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In general, comprehension of any type of complex system depends on the resolution used to examine the phenomena oc-
curring within it. However, identifying a priori, for example, the best time frequencies/scales to study a certain system
over-time, or the spatial distances at which correlations, symmetries, and fluctuations are, most often non-trivial. Here
we describe an unsupervised approach that, starting solely from the data of a system, allows learning the characteristic
length scales of the dominant key events/processes and the optimal spatiotemporal resolutions to characterize them.
We tested this approach on time series data obtained from simulation or experimental trajectories of various example
many-body complex systems ranging from the atomic to the macroscopic scale and having diverse internal dynamic
complexities. Our method automatically analyzes the system data by analyzing correlations at all relevant inter-particle
distances and at all possible inter-frame intervals in which their time series can be subdivided, namely, at all space
and time resolutions. The optimal spatiotemporal resolution for studying a certain system thus maximizes information
extraction and classification from the system’s data, which we prove to be related to the characteristic spatiotemporal
length scales of the local/collective physical events dominating it. This approach is broadly applicable and can be used
to optimize the study of different types of data (static distributions, time series, or signals). The concept of “optimal
resolution” has a general character and provides a robust basis for characterizing any type of system based on its data,

as well as to guide data analysis in general.

INTRODUCTION

Understanding the physics of complex many-body sys-
tems with rich internal dynamics is typically a challenging
task!~7. This holds true across various scales®, from com-
plex phenomena at the molecular level, such as nucleation
events, phase transitions and ensemble dynamic adaptations
in complex molecular systems!, to non-trivial collective be-
haviors in complex scale systems such as fish schools®!°, bird
flocks''=13 and socioeconomic or stock market systems!+1°.
Typically, the first challenge in studying such complex sys-
tems is to extract relevant information about the natural dy-
namical behavior of their constituent units, a fundamental step
in reconstructing the complex internal physics that character-
ize them'”.

The study of a complex system typically begins with the
acquisition of trajectories, such as the positions and velocities
of the individual units composing the system, obtained either
through experiments or simulations. An efficient method is
required to extract physically relevant information from these
trajectories. A common approach involves using descriptors
that convert raw trajectories into time series that can represent
functions of positions (e.g. mutual arrangements) and / or ve-
locities of the constituent units over time'®!°, The choice of
descriptor is critical, as different descriptors enable the ex-
traction of different types of physical information about the
system’s behavior'7??! . Among the various available de-
scriptors, a distinction can be made between physics-inspired
descriptors and "abstract” or general ones. Physics-inspired
descriptors are tailored to study specific systems by leverag-
ing the prior knowledge of their physics. Although they can be
highly effective for investigating particular types of systems,
they are typically less transferable to others. Furthermore,
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these descriptors may suffer from inherent biases and poten-
tially overlook important and unforeseen information. To ad-
dress these limitations, more general “abstract” descriptors —
such as correlation functions or relative distances, to name a
few commonly used examples — can be employed.

More advanced and complex abstract descriptors, such
as the Smooth Overlap of Atomic Positions (SOAP)?*> and
Atomic Cluster Expansions (ACE)*? have also proven to be
highly useful. Unlike system-specific descriptors, these gen-
eral approaches are not tailored ad hoc to any particular sys-
tem, making them applicable to virtually any system type.
Their unbiased nature, stemming from the lack of reliance
on prior knowledge of the system’s physics, allows them to
be broadly applicable and transferable for studying a wide
range of complex molecular systems. Pattern recognition ap-
proaches for analyzing datasets, such as those from ACE or
SOAP, have successfully provided valuable insights into the
physics of systems across scales, from molecular to macro-
scopic, including aqueous, metallic, and other complex sys-
tems®!724-33 and large-scale phenomena such as wave propa-
gation®*3 . Data-mining approaches often rely on identifying
high-density peaks (dominant microscopic structural motifs)
in datasets, treating the data as an ensemble in which time
correlations are ignored. This can potentially lead to loss of
information'”-3¢.

Conversely, it has been demonstrated that studying data,
acquired over time series (thus accounting for their time-
correlation) allows decouple temporal from spatial informa-
tion, which may provide more rich information than typi-
cal pattern-recognition approaches, including details on rare
events, local or collective events that originate and amplify
dynamically over time, etc’!7-20-28:2931.34-38 = Eor example,
descriptors such as timeSOAP? or Local Environments and
Neighbors Shuffling (LENS) track how much and in what
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way the environment surrounding each unit in the system
changes over time. These approaches shift the focus to iden-
tifying relevant fluctuations in noisy time series. An effi-
cient method for this is Onion Clustering, an unsupervised
and parameter-free algorithm that systematically detects sta-
tistically significant fluctuations in noisy time series of any
type. It classifies these fluctuations based on their similar-
ity, determining the number of distinct microscopic domains
(clusters) can be identified in a time series as a function of
the length of the signal intervals used in the analysis. Re-
cent results from Onion clustering have revealed non-trivial
dependencies on the temporal resolution used in the analysis.
These findings show that, for a given system studied with a
specific descriptor, there exists an optimal temporal resolu-
tion that maximizes the information extracted from its time
series data'’-3+3%_ The considerations for temporal resolution
also apply to spatial resolution. More broadly, this raises an
important question: what is the optimal resolution — both spa-
tial and temporal — for capturing the physical behavior of a
system? For instance, it is known that adjusting the cutoff for
radial-based local descriptors (e.g., capturing different ranges
of short- or long-range effects) can significantly impact anal-
ysis results. Similar to the findings from Onion Clustering
regarding temporal resolution, is there an optimal spatial res-
olution for extracting meaningful physical information from
trajectory data? Moreover, is there a reliable method to deter-
mine this optimal resolution for a given system?

In this work, we address this fundamental problem by
studying various prototypical systems, ranging from atomic
and molecular scales to microscopic and macroscopic scales,
which exhibit different complex internal dynamics. We sys-
tematically analyzed the information contained in the time se-
ries data of their constituent units as a function of the spa-
tial and temporal resolution used in the analyses. We demon-
strated that different types of systems have distinct optimal
spatiotemporal resolutions that maximize the extraction of rel-
evant information from their trajectories, depending on the lo-
cal or collective nature of the physical events/processes that
occur within them. The characteristic spatiotemporal length
scales of the dominant physical events dominating the system
are in this way revealed in a purely data-driven way, and with-
out prior assumptions on the best resolutions to capture and
characterize them.

While identifying the optimal time and space resolutions to
study a system in which little is known a priori is challenging,
this work demonstrates how such information is intrinsically
present in the system’s data and it provides an efficient way to
extract it. From a fundamental point of view, we provide clear
demonstrations of the impact of such a data driven approach
in revealing the physics of complex systems (or phenomena)
without relying on prior knowledge or preconceived assump-
tions. At the same time, because every set of data has its own
optimal spatiotemporal resolutions that allow for maximizing
information extraction, we obtain a general concept and an
useful approach to guide and assist the analysis of virtually
any type of data.
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RESULTS

A first case study: ice/water coexistence in dynamical
equilibrium

As a representative case study, we focused on a proto-
typical molecular system with non-trivial internal dynamics.
Specifically, we analyzed the atomistic Molecular Dynamics
(MD) trajectories of a system consisting of 2048 TIP4P/ICE?’
molecules at the melting temperature’. Initially, half of the
molecules are in the liquid phase, while the other half form
solid ice. After equilibration, a 50 ns production run was per-
formed under NPT conditions (see Methods section for com-
plete details on the molecular model and simulation setup).

Recent studies have demonstrated that a general yet rela-
tively simple descriptor, LENS, can effectively capture the
intrinsic dynamics of such system with remarkable sensitiv-
ity. As illustrated in Fig. 1A, the LENS value for every par-
ticle in the system was computed for each sampling interval
(of length 6¢) along the MD trajectory. This is done by mea-
suring the variation, frame by frame, in the string of the IDs
of the neighbors within a specified cutoff radius (dashed cir-
cles in Fig. 1A). LENS captures events such as the addition,
removal, or permutation of neighbors during 6, offering in-
sights into the local dynamics of the environment surrounding
each particle in the system.

In this case, 2048 LENS time series were extracted — one
for each molecule, considering only the oxygen atoms — each
consisting of 500 frames (67 = 100 ps); see Fig. 1B. The prob-
ability kernel density estimate (KDE) of the data points re-
vealed two distinct peaks (Fig. 1B, shown in blue). The first
and most prominent peak occurs at LENS intensity ~ 0.05,
corresponding to molecules that are nearly static. These rep-
resent the molecules in the ice phase, vibrating around their
crystalline positions. The second, lower-density peak appears
at a LENS intensity of ~ (.35, corresponding to the more dy-
namic molecules in the liquid phase.

These are the two main clusters that standard pattern recog-
nition approaches, which analyze the entire dataset while ig-
noring time correlations, are readily identifed from the trajec-
tories of this systemzo’zg. However, recent studies have shown
that additional, highly relevant information is hidden within
these data, masked by the noise of these two dominant clus-
ters’. This information can be extracted by accounting for
time correlations in the data of individual molecules, treating
these data as time series, and systematically distinguishing
meaningful fluctuations from noise, using single-point time
series clustering algorithms, such as Onion Clustering!”-3436

As shown in Fig. 1C, Onion Clustering performs a single-
point time series analysis on the trajectories of all molecules
in the system, classifying them based on the similarity of
their vibrational dynamics. This method employs an iterative
detect-classify-archive approach with a resolution that adap-
tively increases at each iteration. Onion Clustering systemat-
ically repeats the clustering analysis across all possible tem-
poral resolutions A¢, starting from the maximum resolution,
which is twice the minimum time step (in this case, 200 ps),
and progressively reducing the resolution down to the min-
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FIG. 1. Extracting information from, e.g., LENS time series of ice/water dynamic coexistence simulation trajectories. A Scheme of
example local dynamical events captured by the LENS descriptor (permutation, addition, or subtraction of neighbors). B LENS signals for all
the water molecules (their oxygen atoms) in the system as a function of simulation time, and their cumulative distribution (KDE: on the right,
in blue). C Same LENS time series data with the background colored based on the three main micro-clusters detected by Onion Clustering
(using a time-resolution of Az = 1.1 ns). The gaussian LENS environments are shown in the KDE (right) as solid gaussian curves, the inter-
cluster thresholds are indicated as dotted horizontal lines. D Output Onion plot. The curve in blue (primary y-axis) shows the number of
clusters classifiable by Onion Clustering as a function of the time resolution A¢. The curve in orange (secondary y-axis) shows the fraction
of unclassifiable data points (stored into a cluster named ENVO) as a function of Ar (i.e., fraction of dynamical events occurring faster than
the resolution of the analysis). The vertical red dashed line indicates the time-resolution Az = 1.1 ns used for the other panels (clusters and
thresholds in panel C). E MD snapshot of the ice/water coexistence simulation showing the TIP4P/ICE molecules (left) and coloring them
based on the clusters classified at the example time-resolution, which correspond to the bulk of ice (in gray), to the bulk of the liquid phase
(in blue), and to the ice/water interface (in red). In white are the unclassifiable points: these are domains in the liquid which freeze and
re-melt faster than At = 1.1 ns720:25:34_ F Schematic representation of the solvation shells accounting for the first, second, third, etc., neighbor
particles around a unit i in a generic system: using different cutoff radii means capturing different types of events (e.g., local vs. non-local)
whose relevance depends on the physics of system and is often not clear a priori.

imum, corresponding to the total duration of the simulation 2 and are labeled as part of the ENVO cluster. For a detailed
(50 ns). 205 description of the Onion clustering method, we refer the in-
6 terested reader to Ref. 3*. Following Onion clustering analy-
207 8is, the optimal temporal resolution At to subdivide the time-
series data into statistically robust micro-clusters can be se-
200 lected a posteriori and in an informed manner. The analysis
210 reveals not just two but up to three distinct environments from
the LENS time series. Physically, these correspond to the ice
(gray in Fig. 1E), liquid (blue), and the ice-water interface
213 (red). From the Onion plot, it is evident that these three clus-
21s ters are distinguishable at resolutions of Az < 10 ns. Beyond
215 this threshold, the resolution becomes insufficient to differen-
216 tiate the ice-water interface as a dynamically distinct environ-
217 ment, resulting in a reduction from three clusters to two. This
218 finding suggests that the characteristic residence time of wa-

&

The plot in Fig. 1D (blue curve) shows the number of sta-
tistically distinct environments identified as a function of the
time resolution. The Onion clustering algorithm performs an
iterative search and clustering of “dynamically stable” envi-
ronments in time-series data. Here, “stable” means that the
signal’s sequences assigned to the environments lasts at least
At steps, where At t is what we call the “time resolution”. In
typical time-series analyses, the statistically relevant/different
micro-domains effectively discernible in the data depend on
the time-resolution Ar used in the analysis. Differently, the
Onion clustering algorithm performs the clustering for a wide
range of Az values: from the highest possible resolution (twice
the minimum time step, 200 ps in the ice/water case studied

20

o

21

=

21

~

o

200 herein as an example) to the lowest one (the full trajectory
20 length, 50 ns in this case). At each Az, the data points that **
202 cannot be assigned to any stable environment (those referring *
203 to fluctuations occurring faster than Af) remain unclassified 2

=

210 ter molecules in the interface is approximately 10 ns; using

a lower resolution than this prevents the identification of the
interface environment as distinct.

Notably, for At > 20 ns, only a single stable environment,
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corresponding to the ice bulk, can be identified. This indi-
cated that some molecules within the ice bulk remain in this
environment throughout the entire duration of the simulation.
At these resolutions, Ar > 20 ns, the analysis effectively de-
tects one stable environment (ice), while all other data points
are classified as part of an “unclassifiable data" cluster. These
unclassified molecules, at this resolution, cannot be attributed
to any stable environment, reflecting the inability of such a
coarse temporal resolution to resolve their dynamic behavior.
Notice that, as the value of At increases, the fraction of unclas-
sified data points increases as well (orange curve in Fig. 1D),
until most of the data are in this category, because the time
resolution is too coarse to resolve most of the relevant system
dynamics.

For more details regarding the descriptor and the clustering
method, we refer the interested reader to Refs.” and®*. A cru-
cial strength of Onion Clustering lies in its ability to transform
a potential limitation of clustering analysis — the dependence
on the choice of time resolution — into an advantage. By elim-
inating the need for the user to select a specific time resolu-
tion a priori, Onion Clustering identifies the optimal resolu-
tion windows for studying the system’s physics. In this case,
the resolution of At < 10 ns is ideal, because it allows the de-
tection of three distinct clusters while minimizing the fraction
of unclassifiable data points.

It is worth highlighting that by repeating the analysis across
various temporal resolutions and visualizing the outcomes, the
approach becomes independent of any preconceived assump-
tions concerning the optimal temporal resolution for studying
the system’s physics. Nonetheless, one key parameter still
influences the analysis: the cutoff used in calculating the de-
scriptor (LENS in this case, though this applies to many other
descriptors as well). It is well known that varying the cutoff
when using a descriptor can significantly impact the results.
This raises an important question: what is the optimal spa-
tial resolution (i.e., the best cutoff radius) for maximizing the
extraction and classification of information from the data and
ultimately the understanding of the system’s physics? While
the answer to this fundamental question remains often elusive,
the methodology presented here provides a robust framework
to identify the “optimal spatiotemporal resolution" for ana-
lyzing a system solely based on the data extracted from its
trajectories.

Optimal spatiotemporal resolution(s)

It is well-known that complex systems can be governed by
local or collective events 7192040 that may emerge and am-
plify within them. When one does not have prior knowledge
of a system, choosing the best analysis setup to capture the
effects/phenomena characterizing its behavior may be non-
trivial. Nonetheless, such a choice can influence or bias the
analysis, potentially revealing or obscuring distinct types of
information, depending on the underlying nature and physics
of the system (Fig. 1F), as we are going to discuss in the sub-
sequent analyses.

In the case of aqueous systems, it is known that focus-
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ing solely on the first solvation shell can be limiting”4°. Tt

has been recently demonstrated how analyses extending be-
yond that (e.g., including up to the fifth nearest neighbor)!”,
can offer a more comprehensive understanding of the sys-
tem?’-304143 " This raises important questions such as, e.g.:
What is the effect of the spatial resolution on the results that
can be effectively attained upon analysis? Is there an “optimal
resolution" to analyze a system? And is it possible to some-
how determine it a priori? Addressing such questions is chal-
lenging, but at the same time particularly useful, especially
in the study of systems about which little is known a priori.
Here we define the “optimal spatiotemporal resolution” as that
allowing to subdivide the time-series data into the maximum
number of statistically relevant different micro-clusters (as far
as the fraction of classifiable data points remains >50 % - i.e.,
the Q parameter), based on the concept that clustering equals
to setting order in the data, which is intimately related to the
concept of maximum information extraction out of them **.
Nonetheless, it is worth noting that alternative metrics can be
adopted, onto which the same automatic approach presented
herein can be easily adapted.

Fig. 1 shows the results of analyses obtained calculating
the LENS time series using a cutoff of r. = 10 A. While
an r, around such value is commonly assumed to enable
information-rich analyses of aqueous systems,”!7-20:2327 we
introduce an automated approach to systematically determine
the optimal spatial resolution to study virtually any type of
system. It is important to emphasize that the extractable in-
formation — and the corresponding optimal cutoff — depends
both the internal physics of the system and the descriptor’s
effectiveness in capturing relevant physical features. The effi-
ciency and signal-to-noise ratio are in fact intrinsic properties
of each descriptor'’. Here, using LENS as an example, we
present a systematic, data-driven approach to determine the
optimal resolution for studying the internal dynamic complex-
ity and overall physics of the system.

To identify key cutoff values in an agnostic manner, our
approach begins with the radial distribution function g(r) of
the oxygen atoms, which describes the radial particle density
around each molecule. As shown in Fig. 2A, the g(r) plot
exhibits sharp primary peak corresponding to the first solva-
tion shell, followed by peaks representing the second, third,
and subsequent shells. By locating the minima between these
peaks, we identify characteristic spatial length scales inher-
ent to the system under study. In this case, the key distances,
marked by red circles in Fig. 2A, correspond to the values
r.=1{3.3,7.5,8.5,13,10,13,15,20,30} A. These values serve
as meaningful cutoff radii for computing the descriptors.

We calculated the LENS descriptor for all oxygen atoms
throughout the trajectory, using the identified key distances as
cutoffs. For each cutoff, our method applied Onion Cluster-
ing to analyze the time series and determine the number of
statistically distinct environments detected. By gathering and
comparing these results, we identified the “optimal spatiotem-
poral resolution" for extracting physically relevant informa-
tion from the trajectories. At this stage, the analysis depends
solely on the chosen descriptor.

Fig. 2B-G show the results obtained via Onion Clustering
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FIG. 2. Effect of spatial and temporal resolutions on information extraction from LENS time series data. A Radial distribution function
g(r) of the oxygen atoms of all water molecules in the system: relevant g(r) minima are detected (red circles) and used as critical cutoff radii
7 to calculate LENS signals retaining information on local vs. non-local events/phenomena. B-G Onion plots obtained from the analyses of
the LENS time series with different r.. The number of resolved micro-clusters is shown in blue, while the fraction of unclassifiable data (in the
ENVO cluster) is shown in orange. The red vertical dashed line shows the example time resolution of Ar = 1.1 ns used for the snapshots in panel
I. H In blue: mean number of classifiable micro-clusters (ENVs) before the fraction of unclassifiable data reaches 50%, as a function of the r,
used in the analysis. The data show a clear trend (blue curve), where the maximum efficiency in information extraction-and-discretization is
obtained at r. ~ 10 A: namely, when accounting for events involving up to the 3rd-4th neighbors shell. I Representative MD snapshot of the
system where the water molecules are colored according to the clustering obtained with the different r. in the analyses of panels B-G at the
example time-resolution of At = 1.1 ns: the red ice/water interface can be resolved in the spatial resolution range of 8.5 <r. <15 A, and for
temporal resolutions higher than Ar < 10 ns.

of the LENS time series computed with the different cutoffs. 352  Notably, when the second solvation shell is included us-
Fig. 2B illustrates the results of Onion Clustering applied to s ing a cutoff of r. = 7.5 A (Fig. 2C), Onion Clustering identi-
LENS time series computed with . = 3.3 A, corresponding s fies 2 to 3 dynamically persistent environments. Crucially, the
to the first solvation shell. At all time resolutions, the analysis s ice/water interface becomes discernible within this time series
detected at most one dynamically persistent environment, the sss for resolutions between 2 and 8 ns. This observation aligns
bulk (ice), while all other molecular data points were grouped 3o with findings reported for other descriptors'’-*®, which high-
into the unclassifiable data cluster (transitions). Even at the s light the existence of a lower time resolution threshold neces-
highest resolution, the fraction of unclassifiable data points 3 sary to identify certain environments. In fact, for At > 8 ns,
was approximately 50%, highlighting the limited effective- s the analysis loses the ability to distinguish the ice/water in-
ness of considering only the first solvation shell for this aque- 33 terface as a separate environment. Interestingly, Fig. 2C also
ous system. This outcome is akin to conventional pattern s shows that at very high time resolutions (At < 2 ns), infor-
recognition methods. Moreover, for time resolutions below s mation about the ice/water interface is again lost, reducing
At > 10 ns, Onion Clustering fails to resolve any dynamically s the number of detectable clusters to two. This, as recently
persistent clusters (Fig. 2B), as the fraction of unclassifiable s discussed 1736 ig due to the fact that there is a minimum ob-
data points (orange) reaches 100%. These results show that s servation time which is required so that transitions can be ro-
restricting the analysis to the first solvation shell does not in- s bustly distinguished from the more dominant states, and thus
cludes in the LENS descriptor enough information for a mean- s classified as separate environments.
ingful classification of the system’s dynamics.

s When the cutoff distance is increased beyond 8.5 A
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(Fig. 2D-G), including the third solvation shell, the LENS
time series consistently resolve three dynamically persistent
clusters down to a resolution of Af ~ 10 ns. This clus-
tering stability persisted up to a cutoff distance of approxi-
mately 15 A. In other words, spatial resolutions in the range
of 8.5 Ato 15 Aoffer the best performance, as they maximize
the detection of distinct clusters (Fig. 2D-F) and minimize in-
formation loss (orange curve) for time resolutions Af < 10 ns.
For this system, these spatial resolutions, when applied to the
analysis of LENS time series, enable the extraction and repre-
sentation of the system’s dominant features with optimal effi-
ciency.

When the LENS cutoff radius was set to values beyond
15 A, the effectiveness of the analysis began to diminish.
We extended the tests up to the maximum cutoff of 30A,
constrained by the size of the simulation box. As shown in
Fig. 2B-G and in supplementary Fig. S1, the ability to distin-
guish the ice/water interface progressively deteriorates with
increasing cutoffs. At higher values, the analysis yielded re-
sults similar to those obtained with smaller cutoffs, where
only the solid ice phase can be classified as a stable environ-
ment.

For any trajectory, this method determines the optimal spa-
tiotemporal resolution that maximizes the extraction of rele-
vant information from noisy data. To summarize and compare
results across different systems, we define a metric, 2, which
quantifies the quality of the clustering outcome. 2 is calcu-
lated as the average number of stable environments identified
by Onion Clustering across all time resolutions (Ar) where the
fraction of unclassified data points is less than 50%. Fig. 2H
plots 2 as a function of the cutoff radius used for LENS cal-
culations. The plot reveals a clear peak in clustering quality
for I nm < r. < 1.5 nm, highlighting this range as optimal for
maximizing the information extracted from the analysis. With
this cutoff radius, the maximum number of environments is
identified using Ar < 10 ns.

This result provides critical insights into the physics of the
system, revealing the characteristic scales of the environments
that dominate its dynamics. In this case, this ice/water sys-
tem exhibits internal dynamics driven by collective events
with specific spatial and temporal scales. For instance, the
ice/water interface has a characteristic thickness of around
1.5 nm and contains molecules with a residence time of up to
~ 10 ns (Fig. 2I). Clearly, this “optimal spatiotemporal resolu-
tion" depends on the dynamics of each system (see next para-
graph) and on the capability of different descriptors to capture
them. Each descriptor emphasizes distinct features and has
its own signal-to-noise ratio'’. To illustrate the generality of
these concepts, we repeated the Onion Clustering analyses on
the first principal component (PC1) time series of the SOAP
spectra computed for each molecule, calculated with different
cutoff radii as done for LENS. This serves as another example
of a descriptor providing rich information on the system (see
Method for details).

The results shown in Fig. 3 show a very similar trend as
those in Fig. 2. As in the LENS analysis, Fig. 3A-G demon-
strates the existence of an optimal spatial resolution that max-
imizes the information extracted from the SOAP PC1 time
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series. Below this resolution, the analysis lacks sensitivity,
and above it, the time series become too noisy to resolve the
ice/water interface. All other explored spatial resolutions are
shown in supplementary Fig. S2. Also MD representative
snapshot of this system, all taken at At = 40 ns are shown in
supplementary Fig. S5. The plot in Fig. 3H shows a trend
similar to Fig. 2H, revealing an optimal spatial resolution at
re =13 —-15 A. With this e, the interface is detectable us-
ing a time-resolution At < 20 ns (Fig. 3D-E). Interestingly,
the slightly higher optimal cutoff radius for SOAP compared
to LENS reflects differences between the descriptors: while
LENS captures exchanges between molecules inside and out-
side the cutoff, SOAP considers only the local environment
within the cutoff. This makes the SOAP optimal radius consis-
tent with the detection of events at the fourth solvation shell,
compared to the third shell for LENS, while capturing the
same underlying physical phenomena. Let’s now apply these
concepts to another system with completely different dynam-
ical complexity to investigate how the approach performs in
distinct scenarios.

Optimal resolutions for a metal surface dominated by local
dynamic events

To demonstrate the generality of our approach, we applied
it to analyze LENS time series computed from simulation of
an atomistic model of a copper (211) surface simulated at
600 K (Fig. 4A) composed by 2400 Cu atoms replicating on
the xy plane via periodic boundary conditions, using a deep
neural network potential trained to guarantee DFT-level accu-
racy (see Method section for details)®. As recently demon-
strated, even well below the melting temperature ~ 1400 K,
such system demonstrates a peculiar dynamics, with sparse
individual atoms migrating along the surface crests and dif-
fusing sliding rapidly over the surfaces face, being then rein-
corporated into the crests®’?%3>, These rare local events are
challenging to capture using conventional pattern recognition
method, while they can be effectively captured via Onion
Clustering analyses of LENS time series>*.

Using this MD trajectory, we followed the same procedure
illustrated in the previous paragraph, computing LENS using
different cutoff radii (using different g(r) minima, Fig. 4E)
and then measuring, via Onion Clustering, how much infor-
mation can be extracted for each time series dataset. As shown
in Fig. 4, Onion Clustering can detect different environments.
For every choice of the cutoff radius, the clustering can iden-
tify various, more or less dynamic, environments in the sys-
tem (Fig. 4B-C, for instance, using r, =5 A) corresponding,
e.g., to the metal bulk or static surface domains, as well as
the crests and diffusing atoms on the surface (Fig. 4D). The
trend in the number of resolvable clusters (Fig. 4F-M: in blue)
shows how the number of distinct environments that Onion
Clustering can resolve in the system decreases as the cutoff ra-
dius used in the analysis increases (Fig. 3B,F-M). In Fig. 4F,
for example, it is evident that up to 8-10 clusters can be re-
solved using r. = 3 A(first neighbors shell) up to a tempo-
ral resolution of At ~ 100 ps (the faster dynamics occurring
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FIG. 3. Effect of spatial and temporal resolutions on information extraction from, e.g., SOAP time series data. A Schematic represen-
tation of SOAP. For each molecule i in the system, at each sampled timestep ¢, the SOAP vector contains information on the distances and
spatial displacements of the neighbors within a sphere of cutoff r.: the SOAP power spectrum is thus a fingerprint of the local neighbors
density around every SOAP center (the oxygen atoms of each water molecule, in this case). B-G Onion plots reporting the results of the
clustering analyses of the SOAP PC1 time series as a function of the cutoff r, values used to calculate the SOAP power spectra. H In green:
mean number of classifiable micro-clusters (ENVs) before the fraction of unclassifiable data reaches 50%, as a function of the r. used in the
analysis. The data show a clear trend (green curve), where the maximum efficiency in information extraction-and-discretization is obtained at
13<r. <15 A, where the interface is detected in a robust way down to time-resolutions of Az < 20 ns.

in this system require an higher temporal resolution than the
ice/water system studied previously). As the cutoff increases,
the number of clusters tends to decrease, reaching a maxi-
mum of 8 for a cutoff radius in the range 6.5 < r. < 10.5 A.
For r. > 14 A, there is a considerable drop in the number of
resolved clusters, and above r. = 15 Athe effectiveness of the
analysis deteriorates, and it ends up detecting only the metal
bulk and fluctuations of the surface. All other explored spatial
resolutions (red circles in Fig. 4E) are shown in supplemen-
tary Fig. S3.

Fig. 4N sums up this monotonic drop in the clustering qual-
ity 2 with increasing LENS cutoff radius, and reveals how,
for this system, the optimal resolution is met at the shorter
spatial length scales (3 A) and for time-resolution Ar < 100 ps.
This demonstrates how the physics of such system is com-
pletely different from that of the ice/water system, being dom-
inated by local events (like the diffusion of individual Cu
atoms along the surface). In this case, increasing the cutoff
leads to information loss, due to the fact that the physics of the
events characterizing the system is determined at short length
scales, and nothing relevant can be effectively observed (by
LENS) beyond the first neighbor shell. To conclude our study,
we add to our comparison a completely different mesoscopic-
scale system, with times-series data extracted from experi-
mental data.
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An example experimental complex system dominated by
collective events

As a final test case, we focused on a recently reported
active matter system, composed by mesoscopic polystyrene
particles, known as Quincke rollers. Under certain condi-
tions, these particles exhibit highly non-trivial collective dy-
namics, such as emerging waves, vortexes, etc® (Fig. 5A).
For specific details about the system and how the analyzed
trajectories were obtained, we refer the interested reader to
Refs.>**. In particular, the analyzed trajectory is recon-
structed from a microscopy movie, with a microscopic field of
700 x 700 um?, containing 6921 polystyrene particles (with a
diameter of ~ 10 um), which showed a wave span a large area
of the system from left to right. The particles’ positions in the
xy plain when exposed to a weak perpendicular electric field
were tracked for a duration of approximately 0.25 s.

Also for this mesoscopic system we performed an analysis
similar to those presented in previous cases. Fig. 5B, shows
the g(r) computed from the trajectory, identifying the criti-
cal distances, marked by red circles (such distances character-
ize typical neighbors shells within the system, as seen previ-
ously). In this case, we employed a physic-inspired descrip-
tor widely used for studying active matter “*7_ local velocity
alignment ¢. Also for this system, we denoised the descrip-
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FIG. 4. Optimal resolution in the study of a dynamic metal surface. A MD snapshots of a Cu surface composed of 2400 atoms simulated at
T =600 K: the atoms are colored according to their coordination number. Top: crystalline surface at 7 = 0 K before simulation start; bottom:
representative snapshot of the surface equilibrated at 7 = 600 K. B Onion plot: number of clusters (in blue) classified from the LENS time
series obtained with cutoff radius r. = 5 A, and fraction of unclassifiable data points (orange) as a function of the time-resolution Az used in
the analysis. The vertical red dashed line indicates Ar = 0.12 ns as an example time-resolution used to plot the analysis results in panels C-D.
C LENS time series for all Cu atoms in the surface model along the entire MD simulation of T = 150 ns (sampled every AT = 10 ps - see
Methods for complete details). At the resolution of Az = 0.12 ns, Onion Clustering classifies six different micro-clusters (colored areas) whose
thresholds are identified by horizontal colored dashed lines. D Top view of the simulation box at three different simulation times: ¢ = 40, 61,
and 150 ns. An example Cu atom (ID = 144) is highlighted in black, whose history trajectory up to that point is colored according to the LENS
micro-cluster it belonged to. At 150 ns, a red/orange straight vertical sliding on the (211) surface edge is clearly visible. E Radial distribution
function g(r) of the Cu atoms in the system: relevant spatial cutoffs are highlighted by red circles (relevant g(r) minima). F-M Onion plots
reporting the results of the analyses on LENS time series with different r.. Same color coding as before. N Mean number of clusters (ENVs)
classifiable (before ENVO reaches 50%) as a function of the r. used in the analysis. In this case, dominated by local single-atom dynamical
events, the optimal resolution is achieved at the smallest r.: i.e., when accounting only for the first neighbors shell.

tor using local averaging. The resulting quantity measures the s« of ®;, located in the inner part of the wave, moving with the
average local velocity alignment in the environment surround- sso maximum alignment in a coordinate fashion. The three re-
ing each particle. This provides another demonstrative case of ss: maining clusters (green, yellow, blue) correspond to interme-
how our analysis is transferable to the study of time series ob- ss2 diate alignments velocities area, from highest to lowest values
tained using any type of descriptor. ss3 respectively (Fig. 5D). Looking at Fig. SE, it is possible to
sse refer such clusters to well-defined physical regions in the sys-
sss tem ,where the red area corresponds to the center of the wave
crossing left-to-right the microscopic field over the observa-
ss7 tion, while the blue,yellow and green areas represent the wave
sse edges (see also supporting Moviel).
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The Onion Clustering analysis of the de-noised local veloc-
ity alignment time series detects several statistically distinct
environments in this system. Fig. 5C-D shows the results pro-
duced by Onion Clustering using a cutoff of 59 um (Including
up to the third neighbor shell, Fig. 5B) with a time resolution
of 1.6 ms (vertical red dashed line, Fig. 5C). With this spa- so  The panels F-H of Fig. 5 show the results of the analysis
tial resolution, five clusters can be distinguished. The gray se using different cutoff radii, starting from the minimum cut-
cluster includes the majority of the particles, having ®; ~ 0, se off (including only the first neighbors shell, 19 pum) to the
which are not moving or with small random relative motions. s» maximum one (~ 100 um, corresponding to the 6th neighbor
The red cluster includes the particles with the highest values s shell). The minimum cutoff ends up to 7. ~ 19 um (i.e., ac-
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FIG. 5. Optimal resolution and characteristic length-scales in experimental complex systems: e.g., collective waves in Quincke rollers
colloids. A Cartoon representation of Quincke rollers: dielectric colloidal microparticles confined in the xy plane that, immersed in a con-
ducting fluid, give rise to complex collective motions, waves, vortexes, etc., under exposure to a weak DC electric field (orthogonal to the xy
plane). We analyze trajectories resolved from an experimental microscopy movie taken from Ref.*>| where 6921 Quincke rollers undergo a
collective wave that crosses a microscopy field of 700 x 700 pm? left-to-right along 7 = 0.25 s of observation. We measured the average local
velocity alignment using a sphere of radius 7. (Eq. 1). B Radial distribution function g(r) of the particles in the system, and characteristic r.
distances identified by red circles. C Onion plot for the analysis of the ¢ time series computed with cutoff radius r, = 58.8 um: number of
clusters (in blue) and fraction of unclassifiable data (orange) as a function of the time-resolution Az (the red dashed line identifies the Ar = 2 ms
time-resolution, for which results are shown as an example in panels D-E). D The five clusters resolved by Onion Clustering at the example
time-resolution, colored in gray, blue, yellow, green, and red (ordered with increasing ¢). In red is clearly visible the core of the wave crossing
the microscopy field (see also Supplementary Movie S1). E Four snapshots taken from the trajectory, where the Quincke rollers are colored
according to the cluster they belong to. F-H Onion results of the analysis of the ¢ time series calculated with different r, values. In this case,
the maximum efficiency in information extraction-and-classification is encountered at r. = 91 um, corresponding to the ~ 5th neighbors shell.
I Number of clusters resolved in each system, rescaled so that the maximum of each curve is equal to 1, as a function of the cutoff radius 7,
used for the computation of the descriptor. In order to compare the different systems, r. is expressed in multiples of the first neighbors shell
radius a.

counting only for the first neighbor shell), thus the analysis re- sz which results in reducing the efficiency of the analysis: using

solves up to 4 clusters. When accounting for the fourth neigh-
bor shell (r, ~ 58.8 um), the analysis can better discretize the
system, detecting up to 5 clusters (Fig. 5C). At r. ~ 91 um
cutoff, which includes up to the fifth g(r) peak, the analysis
resolves in a robust way up to 5 clusters for a temporal reso-
lution in the range 1.6 ms < Ar < 10 ms (Fig. SH).

The value . =91 pum, corresponding to the fifth neighbors
shell, is found to be the optimal spatial resolution for resolving
the internal complexity of this system. In fact, such charac-
teristic length scale correspond to the width of the collective
wave traversing the system (Fig. 5E:in red). Notably, using
r. 2> 91 um means using a cutoff larger that the wave thickness
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re ~ 112 pm is found detrimental, and the analysis resolve
again at most 4 distinct clusters (Fig. SH). Essentially, this
analysis reveals the characteristic size of the dynamic physi-
cal events captured by the descriptor within the system. All
other explored spatial resolutions (red circles in Fig. 5B) are
shown in supplementary Fig. S4.

We point out that here the important point is not the exact
number of clusters identified (which depends on the Onion
Clustering analysis and the physical meaning of the descrip-
tor). Rather, what matters is that at the same time resolution,
a certain specific spatial resolution allows for extracting and
better clustering in a statistically robust way the physics of the
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system: i.e., a purely data-driven assessment of the optimal
resolution to attain as much relevant information as possible
on the physics of such system from the data.

Fig. 51 plots the analysis quality 2 (the number of detected
clusters, averaged over the time resolutions for which the un-
classified data is less than 50%) as a function of r.. This plot
reports the results for the three different systems studied in this
work, rescaling the x-axis so that r, is expressed in terms of
distances from the first, second, third neighbors shell etc. (i.e.,
a topological distance rather than a metric one). This allow us
to compare systems with different length scales (atomic vs.
molecular vs. mesoscopic).

It is evident that these three cases correspond to three com-
pletely different behaviors, as it is captured by our analysis.
The metal system, which is controlled by local events, shows
the best resolution at short distance (first neighbor), while
accounting for longer-range effect leads to information loss
(gray curve). The ice/liquid water system is on the other hand
controlled by more collective events that involve up to the
third-fourth neighbors. Lastly, the active matter complex sys-
tem composed of colloidal rollers has an internal physics dom-
inated by collective system-wide events. Such an approach
can thus allow identifying directly from the data of the mo-
tions of the units that constitute a system the characteristic
(spatiotemporal) length scales dominating its physical behav-
ior, and the best resolutions to analyze them. Furthermore, its
generality makes it suited to be applied to virtually any com-
plex dynamical system (provided that a trajectory of the con-
stitutive units can be attained). We believe that this approach
will be helpful not only to study and understand the behaviors
of systems about which little is known a priori, but also to
assist any type of data analysis suggesting the best resolutions
to be used in space and time.

CONCLUSIONS

Identifying the best resolutions to study a certain system in
space and time might be far from trivial. Typical analyses,
even advanced ones, often rely on physical intuition or prior
experience and knowledge of the system under study, which
fall short especially when dealing with systems about which
little is known a priori.

On a practical level, this fundamental problem typically
leads to very basic questions, such as: What is the effect
of changing the cutoff in analyses conducted using distance-
based local descriptors such as SOAP, LENS, coordination
numbers, etc.? How to choose the optimal cutoff distance for
the study of correlations, transitions, or fluctuations? What is
the best inter-frame stride to choose in a time series analysis
to ensure that key physical events are correctly captured? The
approach that we report here offers an efficient way to answer
such fundamental general questions.

Dealing with the problem in a completely abstract way, our
method does not build on any prior assumption and essentially
learns the optimal space- and time-resolutions to study a de-
termined system simply based on its data. In this way, the
choice of, e.g., the best cutoff distance to be used to trans-
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late the system’s trajectories into information-rich time series
data and the best time-interval (Ar) to extract such information
from them, stop being parameters (to be tuned) in the analysis
but are implicitly encoded in the physics and in the data of the
system itself. The concept of “optimal spatiotemporal reso-
lution” provides a fully unsupervised data-driven approach to
identify the optimal spatiotemporal resolutions to character-
ize any type of complex dynamical system for which a trajec-
tory of the constitutive units is resolvable. The results of the
analysis remain thus dependent only on the type of descrip-
tor(s) used (and the type of information that this/these may
provide)!” and on the resolution in the original acquisition of
the raw data (i.e., the frame interval A7), which sets a max-
imum in the time-resolution that it is possible to use in the
study of the system (i.e., the limit is in the data themselves).

Comparing the results obtained with two very different de-
scriptors for the same system in Fig. 2 vs. Fig. 3 (LENS
vs. SOAP), it is interesting to note that any specific descrip-
tor translates the raw data in a different time series, which
has its own optimal spatiotemporal resolution to be best stud-
ied. In particular, it is interesting to note that in both cases
the optimal spatial resolution to study this aqueous system is
found for r. values encompassing up to the 3"¢-4"" neighbors’
shells (descriptor dependent). At the same time, the optimal
time-resolution is different: being a quite noisy local descrip-
tor, SOAP suffers of information loss due to oversampling
much more than LENS, which has a higher signal-to-noise
ratio”-!7-34-3%_ 'While all analyses reported in Figs. 1-5 refer to
systems for which it has been possible to resolve the individ-
ual trajectories of the constitutive units composing them, it is
worth noting that this is not always easy or possible. Nonethe-
less it is also worth noting that, given the generality of such
optimal spatiotemporal resolution concept, this may offer a ro-
bust basis to identify optimal resolutions to study and extract
information also from different types of data, such as, e.g.,
static data distributions, or time series data not derived from
many-body systems: in such cases, the broader concept of op-
timal spatiotemporal resolution simply reduces respectively to
that of optimal spatial or temporal resolution.

While, from a purely technical point of view, this work of-
fers a robust and transferable concept to support the extrac-
tion of information from the analysis of virtually any type of
data (independently on whether this comes from simulations
or experiments, or on the scale of the system under study),
the physical information contained in it is at least as much
important. As seen in Figs. 2-5, the analysis identifies dif-
ferent optimal spatiotemporal resolutions that essentially de-
pend on the local or collective nature of the key microscopic-
level events/processes dominating the various types of sys-
tems. Zooming locally in the study of the copper surface of
Fig. 4 allows extracting more information on the physics of
this system — which is characterized by the local motions of
individual atoms over time —, while zooming-out lowers the
resolution and leads in this case to information loss (Fig. 4N).
Vice versa, zooming too much locally provides an incom-
plete picture of the physics of a system dominated by col-
lective events, which are better captured at larger r, distances
(Fig. SI: this is the case of, e.g., the Quincke rollers’ and of
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the ice/water systems).

In general, being the optimal resolution for studying a cer-
tain system the one allowing to extract as much information
as possible on its internal physics, this automatically unveils
the nature of the physical events characterizing the system
itself. This is a general principle that is particularly rele-
vant for exploring in unbiased way and for understanding sys-
tems whose physics is unknown a priori based on their ob-
servation, which is one of the cornerstones of physics. Such
a data-driven assessment of “optimal spatiotemporal resolu-
tions" concept provides a simple, yet general and efficient ap-
proach for studying and understanding a variety of systems
simply based on their data, as well as a practical approach to
guide data analysis in general.

METHODS
Water/ice coexistence system

The data shown in Figs 1-3 were obtained from a 50 ns long
MD trajectory of an atomistic model system containing 2048
TIP4P/ICE water molecules®®. The system was simulated at
the pressure of 1 atm, starting from a condition in which half
of the molecules are in the liquid state and half were arranged
in an hexagonal ice packing in correspondence of the melting
temperature (7 = 268 K for this force field*?). Further details
on this system can be found in Refs.”?*?%, The dynamics of
the system were sampled for T = 50 ns of MD simulation with
a sampling interval of AT = 0.1 ns.

LENS and SOAP time series

For each one of the 2048 oxygen atoms, the LENS sig-
nals”?® were computed on the sampled configurations. The
different cutoff radii found from the g(r) minima are used
to compute different LENS time series, one for each cutoff
(re ={3.3,6,7.5,8.5,10,13,15,20,30} A).

To describe the structural environment surrounding each
particle within the simulations, we used SOAP. We compute
the SOAP spectrum, representing the local structural environ-
ment of each particle at every timestep within a certain cutoff
radius. The SOAP vectors are generated using dynsight plat-
form*’, setting the number of spherical harmonics and number
of radial basis functions ny,x = ninax = Imax = 8. The results
is a 576-component vector represent the environments of each
particle at each timestep. Then, we applied the PCA algo-
rithm to each dataset reducing the dimensionality to the first
principal component. SOAP data series have been compute on
the system considering the same oxygen atoms and the same
cutoff radii as done for LENS.

Onion clustering time series analyses

For a detailed description of the Onion Clustering method,
we refer the interested readers/users to the dedicated paper>*.

751

752

75

@

754

75

o

756

757

75,

&

759

760

76

2

76!

i<

76!

@

764

765

766

767

76

o

769

770

7

=

7

N

7

»

774

7

o

776

7

N

77

@

779

780

78:

2

78:

>

78

@

784

78!

a

786

787

78

©

78

©

790

79

2

79

~

79

@

79

b

79!

o

796

797

79

=3

799

800

80:

=2

802

80

@

804

805

11

All Onion Clustering analyses conducted in this work used
the latest version of the algorithm as implemented and openly
available in the dynsight platform*°.

In brief, Onion Clustering is an algorithm for single-point
clustering of time series data, which allows to uncover and
discriminate statistically relevant fluctuations from noise and
to cluster them based on their similarity'7**3% Consider-
ing a noisy time series of total length T composed of n time-
intervals A7, Onion Clustering performs a single point cluster-
ing of time series intervals of length set by the time resolution
At used in the analysis. In particular, while the domains clas-
sifiable in the time series depend on the time resolution used,
instead of choosing Ar a priori Onion Clustering repeats it-
eratively the analysis from the maximum possible resolution
(At = 2 x A7 in this method) to the minimum one (At = 7)
plotting the obtained results. Looking at the Kernel Density
Estimation of the time series data, the Onion method detects
the highest peak corresponding to a first dominant environ-
ment, fits a Gaussian distribution to it (i.e., an environment is
characterized by the average value of the descriptor, and its
variance), and counts the data intervals that remain in that en-
vironment for at least Ar. These data are then classified as
part of that environment (stable at that time resolution) and
their signals are removed from the time series that, cleared
from their noise, is then analyzed again in search of new high
density peaks. This allows to iteratively reduce the noise of
the already-classified-data in the time series and to uncover,
layer-by-layer, all microscopic domains that can be statisti-
cally classified in robust way at a certain resolution, including
those hidden by the noise of the dominant ones. The method
iterates until no new statistically relevant clusters can be un-
covered. The fraction of data that cannot be classified at every
At is classified as part of the ENVO cluster (i.e., transitions oc-
curring faster than the time resolution of the analysis). In all
the cases studied in this work, Onion Clustering analyses are
conducted on the time series of all particles in the systems.

As shown in the Onion plots of Figs. 1-5, performing such
analysis at all values of the time resolution At allows to auto-
matically identify the optimal choice of A¢ that maximizes the
discretization of the data into clusters and minimizes the frac-
tion of unclassified points. The 2 values in the plots of Fig.
2H, 3H, 4N, 5I are computed as the average of the number of
resolved micro-clusters before the ENVO population (i.e., the
fraction of unclassifiable data) reaches 50%.

Copper surface system analysis

The data shown in Fig. 4 were obtained from MD sim-
ulation described in detail in®734, of an atomistic model
of FCC(211) copper metal parametrized with a deep neural
network potential®. The surface model contains 2400 Cu
atoms that were simulated at 7 = 600 K. Periodic bound-
ary conditions are applied in the xy plane, while the sys-
tem was finite along the z direction, simulating de facto an
infinite copper/vacuum surface along the (211)-plane. The
system is simulated for 7 = 150 ns, sampling its configura-
tion every AT = 10 ps, for a total of 15000 frames. LENS
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signals’ were then computed for all atoms. The descrip-
tor time series have been generated for all cutoff in the
list 7. = {3,5,6.5,8.5,10.5,11.5,12.5,14,16} A. The signals
were then smoothed via moving average using a 10 frames
window to reduce noise.”3*3>

Quincke rollers system analysis

The data shown in Fig. 5 were obtained by analyzing the
trajectories of 6921 Quincke rollers obtained from an experi-
mental microscopy video (reported in Refs.*>)with a duration
of 0.25s. From the video, the x- and y-coordinates of 6921
particles for 310 consecutive frames are extracted, using in-
house code** and the tracking algorithm Trackpy’, resulting
ina A7 =0.8 ms.

For each particle, we computed the local velocity alignment
as

<L
=t

ey

1

_ 1 & J
=L
jo Vil
In Eq. 1, the index j runs over the 7', particles located within
a specified cutoff distance from particle i, and V; and V; are
the velocities of particles i and j, respectively. Parameter ¢;
ranges from -1 to 1: a value of 1 indicates perfect alignment,
meaning particle i and its neighbor particles within . are mov-
ing in the same direction; a value of -1 indicates that veloci-
ties are in opposite directions, a value around 0 suggests that
the particles are moving in perpendicular directions or exhibit
no clear alignment (random relative motion). Denoising was
then applied, assigning to each particle at each frame the the
value ®;, equal to the average values of ¢; within the sphere
of neighbors. The time series were calculate for all cutoff in
the list r, = {18.9,31.5,46.2,58.8,91,112} um.

<
<

o~

LENS Descriptor

LENS (Local Environments and Neighbors Shuffling) is a
general-purpose, time-dependent descriptor that quantifies lo-
cal dynamical changes in many-body systems—whether they
are atoms, molecules, agents, or other units in a simulation.
For a detailed description of LENS, we refer the interested
reader to Ref.’.

Briefly, for each unit, LENS records the IDs of all neigh-
bors lying within a sphere of fixed radius at every time step,
thereby generating a fingerprint of its local environment. The
reshuffling score § between two times ¢ and ¢ + Az is defined
as the normalized symmetric difference of the corresponding
neighbor lists:

_ |Cit U CitJrAl | _ | Cl_t a) Cl_t+At|

5_I+At
| cuc

)

This &-score ranges from O (no change in neighbors) to
1 (completely new neighbors), capturing the degree of local

849

850

85

=2

85,

)

85,

@

854

855

85!

=

857

85i

3

859

860

86,

2

86:

&)

86!

@

864

86!

o

866

86

QA

86!

©

869

874

875

876

877

87

®

879

880

881
882
883
884
885
886
887
888
889
890
891

12

reshuffling. Time-series of dd-scores across all units enable
the identification of distinct dynamic behaviors (domains),
transitions (e.g., from solid-like to liquid-like phases), and
rare local events (e.g., defect formation, particle diffusion) in
a system-agnostic way.

SUPPLEMENTARY MATERIAL

See the supplementary material for additional information
regarding details about Clustering Methods, description of
Movie S1 which refers to Fig.5 and Supplementary Figures.
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