important and efficient guidance during experimen-
tation and complements traditional model-dependent analysis.
Immediate extension includes application to time-resolved
x-ray photon correlation spectroscopy measurements, which
can provide richer statistical signatures. Further developments
such as on-the-fly entropy analysis operating directly in raw
data space and integration into advanced machine-learning
workflows may yield insights into increasingly complex ex-
perimental datasets.
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