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1. Abstract
Scientific spatiotemporal datasets often contain

rich and recurring structure, yet lack clear labels,
observables, or governing models. While modern
machine learning methods can extract patterns from
such data, they frequently produce representations
that are difficult to interpret and relate to scientific
states or dynamical regimes.
Wepresent an interpretable, data-driven paradigm

for spatiotemporal motif discovery that represents
complex dynamics using discrete spatial states and
their temporal organization. The approach is based
on the observation thatmany systems repeatedly visit
a finite set of characteristic spatial configurations,
which can be treated as a visual vocabulary (i.e. to-
kens), while system behavior is captured by transi-
tions and sequences between these configurations
(i.e. grammar).
The paradigm separates symbolic spatial descrip-

tion from temporal organization through four concep-
tual stages: segmentation, featurization, tokeniza-
tion, andmotif learning. This decomposition yields
compact, interpretable summaries of spatiotempo-
ral structure without assuming trajectories, labels, or
mechanistic rules. By representing high-dimensional
image sequences in symbolic form, the approach en-
ables characterization, comparison, and classifica-
tion of dynamical regimes in unfamiliar datasets, sup-
porting discovery and hypothesis generation in noisy
and heterogeneous scientific systems.

2. Introduction
Modern scientific experiments increasingly pro-

duce spatiotemporal datasets whose structure is rich
but often unknown [1, 2, 3]. In many settings, there
are no labels, no clear observables, and no estab-
lishedmodels to guide analysis [4, 5]. Commonly used
workflows rely on domain-specific heuristics or black-
box deep learning methods that obscure interpreta-
tion [6, 7]. As a result, scientists may recover statisti-
cally separable clusters or predictive signals, yet still
lack a meaningful description of system states, their
transitions, and underlying dynamical regimes [1, 4].
This motivates discovery-first approaches that priori-
tize interpretability [1, 8].
The challenge of spatiotemporal interpretation:

Interpreting spatiotemporal data remains difficult
despite advances in machine learning [1, 4, 5]. Mech-
anistic models require strong assumptions and pre-

defined states [9, 10]. Trajectory-based analyses fail
when the interacting objects cannot bedefinitely iden-
tified and tracked, or systems where objects interact
as a collective (multi-particle interactions) [11]. Data-
driven models capture patterns, but entangle space
and time in opaque representations. The central bot-
tleneck is not model capacity, but the ability to inter-
pret their outputs in scientifically meaningful terms.
A language-inspired view of scientific dynamics:

Many complex systems repeatedly visit a limited set
of spatial configurations [12]. These configurations
form a visual vocabulary of states. Temporal evo-
lution can be represented as sequences of vocabu-
lary elements. The statistics and ordering of these
sequences define a grammar that characterizes sys-
tem dynamics. This view reframes spatiotemporal
analysis as learning vocabulary and grammar directly
from data.
Spatiotemporal Motif paradigm: This work in-

troduces an interpretable, data-driven paradigm for
discovering structure in spatiotemporal datasets. We
explicitly separate spatial description from tempo-
ral organization, shown in Figure 1. The proposed
paradigm does not assume labels, trajectories, or
mechanistic rules. Instead, it learns symbolic rep-
resentations of recurrent spatial patterns and how
they relate to one another over time, summarizing
system behavior in human-interpretable terms.

3. Conceptual stages of the proposed framework
Segmentation identifies local regions where dy-

namics between interacting objects occur and re-
stricts analysis to signal-bearing areas. This removes
irrelevant background and defines the basic units
of observation. The goal is not perfect object iden-
tification, but consistent localization of meaningful
activity.
Featurization encodes local spatial structure into

representations that are comparable across time and
conditions. The use of symmetry-invariant features
preserve meaningful geometry while suppressing
nuisance variation. This stage defines the visual vo-
cabulary from which states are learned.
Tokenization groups similar spatial representa-

tions into a finite set of discrete tokens. Each token
corresponds to a recurring spatial state observed in
the data. Discretization converts high-dimensional
observations into interpretable symbols.
Motif learning analyzes how tokens evolve over
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Fig. 1: Overview of the unsupervised machine learning discovery pipeline. Spatiotemporal video data [13] are
transformed into interpretable spatial tokens via segmentation, featurization, and tokenization, followed by
motif learning that captures transition statistics and recurrent sequences. The resulting token vocabulary
and grammar summarize meaningful system dynamics across time.

time. Transition statistics between the tokens reveal
persistent sequences, cycles, and dynamical regimes.
These patterns form a grammar that compactly sum-
marizes system dynamics.

4. Results and Discussion
Interpretable insights: The approach produces a

vocabulary of spatial states and a grammar describing
their temporal organization. Differences between ex-
perimental conditions appear as changes in token us-
age or probability of transition between tokens. The
outputs support classification, comparison, and hy-
pothesis generation without relying on opaque latent
spaces.
Applicability and scope: The paradigm is suited

for time-resolved datasets with unknown or novel dy-
namics. It is particularly useful in noisy, crowded, or
heterogeneous systems where trajectories and iden-
tities of the interacting objects are unreliable. For
example, the exemplary dataset (shown in Figure 1)
was obtained from [13] and segmented with Nano-
pics [14]. The framework is designed for exploratory
analysis and early-stage discovery.
Contrast with hand-crafted pipelines: The frame-

work does not strongly rely on domain knowledge
of a system, unlike traditional hand-crafted analysis
where states and their transitions are defined a priori.
It formalizes this process algorithmically by learning
discrete states and their transition structure directly
from data.
Limitations and assumptions: This approach as-

sumes that recurring spatial structure exists in the
data. It does not infer causality or mechanistic laws
directly. Interpretability of the tokens and their gram-
mar depends on meaningful segmentation and fea-
ture choices. The paradigm complements, rather
than replaces, domain-specific modeling.

5. Conclusion
This work provides a language-based paradigm for

interpreting scientific spatiotemporal data. By learn-
ing visual vocabulary and grammar directly from ob-
servations, it bridges data-driven analysis and sci-
entific understanding. This approach enables sys-
tematic discovery of scientific insights in unfamil-
iar datasets and offers a foundation for interpretable
models of complex dynamics.
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