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Abstract

Scientific inquiry seeks to understand how objects behave under varying
conditions, yet objects are never accessed directly. They are encountered
only through observations obtained under specific experimental settings, each
capturing a partial and condition-dependent manifestation. As a result,
object behavior cannot be identified from individual observations alone.
Instead, behaviors and behavior patterns are articulated as characteristic
responses of an object, inferred from structured variability across collections
of observations as observing conditions change.

This dissertation formulates object inquiry as a process of organizing
and interpreting observational variability. Observations, representations,
relations, and behaviors are assigned distinct roles. Observations constitute
empirical records and exhibit substantial variability due to experimental
conditions. Learned representations are introduced as organizational struc-
tures that arrange observations so that specific kinds of relations become
examinable, including similarity, continuity, progression, and contextual
dependence. These relations organize how observations vary, but do not
themselves define behavior. Behaviors are characterized at the observation
level as coherent and condition-dependent patterns of variability revealed
through how such relations evolve under applied conditions. In this sense,
inference refers to the construction of behavior-level understanding from
structured observational variation, rather than to prediction or parameter
estimation from isolated data instances.

Material dynamics are examined as a primary instantiation of this inquiry
formulation. In material systems, behaviors such as diffusion, deformation,
and transformation are distributed across time, scale, and measurement
modality, and are manifested through complex and coupled sources of
variability. Direct comparison of observations is therefore unreliable, and
inquiry requires organizing large collections of heterogeneous observations to
expose condition-dependent patterns of change. This requirement motivates
the integration of deep-learning models as inferential instruments, selected
according to the representational properties they provide.

Two complementary deep-learning–integrated inquiry approaches are de-
veloped. A generative-inference approach employs deep generative models to
organize admissible variability and continuity among observations, enabling
systematic exploration of plausible transformation pathways and statisti-
cal characterization of behavior patterns beyond direct observation. An
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attentive-inference approach employs attention-based transformer models to
organize contextual relations within observational data, emphasizing how
localized features contribute to global responses across space, time, and
modality. These approaches address the same notion of object behavior,
while exposing complementary facets of how behaviors are manifested and
constrained.

Across multiple case studies in material dynamics, the dissertation
demonstrates how deep learning can support object inquiry not as a pre-
dictive endpoint, but as a means of organizing variability and relations in
ways that make behaviors and behavior patterns interpretable. The central
contribution is a clarified account of deep learning-based inference in object
inquiry, specifying how representations support the organization of relations
from which object behavior can be systematically articulated.

Keywords:: Scientific inquiry, Material dynamics, Time-resolved mi-
croscopy, Deep generative models, Attention mechanisms

II



Acknowledgment

First and foremost, I would like to express my sincere appreciation to my
research supervisor, Professor Dam Hieu Chi, for granting me the opportunity
to pursue this work and for providing steady guidance throughout the
research. It has been a privilege to study under his supervision, and I am
deeply grateful for his support.

I also wish to extend my gratitude to my collaborators, including members
of Takahashi Laboratory at Tohoku University, the Tada Group at Nagoya
University, and Professor Oshima Yoshifumi from the School of Materials Sci-
ence at JAIST. Their helpful discussions and cooperation greatly contributed
to the progress of this research. I am further thankful to Professor Huynh
Van Nam for his instruction on the foundations of Knowledge Science.

In addition, I would like to thank my friends and research colleagues—Dr.
Nguyen D. N., Dr. Vu T. S., Dr. Ha M. Q.—for their continual encourage-
ment and support during this work.

Finally, my sincere thanks go to all those who have supported this
research, whether directly or indirectly.

III



IV



Contents

Abstract I

Acknowledgment III

Contents V

List of Figures VIII

List of Tables XIII

Chapter 1 Conceptual Object Inquiry into Material Dynamics 1
1.1 Research Background . . . . . . . . . . . . . . . . . . . . . . . 2

1.1.1 Observations and Behaviors in Scientific Inquiry . . . . 2
1.1.2 Object-Inquiry Framework as a Conceptual Process . . 6
1.1.3 Material Dynamics as an Object of Inquiry . . . . . . . 10

1.2 Research Purposes . . . . . . . . . . . . . . . . . . . . . . . . 16
1.3 Organization of the Dissertation . . . . . . . . . . . . . . . . . 18

Chapter 2 Scientific Inquiry and the Role of Representation 20
2.1 Evolution of Object Inquiry in Physics and Materials Science . 21
2.2 Deep Learning Representations as an Extension of Object

Inquiry . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
2.3 Relational Requirements and Learning-Based Representations 25

Chapter 3 Generative Inquiry Framework of Material Dy-
namics 28
3.1 Framework Overview . . . . . . . . . . . . . . . . . . . . . . . 29

3.1.1 From Generative Modeling to Monte Carlo Sampling . 30
3.1.2 Implementation of the Generative Inquiry Framework . 33
3.1.3 Experimental Settings . . . . . . . . . . . . . . . . . . 39

3.2 Case Study I: Proof-of-Concept with Ta Test Chart . . . . . . 41
3.3 Case Study II: Nanoparticle Diffusion in Aqueous Media . . . 47

3.3.1 Representing Diffusion Configurations . . . . . . . . . . 48

V



3.3.2 Extracting Diffusive Behaviors . . . . . . . . . . . . . . 50
3.4 Case Study III: Sulfidation in Rubber–Brass Composites . . . 53

3.4.1 Representing Sulfidation Clumps . . . . . . . . . . . . . 55
3.4.2 Extracting Sulfidation Behaviors . . . . . . . . . . . . . 59

3.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

Chapter 4 Attention-based Inquiry Framework of Material
Dynamics 64
4.1 Framework Overview . . . . . . . . . . . . . . . . . . . . . . . 65

4.1.1 Attention as Correlative Relations of Observations . . . 66
4.1.2 Implementation of the Attentive Inference Framework . 68
4.1.3 Experimental Settings . . . . . . . . . . . . . . . . . . 73

4.2 Case Study I: Gold Nanocontact Deformation . . . . . . . . . 76
4.2.1 Modeling Spatiotemporal Attention . . . . . . . . . . . 77
4.2.2 Interpreting Attentive Patterns . . . . . . . . . . . . . 80

4.3 Case Study II: Wet Rubber–Surface Contact . . . . . . . . . . 85
4.3.1 Modeling Spatiotemporal Attention . . . . . . . . . . . 86
4.3.2 Interpreting Attentive Patterns . . . . . . . . . . . . . 90

4.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

Chapter 5 Discussions and Conclusions 98
5.1 Learning-Based Representations for Object Inquiry into Ma-

terial Dynamics . . . . . . . . . . . . . . . . . . . . . . . . . . 99
5.2 Scope and Boundaries of Representation-Based Object Inquiry 101
5.3 Future Directions for Extending Representations for Object

Inquiry . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

Appendices 106

Appendix A Supplementary Materials of Generative Frame-
work 106
A.1 PG-GAN Architecture Specifications . . . . . . . . . . . . . . 106
A.2 Standardization of Sampling Margin . . . . . . . . . . . . . . 107

Appendix B Supplementary Materials of Attentive Frame-
work 109
B.1 Transformer-ViT Model Architecture and Training Process . . 109
B.2 Pattern Filtering and Fusion . . . . . . . . . . . . . . . . . . . 110

Publications 112

References 113

VI



CONTENTS VII

VII



List of Figures

1.1 Schematic diagram of the conceptual object-inquiry frame-
work from observations of an object in various experimental
conditions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.2 Comparison between conventional machine-learning and deep-
learning frameworks in deriving inference from data. Con-
ventional ML relies on handcrafted descriptors while the DL
internally learn representations of data to perform inference. . 13

3.1 Overview of the two-stage analytical framework for extracting
insights into material dynamics from experimental images. (a)
Deep Generative Model Training: A GAN is trained on exper-
imental images to construct latent space of material states.
(b) Monte Carlo Simulation: The trained model generates
material variations through latent space perturbations, which
are then analyzed to identify distinct transformation behaviors
and dynamic patterns. . . . . . . . . . . . . . . . . . . . . . . 30

3.2 Overview of the two-stage analytical framework for extracting
insights into material dynamics from experimental images. (a)
Deep Generative Model Training: A GAN is trained on exper-
imental images to construct latent space of material states.
(b) Monte Carlo Simulation: The trained model generates
material variations through latent space perturbations, which
are then analyzed to identify distinct transformation behaviors
and dynamic patterns. . . . . . . . . . . . . . . . . . . . . . . 34

3.3 Phase images retrieved from Coherent X-ray Diffraction Imag-
ing (CXDI) capturing horizontal translation of a Ta test chart,
along with augmented rotation. . . . . . . . . . . . . . . . . . 43

3.4 Schematic diagram illustrating the GAN architecture and
progressive growing strategy used to synthesize CXDI phase
images of the Ta test chart. . . . . . . . . . . . . . . . . . . . 44

VIII



LIST OF FIGURES IX

3.5 Sampled phase images depicting rigid-body motion progres-
sion of a Ta test chart. (a) Experimental CXDI phase images
documenting controlled translation and rotation. Upper row:
sequential images of translation (frames 1, 400, 800, 1200,
1600). Lower row: augmented in-plane rotations annotated
by angle. (b-c) Representative GAN-generated sequences
showing smooth progressions of translation (b) and rotation
(c) extracted through MC sampling in latent space. Annota-
tions indicate cumulative displacement or rotation relative to
the initial frame, illustrating the model’s ability to generate
physically coherent transformation pathways. . . . . . . . . . . 46

3.6 Quantitative validation of the Ta test chart case study. (a)
Intersection-over-Union (IOU) distributions between consecu-
tive frames for translation and rotation, comparing observed
(green) and generated (yellow) sequences. (b) Comparison of
slit widths d1 and d2 measured from observed and generated
CXDI images. Solid lines represent mean widths, and shaded
regions denote standard deviations, indicating preservation of
geometric integrity. . . . . . . . . . . . . . . . . . . . . . . . . 47

3.7 Extraction of diffusing nanoparticle regions from CXDI phase
images. The preprocessing removes static background com-
ponents and isolates local regions corresponding to moving
particles. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

3.8 Schematic diagram illustrating the GAN architecture used
to synthesize CXDI phase images of Au–NP diffusion. The
generator and discriminator each consist of six convolutional
stages, progressively doubling image resolution from 4 × 4 to
128× 128 pixels while refining structural detail. . . . . . . . . 51

3.9 Evaluation of fidelity for generated NP configurations and dif-
fusion dynamics. (a) Experimental and synthetic CXDI phase
images showing representative NP dispersion. (b) Comparison
of NP area distributions (Wasserstein distance = 0.068). (c)
Entropy and NP area differences as functions of perturbation
amplitude γ; γ = 1 reproduces experimental variability. . . . . 52

3.10 Analysis of NP diffusion in PVA solution. (a) Definition of
motion descriptors (anisotropy, tortuosity). (b) Distribution
of diffusion areas inferred from generative ensembles. (c)
HAC dendrogram showing three distinct diffusion constraint
regimes. (d) Box plots of anisotropy and tortuosity for each
regime. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

IX



LIST OF FIGURES X

3.11 Schematic diagram illustrating the GAN architecture used to
synthesize 3D XAFS-CT images of brass clumps under sulfi-
dation. The generator and discriminator each consist of six
convolutional stages, progressively doubling image resolution
from 4× 4× 4 to 32× 32× 32 voxels while refining structural
detail. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

3.12 Evaluation of fidelity for generated brass clumps and transi-
tions. (a) Experimental 3D XAFS-CT images showing brass
clump evolution during aging (0-28 days), with separated visu-
alizations of brass matrix and copper species (Cu, Cu2S, CuS).
(b) GAN-generated images representing plausible sulfidation
states at corresponding aging stages. (c) Density distributions
of copper species comparing observed (solid lines) and gen-
erated (shaded areas) images, demonstrating close statistical
agreement. (d) Latent space continuity analysis: shape dif-
ferences (%) and total density differences (%) as functions of
sampling margin per dimension (γ normalized by latent space
dimensionality for intuitive evaluation of perturbation magni-
tude), with γ=0.5 selected for subsequent dynamic analysis. . 57

3.13 Characterizing clump variations in brass compositions of
clumps depicted in generated 3D XAFS-CT images. (a) Sam-
pled states of brass clumps and their constituent compositions
by using a GAN model. (b) The schematic diagram of extract-
ing variation descriptor through the Interquartile Range (IQR)
derived from the compositional density distributions. . . . . . 58

3.14 Analysis of sulfidation dynamics in aging rubber/brass com-
posites. (a) Two-dimensional embedding space obtained via
multidimensional scaling (MDS) of clump transformation de-
scriptors, revealing three distinct sulfidation modes, denoted
as groups A, B, and C. (b) Temporal mapping showing pro-
gression of sulfidation modes across aging stages (0-28 days),
with contour lines indicating density distributions. For each
stage, darker points denote variations associated with that
stage, while lighter ones indicate variations involved with
other stages. (c) Box plots summarizing the differences in
compositional mass ratios (Cu, Cu2S, CuS) across the identi-
fied sulfidation modes (the gray dots indicate outliers of the
respective attributes). (d) Representative 3D visualizations of
sulfidation progression for each mode, showing transformation
from left to right with increasing sulfidized mass ratio. . . . . 60

X



LIST OF FIGURES XI

4.1 Overview of the attentive-inference framework for extracting
insights into material dynamics from experimental image se-
quences. (a) Extracting spatiotemporal attention from struc-
ture–property dynamics: a transformer-based model learns
how evolving structural configurations condition measured
property changes, producing attention fields that encode the
distribution of inferred structural contributions. (b) Deriving
structural patterns in attention-highlighted regions: the atten-
tion fields are analyzed to extract descriptors of organization,
revealing the inferred constraints that govern those changes. . 69

4.2 Comparison of TEM image segmentation obtained with pre-
trained and U-net model, non-pretrained U-net model, and
Otsu Binarization method. . . . . . . . . . . . . . . . . . . . . 78

4.3 Training and validating curve of t-ViT models trained with
Au-NC TEM images decomposed into 5×5, 7×7, 11×11, and
13×13 patches . (a) Training and (b) validating errors (MAE)
of estimating stiffness k (N/m) and conductance G (G0). (c)
Training and (d) validating accuracy (R2 score) of estimating
stiffness k (N/m) and conductance G (G0). . . . . . . . . . . . 79

4.4 Comparison between predicted and observed values of stiffness
and conductance using the t-ViT models trained with different
decomposition of Au-NC TEM images. (a-d) Images are
decomposed into: (a) 5 × 5 patches, (b) 7 × 7 patches, (c)
11× 11 patches, (d) 13× 13 patches. . . . . . . . . . . . . . . 81

4.5 Evaluations of the deep-learning models used for processing
pipeline. (a) Spatial correlation between the model-derived
attention and geometric proximity to the constriction and
surface. (b) Representative examples of model-derived atten-
tion maps overlaid on TEM images, together with pixel-wise
variance maps computed over sampled experimental sequences
of Au-NC deformation. . . . . . . . . . . . . . . . . . . . . . . 82

4.6 Categorization of lattice-oriented attentive patterns during
Au–NC deformation. (a) t-SNE embedding of window-
averaged angular profiles, with color indicating cluster assign-
ment. (b) Dendrogram from hierarchical clustering applied to
DTW dissimilarities. (c) Representative angular profiles for
the two identified groups, expressed in real-space orientation α
(converted from reciprocal-space angle θ). (d) Distributions of
stiffness-to-conductance ratios (k/G) associated with windows
in each group, illustrating systematic mechanical differences
between the two deformation modes. . . . . . . . . . . . . . . 83

XI



4.7 Representative deformation sequences for the two attentive-
pattern groups. For each example, the original TEM frame,
its high-pass counterpart, and the attention-filtered image are
shown. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

4.8 Training and validating curve of t-ViT models trained with
rubber–surface contact images decomposed into 5×5, 7×7,
11×11, and 13×13 patches . (a) Training and (b) validating
errors (MAE) of estimating slipping rate (%) and friction
coefficient µ. (c) Training and (d) validating accuracy (R2

score) of slipping rate (%) and friction coefficient µ. . . . . . . 87
4.9 Comparison between predicted and observed values of slipping

rate and friction coefficient using the t-ViT models trained
with different decomposition of rubber–surface contact images.
(a-d) Images are decomposed into: (a) 5×5 patches, (b) 7×7
patches, (c) 11× 11 patches, (d) 13× 13 patches. . . . . . . . 88

4.10 Efficiency evaluations of the deep-learning models applied
to wet-contact images. (a) Comparison between predicted
and observed values of slip rate S and friction coefficient µ
using the t-ViT model ensemble. (b) Correlations between the
model-derived attention and reference attributes of the contact
interface, including contact intensity and distance to sample
edge. (c) Representative examples of model-derived attention
maps overlaid on contact images, together with pixel-wise
variance maps computed over full experimental sequences. . . 91

4.11 Clustering attentive organizational patterns in wet rubber–
surface contact. (a) t-SNE embedding of angular coherence
profiles across all experiments. (b) Hierarchical clustering
dendrogram computed from DTW distances. (c) Representa-
tive angular coherence profiles of the two identified groups.(d)
Temporal evolutions of friction coefficient µ for experiments
in each group. . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

4.12 Representative examples showing the original contact images,
high-pass filtered forms, and attention-fused overlays for se-
quences categorized in each group. . . . . . . . . . . . . . . . . 95

XII



List of Tables

3.1 Overview of datasets and imaging techniques (IDs shared with
Table 3.2). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.2 Data specifications corresponding to the datasets in Table 3.1. 42

4.1 Measured properties and acquisition rates for the two datasets. 75
4.2 Experimental and imaging specifications for the two datasets. 75
4.3 Prediction accuracy of t-ViT models with different patch sizes

p ∈ {5, 7, 11, 13} evaluated on the testing dataset derived from
the Au–NC deformation dataset, predicting stiffness k (N/m)
and conductance G (G0) . . . . . . . . . . . . . . . . . . . . . 79

4.4 Prediction accuracy of t-ViT models with different patch sizes
p ∈ {5, 7, 11, 13} evaluated on the testing dataset derived from
the wet rubber–surface contact dataset, predicting slipping
rate S (%) and friction coefficient µ. . . . . . . . . . . . . . . 89

A.1 Architecture configuration for progressive growing GAN model 107
A.2 Training configuration of progressive training strategy for

GAN model . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

XIII



Chapter 1

Conceptual Object Inquiry into
Material Dynamics

This chapter introduces the conceptual foundations of the dissertation by
clarifying how dynamic behavior is approached in scientific settings where
objects are accessed indirectly through observations. In many domains, and
particularly in the study of evolving material systems, individual measure-
ments capture only partial and condition-dependent manifestations of an
object. Dynamic behavior cannot be identified from any single observation,
but must instead be articulated through relationships that connect obser-
vations across time, scale, and experimental context. Establishing how such
articulation is possible, and how it can be carried out coherently, is the central
aim of this chapter.

The section Research Background situates this aim within a broader view
of scientific inquiry. It develops a perspective in which observations serve as
the primary empirical interface to objects, while behaviors are understood
as relational descriptions that emerge through systematic examination of
multiple observations. Within this context, the subsection Observations
and Behaviors in Scientific Inquiry emphasizes why variability across ob-
servations is an intrinsic feature of empirical data rather than a secondary
complication, and why understanding behavior requires attention to how
observations relate rather than to how any single observation appears in
isolation.

Building on this foundation, the subsection Object-Inquiry Framework
as a Conceptual Process introduces a structured perspective for reasoning
about objects studied through variable observations. This framework clarifies
how observations can be organized and how relational structure can be
interpreted so that object behavior is coherently articulated. Rather than
advancing specific analytical or computational techniques, the framework
establishes a conceptual vocabulary and process that guide how observations,
representations, relationships, and behaviors are distinguished and connected
throughout the dissertation.

These ideas are then grounded in a concrete scientific context through the
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CHAPTER 1. CONCEPTUAL OBJECT INQUIRY INTO MATERIAL
DYNAMICS 2

subsection Material Dynamics as an Object of Inquiry. Material dynamics
provide a representative domain in which the challenges motivating object-
centered inquiry are particularly evident, as material systems are accessed
through time-resolved observations that are inherently variable, multiscale,
and often multimodal. This subsection explains why such systems require
careful organization of observations and systematic examination of relation-
ships, and it introduces learning-based representations as practical means of
instantiating the object-inquiry perspective when observational complexity
exceeds what can be handled through direct inspection.

The chapter concludes by articulating the Research Purposes of the disser-
tation and outlining the Organization of the Dissertation. These final sections
connect the conceptual perspective developed in the research background to
the representational and methodological developments pursued in subsequent
chapters, positioning Chapter 1 as the conceptual entry point for the work
as a whole.

1.1 Research Background

This section provides the conceptual background motivating the object-
inquiry framework. It examines how scientific inquiry proceeds when ob-
jects cannot be accessed directly but are studied through collections of
observations obtained under varying conditions. The section focuses on the
relationship between observations and behaviors, emphasizing that behavior
is not a directly observable entity but a relational construct that emerges
through systematic examination of multiple observations. The discussion
clarifies why variability among observations plays a central role in shap-
ing scientific understanding. Differences across observations—arising from
changes in time, experimental conditions, spatial location, or measurement
modality—complicate direct comparison and obscure behavioral structure.
Rather than treating variability as noise to be eliminated, the section
frames it as an intrinsic feature that must be addressed explicitly within
inquiry. By articulating how behaviors are understood through relationships
among observations, this section establishes the conceptual motivation for a
structured framework that can organize observations and support coherent
articulation of behavior. The considerations developed here prepare the
ground for introducing the object-inquiry framework in the following section.

1.1.1 Observations and Behaviors in Scientific Inquiry

This subsection examines the foundational roles of observations and
behaviors in scientific inquiry. Its purpose is to clarify how objects are
accessed empirically through observations and how behaviors are articulated
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CHAPTER 1. CONCEPTUAL OBJECT INQUIRY INTO MATERIAL
DYNAMICS 3

through relationships among those observations. Rather than treating
observations as direct representations of objects or behaviors as intrinsic
properties of single states, the subsection emphasizes the relational na-
ture of scientific understanding. The discussion highlights why individual
observations are insufficient for characterizing object behavior and why
collections of observations must be examined collectively. By focusing on
how similarities, differences, and progressions among observations give rise
to behavioral descriptions, the subsection establishes a relational perspective
that underlies object-centered inquiry. This treatment also foregrounds the
role of variability in shaping how behaviors are identified and described. As
observations become more diverse and distributed across conditions, behav-
iors increasingly emerge through structured relational examination rather
than local inspection. These considerations motivate the need for explicit
organizational and interpretive processes, which are developed further in the
subsequent subsection.

1.1.1.1 Scientific Inquiry through Observations and Behaviors

Scientific inquiry is motivated by our interest in objects and by the
practical need to use, manipulate, or rely on them in specific situations.
When working with an object, we often seek to know in advance how it will
perform, whether it will remain stable, or how it will respond to external
influences. Such questions arise naturally from anticipated use, design, or
intervention, rather than from a desire to describe the object exhaustively
in all its possible aspects. Scientific inquiry provides a systematic way to
address these concerns by examining how objects behave under conditions
that are relevant to their intended application.

Empirical observations play an essential role in motivating and guiding
this inquiry. Initial observations—whether encountered in everyday practice,
exploratory experiments, or prior studies—may reveal repetitions, sensitiv-
ities, or contrasts in how an object responds. For example, repeated defor-
mation of a metal specimen may suggest a tendency toward work hardening,
or changes in optical response under illumination may hint at underlying
electronic structure. Such observations do not by themselves establish
general conclusions, but they prompt further investigation by indicating that
an object exhibits responses that depend on external conditions. In this
way, observations motivate scientific inquiry by revealing aspects of object
behavior that warrant systematic examination.

To support this aim, scientific inquiry considers situations in which an
object may be placed or operated. These situations may involve specific
mechanical, thermal, chemical, or electromagnetic conditions, and they are
not always encountered directly or repeatedly in practice. Instead, scientific

3



CHAPTER 1. CONCEPTUAL OBJECT INQUIRY INTO MATERIAL
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inquiry recreates or stages such situations in a controlled manner so that
object responses can be examined deliberately. The outcomes of these staged
situations constitute what are referred to as observations within scientific
inquiry.

Within this framework, observations take the form of measurements,
images, or signals obtained under specified experimental conditions [1]. Each
observation records how the object behaves when subjected to a particular
configuration of conditions, such as a given temperature, stress state, chem-
ical environment, or illumination. In this sense, an observation represents
empirical evidence of the object in a specific situation constructed to reflect
prospective use. It does not aim to describe the object in general, but to
document how it responds under that particular set of conditions [2].

Because each observation corresponds to a specific situation, a single
observation provides information only about the object under that condition.
It does not, by itself, indicate how the object would respond if conditions
were changed, nor does it establish whether the observed response is typical
across situations. For instance, a single diffraction pattern records the
structure of a crystal at a particular orientation and wavelength, but does not
by itself determine crystallographic symmetry [3]. Similarly, an individual
photoemission spectrum reflects electronic states under specific measurement
settings, but does not alone reveal the full band structure [4]. Relying on
isolated observations therefore limits what can be concluded about object
performance.

Scientific inquiry organizes observations with a broader objective in
mind. Rather than treating observations as independent records, it considers
observations obtained under controlled changes in experimental conditions as
complementary evidence of object response. By examining how observations
differ as conditions are varied, inquiry moves beyond the particulars of any
single situation. This organization allows observations to inform expectations
about how the object is likely to behave in situations beyond those directly
examined, which is essential for reliable use and manipulation.

Within this perspective, the consistent ways in which an object responds
across different conditions are referred to as its behaviors [5, 6]. Behaviors
are not identified with any single observation, but with what observations
collectively indicate about object response. They summarize how observable
manifestations change as parameters such as temperature, stress, or environ-
ment are modified. In this sense, behaviors capture the aspects of the object
that scientific inquiry seeks to establish in order to guide future use, design,
and intervention.

Scientific inquiry can therefore be understood as a process that proceeds
from observations toward knowledge of object behavior. Objects are charac-
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terized not solely by individual observed instances, but by the responses they
exhibit across a range of conditions relevant to anticipated situations. By
organizing observations around this response-oriented perspective, scientific
inquiry provides a practical and systematic basis for reasoning about object
performance. This perspective sets the stage for examining how information
about behavior is derived from observations, which is addressed in the
following subsection.

1.1.1.2 Deriving Behaviors from Relations of Observations

Observations obtained under different experimental conditions provide
multiple perspectives on how an object responds in specific situations. Each
observation reflects the object under a particular configuration of parameters
and records only how the object behaves in that situation. To understand
how the object behaves beyond any single instance, scientific inquiry must
therefore attend to how observations change as conditions are varied. What
matters is not the absolute content of an individual observation, but how
observations differ relative to one another under controlled variation.

When observations produced from the same object are examined together,
their variation is not arbitrary. As experimental conditions such as tem-
perature, stress, or chemical environment are modified, the object responds
in ways that reflect its material constitution and functional characteristics.
These responses give rise to structured patterns among observations, includ-
ing systematic dependence on control parameters, recurring correspondences
across experimental settings, and consistent organization across measure-
ment modalities. For example, diffraction patterns collected under different
loading conditions may show coordinated shifts in peak positions, while
spectroscopic measurements may exhibit systematic changes in intensity or
energy that track environmental variation [7, 8].

From this perspective, behaviors are expressed through the regular ways
in which observations relate to one another across conditions. An object’s
behavior determines which kinds of variation are observed and how changes
under one condition are connected to changes under another. If observations
varied independently with no discernible structure, it would not be possible
to form a coherent account of how the object responds. The emergence of
reproducible patterns across observations therefore indicates that the object
exhibits characteristic modes of response as conditions are varied.

The role of any individual observation is thus defined by how it partic-
ipates in this broader pattern of variation. An observation that appears
atypical when considered in isolation may be fully consistent with object
behavior once it is situated among other observations obtained under related
conditions. Conversely, observations that appear similar at first glance may

5



CHAPTER 1. CONCEPTUAL OBJECT INQUIRY INTO MATERIAL
DYNAMICS 6

correspond to different behaviors if they arise from distinct response patterns
across the explored range of conditions [7, 8]. Understanding behavior
therefore requires situating observations within the larger context of how
responses are organized across variation, rather than relying on surface-level
similarity.

As observations are collected over broader ranges of experimental param-
eters, these response patterns become more clearly articulated. Relations
that appear incomplete or ambiguous when only a narrow set of conditions
is examined may resolve into well-defined trends or distinct response regimes
when additional observations are incorporated [9,10]. In such cases, behavior
is not associated with any particular observation, but with the structured
manner in which observations change together as conditions are varied.

In many experimental settings, information about behavior is therefore
distributed across collections of observations rather than localized within
individual measurements. For example, responses inferred from combined
imaging, diffraction, and spectroscopic data often become apparent only
when observations from different modalities are considered together [11, 12].
Each observation contributes partial evidence, and behavior is derived
through the organization of these contributions into coherent patterns of
response.

Deriving behavior from observations can thus be understood as recogniz-
ing and characterizing the non-arbitrary patterns that persist as conditions
are varied. Scientific inquiry does not impose these patterns, but seeks to
make them explicit by organizing observations so that consistent response
tendencies can be identified. This need to systematically organize observa-
tions in order to reveal how behaviors are expressed across variation motivates
the development of formal approaches for structuring observational data,
which is taken up in the following section.

1.1.2 Object-Inquiry Framework as a Conceptual Pro-
cess

This subsection introduces the object-inquiry framework as a conceptual
process for reasoning about objects studied through variable observations.
Building on the preceding discussion of observations and behaviors, it
articulates how inquiry proceeds when behavior must be constructed from
relations among observations rather than directly observed. The framework
is presented as a structured way of organizing observations and interpreting
relational structure so that behavior can be articulated in a coherent and
empirically grounded manner. The subsection clarifies the complementary
roles of organizational constructs, such as representations, and interpretive
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steps that connect abstract relational structure back to observable manifes-
tations. By framing object inquiry as a process that integrates organization
and interpretation, this subsection establishes the conceptual architecture
that guides the remainder of the dissertation.

1.1.2.1 Conceptual Basis for Object Inquiry

Scientific inquiry frequently investigates objects through collections of
observations obtained under varying experimental conditions. Each observa-
tion records how an object manifests in a specific situation, while information
about object behavior is carried by how such observations are related across
conditions. Meaningful descriptions of behavior therefore depend not on
individual observations, but on identifying and interpreting relations among
them. In practice, however, establishing and understanding these relations is
nontrivial, giving rise to fundamental challenges in object-centered inquiry.

The first challenge concerns how observations are organized so that
relations among them can be identified. Observations associated with
the same object may differ substantially due to changes in experimental
conditions, measurement settings, or modes of observation [7, 13]. As a
result, direct comparison between observations is often unreliable. Apparent
differences between observations do not necessarily correspond to different
object behaviors, while apparent similarities may obscure meaningful distinc-
tions. Without systematic organization, observations remain a heterogeneous
collection of instances, and relations that reflect how the object responds
across conditions remain difficult to discern. This difficulty is especially
pronounced when observations are high-dimensional, multimodal, or capture
complex manifestations of the object.

This challenge becomes evident when considering repeated examinations
of the same object under different conditions. Each observation captures a
particular manifestation and may emphasize different attributes or aspects
of the object. When examined individually, such observations can appear
inconsistent or difficult to reconcile. Even pairwise comparison may be
dominated by superficial variation, preventing relations that span across
multiple conditions from becoming apparent. Without an organizational
structure that situates observations within a broader context, relations that
carry information about object behavior are easily obscured.

The second challenge concerns how identified relations are interpreted
as meaningful descriptions of object behavior. Relations among observations
are often abstract in form, reflecting similarity, correspondence, or structured
arrangement rather than directly observable characteristics. While such
relations may be formally well defined, they do not automatically indicate
what they imply about how the object behaves [14, 15]. There is therefore
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a gap between recognizing relational structure and understanding how that
structure reflects consistent ways in which the object responds across condi-
tions.

This interpretative challenge is closely tied to the manner in which
relations are obtained. Relations are typically identified within some or-
ganized view of the observations rather than directly from raw observational
instances. However, relations expressed in such organized forms may lack
immediate physical or intuitive meaning [16, 17]. Interpreting them requires
reconnecting relational structure to observable manifestations of the object,
ensuring that descriptions of behavior remain grounded in empirical evidence.
Without this connection, relations risk remaining formal constructs rather
than informative accounts of object behavior.

Together, these considerations define the foundational requirements for
object-centered inquiry. Scientific inquiry must both organize observations so
that relations among them can be made explicit and interpret those relations
in terms of how the object responds across conditions. Addressing only
one of these requirements is insufficient: organization without interpretation
yields abstract structure without behavioral meaning, while interpretation
without systematic organization lacks a reliable basis for identifying relations.
These requirements motivate the need for a structured approach that treats
organization and interpretation as complementary aspects of inquiry, which
is developed in the following subsection.

1.1.2.2 Construction of Object-Inquiry Framework

The object-inquiry framework provides a structured way to organize
observations and examine the relations among them so that object behavior
can be articulated in a coherent and empirically grounded manner. Rather
than treating observations as isolated records, the framework treats them
as interconnected manifestations of the same object obtained under varying
conditions. Its construction is guided by the need to make relations among
observations explicit and to ensure that these relations can be interpreted as
meaningful descriptions of how the object responds across conditions.

Access to an object within this framework is mediated through a collection
of observations obtained under different experimental conditions. Let X
denote the space of observations, and let {xi}Ni=1 ⊂ X represent the set
of observations associated with a given object. Each observation captures
a particular manifestation of the object, reflecting how it appears under
a specific configuration of conditions. Object inquiry therefore proceeds
by examining how observations relate to one another across the collection,
rather than by assigning interpretive significance to individual observations
in isolation.
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ℛ ⊆ 𝒳×𝒳
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Experimental conditions 

Figure 1.1: Schematic diagram of the conceptual object-inquiry framework
from observations of an object in various experimental conditions.

Because observations may differ substantially in form, scale, or appear-
ance, identifying meaningful relations directly in the observation space X is
often unreliable. Superficial variation can dominate comparison, obscuring
patterns that reflect how the object responds across conditions. To address
this, the object-inquiry framework introduces an intermediate organization of
observations that supports systematic relational examination. Let Z denote
a representation space, and let f : X → Z map each observation to a
representation. This organization places observations into a structured form
in which relations among them can be more consistently examined across the
collection.

Within this organized representation, relations among observations be-
come more clearly expressed. Observations corresponding to similar mani-
festations of the object may be brought into closer correspondence within Z,
while observations associated with distinct manifestations may be separated.
Relations expressed at this level can be written as G ⊂ Z × Z, capturing
how representations are connected across the collection. At this stage, these
relations describe how observations are arranged relative to one another,
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providing a stable basis for examining relational structure without yet
assigning behavioral interpretation.

Relational structure identified in representation space, however, does not
by itself constitute an account of object behavior. Relations expressed in Z
are abstract and must be interpreted in relation to observable manifestations
of the object. The object-inquiry framework therefore emphasizes an inter-
pretive step that reconnects relational structure to the observation space.
Conceptually, this involves examining how relations among representations
correspond to relations among observations, that is, how elements of G reflect
relationsR ⊂ X×X grounded in observable characteristics and experimental
conditions.

Object behavior is articulated through this interpretive connection.
Rather than equating relations themselves with behavior, the framework
treats behavior as a description of how the object manifests across the
collection of observations. Consistent relational organization is interpreted
in terms of observable variation, recurrence, or systematic change across
conditions. This may involve identifying which aspects of observation change
together, which remain stable, and how such patterns are distributed across
the range of conditions examined. In this way, behavior is understood as
a collective property revealed through relations among observations, while
remaining anchored in empirical evidence.

By maintaining a balance between organization and interpretation, the
object-inquiry framework avoids two complementary pitfalls. Organization
without interpretation risks producing abstract relational structure with
little connection to observable object behavior, while interpretation with-
out systematic organization lacks a reliable basis for identifying relations
across variable observations. The framework instead treats organization and
interpretation as mutually dependent components of inquiry, jointly enabling
the transition from collections of observations to interpretable descriptions of
object behavior. With this structure in place, the framework can be adapted
to specific domains by specifying the nature of observations, the form of their
organization, and the manner in which relations are interpreted in domain-
relevant terms.

1.1.3 Material Dynamics as an Object of Inquiry

Material dynamics concern how material systems evolve through changes
in structure, composition, or configuration over time and across varying
conditions [13,18]. Unlike static material characterization, which emphasizes
equilibrium states or fixed descriptors, the study of material dynamics treats
evolution itself as the defining feature of the object under investigation.
Behaviors of interest are expressed through transformation pathways, in-
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termediate configurations, and transient states that cannot be fully captured
by isolated measurements.

This perspective has become increasingly important in contemporary
materials science. Many properties relevant to technological performance,
including mechanical response, stability, and functionality [19, 20], depend
not only on material structure but on how that structure develops under
external stimuli or operational environments [21, 22]. At microscopic and
nanoscopic scales, transformations such as phase transitions, structural de-
formation, and chemical reaction pathways play a central role in determining
material behavior [23–28]. Subtle differences in transformation pathways can
lead to markedly different outcomes, even when composition is identical, as
illustrated in systems exhibiting stereochemical sensitivity such as molecular
chirality [29].

Advances in experimental instrumentation have reinforced this shift in
emphasis. Modern in situ and time-resolved techniques enable materials to
be observed repeatedly as they evolve, providing empirical access to dynamic
processes that were previously inferred only indirectly [7, 30]. Rather than
relying on before-and-after comparisons, investigators can now examine how
materials transform through successive stages, motivating an object-centered
view in which dynamic behavior is treated as a primary subject of inquiry [1,
30–33].

Within the object-inquiry framework, material dynamics are naturally
treated as object-centered phenomena. The material system constitutes the
object, while its behavior is revealed only through collections of observations
acquired across time or conditions. No single observation suffices to charac-
terize such behavior; instead, behavior emerges from how observations relate
across sequences. This makes material dynamics a particularly demanding
application domain, as both the organization of observations and the articu-
lation of behavior are central concerns.

1.1.3.1 Time-Resolved Observations of Material Dynamics

Access to material dynamics is mediated through time-resolved and
condition-dependent observations. Advances in experimental techniques have
enabled materials to be observed at spatial and temporal resolutions that
approach the intrinsic scales of structural transformation [34,35]. As a result,
dynamic processes can now be recorded with unprecedented detail, producing
dense sequences of observations that capture intermediate states and tran-
sient configurations as materials evolve. Rather than limiting investigation,
this abundance of observation shifts the central challenge toward making
sense of increasingly complex observational records.

Time-resolved observations emphasize progression rather than static
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state [30, 32]. Each observation represents a partial manifestation of an
ongoing process, capturing only a snapshot of material evolution [13].
Dynamic behavior is therefore distributed across sequences of observations
rather than contained within any individual measurement. Understanding
material dynamics requires examining how observations relate across time
or conditions, rather than interpreting them independently. The object of
inquiry is accessed through collections of temporally ordered observations,
whose relations encode aspects of dynamic behavior.

Despite increased resolution and sampling frequency, time-resolved ob-
servations remain inherently discrete [7, 33]. Continuous material evolution
is sampled at finite intervals determined by experimental design and in-
strumental limits. As observations become denser, successive measurements
may appear more closely related, yet they still represent distinct instances
separated by unobserved intervals. Apparent continuity must therefore be
understood through relations among observations rather than through direct
observation of continuous change.

In addition to temporal sequencing, time-resolved material data often
span multiple spatial and temporal scales [1, 26]. Observations may capture
global material configurations at coarse resolution while simultaneously
resolving localized features at finer scales. Temporal sampling may likewise
vary, with fast processes embedded within slower evolutionary trends. As
a result, relations of interest are not limited to those between whole obser-
vations, but also arise across spatial and temporal decompositions of the
data [10, 15]. Understanding material dynamics therefore requires relating
observations not only across time, but also across scales at which different
aspects of material behavior become visible.

Time-resolved studies increasingly incorporate multiple synchronized
measurement modalities. Imaging, diffraction, and spectroscopic signals
may be acquired concurrently, each providing a distinct perspective on the
evolving material system [20, 36, 37]. These modalities capture complemen-
tary aspects of material behavior, such as structural configuration, chemical
composition, or electronic state. Consequently, relations of interest extend
beyond comparisons between observations of the same type, encompassing
correspondences across measurement channels and their respective represen-
tations.

The richness of such data introduces substantial variability and ambi-
guity across observations. Material systems often exhibit heterogeneous
or localized changes, with different regions or features evolving in distinct
ways. Observables such as image contrast, diffraction phase, or spectral
intensity may vary across observations due to multiple interacting factors,
including changes in geometry, strain, or composition [20, 36, 37]. As
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Figure 1.2: Comparison between conventional machine-learning and deep-
learning frameworks in deriving inference from data. Conventional ML relies
on handcrafted descriptors while the DL internally learn representations of
data to perform inference.

a result, observations originating from the same underlying process may
appear markedly different, while similar appearances may arise from distinct
material configurations.

As datasets become richer, spanning multiple scales and modalities,
the space of possible relations expands rapidly. Increased observational
detail enhances descriptive fidelity, but it also amplifies the diversity of
ways in which observations, decompositions, and measurement channels
may be related across time and conditions [34, 35]. Making sense of time-
resolved material data therefore requires approaches that can accommodate
high variability while supporting coherent examination of relations across
collections of observations, scales, and modalities.

These characteristics make time-resolved observations of material dynam-
ics a paradigmatic challenge for object-centered inquiry. Observations must
be examined collectively, relations must be established across sequences,
scales, and measurement channels, and behavior must be articulated from
how manifestations evolve over time. The following subsection discusses
representational approaches that are suited to organizing such complex
observational data and supporting structured examination of relations in
the study of material dynamics.

1.1.3.2 Learning Representations for Material Dynamics

The high variability and complexity of time-resolved material observa-
tions motivate the use of learning-based representations as tools for organiz-
ing data and examining relations. As discussed in the previous subsection,
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material dynamics are accessed through collections of observations that span
multiple spatial and temporal scales and may involve multiple synchronized
measurement modalities. Direct comparison of such observations is often
unreliable due to nonlinear coupling among structural, chemical, and geo-
metrical factors [7, 26]. Learning-based representations provide a means of
organizing these observations into structured forms that support systematic
examination of relations across time, scale, and modality [15,38].

Conventional machine learning approaches have long been employed to
construct representations of material data through feature extraction and
statistical modeling [39–41]. In these approaches, observations are mapped
into feature spaces designed to capture aspects of material structure or
evolution deemed relevant by prior knowledge. Relations among observations
are then examined through similarities, distances, or correlations defined
within these spaces. Such representations can be effective when the dominant
sources of variation are well understood and can be expressed through
handcrafted descriptors. However, their applicability becomes limited as
material behavior arises from interacting mechanisms that are nonlinear,
multiscale, and difficult to parameterize explicitly.

Time-resolved material data frequently exhibit such complexity. Ob-
served changes may reflect the coupled influence of diffusion, deformation,
phase transformation, and surface processes occurring concurrently and
across different scales [36, 37, 42]. In these settings, constructing represen-
tations that meaningfully organize observational variability becomes partic-
ularly challenging. Descriptors designed without sufficient understanding
of the underlying mechanisms may fail to capture important aspects of
material evolution, while descriptors derived from incomplete observational
perspectives may obscure relations that are crucial for articulating behavior.

This difficulty reflects a broader methodological tension in scientific
inquiry. Meaningful representations are required in order to organize
observations and reveal relations that characterize object behavior. Yet
constructing such representations typically presupposes some prior under-
standing of the phenomena under investigation. In the study of complex
material dynamics, this creates a practical paradox: understanding is needed
to design representations that reveal behavior, while those representations
are themselves required to obtain that understanding. Scientific inquiry
therefore advances iteratively, through successive refinement of representa-
tions and interpretations as observational evidence accumulates. Provisional
representations organize observations sufficiently to expose partial relational
structures, which in turn inform improved understanding of the system and
guide subsequent refinement of the representations used to examine it.

Learning-based representations provide practical mechanisms for support-
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ing this iterative process in data-rich scientific settings. Deep learning, in
particular, offers a flexible approach to constructing representations suited
to complex observational data [43, 44]. Rather than relying on predefined
features, deep models learn hierarchical representations directly from data
through compositions of nonlinear transformations. These representations
can capture intricate dependencies among observables and integrate infor-
mation across spatial and temporal scales. For time-resolved material ob-
servations, such flexibility enables representations to adapt to heterogeneous
patterns of evolution and to organize observations whose relations are not
well described by simple similarity measures.

A key characteristic of deep learning representations is their ability to
reorganize observational data into latent spaces in which complex relational
structure becomes more coherent [45]. Observations that appear dissimilar in
raw form may be organized closely in representation space if they correspond
to related material states, while observations reflecting distinct modes of
behavior may be separated. This reorganization supports examination of
relations that reflect underlying material evolution, even when such relations
are obscured by variability in the original observation space.

Different classes of deep learning models emphasize complementary as-
pects of representational organization, reflecting distinct requirements on
how relations among observations are to be expressed and examined. Im-
portantly, these representations are not fixed descriptors but are learned,
adapting to prior understanding and to the specific relational criteria imposed
by the inquiry. At a basic level, encoder-based representations provide
a common space in which observations can be organized and compared.
Contrastive and metric-learning approaches further refine this organization
by stabilizing similarity relations, encouraging observations deemed related
under given criteria to be placed in close proximity while separating oth-
ers [38, 46].

Beyond similarity-based organization, other model classes encode richer
forms of relational structure. Generative representations focus on capturing
admissible variation within observational data, learning distributions that
organize observations according to shared patterns of transformation and
variability [37,43,47,48]. Such representations are well suited to structuring
large collections of time-resolved observations, as they support coherent com-
parison across sequences and conditions. Attention-based representations,
in contrast, emphasize contextual interaction by selectively weighting and
coupling features across space, time, or modality [16, 49]. By modulating
which aspects of observations are related, attention mechanisms enable
focused examination of relational dependencies within complex observational
settings. Temporal models, including recurrent and sequence-based architec-
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tures, further extend this organization by explicitly encoding progression and
correlation across ordered observations [50,51].

These representational strategies are particularly relevant for material
dynamics, where meaningful behavior often emerges only through the joint
consideration of multiple scales, temporal progressions, and measurement
channels [20,37,52,53]. Within the object-inquiry framework, generative and
attention-based representations serve as prominent examples of how learned
representations can be tailored to specific relational goals, while remaining
part of a broader hierarchy of models that collectively support the systematic
organization and examination of relations among observations.

Within this framework, learning-based representations are not treated
as explanatory models of material behavior but as organizational constructs
that enable relational examination. Their role is to structure observations so
that relations across time, scale, and modality can be examined coherently,
allowing representations and interpretations to evolve together as inquiry
progresses. The subsequent chapters build on this perspective by examining
generative and attentive representational strategies as concrete instantiations
of object-centered inquiry in the study of material dynamics.

1.2 Research Purposes
The preceding sections established a conceptual object-inquiry framework

in which objects are accessed through observations, and behavior is artic-
ulated through relations among observations once they are appropriately
organized and interpreted. This framework provides a structured perspective
for reasoning about object behavior in settings where observations are
heterogeneous, condition-dependent, and distributed across time, scale, or
measurement modality. The present dissertation builds on this conceptual
foundation by examining how object inquiry can be carried out in practical
scientific settings where such observational conditions are prevalent.

Contemporary materials research provides a particularly relevant context
for this examination. Advances in experimental techniques have enabled
material systems to be observed through large collections of time-resolved and
multimodal observations that capture evolving structures and heterogeneous
processes. In such settings, material behavior is not evident within individual
observations but must be articulated through relations across collections
of data. Material dynamics is therefore adopted in this dissertation as a
representative and demanding domain in which the instantiation of object
inquiry can be systematically examined.

The general purpose of this dissertation is to examine how an object-
inquiry framework can be instantiated in practice to articulate material be-
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havior from complex observational data. This purpose emphasizes practical
inquiry: how observations are organized, how relations among them are
exposed, and how these relations are interpreted as descriptions of object
behavior. Rather than seeking to explain underlying mechanisms or to make
predictive claims, the dissertation focuses on clarifying how behavior can be
coherently articulated from observational evidence within the object-inquiry
perspective.

To achieve this general purpose, the dissertation pursues the following
specific objectives:

• Instantiation of object inquiry through representation:

The first objective is to investigate how learning-based representations
can be used to instantiate the object-inquiry framework by organizing
material observations in ways that make behavior-informing relations
explicit. This objective examines representations as organizational
structures that shape how observations are related across varying
conditions, rather than as explanatory models or predictive tools.
Attention is given to how different representational choices influence
the stability and accessibility of relations among observations in high-
dimensional and heterogeneous datasets.

• Articulation of material behavior through relational interpre-
tation:

The second objective is to articulate dynamic material behaviors by
interpreting relations among observations as structured within rep-
resentation spaces. This objective focuses on how behaviors can be
described as consistent patterns of response across varying experimental
conditions, as revealed through relational organization rather than
isolated observations. By examining how relational structure supports
different descriptions of behavior, the dissertation clarifies how object
inquiry operates in practice within the context of material dynamics.

Together, these objectives define the scope of the dissertation. The work
concentrates on examining how a conceptual object-inquiry framework can
be practically realized through learning-based representations and relational
interpretation, using material dynamics as a representative domain of appli-
cation. Through this focus, the dissertation aims to provide methodological
clarity for conducting object-centered inquiry in scientific settings character-
ized by rich, variable, and distributed observational data.
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1.3 Organization of the Dissertation
This dissertation is organized to develop and demonstrate an object-

inquiry approach for studying material systems through complex, time-
resolved observations. The overall structure reflects a progression from
conceptual framing to representational realization, moving from clarifying
how dynamic behavior can be articulated from observations to examining
how learning-based representations support this articulation in practice.
Rather than advancing a single algorithmic pipeline, the dissertation builds a
coherent perspective on how objects, observations, representations, relations,
and behaviors are connected in the study of evolving material systems.

Chapter 1: Conceptual Object Inquiry of Material Systems. Chap-
ter 1 establishes the conceptual foundation of the dissertation. It introduces
object inquiry as a general framework for reasoning about dynamic systems
accessed through variable and indirect observations. The chapter discusses
the challenges posed by observational variability, multiscale structure, and
temporal evolution, and motivates material systems as a representative
scientific domain in which these challenges are especially prominent. Time-
resolved observations and learning-based representations are positioned as
essential components of object inquiry, providing the conceptual basis for
the methodological developments that follow.

Chapter 2: Representational Foundations for Object Inquiry.
Chapter 2 develops the representational perspective underlying the disser-
tation. It examines how observations are organized into representations,
how relations among observations are encoded, and how dynamic behavior
can be articulated from these relations. The chapter reviews canonical
scientific approaches alongside modern learning-based models, emphasizing
how representational capacity and relational expressiveness have evolved
to accommodate increasingly complex observations. This chapter serves
as a conceptual and methodological bridge between the inquiry framework
introduced in Chapter 1 and its concrete realizations in later chapters.

Chapter 3: Generative Inquiry Framework of Material Dynamics.
Chapter 3 investigates deep generative modeling as a means of organizing
time-resolved material observations into structured representational spaces.
The focus is on how generative representations extend the scope of observa-
tion by populating spaces of plausible variation consistent with experimental
data, thereby enabling examination of dynamic behavior distributed across
sequences of configurations. Rather than treating generative models as
predictive or explanatory devices, the chapter analyzes their role as rep-
resentational mechanisms that organize variability and support relational
examination of material dynamics.
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Chapter 4: Attention-Based Inquiry Framework of Material Dy-
namics. Chapter 4 introduces attention-based modeling as a complementary
realization of object inquiry for settings in which observations are dense
but structurally complex. Attention mechanisms are examined as repre-
sentational tools that expose relations between localized structural variation
and measured material response. Through case studies spanning nanoscale
deformation and macroscale interfacial contact, the chapter demonstrates
how attention-based representations organize relevance across space and time
and enable articulation of dynamic behavior from structured relations among
observations.
Chapter 5: Discussion and Conclusions. Chapter 5 synthesizes the
conceptual and methodological contributions of the dissertation. It reflects
on object inquiry as a unifying perspective for studying dynamic material
systems and evaluates generative and attention-based representations as
complementary mechanisms for organizing observations and articulating
behavior. The chapter discusses the scope and limitations of the proposed
approaches, considers their generality beyond the specific material systems
studied, and outlines directions for future work in data-driven investigation
of complex dynamical phenomena.

Through this organization, the dissertation advances a unified narrative:
from defining how dynamic behavior can be reasoned about under complex
observation, to demonstrating how learning-based representations can be
used to organize observations, expose relations, and articulate behavior in
evolving material systems. The structure emphasizes conceptual clarity and
representational coherence, providing a disciplined framework for engaging
with complexity in contemporary materials research.
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Chapter 2

Scientific Inquiry and the Role
of Representation

This chapter establishes the technical and methodological grounding for the
analyses developed in the remainder of this dissertation by examining how
object inquiry has been realized in practice across physics and materials
science. The focus is not on introducing a new mode of scientific reasoning,
but on clarifying how enduring inquiry practices—centered on objects, ob-
servations, representations, relations, and the articulation of behavior—have
been implemented through evolving experimental and computational tools.
By situating contemporary learning-based methods within this broader lin-
eage, the chapter emphasizes continuity in the structure of inquiry alongside
evolution in its technical realization.

The chapter opens with the section Evolution of Object Inquiry in Physics
and Materials Science, which reviews canonical implementations of object
inquiry and traces how its constituent modules have developed historically.
This section discusses how objects of interest are defined in physics and
materials research, how observational access has expanded through advances
in experimental instrumentation, and how representational constructions
have evolved to organize increasingly rich observations. Particular attention
is given to the study of material dynamics, where representations are used to
relate observations across time, space, and experimental condition in order
to articulate recurring patterns of behavior. Throughout this discussion,
the underlying object-inquiry framework remains stable, while the technical
means of realizing its components become progressively more expressive.

The chapter then turns to the section Learning-Based Representations
for Object Inquiry, which examines how contemporary machine-learning and
deep-learning methods extend canonical representational practices. This
section introduces deep learning as a statistically optimized approach to con-
structing representations that can accommodate high-dimensional, heteroge-
neous observations without altering the fundamental logic of inquiry. Within
this framework, different representational families are reviewed according to
the kinds of relations they encode among observations. Deep generative
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models are discussed as similarity-based representations that organize obser-
vational variability into coherent latent spaces, while attention-based trans-
former architectures are examined as token-level relational representations
that explicitly model associations among observational components such as
spatial regions, temporal segments, or measurement channels.

The distinctions developed across these sections clarify how different
representational strategies organize observations and express relations in
materially distinct ways. This framing provides the technical context for
the methodological chapters that follow, where specific modeling choices
are introduced and examined in detail. In particular, the contrast between
similarity-based organization and explicit relational modulation serves as a
guiding theme for understanding how learning-based representations can be
employed to study material dynamics while remaining aligned with long-
standing scientific practices.

2.1 Evolution of Object Inquiry in Physics and

Materials Science

Scientific inquiry in the physical sciences can be formulated as an object-
inquiry process composed of several interrelated modules: the definition of
an object of interest, the acquisition of observations, the construction of
representations to organize those observations, the examination of relations
among them, and the articulation of object behavior through recurring
patterns. This modular structure has remained largely stable across the
history of physics and materials research. What has evolved over time are
the technical realizations of these modules, driven primarily by advances in
experimental capability and analytical methodology, rather than by changes
in the fundamental manner of inquiry.

In early physical sciences, objects were often idealized entities such as
particles, fields, or continua, and observations were limited in both resolution
and scope. Measurements were mapped into analytically defined representa-
tional spaces—coordinate systems, state variables, and phase spaces—that
allowed relationships among observables to be expressed explicitly. Within
these representations, recurring patterns such as trajectories, equilibria, or
conservation laws could be identified, enabling articulation of object behavior
and extrapolation beyond the specific conditions directly observed. The
predictive power of such inquiry relied on the coherence between observation,
representation, and relational structure.

As materials science emerged as a distinct discipline, the objects of inquiry
became structurally and chemically more complex, and observational tech-
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niques diversified accordingly. Diffraction experiments organized scattering
intensities into reciprocal-space representations to resolve crystallographic
symmetry and atomic arrangement [3], while spectroscopic measurements
introduced representations tied to electronic and chemical degrees of free-
dom [4]. These advances extended observational access to finer structural
details and additional physical dimensions, necessitating richer represen-
tational constructs such as order parameters, structural descriptors, and
reduced coordinates. Representations thus evolved alongside observational
capability, providing structured domains in which material-specific patterns
could be identified and related to macroscopic behavior.

The investigation of material dynamics further amplified this co-evolution.
Dynamic phenomena are inherently associated with temporal progression,
spatial heterogeneity, and sensitivity to external stimuli. Historically, limi-
tations in temporal resolution constrained dynamic studies to comparisons
between discrete initial and final states. Nevertheless, even under such
constraints, representations enabled the identification of recurring modes
of evolution—such as phase transformation pathways or defect migration
patterns—through relational comparison across configurations [13,18]. Here,
behavior was articulated not through direct observation of continuous change,
but through structured interpretation of patterns spanning multiple obser-
vations.

Ongoing advances in experimental instrumentation have progressively
reduced observational barriers, extending access to faster dynamics, smaller
length scales, and increasingly localized phenomena. Ultrafast electron and
X-ray techniques probe structural evolution on femtosecond timescales [7,30],
while atomic-resolution microscopy captures defect motion and lattice dis-
tortions at the level of individual atomic columns [54]. At the same
time, multiscale and multimodal approaches integrate information across
spatial resolutions and measurement types, combining structural, chemical,
electronic, and mechanical observations within synchronized experimental
frameworks [1, 26, 32, 33, 55]. These developments expand not only the
quantity of observations but also their structural diversity and relational
richness.

As observational access advances toward ever finer temporal and spatial
scales, representations must correspondingly evolve to organize increasingly
complex observational ensembles. Representational constructions have been
extended to incorporate temporal indexing, spatial decomposition, and
alignment across modalities, enabling relations to be examined not only
among observations themselves but also across scales and measurement
channels. In this context, representations function as integrative structures
that mediate between raw observations and the identification of coherent
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patterns associated with dynamic behavior.

Importantly, these developments reflect a progressive enrichment of the
technical realization of object inquiry rather than a transformation of its
underlying logic. Objects continue to be investigated through organized
collections of observations, and behavior continues to be articulated through
recognition of relational patterns that generalize beyond specific measure-
ments. What changes is the expressive capacity required of representational
constructs. As observational complexity increases, representations increas-
ingly absorb the burden of organizing variability, aligning heterogeneous
data, and supporting systematic examination of relations.

This historical co-evolution of observation and representation naturally
motivates approaches that construct representational spaces through sys-
tematic and adaptive means. Learning-based representations can thus
be understood as a continuation of this trajectory, providing statistically
optimized mechanisms for organizing complex observations while preserving
the object-inquiry framework. At the same time, the shift toward highly
expressive representations introduces new challenges in maintaining coher-
ent and interpretable relations among observations. The following section
examines pre–deep learning approaches that bridge analytically designed
representations and fully learning-based systems, highlighting how relational
structure has been modeled prior to contemporary deep learning methods.

2.2 Deep Learning Representations as an Ex-

tension of Object Inquiry

The progression from canonical and pre–deep learning representations
toward deep learning reflects a continued evolution in the technical realization
of object inquiry. Rather than introducing a new manner of scientific
reasoning, deep learning provides a means of constructing highly expres-
sive representation spaces through statistical optimization. In this setting,
representations are no longer specified analytically or through handcrafted
features alone, but are learned directly from data in a manner that adapts
to the complexity, dimensionality, and heterogeneity of modern material
observations [38,44,46].

Classical machine-learning approaches, including regression models, ker-
nel methods, and support vector machines, can be understood as statistically
optimized extensions of canonical inquiry [46,56,57]. These methods rely on
predefined descriptors and feature spaces to organize observations and model
relationships among them. While effective within constrained settings, their
representational capacity is limited by the structure imposed a priori. As ex-
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perimental datasets expanded to include high-dimensional image sequences,
hyperspectral measurements, and synchronized multimodal observations, the
rigidity of feature-based representations increasingly restricted their ability
to capture complex and coupled variation present in material dynamics.

Deep learning addresses this limitation by learning representations and
relational structure jointly. Neural networks construct nonlinear mappings
from observations to latent representation spaces whose geometry reflects
statistical regularities in the data [38, 44]. In materials research, such
representations have been shown to organize time-resolved and spatially
resolved observations into coherent embeddings that encode correlations
across successive configurations, spatial neighborhoods, and measurement
modalities [15]. Convolutional and spatiotemporal architectures, including
two- and three-dimensional convolutional neural networks and recurrent
variants, are particularly effective at capturing localized evolution patterns
in dynamic material data [50–52, 58]. Through these constructions, deep
learning representations absorb substantial observational variability while
preserving continuity across space and time.

The expressive capacity of deep learning representations enables accurate
prediction and reconstruction of dynamic material responses directly from
observational data. Models trained on time-resolved microscopy sequences
have successfully organized complex patterns associated with defect motion,
domain switching, phase-boundary migration, and other dynamic phenom-
ena [36, 59–65]. In such applications, learned representations implicitly
encode high-dimensional relationships among observations, linking successive
configurations into structured trajectories within representation space.

At the same time, this representational power introduces a fundamental
challenge for object inquiry. While deep learning embeddings effectively
organize observations and accommodate nonlinear variability, the relations
encoded within these spaces are often difficult to interpret explicitly. Prox-
imity, similarity, or transition structure in latent space does not necessarily
correspond to clearly articulated physical relationships among observations.
As a result, although deep learning representations support pattern recog-
nition and generalization, the coherence of the modeled relations may be
insufficient for directly articulating behavior patterns in a transparent and
interpretable manner.

This tension between expressive capacity and relational clarity motivates
closer examination of specific learning-based representational families. Some
architectures impose additional structure on representation space or explic-
itly modulate relational interactions among observations, offering greater
interpretability without sacrificing expressiveness. In particular, deep genera-
tive models organize variability through structured latent distributions, while
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attention-based models selectively emphasize relational dependencies across
space, time, or modality. These approaches are examined in the following
sections as exemplars of learning-based representations that more closely
align with the relational requirements of object inquiry in material dynamics.

2.3 Relational Requirements and Learning-

Based Representations
Within the object-inquiry framework developed in this dissertation, repre-

sentations are not evaluated solely by their capacity to transform observations
into internal features, but by whether the relations encoded in representation
space can be exposed, examined, and interpreted back in the observation
space. Inquiry is not satisfied by internal organization alone; it requires
that representational relations support interpretation of how observations
relate to one another in ways that are meaningful for articulating object
behavior. This distinction is essential for understanding why many deep
learning models, despite their predictive success, are often regarded as black
boxes in scientific contexts.

A large class of deep neural networks—including conventional convolu-
tional neural networks [50, 66] used for classification or regression—operate
primarily as predictive mappings,

ŷ = fθ(x), (2.1)

optimized to minimize task-specific loss functions []. While such models
necessarily construct internal feature hierarchies, the relations among repre-
sentations are not explicitly structured for interpretation, nor are they readily
exposable as relations among observations. In these cases, representation
space serves the purpose of prediction rather than inquiry: relations are
instrumental, internal, and task-dependent, offering limited insight into how
observations relate to one another beyond the output objective [43, 67, 68].
This opacity underlies the characterization of such models as black-box
systems in scientific applications.

For learning-based representations to be suitable for object inquiry,
stronger relational requirements must be met. First, relations encoded in
representation space must correspond to interpretable relations among ob-
servations, such as similarity, variation, interaction, or progression. Second,
these relations must be accessible for analysis, comparison, or visualization,
allowing them to inform understanding of object behavior rather than merely
supporting prediction.

At a foundational level, inquiry-capable representations often begin by
stabilizing similarity relations among observations. Metric learning and
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contrastive learning methods [69–71] explicitly regulate representational ge-
ometry so that proximity in representation space reflects consistent similarity
in observation space [46,56]. In these models, relations of the form

Rsim
ij = d(zi, zj) (2.2)

are not incidental but intentionally constructed, enabling similarity relations
to be interpreted and compared across experimental conditions. While such
representations expose meaningful relations, they primarily support static
comparison and do not, by themselves, articulate how observations may vary.

To address variability explicitly, generative models [43, 72, 73] construct
representations in which relations among observations are organized through
similarity and continuity. In these models, observations x are associated with
latent variables z through a learned joint distribution,

pθ(x, z) = pθ(x|z)p(z), (2.3)

as realized in variational autoencoders, generative adversarial networks,
normalizing flows, and diffusion models [43, 47, 48, 74]. Here, proximity
and smooth trajectories in latent space correspond to similarity and gradual
variation in observation space, allowing relations of variability to be examined
explicitly. Importantly, the value of these models for inquiry lies not in
their ability to generate samples, but in how the structure of latent space
exposes relations among observed configurations that can be mapped back
to observable change.

As inquiry moves beyond similarity and variability toward understanding
how different components of observations interact, representations must ex-
pose relational structure at a finer granularity. Attention-based architectures
address this requirement by modeling relations directly among tokens that
represent components of observations, such as image patches, temporal
segments, or measurement channels [49, 75, 76]. In attention mechanisms,
relations are encoded through learned weights,

αij = softmax

(
q>i kj√
d

)
, (2.4)

which determine how strongly token j contributes to the representation of
token i [49]. These weights can be interpreted as relational maps that expose
contextual interaction among observational components. Unlike implicit fea-
ture hierarchies, attention weights are directly inspectable, allowing relations
in representation space to be interpreted as associations among observable
elements.
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Finally, when observations are indexed by time or ordered conditions,
inquiry requires representations that preserve relations of progression [77,78].
Temporal models encode relations across successive observations,

zt+1 = gθ(zt), (2.5)

exposing continuity and directional structure that can be interpreted in
terms of evolving object behavior. In such representations, relations among
observations are not only exposable but ordered, supporting interpretation
of dynamic processes.

Viewed through this lens, the distinction between black-box prediction
and inquiry-capable representation becomes clear. Models that merely
transform observations to outputs may achieve high predictive accuracy
while obscuring relational structure. In contrast, representations designed to
expose similarity, variability, interaction, and progression provide relational
scaffolds that can be mapped back to observation space and interpreted in
terms of object behavior. In the study of material dynamics, where under-
standing relations among evolving configurations is central, generative and
attention-based representations satisfy complementary inquiry requirements
and therefore form the primary focus of the methodological developments in
subsequent chapters.
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Chapter 3

Generative Inquiry Framework
of Material Dynamics

This chapter develops and applies the generative modeling approach that
forms the methodological core of this thesis. The preceding chapters estab-
lished the conceptual foundation for understanding material dynamics as an
object-inquiry process, in which objects are accessed through observations,
organized through representations, and interpreted through relations that
articulate dynamic behavior. Within this framework, material dynamics
are only partially accessible through experimental observation. Owing to
limitations of temporal resolution, measurement rate, and environmental
control, experimental imaging techniques such as Coherent X-ray Diffraction
Imaging (CXDI) and X-ray Absorption Fine Structure Computed Tomog-
raphy (XAFS-CT) yield discrete, static representations of phenomena that
are inherently continuous. The inability to directly capture intermediate
transformations between measured states leads to structural sparsity in
dynamic observation. In this thesis, such sparsity is treated not as a
deficiency to be eliminated, but as a condition that motivates systematic
construction of representations capable of organizing and relating observed
configurations.

The generative modeling framework proposed in this chapter operational-
izes this perspective within the object-inquiry process. Deep generative
modeling is employed to construct a representation space in which exper-
imentally observed material states are organized according to statistical
similarity and continuity, realizing the first step of inquiry by embedding
discrete observations into a coherent representational domain. Within this
formulation, the latent space of a trained generative model functions as
a structured space of material configurations implied by the experimental
record. Local stochastic sampling within this space produces additional
configurations that are consistent with the organization of observed data, ex-
tending the representational scope beyond individual measurements without
asserting reconstruction of specific unobserved physical states. The second
step of object inquiry is realized through systematic exploration of relations
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among configurations within this representational space. By examining
how generated configurations relate to observed ones—through proximity,
continuity, and structured variation—the framework enables dynamic be-
havior to be articulated from relations among observations rather than from
isolated states. In this way, generative modeling and stochastic sampling
jointly support interpretation of material evolution as an organized pattern
of variation shaped by both material processes and measurement conditions.

The chapter is structured to establish and examine this generative mod-
eling paradigm across increasing levels of physical complexity. Section 3.1
introduces the formulation and implementation of the framework, detailing
how representation construction and relational exploration are combined
to support object inquiry under sparse observation. Sections 3.2–3.4 then
demonstrate its application to three representative systems: (I) rigid-body
motion in a tantalum (Ta) test chart, (II) stochastic diffusion of nanoparticles
in an aqueous polymer solution, and (III) chemically coupled sulfidation in
aging rubber–brass composites. Each case study examines how relations
among observed and generated configurations organize into dominant modes
of variation that characterize dynamic behavior. The chapter concludes
with a discussion that generalizes these findings and situates generative
modeling as a representational bridge between experimental observation and
systematic characterization of material evolution.

3.1 Framework Overview
This section introduces the methodological foundation of the generative

modeling framework developed to extract structural understanding from
incomplete experimental observations of material evolution. In many time-
resolved imaging experiments, what is recorded are discrete configurations
rather than continuous trajectories, meaning that only partial information
about the underlying transformations is available. The framework addresses
this incompleteness by constructing a probabilistic generative representation
of material dynamics through deep learning. A trained generative adver-
sarial network (GAN) learns the statistical organization of experimentally
observed configurations, encoding how material states are distributed under
the combined influence of physical processes and measurement conditions.

By coupling this generative representation with Monte Carlo sampling,
the framework systematically explores the learned latent space to construct
plausible intermediate configurations that are consistent with the organiza-
tion of the observed data. Through this exploration, regularities in how
configurations vary and relate to one another become explicit, revealing
the geometric and statistical structure of the representational space. The
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Figure 3.1: Overview of the two-stage analytical framework for extracting
insights into material dynamics from experimental images. (a) Deep Genera-
tive Model Training: A GAN is trained on experimental images to construct
latent space of material states. (b) Monte Carlo Simulation: The trained
model generates material variations through latent space perturbations,
which are then analyzed to identify distinct transformation behaviors and
dynamic patterns.

integration of these two elements transforms the generative model into a
practical tool for examining how materials may evolve within the range
of variability supported by experimental observation, providing a statistical
basis for analyzing the geometry of material transformations. The following
subsections detail the conceptual formulation of this approach, its computa-
tional implementation, and the experimental settings used for validation.

3.1.1 From Generative Modeling to Monte Carlo Sam-
pling

Time-resolved imaging techniques such as transmission electron mi-
croscopy (TEM) [31], scanning electron microscopy (SEM) [1], or coherent X-
ray diffraction imaging (CXDI) [30,32,33] capture the evolution of materials
as a sequence of discrete measurement outcomes. Each recorded configura-
tion reflects not only the instantaneous physical state of the specimen but
also the particular temporal and environmental conditions under which the
observation occurs—the stage of the phenomenon’s progression, the detector
response, and the random fluctuations inherent to the measurement pro-
cess [79–81]. Consequently, the variations among successive images embody
both genuine physical transformation and stochastic modulation introduced
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by observation itself. The empirical record is therefore not merely incomplete
but intrinsically distributional : what is seen at any moment represents one
realization drawn from a broader set of possible observable outcomes shaped
jointly by material dynamics and experimental conditioning. This coupling of
evolution and observation complicates direct interpretation of change, since
apparent differences may arise as much from measurement variability as from
the underlying transformation.

Deep generative modeling provides a means to represent this distri-
butional landscape of observation [66, 82–84]. By learning the statistical
regularities embedded in experimental data, a generative model constructs an
internal representation of how observable configurations are distributed under
the combined influence of material evolution and measurement conditions.
Rather than treating variations across images as experimental noise to be
suppressed, the model treats them as meaningful manifestations of variabil-
ity—expressions of how the material may appear under slightly different
conditions or stages of transformation [37, 85]. In this view, generative
modeling functions as a representational mechanism that organizes observed
variability into a coherent probability field over material configurations.

Formally, a generative model defines a joint probability distribution

pθ(x, z) = pθ(x|z)p(z), (3.1)

where x denotes the observable material configuration, z represents latent
variables parameterizing variation in appearance and structure, and θ are
the learned parameters of the model. Through optimization of θ, the net-
work internalizes correlation structures that render the measured data self-
consistent, effectively learning how observed configurations are distributed
within the space of possible observations supported by the experiment.
Sampling latent variables z′ ∼ p(z) and decoding them via Gθ produces
synthetic configurations x′ = Gθ(z

′). These generated realizations are not
extrapolations of specific frames but hypothetical material states : config-
urations that are statistically consistent with the observed data and the
conditions under which they were acquired.

This generative mechanism thereby extends the representational scope
of time-resolved imaging. Each point in latent space corresponds to a
configuration that could plausibly be observed given the learned organization
of the data, and proximity within that space encodes similarity in observable
structure. As illustrated schematically in Fig. 3.1, the latent space pro-
vides a continuous representational domain in which discrete experimentally
observed configurations occupy sparse locations, while surrounding regions
correspond to additional, unobserved but statistically consistent configura-
tions. By sampling across the latent domain, the model constructs ensembles
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of possible intermediate configurations, collectively describing the range of
material appearances compatible with both the experimental record and its
inherent variability. This representation acknowledges that change in time-
resolved images cannot be interpreted deterministically; instead, it must be
understood as sampling from a distribution shaped by evolving material
structure and observational modulation.

Monte Carlo (MC) sampling [86] extends this representational strategy
by providing a systematic means of exploring the latent space learned by the
generative model. While the model defines a high-dimensional probability
field over possible configurations, MC sampling enables controlled traversal
of this field through stochastic perturbations of latent coordinates. Sequences
of latent vectors z1, z2, . . . , zn and corresponding configurations x1,x2, . . . ,xn
reveal how configurations are distributed locally and how smoothly one con-
figuration can be transformed into another within the learned representation.
Regions of high sampling density indicate configurations that recur under the
learned organization, while smoothly connected regions indicate continuous
variation in observable structure.

The rationale for integrating Monte Carlo sampling with generative mod-
eling is therefore representational and analytical. From a representational
perspective, sampling converts an implicit probability field into explicit
ensembles of configurations that can be visualized, compared, and quantified.
Analytically, MC sampling provides a systematic approach to estimate
observables—such as morphological descriptors or similarity metrics—across
the latent space, enabling statistical characterization of how material config-
urations vary under the conditions encoded by the data. Through iterative
sampling and aggregation, the framework exposes how the generative model
organizes observed and hypothetical configurations into a coherent space of
variation.

In this sense, the combination of deep generative learning and Monte
Carlo exploration transforms the sparsity of time-resolved observations from
a limitation into an analytical resource. Rather than attempting to recover
a single unobserved trajectory, the framework constructs a representational
ensemble that captures the range of material states consistent with exper-
imental observation. What appears as stochastic fluctuation in individual
images becomes, through this representation, a structured distribution that
supports systematic analysis of material evolution.
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3.1.2 Implementation of the Generative Inquiry Frame-
work

Building upon the conceptual foundation established above, the proposed
framework integrates deep generative modeling with stochastic sampling and
statistical analysis to examine material transformations captured through
time-resolved microscopy. In such experiments, each image represents a mea-
surement realization conditioned by the temporal stage of the phenomenon
and the stochastic character of observation. The recorded data thus convey
both genuine structural evolution and probabilistic variability arising from
experimental context. Within this setting, the implementation treats the
experimental record as a measurement-conditioned probability distribution
of material states and develops a computational procedure to generate,
organize, and analyze the range of transformations represented within that
distribution.

The principal objective of the framework is to enable systematic charac-
terization of transformation behavior by constructing ensembles of synthetic
yet statistically consistent material configurations. Deep generative modeling
is used to learn a latent representation that encodes the coupled influence
of material dynamics and measurement conditioning. Monte Carlo sampling
then explores local probabilistic variation within this latent space, revealing
how the learned distribution organizes possible pathways of variation between
configurations. The resulting synthetic configurations serve as representative
samples of the distribution implied by experimental observation, collectively
delineating the probability field that characterizes material evolution under
the given measurement conditions.

The implementation proceeds through two interdependent stages that
together constitute the operational basis of the framework. The first stage
involves training a deep generative model to establish a structured latent
space representing observed material configurations and their statistical
organization. The second stage applies Monte Carlo sampling within this
space to perform stochastic exploration and quantitative analysis of variation
across configurations. The integration of these two stages yields a coherent
computational environment for generating, organizing, and quantifying the
statistical structure of dynamic material systems as observed experimentally.

3.1.2.1 Generative Model Training

The first stage of the framework develops a deep generative model to
construct a continuous latent representation of material configurations as
observed under time-resolved microscopy. The model is trained to reproduce
the empirical distribution of experimental images so as to statistically infer
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Figure 3.2: Overview of the two-stage analytical framework for extracting
insights into material dynamics from experimental images. (a) Deep Genera-
tive Model Training: A GAN is trained on experimental images to construct
latent space of material states. (b) Monte Carlo Simulation: The trained
model generates material variations through latent space perturbations,
which are then analyzed to identify distinct transformation behaviors and
dynamic patterns.

the transformations that render those observations mutually consistent.
Through this behavior, reproduction becomes an inferential process: by
learning to recreate the variability present in the measurements, the model
internalizes the probabilistic structure governing how material states change
under both physical dynamics and observational conditioning. The resulting
latent representation provides a structured space in which continuity cor-
responds to physically and experimentally admissible transformations. In
this sense, the model does not merely memorize the data—it captures the
probabilistic logic of their variation, enabling inference of change through
statistical reproduction.
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A generative adversarial network (GAN) [43] architecture is adopted for
this purpose owing to its capacity to synthesize high-fidelity images from
limited datasets while preserving the diversity of observed morphologies.
Latent variables are sampled from a multivariate normal distribution N (0, I)
to ensure isotropic representation of material configurations. The model
comprises two competing neural networks: a generator G : Z → X that
maps latent vectors z ∈ Z to synthetic material images x̂ ∈ X, and a
discriminator D : X→R that differentiates real experimental images from
generated ones. Both networks employ convolutional architectures designed
to capture hierarchical spatial correlations reflecting the multiscale organiza-
tion of material microstructures. The generator progressively refines latent
features into spatially resolved images, while the discriminator evaluates their
physical plausibility by learning morphological, textural, and contrast-based
attributes from empirical data.

Training is performed in the Wasserstein formulation (WGAN) [87], which
measures the distance between real and generated distributions through the
Earth Mover’s metric. The optimization objective is expressed as

min
G

max
D
L(D,G) = Ex∼PD [D(x)]− Ez∼PZ

[D(G(z))]

+ λgp Ex̂∼Px̂
[
(‖∇x̂D(x̂)‖2 − 1)2

]
,

(3.2)

where PD denotes the empirical distribution of experimental data, PZ the
prior distribution of latent vectors, and λgp the coefficient of the gradient
penalty term [88]. This formulation enforces Lipschitz continuity in the
discriminator and stabilizes adversarial optimization, thereby reducing mode
collapse. The generator minimizes this metric by producing synthetic con-
figurations whose distribution converges toward that of real observations,
while the discriminator maximizes it to preserve discriminatory sensitivity.
Optimization is performed using the Adam algorithm with a learning rate of
10−4, β1 = 0.5, and β2 = 0.9, balancing gradient stability and convergence
speed.

To enhance both fidelity and convergence, a progressive growing training
strategy [89] is employed. This approach incrementally expands model
capacity by introducing higher-resolution layers as training stabilizes. The
process begins at a coarse resolution (e.g., 32× 32 or 64× 64 pixels for two-
dimensional data, or 163–323 voxels for volumetric data), capturing global
morphology and long-range structural relationships. As the adversarial
loss stabilizes, new convolutional layers are appended to both generator
and discriminator, doubling spatial resolution at each stage. During this
transition, feature outputs from consecutive resolutions are linearly blended
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through a fade-in parameter α ∈ [0, 1], such that

xout = (1− α)xlow + αxhigh. (3.3)

This blending ensures gradual adaptation to finer spatial detail and prevents
instability from abrupt feature changes. Once the transition is complete,
lower-resolution branches are fixed and training proceeds at the new scale
until convergence.

Adaptive optimization control complements this progressive scheme.
Learning rates are gradually decayed with increasing resolution to maintain
stable gradients, and batch sizes are inversely scaled to offset the higher
memory cost of large tensors. For volumetric datasets, cubic scaling of
dimensions necessitates proportionally smaller batches to preserve statistical
consistency. Instance normalization is applied in early layers to stabilize
global feature magnitudes, while pixel-wise normalization in higher layers
maintains local contrast and textural balance. Leaky-ReLU activations [90]
(α = 0.2) are employed throughout to sustain gradient flow, and spectral
normalization is optionally applied to discriminator weights to further enforce
the Lipschitz constraint [91].

The progressive growing strategy enhances both computational stability
and the interpretability of learned representations. In early training stages,
the model captures coarse morphological organization—phase boundaries,
domain connectivity, or particle distributions—while subsequent stages refine
localized features such as defect networks, strain fields, or compositional
heterogeneity [66, 82–84]. This hierarchical learning sequence parallels the
physical structure of materials, ensuring that the latent space encodes
correlations across scales. The resulting manifold represents a continuous,
measurement-conditioned probability field in which neighboring points cor-
respond to incremental and physically coherent transformations. Sampling
trajectories through this manifold thus yields statistically inferred pathways
of change, derived from the model’s capacity to reproduce and therefore to
reason about the data distribution itself.

All available experimental observations are utilized in training to max-
imize the representational completeness of the learned manifold. The ob-
jective is not predictive accuracy but the establishment of a statistically
and physically coherent space encompassing all observable configurations.
Convergence is evaluated by monitoring stabilization of adversarial losses
and by assessing the structural and statistical coherence of generated samples
relative to empirical data. Upon completion of training, the generator defines
a mapping between latent variables and admissible material states, enabling
stochastic sampling and statistical interrogation of transformation behavior
in the second stage of the framework.
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3.1.2.2 Monte Carlo Simulation for Material Dynamic Analysis

The second stage of the framework employs Monte Carlo (MC) sampling
within the latent space of the trained generative model to examine how
statistically consistent variations of material configurations are organized
around reference states. Within the object-inquiry framework, this stage
corresponds to the second step of inquiry, in which dynamic behavior
is articulated through relations among observations rather than through
isolated configurations. Each latent perturbation is treated as a probabilistic
realization of how an observed configuration may vary under the coupled
influence of material evolution and measurement conditioning, enabling re-
lations among neighboring configurations to be examined systematically. By
accumulating ensembles of such perturbations, the framework exposes how
variations are distributed locally and globally within the learned latent space.
These distributions encode relational structure among configurations, such as
continuity, clustering, and directional variation, which can be interpreted as
signatures of dynamic behavior when mapped back to the observation space.
The objective is therefore twofold: to represent transformations as structured
variation around observed configurations, and to characterize how relations
among these variations organize into coherent patterns that describe material
behavior under experimental observation.

In conventional Markov Chain Monte Carlo (MCMC) schemes [92],
samples are generated sequentially through a transition kernel that links
successive states, producing an equilibrium distribution approximating a
target probability density. In contrast, the present formulation employs a
non-sequential sampling mechanism suited to the geometry of the genera-
tive latent space, where proximity encodes physical similarity rather than
temporal adjacency. Each latent vector acts as an independent reference,
from which nearby states are generated simultaneously by bounded stochastic
perturbations of the latent coordinates. This approach retains the essence of
Monte Carlo reasoning—stochastic exploration of a probability field—while
adapting it to a static ensemble formulation that directly probes how the
model organizes permissible variability. Here, locality in latent space embod-
ies a Markovian notion of conditional variation: configurations close to each
other correspond to short-range transformations that the model recognizes as
physically coherent, even though no explicit sequential chain is constructed.

Let M latent vectors zi be drawn from the prior distribution N (0, I).
Each zi corresponds to a reference configuration x̂i = G(zi) generated by
the trained model. Around each reference point, a neighborhood of latent
vectors is constructed by applying random perturbations εj sampled from a
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uniform distribution U [−γ, γ]:

zi,j = zi + εj, j = 1, . . . , N. (3.4)

These perturbed vectors are then decoded by the generator to yield synthetic
configurations

x̂i,j = G(zi,j), (3.5)

which represent hypothetical transformations inferred from the model’s
learned distribution. Each x̂i,j expresses a variation of the reference configu-
ration x̂i, drawn from the range of changes that the model deems admissible
according to the statistical relationships internalized during training. The
parameter γ defines the perturbation radius in latent space and thus the
scope of variability considered physically plausible. Conceptually, γ acts as
a probabilistic boundary of admissibility, specifying the degree of variation
that can occur without violating the structural coherence encoded in the
learned manifold.

The choice of γ is calibrated to the scale of structural change observable
in the experimental data. Its maximum permissible value is determined
such that the average dissimilarity between generated configurations within
this perturbation range does not exceed the empirical differences between
consecutive experimental states recorded at the highest temporal resolution.
This calibration ensures that MC sampling explores the same order of trans-
formation magnitude as real physical processes, while maintaining statistical
continuity with experimentally observed dynamics.

After this coarse constraint defined by γ, a refinement step imposes
additional physical filters to identify configurations that remain consistent
with measurable material properties. These filters enforce conservation laws
and physical invariants such as constant mass or volume, compositional
balance, and acceptable limits on derived observables (e.g., density, intensity
correlation, or interfacial curvature). Variations violating these conditions
are excluded, yielding a refined ensemble of synthetic configurations that
represent both geometrically and physically admissible transformations. In
this refinement, probabilistic inference of change transitions into inferential
delineation of constraint: by filtering the stochastic outcomes, the sampling
process reveals which variations the material system—and the measurement
conditions—implicitly allow.

For each reference configuration x̂i, the associated ensemble of generated
states is denoted

Vi = {x̂i, x̂i,1, x̂i,2, . . . , x̂i,N}. (3.6)

Each Vi thus defines a local probabilistic neighborhood that captures the
admissible variability of the material state inferred by the model. These
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ensembles are interpreted as unordered aggregates rather than time-ordered
sequences, reflecting the non-deterministic nature of the reconstruction.
Within this formulation, stochastic uncertainty is regarded not as random
noise but as a quantitative expression of the multiplicity of equivalent trans-
formation pathways consistent with physical and observational constraints.

Analytical evaluation of the ensembles {Vi} enables investigation of how
the generative model encodes the internal organization of constraint and
variability. From each generated configuration, structural or compositional
descriptors are extracted to quantify transformations relative to the reference
state. These descriptors—defined through morphological metrics, texture
statistics, or surrogate physical parameters—form a representation space
in which unsupervised statistical techniques such as clustering, density
mapping, or manifold projection are applied. The resulting organization
of variations reveals dominant modes of change and the geometric structure
of constraint within the learned manifold. In this manner, Monte Carlo
sampling converts the statistical imagination of the generative model into an
empirical basis for reasoning about what transformations are possible and
what restrictions they obey.

Through this probabilistic exploration, the framework transforms the
generative model from a static reproducer of configurations into a dynamic
inferential instrument. The MC stage extends inference from the generation
of individual admissible states to the analysis of how those states collectively
express the lawful variability of material dynamics. By systematically gen-
erating, refining, and categorizing ensembles of plausible configurations, the
framework quantifies both the diversity of inferred changes and the structure
of constraints that delimit them, thereby providing an interpretable and data-
grounded perspective on the probabilistic nature of material evolution.

3.1.3 Experimental Settings

To assess the effectiveness of the proposed generative modeling frame-
work, a sequence of experimental evaluations was conducted using represen-
tative datasets that progressively increase in imaging complexity and physical
process diversity. The evaluation is aligned with the framework’s principal
objective—organizing sparse experimental observations into coherent repre-
sentational spaces that expose relations among material configurations and
support articulation of dynamic behavior. Accordingly, the analysis examines
how effectively the framework captures the statistical structure of observed
variability and how coherently this structure is expressed through stochastic
exploration of the learned representation space.

The evaluation focuses on two complementary representational aspects.
The first concerns how the framework organizes variations among material
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configurations, reflecting the range of observable transformations supported
by experimental data. The second concerns how relations among these
variations are structured within the learned representation space, enabling
systematic interpretation of dynamic behavior from relations among ob-
servations. Together, these aspects characterize how effectively discrete
experimental measurements are transformed into interpretable descriptions
of material evolution.

Three evaluation criteria operationalize these representational objec-
tives. The first criterion, fidelity of generated configurations, examines
whether synthetic images produced by the generative model remain consis-
tent with experimentally observed material morphology and structure. High
fidelity indicates that the model has internalized the statistical organization
of observed configurations. The second criterion, smoothness of latent
variation, evaluates whether small perturbations in latent space produce
coherent and gradual changes in the generated configurations that resemble
realistic transitions between experimentally observed states. Together, these
two criteria assess how effectively the generative representation captures and
organizes variability in material configurations. The third criterion, coher-
ence of relational structure, evaluates whether the distributions obtained
through Monte Carlo (MC) sampling exhibit organized patterns—such as
continuity, clustering, or directional variation—that align with known char-
acteristics of material behavior. This criterion emphasizes interpretability of
relational organization rather than recovery of governing rules.

Three case studies were designed to satisfy these criteria while progres-
sively increasing the complexity of material dynamics under consideration.
The first case involves two-dimensional (2D) phase images of a tantalum (Ta)
test chart obtained using coherent X-ray diffraction imaging (CXDI) [68].
This dataset features deterministic translational and rotational motion with-
out internal structural evolution, providing a controlled baseline for evaluat-
ing the framework’s ability to organize geometrically coherent variation and
to represent smooth trajectories within latent space. Agreement between
generated and measured displacements provides a quantitative measure of
representational consistency.

The second case employs CXDI phase images capturing the diffusion of
gold nanoparticles (NPs) in a polyvinyl alcohol (PVA) matrix [33]. This
dataset introduces stochastic, spatially heterogeneous motion characteristic
of diffusive dynamics. It tests the framework’s capacity to organize non-
deterministic variation into structured distributions within representation
space. MC sampling around reference configurations reveals how diffusive
motion is expressed as structured variability, exposing correlations and
spatial limits that are characteristic of diffusion processes.
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The third case extends the analysis to three-dimensional (3D) multi-
channel data using X-ray absorption fine structure computed tomogra-
phy (XAFS-CT) of brass–rubber composites undergoing sulfidation and
aging [23]. The dataset comprises volumetric reconstructions with three
channels corresponding to copper valence states (Cu0, Cu1+, Cu2+). This
system presents coupled morphological and chemical variation, offering a
rigorous test for multivariate representation learning. The analysis focuses on
how ensembles derived from MC sampling capture correlated variation across
structural and chemical channels, revealing how relations among modalities
are organized within the learned representation space.

For each case, the generative model architecture is adapted to the dimen-
sionality and structural characteristics of the data. Two-dimensional con-
volutional GANs are used for the CXDI datasets, while a three-dimensional
convolutional GAN is implemented for the XAFS-CT dataset to preserve
volumetric coherence. Network depth, kernel size, and resolution progression
follow the protocol in Section 3.1.2.1, with parameter scaling adjusted to
ensure stable optimization at each resolution level. Training is conducted
on NVIDIA A100 GPUs (80 GB memory) to maintain convergence stability
across modalities.

In all evaluations, a material variation is defined as an ensemble of
generated configurations obtained by perturbing the latent representation
of a reference state and sampling the surrounding representational neighbor-
hood, as described in Section 3.1.2.2. Each ensemble represents the local
organization of variability around an observed configuration, providing an
empirical description of how material appearances are distributed under the
experimental conditions. Statistical analysis of these ensembles through
clustering and manifold projection characterizes the relational structure
of variation, supporting interpretation of dynamic behavior from relations
among observed and generated configurations. This consistent analytical
formulation across all datasets provides a unified basis for evaluating how
effectively the framework organizes material dynamics from experimentally
sparse observations.

3.2 Case Study I: Proof-of-Concept with Ta

Test Chart

This case study provides a proof-of-concept validation demonstrating that
the proposed generative modeling framework can organize and express phys-
ically meaningful transformation behavior within its learned representation
space. Specifically, it examines whether the latent representation learned
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Table 3.1: Overview of datasets and imaging techniques (IDs shared with
Table 3.2).

Case study Dataset Imaging technique

1 Ta test chart [68] CXDI

2 NP diffusion [33] CXDI

3 Aging brass clumps [23] 3D XAFS-CT

Table 3.2: Data specifications corresponding to the datasets in Table 3.1.

Case study # Images Image size Resolution

1 10,530 178× 178 pixels 20.72 nm pixel−1

2 2,000 142× 142 pixels 40.58 nm pixel−1

3 4,956 32× 32× 32 voxels 0.65 µm voxel−1

from experimental data can coherently organize static material configurations
together with their associated modes of variation, such that dynamic behavior
can be articulated through relations revealed by localized exploration of the
latent space. The tantalum (Ta) test chart experiment provides a controlled
and interpretable system in which all transformations are limited to rigid-
body translation and rotation, without internal deformation of the object.

In this setting, variations expressed through local traversal of the latent
space are expected to correspond to translations or rotations consistent with
the deterministic motion imposed in the experiment. Because the mate-
rial itself remains structurally unchanged, the representational organization
should reflect rigid-body motion as smooth, low-dimensional variation rather
than as heterogeneous or deformable change. Successful articulation of such
behavior demonstrates that the framework is capable of organizing observed
configurations and their relations in a manner that faithfully reflects known
physical motion, establishing a baseline for subsequent case studies involving
stochastic motion and coupled structural or chemical variation examined
through Monte Carlo (MC) sampling.

The experimental dataset was obtained using coherent X-ray diffraction
imaging (CXDI) [68], which recorded the horizontal translation of a Ta test
chart moving at a constant velocity of 340 nm s−1 under triangular-aperture
illumination. The experiment yielded 1,755 phase-reconstructed frames, each
corresponding to a 7 ms exposure window. Because the transformation
involved only rigid-body motion, the dataset provides a direct physical refer-
ence for evaluating whether the latent space can infer admissible geometric
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Figure 3.3: Phase images retrieved from Coherent X-ray Diffraction Imaging
(CXDI) capturing horizontal translation of a Ta test chart, along with
augmented rotation.

changes that correspond to the observed deterministic transformations.

To enhance the statistical robustness of the training data while main-
taining physical realism, each frame was augmented by five random in-
plane rotations within the range [−30◦, 30◦], expanding the dataset to 10,530
images. This augmentation broadens the sampling of configuration space
without introducing deformation, allowing the model to learn invariant
geometric features and transformation symmetries.

The GAN was trained according to the progressive growing procedure out-
lined in Section 3.1.2.1, enabling hierarchical learning of both global morphol-
ogy and local structural contrasts. Specifically, a Progressive Growing GAN
(PG-GAN) [89] within the Wasserstein GAN–gradient penalty (WGAN-GP)
framework [87] was employed. Training began with low-resolution images
(e.g., 4× 4 pixels) and progressively doubled the image size as new convolu-
tional layers were appended to both the generator and discriminator. At each
resolution stage, the generator applied 3 × 3 convolutions with upsampling,
while the discriminator mirrored this structure with 3 × 3 convolutions
followed by average-pooling downsampling. The number of convolutional
filters was reduced proportionally as image resolution increased, ensuring
that coarse-scale layers captured global structure whereas fine-scale layers
refined local details. The architectural configuration used in this case study
is illustrated in Figure 3.4 (see more details in Appendix A.1). Latent vectors
were sampled from N (0, I) with dimensionality d = 32. For visualization,
images were center-cropped to highlight regions unaffected by peripheral
diffraction artifacts (Figure 3.5a), whereas full frames were retained during
training to preserve complete structural information.

After model convergence, the latent space was explored using Monte
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Figure 3.4: Schematic diagram illustrating the GAN architecture and
progressive growing strategy used to synthesize CXDI phase images of the
Ta test chart.

Carlo (MC) sampling as described in Section 3.1.2.2. A latent vector z
corresponding to a synthesized reference image x̂z = G(z) was selected, and
500 perturbed latent vectors were generated by adding random deviations
εj ∼ U [−1, 1] to z. Although this perturbation range appears broad relative
to the unit-variance prior, it corresponds to moderate local deviations in the
high-dimensional latent geometry, ensuring that sampling remains within the
manifold of admissible transformations (see details in Appendix A.2). The
generator decoded these latent vectors into synthetic phase images,

x̂z,j = G(z + εj), (3.7)

forming an ensemble of probabilistic variations,

Vz = {x̂z, x̂z,1, x̂z,2, . . . , x̂z,500}. (3.8)

Each generated image represents an inferred change—a transformation
plausibly admissible under the rigid-body constraint—relative to the refer-
ence configuration. Because the physical process in this case is fully deter-
ministic, deviations from geometric coherence would indicate imperfections in
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how the latent manifold encodes admissible transformations. To ensure that
the inferred changes remained consistent with the deterministic constraints
of the experiment, a structural filtering process was applied using template
matching [93]. A distinctive probe line pattern on the test chart was defined
as the reference template, and the intersection-over-union (IOU) metric [94]
was computed as

IOU2D =
|Asampled ∩ Areference|
|Asampled ∪ Areference|

, (3.9)

where Areference and Asampled denote the pixel regions of the reference and sam-
pled configurations, respectively. Only generated images with IOU2D ≥ 0.8
were retained, yielding 482 valid configurations that satisfied the geometric
constraint of structural preservation. This filtering enforced the deterministic
constraint of rigidity while isolating the probabilistic variability inferred by
the model as admissible change.

To construct representative motion sequences, all valid generated images
were reoriented to remove random offsets. Template matching was then
applied in a sliding window across each image to identify the position of
maximum similarity, from which translation and rotation magnitudes were
computed. The images were arranged according to these displacement mea-
sures into continuous sequences of translation and rotation (Figures 3.5b–c).
The resulting sequences display smooth, coherent progressions consistent
with rigid-body motion, demonstrating that local perturbations in the la-
tent space successfully infer physically admissible changes governed by the
preserved rigidity constraint.

A quantitative baseline for evaluating transformation coherence was
established using the experimental dataset. A subset of 641 frames with
IOU2D ≥ 0.8 was extracted from the original CXDI sequence, providing
a benchmark for spatial continuity under controlled motion. Figure 3.6a
compares the IOU distributions for experimental and generated sequences.
The generated images exhibit slightly higher mean IOU values, indicating
that transformations inferred through latent-space sampling correspond to
smaller, smoother displacements—consistent with probabilistic interpolation
within the learned constraint manifold.

To further confirm that the generative inference preserves deterministic
structural constraints, two slit-like probe features, d1 and d2, were tracked
across all generated configurations using a template-matching-based local-
ization approach [93]. Each generated image was first reoriented to remove
rotational offsets, and the reference template was horizontally slid across the
aligned image to identify the region with the highest similarity, quantified
by IOU2D score. The dimensions of the matched slits were then measured to
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Figure 3.5: Sampled phase images depicting rigid-body motion progression
of a Ta test chart. (a) Experimental CXDI phase images documenting con-
trolled translation and rotation. Upper row: sequential images of translation
(frames 1, 400, 800, 1200, 1600). Lower row: augmented in-plane rotations
annotated by angle. (b-c) Representative GAN-generated sequences showing
smooth progressions of translation (b) and rotation (c) extracted through
MC sampling in latent space. Annotations indicate cumulative displacement
or rotation relative to the initial frame, illustrating the model’s ability to
generate physically coherent transformation pathways.

assess geometric consistency. The measured slit widths were d1 = 309±11 nm
and d2 = 340 ± 12 nm, in close agreement with the experimental values
d1 = 311 ± 13 nm and d2 = 324 ± 11 nm. The deviations correspond to
less than two pixels (approximately 40 nm), confirming that the inferred
variations remain geometrically consistent and free from deformation.

Collectively, these results verify that the generative model infers admissi-
ble changes—translation and rotation—consistent with the physical process
while maintaining the deterministic constraint of rigidity. The explicit
filtering ensured that the generated variations adhered to known physical
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Figure 3.6: Quantitative validation of the Ta test chart case study. (a)
Intersection-over-Union (IOU) distributions between consecutive frames for
translation and rotation, comparing observed (green) and generated (yellow)
sequences. (b) Comparison of slit widths d1 and d2 measured from observed
and generated CXDI images. Solid lines represent mean widths, and shaded
regions denote standard deviations, indicating preservation of geometric
integrity.

laws, while the continuity and smoothness of transformations reflected the
model’s ability to infer constraint coherence within its latent geometry.
This proof-of-concept thus establishes that the framework can reconstruct
probabilistic changes under strict physical conditions, providing the rationale
for extending the inference of constraints to more complex systems, where
constraint structures are not predefined but emerge statistically through
Monte Carlo sampling.

3.3 Case Study II: Nanoparticle Diffusion in

Aqueous Media
Building upon the deterministic baseline established with the Ta test

chart, this case study examines a system characterized by stochastic dynam-
ics: the diffusion of gold nanoparticles (NPs) in an aqueous polyvinyl alcohol
(PVA) matrix. In the context of object inquiry, the object of interest here
is not a fixed configuration but a population of particle arrangements whose
evolution is governed by thermally driven motion. The central question is
whether the proposed framework can organize the observed variability of
nanoparticle configurations into a coherent representational space and expose
relations among these observations that articulate diffusive behavior.

In this setting, individual time-resolved images represent distinct real-
izations of particle arrangements sampled under similar experimental condi-
tions. The generative representation learned from these observations embeds
such configurations into a latent space whose geometry reflects statistical
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similarity and variation among them. Local neighborhoods in this space
correspond to configurations that differ by small collective rearrangements
of particle positions, while broader structure reflects the range of spatial
displacements accessible under diffusion. Relations among observations are
therefore expressed through proximity, spread, and connectivity in latent
space, rather than through deterministic trajectories.

The inquiry focuses on how dynamic behavior emerges from these rela-
tions. By examining ensembles of configurations generated through localized
exploration of the latent space, the analysis characterizes diffusion as struc-
tured variability rather than as a single path of evolution. Quantities such as
characteristic displacement scales and spatial correlation patterns arise from
the distribution of generated configurations, while qualitative distinctions
between diffusive regimes are reflected in how these distributions organize
within representation space. In this way, the case study evaluates whether
stochastic material dynamics can be articulated as relational patterns among
observations, providing a representational description of diffusion grounded
in the geometry of the learned latent space.

3.3.1 Representing Diffusion Configurations

The experimental dataset consists of 2,000 phase-reconstructed CXDI
images capturing the real-time diffusion of gold NPs in a PVA matrix [33].
Each frame measures 142× 142 pixels, corresponding to a spatial resolution
of 40.58 nm per pixel. The sequence records evolving NP configurations
governed by Brownian motion and medium heterogeneity, offering an ideal
test for examining whether the model can infer physically admissible config-
urations and their stochastic transformations.

For this case study, we applied a preprocessing procedure adapted from
prior work [33] to emphasize stochastic motion in CXDI phase images.
The procedure involved (i) removing static components using a temporal
window of 201 frames centered on each image and (ii) applying a Gaussian
filter with a standard deviation of 1 pixel (≈ 40.56 nm) to suppress spike
noise. Subsequently, particle localizations were extracted using an Adaptive
Thresholding method [95] with a neighborhood size of 11 pixels (≈ 446 nm)
and subtraction constant C = 0.06 radians. Pixels with positive local
contrast were aggregated into connected regions, and only those with areas
≥ 11 pixels (≈ 0.018 µm2) were retained to match the expected NP size.
These parameters follow those reported in [33], ensuring consistency with
physical constraints and tracking fidelity. The schematic overview of this
process is presented in Figure 3.7.

A convolutional GAN was employed with tailored architectural adap-
tations for this dataset (see more details in Appendix A.1). Specifically,
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Figure 3.7: Extraction of diffusing nanoparticle regions from CXDI phase
images. The preprocessing removes static background components and
isolates local regions corresponding to moving particles.

the generator and discriminator each consisted of six convolutional layers
in a progressive-growing schedule, starting from 4 × 4 latent feature maps
and doubling spatial resolution at each stage until reaching the final image
size of 128 × 128 pixels. The number of convolutional filters was gradually
reduced as the resolution increased, allowing coarse layers to capture global
spatial correlations among nanoparticles and finer layers to refine particle-
level contrast. The schematic of this configuration is shown in Figure 3.8.
Latent vectors were sampled from N (0, I) with dimensionality d = 32.

Representative experimental and generated CXDI images are shown in
Figure 3.9a, with experimental frames (left) sampled at the 600th, 900th,
and 1200th time steps and corresponding synthetic images (right) selected
from 1,000 GAN-generated samples decoded from latent vectors drawn i.i.d.
from N (0, I). Using the validated image-processing workflow of [33], we
extracted NP positions and morphologies in both sets and compared NP area
distributions (Figure 3.9b), obtaining a low Wasserstein distance of 0.068.
This close statistical agreement indicates that the learned representation
does not merely reproduce isolated static configurations; it organizes the
observed variability of nanoparticle coordination characteristic of diffusive
motion. Within the object-inquiry framework, this fidelity demonstrates
that relations among observed configurations are coherently embedded in
representation space, establishing a reliable basis for articulating dynamic
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behavior from their statistical organization.

To examine whether nearby latent codes correspond to physically coher-
ent nanoparticle rearrangements, we conducted a locality study in latent
space. We sampled 1,000 reference vectors from N (0, I) and, around
each reference, generated 100 variants by adding εj ∼ U[−γ,γ] with γ ∈
{0.25, 0.50, . . . , 2.00}. Because absolute distances in high-dimensional spaces
can be misleading [96, 97], locality was quantified by the average Euclidean
distance between a reference vector and its perturbed variants, normalized by
the latent dimensionality (details in Appendix A.2). Under this normaliza-
tion, γ = 0.25 and γ = 2.0 correspond to average per-dimension changes of
approximately 0.025 and 0.20, respectively, providing an interpretable scale
for probing progressively larger neighborhoods of the learned representation
space.

The effect of these perturbations on generated images was quantified using
two measures tailored to diffusion-driven variability: (1) the image-entropy
difference ∆H [98], reflecting configurational complexity, and (2) the NP-
area difference ∆A, indicating the magnitude of structural rearrangement. As
shown in Figure 3.9c, both ∆H and ∆A increase smoothly with γ, evidencing
a graded and coherent mapping between neighborhoods in latent space and
variations in physical configuration space. Small perturbations (γ ≤ 0.5)
yield sub-pixel–level adjustments, whereas larger perturbations (γ ≥ 1.5)
induce broader reorganization of NP clusters.

Notably, γ = 1 reproduces frame-to-frame experimental variability, with
∆H≈0.26 and ∆A≤200 pixels, consistent with the observed depletion rate
of approximately 10 particles s−1 in this system [33]. This correspondence in-
dicates that local neighborhoods in representation space align quantitatively
with relations observed between successive experimental frames. In terms
of object inquiry, the geometry of the latent space encodes relations among
observations in a manner that allows diffusive behavior to be articulated as
structured variability rather than as deterministic trajectories. We therefore
adopt γ = 1 as the standard sampling margin in subsequent Monte Carlo
analyses. Collectively, these results demonstrate that the learned represen-
tation supports smooth, behavior-consistent variation aligned with experi-
mental dynamics, providing a coherent representational basis for examining
stochastic material behavior in more complex systems.

3.3.2 Extracting Diffusive Behaviors

Monte Carlo (MC) sampling was performed around 200 reference latent
vectors using a sampling margin of γ = 1, identified in the previous analysis
as corresponding to realistic diffusive variability observed between consecu-
tive experimental frames. Around each reference state, 500 perturbed latent
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Figure 3.8: Schematic diagram illustrating the GAN architecture used
to synthesize CXDI phase images of Au–NP diffusion. The generator and
discriminator each consist of six convolutional stages, progressively doubling
image resolution from 4×4 to 128×128 pixels while refining structural detail.

vectors were generated and decoded into synthetic configurations. To retain
configurations consistent with experimentally observed variability, we applied
an entropy-difference threshold of ∆H ≤ 0.2, which lies within the upper
bound of 0.26 measured between successive CXDI frames. The retained
samples were then pixel-wise averaged to produce images summarizing cu-
mulative nanoparticle (NP) diffusion patterns over approximately one-second
intervals. Each averaged image therefore represents a statistical condensation
of locally sampled configuration ensembles, capturing how variations around
an observed state are organized within the learned representation space.

From these averaged ensembles, we extracted individual NP diffusion
trajectories using feature-based tracking [33]. Each trajectory corresponds
to a locally inferred diffusive event and was characterized by two geometric
descriptors: anisotropy and tortuosity [99,100]. Anisotropy quantifies the di-
rectional persistence of NP motion, while tortuosity measures the irregularity
of diffusion paths. These descriptors translate the sampled structural vari-
ations into physically interpretable indicators of motion behavior [101, 102].
The distribution of diffusion areas derived from all extracted trajectories
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Figure 3.9: Evaluation of fidelity for generated NP configurations and
diffusion dynamics. (a) Experimental and synthetic CXDI phase images
showing representative NP dispersion. (b) Comparison of NP area distribu-
tions (Wasserstein distance = 0.068). (c) Entropy and NP area differences
as functions of perturbation amplitude γ; γ = 1 reproduces experimental
variability.

(Figure 3.10b) yields a mean of 7, 712 ± 2, 862 nm2, closely matching the
experimentally determined diffusion rate of 7, 550 ± 850 nm2 s−1 measured
by X-ray Photon Correlation Spectroscopy (XPCS) [33]. This quantitative
correspondence confirms that the inferred constraint magnitudes—defined by
the rate and spatial extent of admissible changes—faithfully reproduce the
known physical diffusion limits of the system.

To investigate the emergence of higher-order organization within these
inferred constraints, we assembled a distance matrix from the standardized
anisotropy and tortuosity descriptors and applied hierarchical agglomerative
clustering (HAC) with average linkage [9, 103]. This unsupervised analysis
groups trajectories according to geometric proximity in descriptor space,
thereby revealing clusters of diffusive behavior as distinct constraint regimes.
The dendrogram shown in Figure 3.10c identifies three major diffusion modes.
The first exhibits directionally biased diffusion with low tortuosity, reflecting
partially guided or channel-constrained motion possibly influenced by local
polymer structure or field gradients [104]. The second cluster represents
isotropic diffusion with high tortuosity and low anisotropy, consistent with
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classic Brownian motion in a homogeneous medium [101]. The third cluster
corresponds to confined diffusion characterized by minimal displacement
and high curvature, indicating transient trapping or immobilization within
local potential wells or heterogeneous polymer domains [102, 105]. The
distributions of anisotropy and tortuosity within these clusters (Figure 3.10d)
illustrate how the generative manifold organizes stochastic transformations
into distinct behavioral patterns governed by physically meaningful con-
straints.

Overall, this analysis demonstrates how stochastic nanoparticle diffusion
can be articulated as dynamic behavior emerging from relations among
observed and generated configurations. Rather than relying on individual
trajectories or deterministic descriptions, the framework organizes ensembles
of configurations into structured patterns that reflect both known physical
diffusion characteristics and higher-level behavioral organization. In this way,
the generative modeling approach supports object inquiry by transforming
observational variability into interpretable relational structure, providing
a systematic basis for examining stochastic material dynamics in complex
environments.

3.4 Case Study III: Sulfidation in Rubber–Brass

Composites

Having established the generative modeling framework in deterministic
and stochastic settings, this case study extends its application to a chemically
evolving, volumetric process: the sulfidation of copper in aging rubber–brass
composites. This process underpins durability and adhesion in steel-cord–
reinforced rubber tires, where brass coatings on steel wires chemically interact
with sulfur-containing rubber matrices. Despite its industrial relevance, the
microscopic organization of copper redistribution during aging remains only
partially characterized, with existing studies relying largely on empirical
observation.

Within the object-inquiry framework, the object of interest is a chemi-
cally active material volume whose observable configurations evolve through
coupled structural and compositional variation. Time-resolved X-ray ab-
sorption fine structure computed tomography (XAFS-CT) provides discrete
volumetric observations of copper valence states (Cu, Cu2S, CuS), capturing
successive stages of chemical transformation within individual brass clumps.
This case study examines whether the generative modeling framework can
organize these observations into a coherent representation space and expose
relations among configurations that articulate chemically driven dynamic
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Figure 3.10: Analysis of NP diffusion in PVA solution. (a) Definition
of motion descriptors (anisotropy, tortuosity). (b) Distribution of diffusion
areas inferred from generative ensembles. (c) HAC dendrogram showing
three distinct diffusion constraint regimes. (d) Box plots of anisotropy and
tortuosity for each regime.

behavior.

In this setting, variation in the learned representation reflects spatial re-
distribution and compositional change of copper species during oxidation and
sulfidation. Relations among configurations—expressed through continuity
and organization in latent space—characterize how chemical evolution pro-
ceeds while preserving morphological coherence. By organizing observed and
generated configurations into structured patterns of variation, the framework
provides a representational description of sulfidation dynamics grounded in
relations among volumetric observations.
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Figure 3.11: Schematic diagram illustrating the GAN architecture used
to synthesize 3D XAFS-CT images of brass clumps under sulfidation. The
generator and discriminator each consist of six convolutional stages, progres-
sively doubling image resolution from 4× 4× 4 to 32× 32× 32 voxels while
refining structural detail.

3.4.1 Representing Sulfidation Clumps

Three-dimensional datasets were acquired using X-ray Absorption Fine
Structure Computed Tomography (XAFS-CT) [23] at the SPring-8 syn-
chrotron facility [34]. This technique provides volumetric elemental mapping
at sub-micrometer resolution, distinguishing copper oxidation states (Cu,
Cu2S, and CuS) through spectral contrast. Approximately 2,000 brass
particles (Cu/Zn = 75/25) were embedded in a sulfur-containing rubber
matrix, heated to 443 K for 10 min to form an adhesive interlayer, and
subsequently aged under controlled environmental conditions for 0, 3, 14,
and 28 days. These intervals capture the progression from initial surface
sulfidation to deep internal oxidation within the brass–rubber composite.

To prepare the XAFS-CT data for GAN training, we employed a multi-
step clump extraction and filtering pipeline adapted from our previous
study [23]. After identifying distinct brass clumps via HDBSCAN cluster-
ing [106] on upsampled spatial coordinates, cubic subvolumes of 32× 32× 32
voxels centered on each clump centroid were extracted. To ensure that the
selected clumps were both spatially confined and morphologically meaningful,
three filtering criteria were applied before cropping: (i) clumps exceeding 30
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voxels in maximum extent along any axis, (ii) those smaller than 3 voxels
in minimum extent, or (iii) having total volume below 1,000 voxels were
excluded. These thresholds removed oversized regions likely to exceed the
fixed input size, undersized or fragmented detections, and low-volume noise
artifacts. Only clumps satisfying all criteria were retained, normalized into
the 323 voxel format, and organized as multi-channel volumes representing
the relative densities of Cu, Cu2S, and CuS.

A 3D convolutional GAN was then trained following the progressive-
growing strategy described in Section 3.1.2.1, adapted for multi-channel
volumetric data. The model consisted of eight convolutional layers, with
feature-map resolution doubling at each stage until the final 323 voxel
resolution was reached. The number of filters was gradually reduced with
increasing resolution, enabling coarse layers to capture global morphology
and fine layers to refine local compositional gradients. Progressive up-
scaling stabilized adversarial training, while adaptive batch-size reduction
maintained gradient consistency at higher resolutions. The overall model
architecture and progressive training schedule are illustrated in Figure 3.11
(see more details in Appendix A.1). All latent vectors were sampled from a
standard normal distribution N (0, I) with latent dimensionality d = 32.

Representative experimental and GAN-generated volumes at matched
aging intervals are shown in Figure 3.12a–b. The generated reconstruc-
tions reproduce the morphological and compositional heterogeneity observed
experimentally, capturing both the Cu-rich matrix and Cu2S and CuS
subdomains. Quantitatively, voxel-intensity distributions of Cu, Cu2S, and
CuS exhibit close statistical agreement between experimental and generated
data (Wasserstein distances: Cu = 0.010, Cu2S = 0.017, CuS = 0.006;
Figure 3.12c). This correspondence verifies that the learned generative
manifold not only reproduces static compositional states but also embeds
the statistical field of local variability that governs feasible transformations.
In this sense, the manifold captures the underlying structure of inferred
changes—the physically admissible redistributions of mass and morphology
associated with sulfidation.

To evaluate the coherence and continuity of these inferred changes, we
analyzed how local perturbations in latent space affect the generated volumes.
A total of 1,000 latent vectors were drawn from N (0, I), each perturbed
100 times by adding uniform noise ε ∼ U[−γ,γ] with γ ranging from 0.25
to 2.0 in increments of 0.25. Interpreting distances in high-dimensional
latent spaces is nontrivial because Euclidean magnitudes lose direct physical
meaning [96,97]; thus, we normalized the average Euclidean distance between
each reference and perturbed latent vector by the latent dimensionality to
provide an intuitive measure of locality (see more details in Appendix A.2).
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Figure 3.12: Evaluation of fidelity for generated brass clumps and transi-
tions. (a) Experimental 3D XAFS-CT images showing brass clump evolution
during aging (0-28 days), with separated visualizations of brass matrix and
copper species (Cu, Cu2S, CuS). (b) GAN-generated images representing
plausible sulfidation states at corresponding aging stages. (c) Density
distributions of copper species comparing observed (solid lines) and generated
(shaded areas) images, demonstrating close statistical agreement. (d) Latent
space continuity analysis: shape differences (%) and total density differences
(%) as functions of sampling margin per dimension (γ normalized by latent
space dimensionality for intuitive evaluation of perturbation magnitude),
with γ=0.5 selected for subsequent dynamic analysis.

This normalization implies that perturbation margins of γ = 0.25 and γ = 2.0
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Interquartile Range (IQR) derived from the compositional density distribu-
tions.

correspond to average per-dimension changes of approximately 0.025 and
0.20, respectively.

Each perturbed latent vector was decoded into a 3D multi-channel volume
representing a hypothetical sulfidation configuration. Two quantitative mea-
sures were used to assess smoothness and physical plausibility: (1) the com-
plement of the three-dimensional intersection-over-union (IOU3D) to quantify
morphological continuity, and (2) the total compositional density difference
to quantify species redistribution. As shown in Figure 3.12d, both metrics
increase smoothly with larger γ, indicating that the latent space encodes
a continuous spectrum of transformation magnitudes. Small perturbations
(γ ≤ 0.25) result in near-identical reconstructions, corresponding to sub-
voxel modifications in composition, whereas large perturbations (γ ≥ 1.5)
produce notable compositional rearrangements and morphological deviations.
At γ = 0.5, the average IOU3D remains around 0.7 and the compositional
deviation below 20%, values consistent with the experimentally observed
differences between consecutive aging intervals [23]. This sampling margin
thus delineates the scale of physically meaningful local transitions and is
adopted as the standard neighborhood for subsequent Monte Carlo sampling
to further explore the manifold’s representation of sulfidation dynamics.
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3.4.2 Extracting Sulfidation Behaviors

Monte Carlo (MC) sampling was conducted using γ = 0.5 (corresponding
to an average per-dimension distance of 0.05) to explore local neighborhoods
within the learned latent space. From 3,000 reference latent vectors, 400
perturbed samples were generated per reference and decoded into synthetic
volumetric configurations. To ensure consistency with experimentally ob-
served variation, a two-stage filtering procedure was applied. First, the
bounded sampling radius restricted exploration to locally coherent regions
of the representation space. Second, samples were screened using composi-
tional mass deviation (≤ 20%) and three-dimensional intersection-over-union
(IOU3D ≥ 0.5) criteria, enforcing morphological continuity and compositional
consistency with observed brass clumps. The retained ensembles—referred
to here as clump variations—represent localized neighborhoods of variation
around observed configurations, reflecting how chemically coupled transfor-
mations are organized within the learned representation.

From each clump variation, voxel-based statistical descriptors were com-
puted to quantify patterns of compositional redistribution among copper
species. For each component c ∈ {Cu,Cu2S,CuS}, the interquartile range
(IQR) of voxel intensities was calculated across all retained samples, and
the variance of these IQR values was used as a measure of redistribution
magnitude. Each clump variation was therefore summarized by a descriptor
vector

d =
[
Var(IQRCu),Var(IQRCu2S),Var(IQRCuS)

]
, (3.10)

which encodes how compositional variation is distributed within the local
neighborhood of an observed configuration. Collectively, these descriptors
define the geometric organization of variation across the representation space.

To visualize relationships among clump variations, we applied mul-
tidimensional scaling (MDS) to the descriptor vectors, yielding a two-
dimensional embedding that reflects pairwise similarity in sulfidation be-
havior (Figure 3.14a). Three well-separated clusters, labeled A, B, and
C, emerged, each representing a distinct constraint regime associated with
a characteristic mode of sulfidation. Temporal mapping of these clusters
onto the experimental aging intervals (Figure 3.14b) revealed a systematic
evolution: Group A dominated at the initial stage (Aging-0), Group B
appeared primarily at intermediate aging (3–14 days), and Group C became
prevalent at advanced aging (14–28 days). This chronological trend mirrors
the experimentally verified sequence of chemical conversion from metallic Cu
to Cu2S and subsequently to CuS [23]. Thus, the manifold’s organization
of transformation descriptors inherently reconstructs the temporal order of
sulfidation, implying that these cluster boundaries reflect inferred constraints
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consistent with known reaction pathways.
Compositional mass ratios of Cu, Cu2S, and CuS within each cluster (Fig-

ure 3.14c) further clarify the nature of these behavioral patterns. Group A
retains a high fraction of metallic Cu with minimal sulfidation products,
corresponding to surface-limited chemical activity at early aging stages.
Group B exhibits enrichment of Cu2S, indicative of intermediate sulfidation
concentrated near interfaces. Group C is dominated by CuS, reflecting
extensive sulfidation and bulk oxidation associated with prolonged aging.
These transitions describe an ordered progression of chemical behavior, from
surface-localized reaction to volume-spanning transformation.

Representative transformations simulated from each group (Figure 3.14d)
visualize these inferred constraint regimes. Clump variations in Groups A
and B display Cu2S accumulation localized near particle surfaces, consistent
with surface sulfidation and interfacial bonding during vulcanization. In
contrast, Group C exhibits CuS formation extending inward, reflecting
the internal oxidation typical of long-term degradation. These generated
transformations correspond well to experimental observations of chemical
and structural aging, including the shift from adhesive interlayer formation
to bulk CuS development associated with mechanical fatigue, cracking, and
delamination [23,107,108].

Overall, this analysis demonstrates that the generative modeling frame-
work does more than reproduce short-time configurational variability in
nanoparticle coordination; it provides a structured representational space
in which dynamic behavior can be articulated from relations among ob-
served and generated configurations. Quantitative characteristics such as
diffusion rate and displacement range emerge naturally from the statistical
organization of sampled ensembles, while higher-level behavioral modes
arise from relational structure revealed through geometric descriptors and
clustering. In this way, deep generative representations act as effective medi-
ators between discrete experimental observations and continuous descriptions
of material behavior, without requiring explicit specification of governing
mechanisms. Viewed through the lens of the object-inquiry framework, the
learned latent space serves as a representation that organizes observations
according to similarity and variation, while Monte Carlo sampling exposes
relations among neighboring configurations. Dynamic behavior is then
articulated by interpreting these relations—through continuity, dispersion,
and clustering—rather than by tracing deterministic trajectories or isolating
individual events. This correspondence highlights the significance of deep
generative modeling not merely as a data-driven tool, but as a computational
realization of object inquiry, transforming sparse observations into organized
representations from which material behavior can be systematically derived.
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3.5 Discussion

This chapter developed and examined a generative modeling framework
for studying material dynamics from discretely sampled experimental obser-
vations. Imaging techniques such as CXDI and XAFS-CT provide increas-
ingly detailed snapshots of material structure across spatial and chemical
dimensions, yet they inevitably sample evolving processes at finite temporal
and configurational resolution. Each recorded frame or tomographic recon-
struction represents an observable configuration conditioned by experimental
settings, while the transformations connecting successive observations remain
unmeasured. As a result, material dynamics cannot be accessed directly as
continuous trajectories, but must be approached through the relations that
organize discrete observations. The framework presented here addresses this
structural sparsity by constructing representations that organize observed
configurations into continuous domains of variation, allowing dynamic be-
havior to be articulated from relational structure rather than from explicit
temporal reconstruction.

Within the object-inquiry framework, deep generative modeling serves
as the mechanism for the first step of inquiry: organizing observations
into a coherent representation space. By training generative models on
experimentally observed configurations, the learned latent space captures
how material states are distributed under the combined influence of physical
processes and measurement conditions. Proximity, continuity, and clustering
within this space encode relations among observations that are not directly
apparent in the raw data. Monte Carlo sampling then operationalizes the
second step of inquiry by systematically exploring these relations, transform-
ing the implicit organization of representation space into explicit ensembles
of configurations that can be analyzed statistically. Dynamic behavior is
thus articulated through patterns of variation, continuity, and organization
revealed by relations among observed and generated configurations.

Across the three case studies, this representational strategy demonstrated
consistent capability to articulate distinct forms of material behavior. In
the tantalum test chart, rigid-body motion was expressed as smooth, low-
dimensional variation in representation space, reflecting deterministic geo-
metric behavior. In the nanoparticle diffusion system, stochastic motion
emerged as structured variability organized into relational patterns that
correspond to diffusive behavior, including isotropic, biased, and confined
regimes. In the rubber–brass composite, chemically coupled sulfidation was
articulated as coordinated spatial and compositional variation across volu-
metric observations, revealing ordered patterns of chemical aging. Despite
the increasing complexity of physical processes involved, all three systems
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were described within a unified representational framework that organizes
observations and derives behavior from their relations.

These results illustrate that deep generative representations can function
as scale-agnostic organizational spaces for dynamic phenomena. Rather
than reconstructing missing trajectories or specifying governing mechanisms
explicitly, the framework leverages the statistical organization of observed
data to expose how material configurations relate and vary. In doing so,
it mirrors long-standing practices of scientific inquiry, in which behavior is
inferred from patterns and relations among observations, but implements
them computationally through learned representations. The latent space
does not replace physical description; instead, it provides a structured domain
in which observational variability is organized in a manner amenable to
systematic analysis.

The current implementation nevertheless exhibits important limitations.
Because the representation is learned from finite experimental datasets, the
scope of articulated behavior is bounded by the diversity of observed configu-
rations. Patterns absent from the data cannot be expressed in representation
space. In addition, Monte Carlo sampling treats local variations as memory-
less, limiting the framework’s ability to represent directional progression,
path dependence, or hysteresis. These limitations reflect not conceptual
shortcomings of the object-inquiry framework, but practical constraints of
the present representational realization.

Future extensions could address these limitations by incorporating tempo-
ral conditioning, structured priors, or physics-informed architectures that en-
rich relational organization without departing from the inquiry logic. Time-
conditioned generative models, latent dynamical systems, or diffusion-based
architectures could allow ordered progression to be represented explicitly,
while maintaining the emphasis on relations among configurations. Such
developments would further strengthen the alignment between computational
representation and scientific inquiry, enabling richer articulation of dynamic
behavior from sparse observations.

More broadly, this chapter demonstrates that deep generative model-
ing can be understood not merely as a data-driven technique, but as a
computational realization of object inquiry under incomplete observation.
By transforming discrete experimental measurements into organized rep-
resentational spaces and articulating behavior from relations within those
spaces, the framework converts observational sparsity from a limitation into
a resource. In this sense, generative representations provide a principled
bridge between experimental observation and systematic understanding of
material dynamics, grounded in the same logical structure that underlies
scientific inquiry across domains.
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Chapter 4

Attention-based Inquiry Frame-
work of Material Dynamics

This chapter develops and applies an attention-based object-inquiry frame-
work that forms the second methodological pillar of this thesis. Whereas the
generative modeling approach in the previous chapter focused on organizing
sparse experimental observations into representational spaces that articulate
dynamic behavior through structured variation, the present chapter addresses
a complementary situation frequently encountered in experimental practice.
In many material systems, experimental data provide dense sequences of
images and measurements across time and space, yet the structural variations
responsible for property variation remain difficult to interpret within complex
spatiotemporal patterns. The challenge in such settings is not the absence
of data, but the difficulty of exposing and organizing relations within the
observations that are relevant to the behavior of interest.

The framework introduced here is not merely an application of a pre-
existing “second step” of inquiry; it is a concrete integration of attention-
based transformer modeling into the object-inquiry process. In this integra-
tion, attention provides an explicit, token-level relational mechanism that
links parts of an observation (e.g., spatial regions, temporal segments, or
modality-specific channels) to one another and to measured responses. The
resulting attention structure serves as a representation of relevance relations:
it makes visible how observational components are selectively associated with
behavior and how these associations persist, shift, or reorganize as the system
evolves. In this way, the attention-based framework operationalizes object
inquiry under dense observation by constructing relations that are directly
inspectable and interpretable back in observation space.

Attention-based deep learning provides the operational mechanism for
this integration. When trained to associate time-resolved structural obser-
vations with experimentally measured properties, spatiotemporal attention
models learn weighted associations among data tokens conditioned on the
response. Within this framework, attention weights are treated as rela-
tional indicators that expose which components of observation contribute
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most strongly to the measured behavior under specific conditions and time
intervals. By examining the spatial distribution, temporal persistence, and
orientation content of attention patterns, the framework converts model-
derived relations into descriptors of structured structural relevance. Rather
than serving solely as a predictive device, attention thus functions as a
relational tool that supports behavior articulation by making response-linked
relations among observations explicit.

The chapter is organized to develop this framework from conceptual
formulation to practical application. The opening section introduces the mo-
tivation for integrating attention into object inquiry, clarifying how relevance-
based relations differ from similarity- or variation-based organization. The
methodological section then presents the construction of spatiotemporal
attention models, the extraction of attention-weighted representations, and
the analytical procedures used to characterize their organization. These
methods are applied to two contrasting case studies: deformation of gold
nanocontacts, a nanoscale system with strong crystallographic regularity,
and wet rubber–surface contact under sliding, a macroscale system governed
by multiple interacting mechanisms without a fixed geometric reference.
Through these examples, the chapter demonstrates how attention-based rep-
resentations expose response-linked relations within dense observations and
support systematic articulation of behavior across disparate physical regimes.
The chapter concludes with a discussion that situates attention-based inquiry
as complementary to the generative modeling approach, emphasizing how
different representational mechanisms realize object inquiry under different
observational regimes.

4.1 Framework Overview

This section introduces the methodological foundation of the attention-
based object-inquiry framework developed to analyze fully observed yet
structurally complex dynamical data. In many time-resolved experiments,
imaging and property measurements are synchronized with sufficient tempo-
ral resolution to capture complete sequences of configurations. Nevertheless,
the structural variations that drive the measured response often remain
difficult to interpret. Property changes typically arise from localized and
heterogeneous structural processes—such as deformation, slip activation,
drainage patterning, or contact reorganization—that are not explicitly la-
beled in the data and frequently lack simple geometric regularity. As a
result, the central challenge lies not in recovering missing configurations, but
in exposing which aspects of the observed structural evolution are relevant
to the behavior of interest and how these aspects are organized across space
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and time.

The framework formulated here addresses this challenge by integrating
spatiotemporal attention mechanisms into the object-inquiry process. When
trained to associate sequences of structural observations with measured prop-
erties, an attention-based deep model learns weighted relations among spatial
regions and temporal segments of the data. These attention weights are
interpreted as relevance relations: they indicate how strongly different parts
of the observed structure contribute to the modeled response under specific
conditions. By examining the distribution, persistence, and organization
of attention across space and time, the framework identifies structurally
relevant variations within the evolving observations and characterizes how
these variations are organized into coherent patterns linked to material
behavior.

This formulation establishes the basis for the methodological develop-
ments that follow. The subsequent subsections describe how spatiotemporal
attention is constructed within the model, how attention-weighted repre-
sentations are formed in observation space, and how their organization is
quantified to articulate behavior from relevance relations. Together, these
components define the attention-based object-inquiry framework applied in
the case studies presented later in this chapter.

4.1.1 Attention as Correlative Relations of Observa-
tions

Time-resolved experimental techniques increasingly provide datasets in
which structural observations and material properties are synchronously
recorded across space and time. Examples include in situ microscopy of
nanoscale deformation accompanied by electrical or mechanical measure-
ments, as well as macroscopic imaging of interfacial contact coupled to
frictional or tribological response [26, 54, 55, 109]. In such settings, exper-
imental observations are often complete in the sense that full sequences of
images and measurements are available. Nevertheless, the structural origins
of the measured response frequently remain difficult to interpret, as property
variations are embedded within complex, high-dimensional spatiotemporal
patterns :contentReference[oaicite:0]index=0.

From the perspective of object inquiry, this difficulty reflects a represen-
tational rather than an observational limitation. The object of interest is
a material system whose behavior emerges from the coordinated evolution
of multiple localized structural processes. Individual observations encode
heterogeneous and overlapping phenomena—such as deformation, slip activa-
tion, drainage, or contact reorganization—distributed across space and time.
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Measured properties, by contrast, represent aggregated outcomes of these
processes rather than direct reflections of any single structural feature. As a
result, inquiry cannot proceed by treating each observation as an indivisible
entity; it requires representations that preserve relations between granular
structural variations and the global response they collectively produce.

Conventional deep learning models trained to map entire image sequences
directly to scalar properties can achieve high predictive accuracy [62–65].
This success indicates that such models internalize complex correlations
across space and time. However, when these correlations remain embedded
implicitly within latent activations, predictive performance alone does not
clarify which components of the observation are relevant to the behavior
of interest. The challenge is therefore not to increase model capacity, but
to construct representations that expose how variability at finer structural
scales contributes selectively and unevenly to the observed property.

Attention mechanisms provide a principled means to meet this represen-
tational requirement. In attention-based architectures [49], observations are
decomposed into tokens corresponding to spatial regions, temporal segments,
or feature channels, and relations among these tokens are encoded through
attention weights. Rather than summarizing variability across an entire
observation, attention enables preferential association: it emphasizes those
components of the data whose variations are most strongly coupled to
the measured response. In this sense, attention functions as a relational
mechanism that preserves correlations between localized structural variation
and aggregated material behavior.

Formally, attention weights quantify correlation-like associations between
encoded elements of an observation conditioned on the modeling objective.
For elements i and j, the attention coefficient αij is computed as

αij = softmax

(
q>i kj√
dk

)
, (4.1)

where qi and kj are learned query and key representations, and dk de-
notes their dimensionality. The inner product q>i kj acts as a similarity
or correlation score, measuring the degree to which variations in element
j are statistically aligned with the contextual representation associated with
element i. The subsequent normalization enforces a relative weighting,
distributing attention across all elements such that

∑
j αij = 1.

Within this formulation, attention does not represent absolute importance
of individual components, but relative correlation structure among decom-
posed parts of the observation. Elements whose variations are consistently
correlated with the response context receive higher attention weights, while
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components exhibiting weak or inconsistent correlation are downweighted.
In time-resolved experimental data, this correlation structure reflects how
localized structural variations co-vary with measured properties across space
and time.

When trained on synchronized image–measurement datasets, the result-
ing attention field therefore encodes a learned correlation map between
granular structural components and aggregated material response. Im-
portantly, these correlations are not imposed a priori; they emerge from
repeated co-occurrence patterns present in the data. Attention thus provides
a mechanism for preserving and exposing correlation relationships that are
otherwise absorbed implicitly within high-dimensional latent representations.

From the perspective of object inquiry, this correlation-based view of
attention clarifies its representational role. By decomposing observations
into interacting components and encoding their correlation structure explic-
itly, attention-based representations make it possible to articulate dynamic
behavior from how structural variability aligns with measured response.
In this sense, attention functions as a preferential correlation operator,
organizing dense observations into relational structures that reflect how
material behavior emerges from the coordinated evolution of its constituent
parts.

4.1.2 Implementation of the Attentive Inference Frame-
work

The attention-based inquiry framework implements a two-stage analytical
process that realizes object inquiry under conditions of dense but structurally
complex observation. In contrast to the generative modeling approach, which
emphasizes organizing variation among sparsely sampled configurations, the
present framework is designed for settings in which time-resolved observations
are complete, yet the relations that connect localized structural variation
to measured behavior remain obscured. The methodological objective is
therefore not to reconstruct missing states, but to construct representations
that expose how distributed components of the observation contribute, in an
uneven and organized manner, to the observed response.

The first stage of the framework corresponds to the representational stage
of object inquiry. A spatiotemporal attention model is trained to associate
sequences of structural observations with measured properties, treating im-
ages and measurements as coupled projections of the same evolving object.
Through this training process, the model learns relevance relations that
weight spatial regions, temporal segments, or feature channels according
to how strongly their variations correlate with the measured response.
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Figure 4.1: Overview of the attentive-inference framework for extracting
insights into material dynamics from experimental image sequences. (a)
Extracting spatiotemporal attention from structure–property dynamics: a
transformer-based model learns how evolving structural configurations con-
dition measured property changes, producing attention fields that encode
the distribution of inferred structural contributions. (b) Deriving structural
patterns in attention-highlighted regions: the attention fields are analyzed
to extract descriptors of organization, revealing the inferred constraints that
govern those changes.

These attention distributions form a representation in which observations
are decomposed into interacting components, and relations among those
components are explicitly encoded as relevance-weighted associations.

The second stage corresponds to the behavioral articulation stage of
object inquiry. Rather than operating on raw observations, analysis is
performed on the organization of attention-weighted representations. By
examining the spatial arrangement, temporal persistence, orientation con-
tent, and recurrence of attention patterns, the framework characterizes how
relevant structural variations are organized across space and time. Dynamic
behavior is articulated through these relational patterns, which reveal how
structural contributions accumulate, persist, or reorganize as the system
evolves. In this way, attention is transformed from a purely computational
weighting mechanism into a representational device that supports systematic
interpretation of structure–property behavior.
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4.1.2.1 Extracting spatiotemporal attention from structure–property
dynamics

The first stage establishes the conditional relation between temporally
evolving structural configurations and experimentally measured properties,
yielding attention fields that highlight where and when local image vari-
ations exert the greatest statistical influence on measured responses. An
experimental sequence {It}Tt=1, with each frame It ∈ RM×M , is paired with
synchronized property records {yt}Tt=1, where yt ∈ RJ represents one or
more measured quantities (e.g., optical phase, strain, or conductivity). Each
training sample consists of a fixed-length temporal window of Tw consec-
utive frames, {It−Tw/2, . . . , It+Tw/2}, providing both backward and forward
temporal context for predicting yt.

To capture dependencies across both spatial and temporal dimensions, a
spatiotemporal Vision Transformer (TimeSformer; t-ViT) [75] is employed,
following the self-attention formulation of Vaswani et al. [49]. Each frame
is divided into non-overlapping patches of size p × p, flattened, and linearly
projected into patch embeddings. Spatial and temporal positional encodings
are added to maintain order continuity, and the resulting sequence of tokens
is processed by the transformer encoder. The model outputs a predicted
property vector ŷt and a hierarchy of attention matrices {A(l)} that represent
the distribution of attention across spatial–temporal tokens at each layer l.
The training objective minimizes a scale-weighted mean absolute error,

L =
1

N

N∑
t=1

J∑
j=1

λj

∣∣∣ŷ(j)
t − y

(j)
t

∣∣∣ ,
where λj rescales the property components according to their dynamic range,
ensuring balanced optimization.

Because the attention mechanism operates on discrete patches, the native
attention maps A(l) are of coarse spatial resolution (M/p) × (M/p). To
reconstruct a continuous, high-resolution representation suitable for phys-
ical interpretation, we employ an ensemble accumulation strategy that
integrates model outputs across varying patch scales and shifted sampling
positions. Multiple t-ViT models are trained independently using patch
sizes p ∈ {5, 7, 11, 13}, capturing structural features across multiple spatial
scales—from fine-grained local defects to extended deformation fronts. In
addition, each input frame is subjected to controlled spatial translations of
±k pixels prior to tokenization. Because these translations alter the positions
of patch boundaries, they effectively generate sub-patch offsets, allowing
the ensemble of attention maps to interpolate finer structural details. The
resulting ensemble of attention fields, {A(p,k)

t }, is first upsampled via bicubic
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interpolation to the original resolution (M ×M) and then averaged element-
wise across scales and translations:

At =
1

Np,k

∑
p,k

A
(p,k)
t .

This accumulation procedure is equivalent to a Monte Carlo sampling over
patch configurations, progressively reconstructing a high-resolution attention
map that expresses the spatial continuity of structural relevance. Physically,
At thus represents the model’s empirical estimate of where and when local
structural variations statistically condition the evolution of measured proper-
ties. These attention maps do not reveal direct causality but instead quantify
the relative importance of structural regions whose variations collectively
determine the system’s macroscopic response [75,110,111].

To aggregate relevance across the hierarchical transformer layers, the
attention roll-out method [76] is applied, recursively propagating layer-wise
attention through residual connections:

R(L) = A(L)(I + A(L−1)) · · · (I + A(1)),

yielding the cumulative relevance R(L), which captures the total flow of
attention from input tokens to the output prediction. The resulting attention
field At = R(L) therefore visualizes how local structural configurations coop-
eratively modulate property evolution over time—a statistical reconstruction
of change accumulation under correlation constraint.

4.1.2.2 Deriving structural patterns in attention-highlighted re-
gions

The second stage translates the attention fields into physically inter-
pretable descriptors that characterize the organization of structure underly-
ing the inferred changes. Each attention field At serves as a statistical map
of relevance but lacks direct physical meaning. To uncover the structural
regularities that give rise to these patterns—periodicity, orientation, and
coherence—we analyze the fused attention–image data in reciprocal space,
where ordered organization manifests naturally as localized spectral energy
distributions [112–114].

Since attention is learned in the model’s latent representation space, its
numerical values alone cannot be directly mapped to physical morphology.
The first step therefore fuses the attention field with the corresponding
experimental image to retain the original structural context:

Ãt = σ(At), σ(x) =
1

1 + e−x
, (4.2)
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Jt = It � Ãt. (4.3)

This fusion process weights the original image by its learned relevance,
creating an attention-emphasized image Jt in which the spatial regions
most influential to property evolution are locally enhanced. Physically,
this operation integrates model-derived statistical evidence with observable
morphology, ensuring that subsequent analysis refers to actual structural
configurations rather than abstract attention values. The result may be
viewed as a selective observation, retaining the experimentally resolved
organization where correlation constraints are most pronounced.

Attention weighting introduces gradual intensity gradients that reflect the
model’s statistical confidence rather than true physical features. Likewise,
illumination inhomogeneity or global contrast variations in the experimental
images may dominate low-frequency spectral content, masking the subtle
organization within high-frequency structural textures. To isolate the intrin-
sic organization, we estimate and remove the low-frequency component in
Fourier space [115]:

JLP
t = F−1(HLP �F{Jt}) , J∆

t = Jt − JLP
t , (4.4)

where F and F−1 are forward and inverse Fourier transforms, and HLP is a
circular low-pass mask that preserves the lowest 1–2% of the spectral radius.
This filtering removes global variations while retaining the localized frequency
content that encodes structural organization. The resulting J∆

t represents
a flattened contrast field emphasizing textural periodicities and directional
patterns that arise from the internal constraints of the system.

The filtered image J∆
t is then transformed into the amplitude spectrum,

M̃t =
∣∣F{J∆

t }
∣∣, (4.5)

which reveals the distribution of spatial frequencies associated with repeating
motifs or aligned features. Representing M̃t in polar coordinates (r, θ)
enables quantification of orientation-dependent coherence using the variance-
to-mean ratio statistic:

pt(θi) =
Var
(
{M̃t(r, θi)}r

)
Mean

(
{M̃t(r, θi)}r

) , θi ∈ [0, π). (4.6)

The resulting vector pt = [pt(θ0), . . . , pt(θnθ−1)]> captures angular coherence,
indicating whether the highlighted regions exhibit preferred alignments or
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isotropic disorder. Peaks in pt correspond to dominant orientations, while
broad isotropic profiles signify uncorrelated or amorphous configurations.

Because the physical system may exhibit transient or overlapping modes
of organization, the profiles {pt} are compared across time to identify
recurring organizational regimes. Pairwise dissimilarities are computed using
Dynamic Time Warping (DTW) [116], which accommodates small angular
offsets or symmetry-related shifts. Hierarchical clustering [46] is applied to
the DTW matrix, and the optimal number of clusters is determined by
silhouette analysis [117]. The clustered profiles summarize representative
modes of structural organization emphasized by attention, each correspond-
ing to a distinct type of correlation constraint that governs the system’s
evolution [17,111].

This two-stage process establishes a coherent pathway from predictive
modeling to inquiry-oriented interpretation. The first stage constructs
attention fields that represent how localized structural variations across space
and time are selectively associated with the measured response, providing
a relevance-weighted representation of the observations. The second stage
analyzes the organization of these attention-derived representations to artic-
ulate dynamic behavior, revealing how structurally relevant variations are
arranged, persist, and recur as the system evolves. Through this design,
attention functions as an analytical bridge between model-learned relevance
and interpretable structure–property relations, enabling systematic exami-
nation of how heterogeneous structural organization gives rise to observable
material behavior.

4.1.3 Experimental Settings

To evaluate the attention-based object-inquiry framework under ex-
perimental conditions that differ in physical determinacy and structural
complexity, two representative systems were examined: deformation of gold
nanocontacts (Au–NCs) and wet rubber–surface contact under sliding. These
systems span a spectrum of material behavior, from nanoscale deformation
governed by crystallographic regularity to macroscale interfacial dynamics
shaped by fluid-mediated, heterogeneous interactions. This progression en-
ables systematic assessment of how attention-based representations organize
relations between structural observations and measured properties across
regimes with increasing interpretive uncertainty.

The Au–NC system provides a setting in which structural evolution is
partially constrained by known crystallographic symmetries. Deformation
mechanisms such as slip, twinning, and necking occur within an ordered
lattice framework, allowing localized structural variation to be interpreted
against established physical regularities. In contrast, wet sliding involves a

73



CHAPTER 4. ATTENTION-BASED INQUIRY FRAMEWORK OF
MATERIAL DYNAMICS 74

highly disordered interface in which viscoelastic compliance, surface micro-
texture, and fluctuating water films jointly influence the emergent contact
patterns. Structural organization in this regime is transient and spatially
heterogeneous, lacking a fixed geometric reference. By considering both
systems, the framework is evaluated on its ability to expose relations between
localized structural variation and material response under markedly different
organizational conditions.

Despite these differences, both datasets satisfy the essential requirements
for attention-based object inquiry: time-resolved image sequences capturing
structural evolution under external driving, synchronized with quantitative
measurements of material response. These paired modalities enable exam-
ination of how distributed structural components contribute unevenly to
observed behavior. Tables 4.1 and 4.2 summarize the principal dataset
characteristics, including experiment counts, spatial resolution, acquisition
rates, and the properties recorded for each system.

In the wet-contact system, high-speed optical imaging at 5000 Hz was
synchronized with force-sensor measurements of the friction coefficient µ and
slip rate S acquired at 1000 Hz. Each image sequence captures the transient
evolution of the rubber–surface interface, where localized contact patches
alternate between frictional engagement and fluid-supported lift. Within the
object-inquiry framework, attention-based modeling is used to organize these
observations by highlighting spatial regions and temporal intervals whose
variations are most strongly associated with changes in µ and S. Analysis
of the resulting attention-weighted representations focuses on how relevance
is distributed and structured across the interface, revealing patterns such as
directional streaking, hydrodynamic channeling, and transient clustering of
microcontacts.

In the Au–NC system, structural evolution during elongation and com-
pression was recorded using in situ transmission electron microscopy (TEM)
at 30 Hz, synchronized with simultaneous conductance (G) and stiffness
(k) measurements at 2.4 kHz. The image sequences encode the progression
of atomic-scale rearrangements, including bond stretching, lattice slip, and
neck thinning, that collectively influence electronic and mechanical response.
Attention-based representations are constructed to organize relations be-
tween localized atomic domains and the measured properties, enabling
examination of how crystallographic orientation, defect distribution, and
structural coherence contribute to variations in G and k.

On this basis, the attention-based framework is evaluated according to
two complementary criteria aligned with the stages of object inquiry:

Evaluating representational effectiveness. This criterion assesses
whether the spatiotemporal attention model reliably captures the measured
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Table 4.1: Measured properties and acquisition rates for the two datasets.
Case
Study

Dataset
Measured
Properties

Measuring
Rate

1
Au-NC

deformation
Stiffness k

Conductance G
2.4 kHz

2
Wet rubber–surface

contact
Slipping rate S

Friction coefficient µ
100 Hz

Table 4.2: Experimental and imaging specifications for the two datasets.
Case
Study

# Experiments # Images
Image

Size (px)
Imaging

Rate
1 5 2,118 385 × 385 30 Hz
2 84 644,585 550 × 550 500 Hz

property evolution and whether the resulting attention distributions mean-
ingfully organize the structural observations. Effectiveness is reflected not
only in predictive agreement with experimental measurements, but also in the
model’s ability to concentrate relevance on structurally meaningful regions
rather than diffuse or incidental patterns. This evaluation addresses whether
the representation successfully encodes relations between localized structural
variation and aggregated material response.

Evaluating behavioral articulation. This criterion examines whether
analysis of attention-weighted representations reveals coherent patterns that
articulate material behavior. In the wet-contact system, this includes iden-
tification of persistent orientation textures or recurrent spatial organizations
within an otherwise fluctuating interface. In the Au–NC system, it involves
recovery of lattice-aligned regions, defect-mediated anisotropy, or periodic
structural organization consistent with known deformation modes. Successful
behavioral articulation is indicated when attention-organized relations among
observations can be interpreted in terms of physically meaningful structural
organization.

Together, these criteria ensure that the attention-based framework is eval-
uated not merely as a predictive model, but as a representational mechanism
for object inquiry. The first criterion establishes whether observations are ef-
fectively organized into relevance-weighted representations, while the second
examines whether dynamic behavior can be articulated from the relations
embedded within those representations. In this manner, predictive learning
and interpretive analysis are integrated as successive stages of inquiry into
structure–property behavior under complex experimental conditions.
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4.2 Case Study I: Gold Nanocontact Deforma-

tion

Gold nanocontacts (Au–NCs) provide a natural foundation for introduc-
ing the attentive–inference framework because they constitute a physically
constrained regime in which the governing mechanisms are partially under-
stood and strongly shaped by crystalline geometry. Nano-contacts of this
type arise routinely in scanning probe techniques such as scanning tunneling
microscopy [118] and atomic force microscopy [119], where a metallic probe
forms an atomic-scale junction with a surface. During elongation or compres-
sion, atoms within the constricted region reorganize through bond stretching,
slip activation, lattice rotation, stacking-fault formation, and occasional
twinning [120–122]. These events directly modulate electrical conductance
and mechanical stiffness, two quantities widely used to characterize nano-
contact behavior [26,55,123–125].

Despite extensive prior study, interpretation of nano-contact deforma-
tion still relies heavily on indirect or temporally sparse evidence. Con-
ductance–elongation curves, for example, are typically interpreted through
plateau structures that only coarsely encode the underlying atomistic rear-
rangements, while stiffness fluctuations are inferred as signatures of slip or
bond transition events without direct visualization of the evolving geome-
try. In practice, these structural changes are highly localized: the dom-
inant transformations occur within the narrow nano-contact region where
atomic coordination is lowest, whereas the adjacent surficial regions—the
tapered lattice segments leading toward the constriction—encode orientation-
dependent signatures of slip direction, bond reorganization, and incipient
defect formation. These regions act as intrinsic geometric references that
reflect the constraints imposed by the crystal lattice.

Within this well-defined mechanical and crystallographic environment,
the Au–NC system serves as the first validation setting for the attention-
based object-inquiry framework. The combination of in situ TEM im-
age sequences and synchronized electromechanical measurements provides a
regime in which relations between localized structural variation and measured
response are partially understood, offering a meaningful reference for evalu-
ation. In this context, attention-based representations are used to organize
spatial and temporal regions of the nanocontact according to their relevance
to changes in conductance and stiffness, highlighting structurally significant
domains such as surface-adjacent regions, slip-aligned planes, or zones of
coherent lattice rotation. Because the lattice structure supplies a stable
geometric baseline, relevance patterns exposed by attention can be directly
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interpreted in terms of known deformation behavior. This makes the Au–NC
case an essential foundation for assessing how attention-based representations
articulate structure–property relations before extending the framework to
systems with greater structural disorder and reduced physical regularity.

4.2.1 Modeling Spatiotemporal Attention

The Au–NC dataset provides a nanoscale test bed in which deformation
is governed by atomic rearrangements, slip, and surface-mediated structural
evolution—processes known to imprint directly on mechanical stiffness and
electrical conductance [120–122]. Five complete approach–separation exper-
iments were conducted to form and deform gold nanocontacts (Au–NCs),
yielding time-resolved TEM image sequences synchronized with electrome-
chanical measurements. Gold tips of 10 µm diameter were prepared by
electrochemical etching and mounted on a piezo-actuated length-extension
resonator, enabling controlled formation of a junction between tapered
bases [26]. During each experiment, stiffness k and conductance G were
sampled at 2.4 kHz using a four-probe configuration, while in-situ TEM
images It were acquired at 30 Hz with a JEOL JEM-2000VF instrument
operated at 200 kV under high vacuum (< 2×10−6 Pa). Temporal alignment
was ensured by pairing each image with averaged electromechanical values
computed over a sliding window of 80 samples. The complete dataset
consisted of slightly over 2,000 frames, including 2,024 images containing
formed nanocontacts and 94 frames depicting isolated tips, each associated
with synchronized structural–property tuples.

Direct use of raw TEM frames is hindered by nonstationary back-
ground fluctuations, intensity drift, and low-contrast boundaries that obscure
deformation-relevant regions [123, 124]. To isolate the metallic areas and
suppress background dynamics, a U-Net [126] with a ResNet34 encoder [127]
pretrained on ImageNet [128] was fine-tuned on 67 manually annotated
frames. In comparison with a non-pretrained U-Net and Otsu threshold-
ing [129], the pretrained model achieved the highest segmentation fidelity
(IoU = 0.975 ± 0.014), accurately delineating the neck region where lattice
contrast is subtle but physically critical (Figure 4.2). Segmented images were
cropped to 385 × 385 pixels, standardized in scale, and augmented through
four rotations (0◦, 90◦, 180◦, 270◦) and dense temporal sampling (stride 1),
yielding 8,016 training sequences from 2,004 originals.

Each augmented sequence of Tw = 5 consecutive frames was used to
train a spatiotemporal Vision Transformer (t-ViT), tasked with predicting
ŷt = [k̂t, Ĝt] averaged across respective values of the frames (see more details
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Figure 4.2: Comparison of TEM image segmentation obtained with pre-
trained and U-net model, non-pretrained U-net model, and Otsu Binarization
method.

in Appendix B.1). Model optimization minimized a scale-balanced `1 loss,

L =
1

N

N∑
t=1

(
λk|k̂t − kt|+ λG|Ĝt −Gt|

)
, (4.7)

where λk and λG normalize stiffness and conductance to comparable numeri-
cal scales. In this dataset, the two properties share similar value ranges, and
therefore λk = λG = 1 was used to maintain balanced contributions during
training without additional rescaling. To capture multi-scale structural
cues—from lattice fringes to mesoscale neck curvature—an ensemble was
constructed across patch sizes p ∈ {5, 7, 11, 13}. Training each variant on
a single NVIDIA A100 GPU required 3–7 hours with memory usage of
3–20 GB.

Inference robustness was examined using a perturbed testing set gen-
erated by controlled spatial translations (20–40 pixels along eight compass
directions) and minor temporal distortions that replicate realistic acquisition
irregularities. This procedure produced 48,096 testing instances [26], all
evaluated under identical conditions across patch sizes. Ensemble predictions
were computed by averaging across crops and model variants, achieving
R2 = 0.97 and MAE = 5.96 N/m for stiffness, and R2 = 0.99 and MAE
= 3.18 G0 for conductance (Figure 4.3, Table 4.3). These results confirm
stable generalization across nanoscale configurations not observed during
training.

The primary goal of this case study is to determine whether the model-
derived attention fields At encode meaningful information about Au-NC
deformation guiding respective response in stiffness and conductance. In the
Au–NC geometry, two physically active zones dominate the electromechan-
ical response: (i) the nanocontact region, where the cross-section narrows
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Figure 4.3: Training and validating curve of t-ViT models trained with Au-
NC TEM images decomposed into 5×5, 7×7, 11×11, and 13×13 patches .
(a) Training and (b) validating errors (MAE) of estimating stiffness k (N/m)
and conductance G (G0). (c) Training and (d) validating accuracy (R2 score)
of estimating stiffness k (N/m) and conductance G (G0).

Table 4.3: Prediction accuracy of t-ViT models with different patch sizes
p ∈ {5, 7, 11, 13} evaluated on the testing dataset derived from the Au–NC
deformation dataset, predicting stiffness k (N/m) and conductance G (G0)

Patches (p× p) R2 (k / G) MAE (k / G)

5 × 5 0.95 / 0.96 8.27 / 5.72
7 × 7 0.97 / 0.99 5.83 / 3.15

11 × 11 0.97 / 0.99 5.99 / 2.99
13 × 13 0.97 / 0.99 6.00 / 2.34

Ensemble 0.97 / 0.99 5.96 / 3.18

and stresses concentrate, and (ii) the surficial regions comprising atomic
terraces, steps, and low-coordination sites that accommodate slip, migration,
and lattice rotation [26,54,130,131]. These regions regulate how deformation
unfolds—through neck thinning, surface diffusion, or discrete rearrangement
events—and thus impose recognizable constraints on the observed stiffness
and conductance signals [132, 133]. If the learned representation accurately
reflects this physics, high attention magnitudes should align with these
specific geometric zones.

To assess this alignment, the metallic boundary C and constriction axis
L were extracted from each segmented frame. Two distance fields were
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Figure 4.4: Comparison between predicted and observed values of stiffness
and conductance using the t-ViT models trained with different decomposition
of Au-NC TEM images. (a-d) Images are decomposed into: (a) 5×5 patches,
(b) 7× 7 patches, (c) 11× 11 patches, (d) 13× 13 patches.

computed for each pixel (x, y) within the metallic region:

dcons(x, y) = ‖(x, y)− ΠL(x, y)‖2, (4.8a)

dsurf(x, y) = min
(x′,y′)∈C

‖(x, y)− (x′, y′)‖2, (4.8b)

where ΠL(x, y) denotes orthogonal projection onto the constriction axis.
Random pixel samples were binned by attention magnitude, and interval-
averaged distances were computed. Both dcons and dsurf decrease monotoni-
cally with increasing attention (Figure 4.5a), indicating that the model pref-
erentially highlights the regions closest to the neck and surfaces—consistent
with known sites of stress localization, atomic mobility, and conductance
sensitivity [26,124].

Together, these observations indicate that the attention fields recover
physically meaningful structural deformation of Au-NCs: structural rear-
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Figure 4.5: Evaluations of the deep-learning models used for processing
pipeline. (a) Spatial correlation between the model-derived attention and
geometric proximity to the constriction and surface. (b) Representative
examples of model-derived attention maps overlaid on TEM images.

rangements originate at the neck and adjacent surfaces, their evolution
controls both stiffness and conductance, and the model learns to assign
relevance in accordance with these physically grounded mechanisms. The
recovered spatial distributions thus provide a reliable basis for subsequent
extraction of persistent orientation and deformation patterns, examined in
the next subsection.

4.2.2 Interpreting Attentive Patterns

Having established that attention consistently concentrates on the con-
striction and surface terraces—the nanoscale regions most strongly associated
with variations in stiffness and conductance—we now analyze how dynamic
deformation behavior is expressed through the organization of these regions.
In the Au–NC system, atomic rearrangements induced by external loading
manifest as characteristic patterns of lattice reorientation rather than arbi-
trary fluctuations. Attention-based representations expose relations among
these localized structural variations by highlighting regions whose orientation
content and persistence co-vary with the measured response. By examining
angular distributions, spatial localization, and temporal stability within
the attentive regions, lattice reorientation behavior is articulated directly
from the observed structural characteristics. This analysis therefore links
measurable deformation behavior to relations implied by attention-weighted
observations, providing a concrete basis for interpreting nanoscale mechanical
response.

To extract these patterns, each of the five TEM sequences was segmented
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into overlapping windows of 50 consecutive frames (stride 10), producing
multiple partially independent samples along each deformation trajectory.
For every frame within a window, the attention-weighted image Jt = It �
σ(At) was transformed into a Fourier amplitude map M̃t(r, θ), from which
an angular coherence profile was computed,

pt(θi) =
Var
(
{M̃t(r, θi)}r

)
Mean

(
{M̃t(r, θi)}r

) , θi ∈ [0, π), (4.9)

quantifying directional persistence of lattice contrast. Averaging these
profiles within each temporal window suppresses frame-specific fluctuations
while emphasizing orientations that remain active throughout the interval.
Pairwise dynamic time warping dissimilarities between the window-averaged
profiles were then embedded with t-SNE, and hierarchical clustering iden-
tified two distinct categories of attentive organization (silhouette coefficient
0.68), indicating that the deformation process expresses two recurrent and
clearly separable structural modes.

Figure 4.6c shows representative angular profiles extracted from the
attention-weighted structural representations. Group 1 exhibits a single
dominant peak near 50◦, indicating a persistent lattice orientation maintained
throughout the deformation interval. This narrow and coherent peak indi-
cates that deformation proceeds predominantly through one crystallographic
shear pathway, consistent with single-system slip in face-centered cubic
metals [54, 122,130]. In this regime, atomic planes glide cooperatively along
a crystallographically compatible direction, resulting in minimal geometric
incompatibility within the nanocontact. The sustained concentration of
attention along a single orientation reflects that structural variation con-
tributing to the measured response remains organized around one dominant
deformation mode throughout the loading process.

Group 2, in contrast, displays multiple peaks spanning a wide angular
range (−50◦ to 50◦), indicating that several lattice orientations appear and
persist within the observation window. This broadened angular spectrum sig-
nals the participation of multiple deformation modes, such as activation of ad-
ditional shear pathways or the emergence of twin-related domains, which are
characteristic of nanoscale plasticity under geometric confinement [123,131].
As the constriction narrows and continued single-system glide becomes
unfavorable, the lattice reorganizes through cross-slip, local rotation, or
twinning. These processes introduce intersecting domains and reoriented
fringes, giving rise to a diverse set of angular signatures. Correspondingly,
attention becomes distributed across multiple orientations, reflecting how
deformation activity reorganizes spatially and crystallographically as the
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Figure 4.6: Categorization of lattice-oriented attentive patterns during Au–
NC deformation. (a) t-SNE embedding of window-averaged angular profiles,
with color indicating cluster assignment. (b) Dendrogram from hierarchical
clustering applied to DTW dissimilarities. (c) Representative angular profiles
for the two identified groups, expressed in real-space orientation α (converted
from reciprocal-space angle θ). (d) Distributions of stiffness-to-conductance
ratios (k/G) associated with windows in each group, illustrating systematic
mechanical differences between the two deformation modes.

nanocontact adapts to the evolving geometric constraint.

These structural modes correlate directly with mechanical response (Fig-
ure 4.6d). Group 1, dominated by a single coherent orientation, exhibits sys-
tematically lower stiffness-to-conductance ratios (k/G), consistent with facile
shear along a compatible slip system. Group 2, with its multi-orientation
distributions, correlates with higher k/G, indicating increased rigidity when
the lattice must accommodate deformation through constrained, intersecting
mechanisms. This contrast illustrates how the attentive inference pipeline
reveals not only where deformation occurs but how the underlying constraints
shape atomic reorganization and, consequently, the observed electromechan-
ical evolution.

To visualize these modes directly, Figure 4.7 presents representative
image sequences from each group, showing the original TEM frames, their
high-pass filtered versions, and attention-weighted overlays (see details of
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Figure 4.7: Representative deformation sequences for the two attentive-
pattern groups. For each example, the original TEM frame, its high-pass
counterpart, and the attention-filtered image are shown.

pattern filtering process in Appendix B.2). In Group 1, lattice fringes remain
aligned across the constriction, producing uniform, elongated domains. In
Group 2, the attentive regions highlight intersecting sets of fringes, rotated
domains, and localized reorientation events–the structural signatures of
twin-like or multi-slip accommodation. These visual differences reinforce
the interpretation that the inferred constraints correspond to the lattice’s
available deformation pathways under nanoscale confinement.

In summary, analysis of the Au–NC system reveals two recurring forms of
deformation organization articulated through attention-weighted structural
representations. Group 1 corresponds to a mode dominated by single-system
slip, in which lattice evolution proceeds along a crystallographically compat-
ible pathway and structural variation remains narrowly organized. Group 2
corresponds to a mode in which geometric confinement and evolving contact
shape promote reorganization through multiple deformation mechanisms,
including cross-slip, local rotation, or twin-like reorientation. These modes
delineate the characteristic ways in which the lattice accommodates applied
loading and manifest as distinct structural patterns most strongly associated
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with variations in conductance and stiffness. By isolating and comparing
these recurring patterns, the framework establishes a direct connection be-
tween time-resolved microscopy observations and the dominant deformation
behaviors that govern nanoscale mechanical and electronic response.

4.3 Case Study II: Wet Rubber–Surface Con-

tact

Wet rubber–surface contact under sliding represents a highly variable
and weakly constrained interfacial regime in which frictional performance
emerges from the coupled influence of viscoelastic response, microtexture,
and fluid-mediated separation. When a rubber sample slides over a water-
covered surface, a thin lubricating film forms and breaks repeatedly as water
escapes through the contact edge. This continual formation and disruption
of microcontacts produces strong fluctuations in load support, leading to
intermittent reductions in friction. The interfacial organization evolves over
sub-millisecond timescales, and the spatial structures that appear within the
contact region are transient, fragmented, and composition-dependent.

Within this study, the wet-contact system is investigated across multiple
rubber formulations that differ in viscoelastic compliance, energy dissipation
characteristics, and microstructural filler-induced texture. These compo-
sitional variations induce systematic modulation of wet-friction behavior:
compliant formulations may conform more effectively yet generate weaker
shear support, whereas stiffer or more structured formulations can stabilize
broader, more coherent wet-contact textures that contribute to higher fric-
tion under lubrication. Because these effects arise from intrinsic material
properties rather than engineered geometry, the wet-contact interface pro-
vides a direct view of how formulation-dependent mechanics shape frictional
performance.

In this context, the wet-contact system serves as the second pillar of the
attentive–inference framework, representing the macroscopic limit of inter-
pretive uncertainty. Unlike lattice-governed systems, which provide a stable
geometric reference for interpreting deformation, the wet-contact interface
lacks any fixed structural baseline. Its apparent disorder conceals transient
but functionally meaningful organization that must be inferred statistically.
The relevant structures manifest as evolving wet-contact textures—coherent
diagonal textures, fragmented traces, or bulk-like accumulations—that en-
code how the material engages the lubricated interface.

The analytical objectives in this regime therefore focus on organizing
and interpreting these textures as expressions of dynamic contact behavior.
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Localized variations in intensity and microcontact expression reflect immedi-
ate material responses to water-film breakup, viscoelastic deformation, and
surface microtexture, while recurrent orientation patterns reveal how such
variations are organized across space and time. These textures provide
observable signatures of how frictional behavior emerges from distributed
interfacial activity rather than from fixed geometric features.

By analyzing these compositionally varied, fluid-mediated contact se-
quences, this case study tests whether the attentive–inference framework
can recover physically meaningful wet-contact textures and relate them to
the frictional performance of each formulation. It embodies the framework’s
most challenging inferential setting: a system with minimal geometric de-
terminacy, strong stochastic fluctuations, and friction governed by emergent
material organization rather than fixed structural symmetry. The subsequent
analysis examines whether spatiotemporal attention can localize meaningful
interfacial changes and reveal the constraint structures that underpin wet-
friction behavior across different material formulations.

4.3.1 Modeling Spatiotemporal Attention

To examine how evolving structural configurations govern macroscopic
frictional behavior in wet rubber-surface contact, the attentive-inference
framework was applied to paired sequences of contact images and syn-
chronized property measurements. Each experiment yielded a time series
{(It,yt)}Tt=1, where It ∈ R550×550 represents the instantaneous contact im-
print, and yt = [St, µt] denotes the measured slip rate and friction coefficient.
The experiments were conducted using a laboratory tribometer equipped
with a transparent substrate, high-speed optical imaging (5000 Hz), and
integrated force and displacement sensors recording at 1000 Hz. In total, 84
independent experiments were performed across rubber compositions, uni-
formly flat samples, and hydrodynamic conditions, generating approximately
6.4× 105 frames that collectively describe the transient evolution of wetting
process [134,135].

Each raw image was cropped to 550× 550 pixels to encompass the entire
contact footprint, and sequential segments of Tw = 5 frames were used as
model inputs, capturing short-term temporal dynamics over a millisecond.
The dataset consisted of 128,916 original sequences, which were expanded
through overlapping sampling and controlled spatial translations to increase
diversity. No rotational augmentation was applied to preserve the direc-
tionality of tread and drainage features. These samples were used to train
a spatiotemporal Vision Transformer (t-ViT) ensemble, designed to map
evolving image sequences to property vectors yt = [St, µt].

Each t-ViT model divided image frames into non-overlapping patches
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Figure 4.8: Training and validating curve of t-ViT models trained with
rubber–surface contact images decomposed into 5×5, 7×7, 11×11, and
13×13 patches . (a) Training and (b) validating errors (MAE) of estimating
slipping rate (%) and friction coefficient µ. (c) Training and (d) validating
accuracy (R2 score) of slipping rate (%) and friction coefficient µ.

and jointly processed spatial and temporal embeddings to learn struc-
ture–property correlations (see details in Appendix B.1). The training
minimized a scale-weighted mean absolute error,

L =
1

N

N∑
t=1

∑
j∈{S,µ}

λj |ŷ(j)
t − y

(j)
t |, (4.10)

where λj normalizes each property by its characteristic range. Models
were trained across patch sizes p ∈ {5, 7, 11, 13} to ensure sensitivity to
both fine microcontact textures and mesoscale drainage geometries. Each
configuration was trained on a single NVIDIA A100 GPU for approximately
2–6 days, with memory requirements ranging from 3 GB to 20 GB. The
outputs of all trained models were subsequently averaged to obtain ensemble
predictions and smoothed attention fields At, reducing model-specific bias
and emphasizing scale-consistent structures.

To evaluate generalization and to refine attention resolution, a large
perturbed testing dataset was generated by spatially translating 500 × 500
crops within the 550×550 images by 50 pixels along eight compass directions.
Combined with overlapping temporal sampling, this produced ≈ 2.5 millions
test sequences that systematically covered variations in position and context.
Each model evaluated these perturbed sequences independently, and the
resulting outputs were aggregated by averaging across both spatial and patch-
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Figure 4.9: Comparison between predicted and observed values of slipping
rate and friction coefficient using the t-ViT models trained with different de-
composition of rubber–surface contact images. (a-d) Images are decomposed
into: (a) 5 × 5 patches, (b) 7 × 7 patches, (c) 11 × 11 patches, (d) 13 × 13
patches.

scale ensembles. This process yielded high-resolution, translation-invariant
attention maps that emphasize statistically consistent regions of relevance
across the interface.

The ensemble achieved strong predictive performance, with R2 = 0.98
(MAE = 1.24%) for the slip rate and R2 = 0.90 (MAE = 0.006) for the
friction coefficient (Figure 4.8 and Table 4.4). These results demonstrate
that the model effectively learned the nonlinear relationship between evolving
contact morphology and measured tribological responses. This predictive
reliability provides the foundation for interpreting attention as a meaningful
representation of structural causality—specifically, for identifying the regions
that statistically drive variations in macroscopic frictional behavior.

To assess whether the model-derived attention maps At correctly localize
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Table 4.4: Prediction accuracy of t-ViT models with different patch sizes p ∈
{5, 7, 11, 13} evaluated on the testing dataset derived from the wet rubber–
surface contact dataset, predicting slipping rate S (%) and friction coefficient
µ.

Patches (p× p) R2 (S / µ) MAE (S / µ)

5 × 5 0.98 / 0.88 1.33 / 0.007
7 × 7 0.98 / 0.89 1.29 / 0.006

11 × 11 0.98 / 0.90 1.27 / 0.006
13 × 13 0.98 / 0.92 1.26 / 0.006

Ensemble 0.98 / 0.90 1.24 / 0.006

the structural origins of the inferred changes in wet-contact sliding, we exam-
ined their correspondence with experimentally meaningful attributes of the
rubber–surface interface. Two spatial attributes were considered. The first
is the local contact intensity ρ(x, y), which reflects the degree of load transfer
and imprint strength at each point in the contact patch. The second is the
distance to the contact edge, dedge(x, y), defined as the Euclidean distance
from pixel coordinates (x, y) to the nearest boundary of the observed patch.
Under wet sliding, this boundary acts as the primary pathway through which
water escapes the interface, producing rapid film-breakup events and strong
spatiotemporal fluctuations in the adjoining region. Although drainage-
related dynamics play a role analogous to the shoulder-dominated behavior
observed in treaded systems [134,135], the mechanism here originates entirely
from geometric boundary effects in a flat sliding configuration.

As shown in Figure 4.10, the learned attention fields exhibit clear spa-
tial organization with respect to physically relevant surface characteristics.
Quantitative analysis in Figure 4.10a shows that the attention magnitude
correlates positively with ρ(x, y) and negatively with dedge(x, y). This indi-
cates that the model systematically attributes higher relevance to (i) contact-
rich interior regions that sustain shear load and (ii) boundary-adjacent
zones where water-film breakup and reattachment occur. These allocations
confirm that the attention mechanism responds simultaneously to load-
bearing microcontacts and to drainage-driven fluctuations—two processes
known to jointly shape wet-friction behavior across rubber formulations.
Representative overlays of the attention distribution on surface images are
displayed in Figure 4.10b, illustrating how regions identified by the model
align with the spatial structures associated with these mechanisms.

Together, these behaviors demonstrate that the learned attention par-
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Figure 4.10: Efficiency evaluations of the deep-learning models applied to
wet-contact images. (a) Comparison between predicted and observed values
of slip rate S and friction coefficient µ using the t-ViT model ensemble. (b)
Correlations between the model-derived attention and reference attributes
of the contact interface, including contact intensity and distance to sample
edge. (c) Representative examples of model-derived attention maps overlaid
on contact images.

titions the wet-contact interface into physically interpretable subregions
shaped by material properties: highly dynamic edge zones dominated by
drainage-driven inferred changes, and interior regions expressing coherent
wet-contact textures that act as constraint-bearing structures. This dual rep-
resentation shows that the attentive–inference framework does more than pre-
dict macroscopic tribological quantities—it resolves how material-dependent
interfacial organization regulates friction under wet sliding, translating sta-
tistical attention fields into interpretable evidence of texture stabilization and
constraint formation in lubricated rubber–surface contact.

4.3.2 Interpreting Attentive Patterns

Following the construction of attention-based representations that orga-
nize relations among localized structural variations, this section addresses
the second stage of object inquiry: articulating dynamic behavior from the
organization of those relations. To this end, the attention-weighted images
Jt = It�σ(At) are transformed into descriptors that characterize directional
organization across each experimental sequence. These descriptors capture
how interfacial regions fluctuate, reorganize, and recur as slip progresses,
revealing both short-lived structural variability and persistent orientation
tendencies over time. Wet rubber–surface contact provides a particularly
informative setting for this analysis, as its interface exhibits extensive

90



CHAPTER 4. ATTENTION-BASED INQUIRY FRAMEWORK OF
MATERIAL DYNAMICS 91

fragmentation, intermittent reattachment, and recurring drainage pathways,
producing a wide range of structural expressions that vary across time and
experiments.

For each experiment, attention-fused images were transformed into ampli-
tude spectra M̃t(r, θ) using Fourier analysis, where repeating or preferentially
aligned features give rise to angular concentrations of spectral energy. To
summarize these frequency-domain expressions, time-resolved spectra were
reduced to angular coherence profiles,

pt(θi) =
Var{M̃t(r, θi)}r

Mean{M̃t(r, θi)}r
, θi ∈ [0, π), (4.11)

which quantify the directional persistence of structural motifs emphasized by
attention. Time-averaged profiles, computed for each experiment, provide a
compact representation of how interfacial organization evolves and fluctuates
over the full sliding cycle.

To identify dominant modes of dynamic organization across formulations
and experiments, the angular coherence profiles extracted from the attention-
weighted observations were compared using Dynamic Time Warping (DTW),
embedded via t-SNE, and clustered using hierarchical linkage. The em-
bedding shown in Figure 4.11a reveals two well-separated regions, and the
linkage hierarchy in Figure 4.11b confirms a stable two-group structure with
a silhouette score of 0.51. This separation reflects systematic differences in
rubber composition and how these differences influence the organization of
the wet-contact interface under lubrication. Rather than representing dis-
crete material classes, the two groups capture recurring modes of interfacial
organization that form the basis for articulating distinct frictional behaviors.

Representative angular coherence profiles from each group are shown in
Figure 4.11c. Both groups exhibit dominant orientation components centered
near ±20◦, corresponding to diagonal structural organization commonly
associated with effective shear support in wet-contact conditions. The
distinction lies in the broader angular structure surrounding these preferred
orientations. Group 1 displays multiple strong peaks across a wide angular
range—for example, near −40◦ and across bands extending between 20◦ and
60◦. This diversity indicates dispersed directional repetition, suggesting that
interfacial forces are distributed across competing structural pathways. In
texture space, these profiles correspond to fragmented wet-contact textures,
characterized by numerous narrow features, frequent reorientation, and
rapidly reorganizing diagonal traces as the water film repeatedly breaks and
reforms.

By contrast, Group 2 exhibits fewer and lower-magnitude peaks, in-
dicating spatially broader and more coherent orientation accumulations.
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These profiles correspond to coherent wet-contact textures, in which bulk-
like features dominate and spectral repetition is muted. Such organization
reflects stabilization of coarse-scale interfacial structures, shaped jointly by
viscoelastic response and microstructural composition, and governs how load
is supported and transmitted through the lubricated interface during sliding.

The functional implications of these texture modes are reflected in the
frictional measurements. As shown in Figure 4.11d, experiments associated
with Group 1 exhibit lower peak friction coefficients µ, consistent with force
dissipation along unstable or inefficient interfacial pathways. The fragmented
textures characteristic of this group provide only intermittent load-support
channels, making the interface more susceptible to fluid-mediated separation.
In contrast, Group 2 produces more substantial increases in µ, reaching
higher peak friction values across formulations. These improvements align
with the stabilizing influence of coherent, bulk-like textures, which fur-
nish broader and more continuous pathways for shear transfer despite the
presence of lubrication. Notably, although the preferred ±20◦ orientations
resemble angular ranges sometimes used in angled-tread concepts for wet
traction [136], the present experiments involve flat rubber samples without
engineered drainage geometry. The observed orientations arise intrinsically
from the material’s viscoelastic compliance, microtexture, and composition-
dependent interfacial mechanics. Their recurrence across formulations in-
dicates a favorable mode of wet-contact organization that enhances shear
support under sliding. The contrast between fragmented textures (Group 1)
and consolidated textures (Group 2) therefore illustrates how the atten-
tive–inference framework links material-dependent orientation structures to
frictional performance, identifying the coherent wet-contact textures that act
as constraint-bearing features in the lubricated interface.

To visualize how these organizational modes manifest in real space,
representative examples from each group were processed using background
suppression and attention-based fusion (see Appendix B.2 for the filtering
procedure), as shown in Figure 4.3.2. In Group 1, the filtered images expose
intersecting, fine-scale traces that reorganize rapidly during sliding. These
fragmented wet-contact textures reflect unstable force pathways and frequent
directional switching, consistent with the numerous, narrowly spaced peaks
observed in their angular coherence profiles. By contrast, Group 2 exhibits
large, coherently aligned accumulations oriented near the dominant diagonal
directions. These bulk-like textures correspond to the broader, low-frequency
peaks in the angular spectra and indicate a more consolidated mode of in-
terfacial engagement in which load is transferred through spatially extended,
stable pathways.

The emergence of these two regimes carries clear material implications.
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Figure 4.11: Clustering attentive organizational patterns in wet rubber–
surface contact. (a) t-SNE embedding of angular coherence profiles across all
experiments. (b) Hierarchical clustering dendrogram computed from DTW
distances. (c) Representative angular coherence profiles of the two identified
groups.(d) Temporal evolutions of friction coefficient µ for experiments in
each group.

Since the rubber samples differ only in formulation, the distinct textures
produced by each group indicate that composition-dependent viscoelastic
and microstructural properties govern how wet contact organizes under
lubrication. In Group 1, the fragmented textures suggest that the formulation
dissipates forces across competing pathways, a behavior consistent with
higher compliance, greater local loss, or microtextures that do not support
sustained shear. In Group 2, the broad, coherently aligned accumulations
imply that the formulation can conform effectively to the lubricated surface
while maintaining sufficient stiffness and dissipation to preserve load-bearing
contact. These characteristics promote the formation of bulk-like regions
that carry shear more robustly and resist separation as the water film forms
and breaks.

Taken together, these observations indicate that the mechanically fa-
vorable mode of interfacial organization under wet sliding is characterized
by coherent, diagonally aligned wet-contact textures. Their ability to
stabilize broad load-transfer pathways is directly associated with higher
frictional performance across formulations. This relationship provides a
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Figure 4.12: Representative examples showing the original contact images,
high-pass filtered forms, and attention-fused overlays for sequences catego-
rized in each group.

suggestive material-side implication: formulations that naturally support
such coherently organized textures—through the interplay of viscoelastic
compliance, energy dissipation at sliding frequencies, and microstructural
surface characteristics—tend to exhibit stronger shear engagement under
lubrication. While the present analysis does not prescribe specific compound
designs, it highlights how the organization of wet-contact textures offers
an informative lens for understanding how formulation-dependent properties
relate to wet-friction performance.

4.4 Discussion

The results from both case studies demonstrate that the attention-
based object-inquiry framework provides a systematic route for articu-
lating dynamic behavior from time-resolved image sequences, even when
the underlying processes involve heterogeneous mechanisms and complex
structure–property couplings. Across the nanoscale Au–NC junction and the
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macroscale wet rubber–surface contact, attention learned through supervised
prediction consistently concentrates on structural regions known to play a
dominant role in the evolution of measured properties. This consistency
establishes attention not merely as a visualization artifact, but as a repre-
sentational mechanism through which relations between localized structural
variation and global response are organized and made accessible for analysis.

A central outcome of this work is the clarification of how dynamic
behavior can be articulated from attention-weighted representations. In
both systems, attention highlights localized structural variations that co-vary
with changes in experimentally measured properties—atomic rearrangements
within the nanocontact constriction during Au–NC deformation, and tran-
sient drainage- and microcontact-driven fluctuations near the edge of the wet-
contact interface. These regions represent the parts of the observation whose
variation is most strongly coupled to the response. Rather than treating these
variations as isolated events, the framework organizes them into structured
patterns across space and time, enabling behavior to be characterized in
terms of recurring modes of organization.

Equally important is the identification of persistent organizational ten-
dencies that recur across time, actuation conditions, and experimental re-
alizations. These tendencies appear as stable orientation patterns, spatial
coherence, or characteristic modes of structural arrangement emphasized
by attention. In the Au–NC system, they manifest as dominant crystal-
lographic deformation pathways, such as single-system slip, coherent lattice
rotation, or multi-orientation rearrangement, each associated with distinct
electromechanical responses. In the wet-contact system, they emerge as
coherent diagonal textures or bulk-like accumulations that persist despite
strong fluctuations arising from lubrication and microcontact dynamics.
These organizational modes delimit how structural variation is expressed
during evolution and provide a basis for interpreting how material behavior
unfolds under external driving.

Through this perspective, the attention-based framework supports an
interpretation of deep learning as a tool for organizing relations within
complex observations rather than merely predicting outcomes. A model
trained to associate images with measured properties must internalize how
structural components are related to one another and to the response.
Attention fields, together with their spectral and statistical characterization,
provide a direct window into this internal organization. By examining how
relevance is distributed, persists, and reorganizes, the framework enables
interpretation of how structure, dynamics, and measurement are coupled
within the data.

The two case studies highlight complementary aspects of this capabil-
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ity. The Au–NC case demonstrates sensitivity to atomic-scale organization
in a setting where crystallographic symmetry offers a clear reference for
interpreting deformation behavior. The wet-contact case illustrates how
meaningful organizational patterns can be extracted in a system lacking per-
sistent geometric reference, showing that coherent interfacial textures can be
articulated even when spatial organization appears transient or fragmented.
Together, these examples underscore the generality of the approach across
scales, material classes, and levels of structural determinacy.

More broadly, the results suggest that attention-based representations,
when embedded within an object-inquiry framework, enable data-driven
models to contribute directly to scientific understanding of dynamic phe-
nomena. By organizing observations into relevance-weighted representations
and articulating behavior from their relational structure, the framework
transforms predictive models into analytical instruments. This approach
complements traditional physical reasoning by revealing recurring organiza-
tional patterns, highlighting dominant modes of structural variation, and
suggesting pathways through which material behavior emerges from complex
observational data.

In summary, the attention-based object-inquiry framework provides a
unified methodology for studying dynamic material and interfacial systems
under dense but structurally complex observation. By leveraging attention
to expose relations between localized structural variation and measured
response, it extends deep learning beyond prediction toward systematic
articulation of dynamic behavior. This foundation opens avenues for future
integration with physics-informed modeling, simulation-based analysis, and
experimental design aimed at probing the organizational principles governing
material dynamics.
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Chapter 5

Discussions and Conclusions

Understanding dynamic behavior through data-driven modeling requires
more than reproducing observed transformations; it requires careful clari-
fication of how representations organize observations, expose relations, and
support the articulation of behavior. In revising the concluding chapter, the
emphasis is therefore shifted from interpretive or inferential claims toward a
synthesis of how representational structures function across the dissertation.
Deep learning is treated consistently as a representational environment rather
than a predictive or explanatory endpoint, and the revision aims to consoli-
date how different representational mechanisms contribute to object inquiry
without introducing new methodological claims. The purpose of this chapter
is thus refined to reflect, integrate, and contextualize the representational
logic developed throughout the thesis.

The preceding chapters developed this perspective through two com-
plementary representational realizations. Generative representations were
examined as a means of organizing sparse, time-resolved observations into
structured spaces of variation, enabling dynamic behavior to be articulated
from proximity and continuity within those spaces. Attention-based rep-
resentations were explored as a means of organizing dense observations by
relevance, exposing correlations between localized structural variation and
measured response and allowing behavior to be articulated from patterns
of relational emphasis across space and time. Together, these approaches
demonstrate how different observational regimes call for different represen-
tational emphases, while adhering to a common logic of object inquiry.

This final chapter reflects on what these developments collectively es-
tablish, the boundaries within which the current formulations operate,
and directions for extending the representational framework. The first
section, Learning-Based Representations for Object Inquiry into Material
Dynamics, synthesizes how generative and attention-based representations
support object inquiry by organizing observations and articulating behavior
through relational structure. The second section, Scope and Boundaries of
Representation-Based Object Inquiry, examines the conceptual and practical
limits encountered in the present implementations, including the alignment
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between representation geometry and physical dynamics and the temporal
scope over which behavior can be articulated. The final section, Future Direc-
tions for Extending Representations for Object-Inquiry, outlines prospective
developments aimed at richer representations of temporal organization, in-
tegration with physical structure, and broader applicability across dynamic
systems.

Rather than serving as a summary of prior results, this chapter positions
the dissertation within a broader perspective on representation-based scien-
tific inquiry. It clarifies how learning-based representations can function as
analytical instruments for organizing complex observations and articulating
dynamic behavior, and it situates the object-inquiry framework as a dis-
ciplined approach for engaging with complexity in contemporary materials
research and beyond.

5.1 Learning-Based Representations for Ob-

ject Inquiry into Material Dynamics

This dissertation approaches the study of material dynamics through
an object-inquiry perspective, framing the problem as one of organizing
observations into representations that expose relations from which dynamic
behavior can be articulated. Within this perspective, deep learning is
treated not as a predictive mechanism or explanatory surrogate, but as
a representational environment capable of structuring variation, relevance,
and relational organization in complex data. This orientation also reflects
a broader methodological difficulty in scientific inquiry: meaningful repre-
sentations are required to organize observations and reveal relations that
characterize physical behavior, yet constructing such representations often
presupposes prior understanding of the phenomena under investigation. The
representational strategies developed in this dissertation may therefore be
viewed as providing a practical warm-start for inquiry in settings where such
understanding remains incomplete. By learning representations directly from
observational data, deep-learning models enable provisional organization of
complex variability, allowing relations among observations to be examined
even before comprehensive theoretical descriptions of the underlying pro-
cesses are established. Within this framework, two distinct yet conceptu-
ally aligned modeling realizations—generative representations and attention-
based representations—are developed not as competing methodologies, but
as complementary means of examining how different representational struc-
tures organize observations and support the articulation of behavior in
dynamic physical systems.
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The generative representation framework operates at the level of or-
ganizing continuity and variation across configurations. By training deep
generative models on static or sparsely sampled observations and examining
their latent spaces through controlled sampling, this framework reveals how
observed configurations are arranged according to similarity, proximity, and
gradual variation. The resulting latent structures—smooth interpolations,
directional spreads, and localized morphological adjustments—do not assert
mechanistic explanations of physical change. Rather, they express how the
model organizes possible configurations consistent with the observed data,
enabling dynamic behavior to be articulated from relationships encoded
in the geometry of the representation space. In this sense, generative
representations provide a means of examining how short-range variation and
continuity are structured across time-resolved material observations, offering
an exploratory view of how possible configurations may evolve within the
limits of the observed data distribution.

The attention-based representation framework, by contrast, operates at
the level of relational emphasis within dense observational data. Transformer-
based architectures compute attention fields that encode correlations among
decomposed elements of the input, such as spatial regions or temporal
segments. When applied to dynamic imaging data, these attention fields or-
ganize observations according to their relevance to measured responses, pro-
ducing spatial and temporal patterns that highlight structurally significant
regions. The resulting organizations—localized concentration along inter-
faces, distributed emphasis across deforming zones, or persistent orientation-
aligned regions—do not reconstruct temporal transitions. Instead, they
articulate how relations among localized variations are structured within the
representation, enabling dynamic behavior to be examined through patterns
of relevance and correlation across observations.

Viewed together, the two representational frameworks demonstrate that
object inquiry does not rely on a single representational form, but can
be realized through multiple modes of organization shaped by model ar-
chitecture, representational capacity, and the nature of the observational
data. Generative models articulate behavior through continuity and variation
embedded in latent spaces, while attention-based models articulate behavior
through relational weighting distributed across structural components. Both
approaches adhere to the same inquiry logic: observations are organized into
representations, relations are exposed through representational structure,
and dynamic behavior is articulated from these relations. Their differences
lie not in conceptual orientation, but in the kinds of organizational structures
they make available—continuous manifolds in one case, relevance-weighted
relational fields in the other.
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Through this integrated perspective, deep learning emerges as a flexible
representational environment for object inquiry into material dynamics.
Rather than resolving the representation–understanding paradox inherent
in scientific investigation, the approaches developed here demonstrate how
learning-based representations can help navigate it by enabling representa-
tions and interpretations to co-evolve as inquiry progresses. By examining
how representations organize observations and encode relations, the disser-
tation illustrates how learned models can serve as exploratory instruments
for advancing understanding of dynamic material systems beyond what is
directly visible in individual observations. The comparison between genera-
tive and attention-based representations further clarifies that learning-based
models support multiple, compatible modes of inquiry, each offering a distinct
lens on how material behavior unfolds across time, scale, and experimental
context.

5.2 Scope and Boundaries of Representation-

Based Object Inquiry

The representation-based formulation developed in this dissertation po-
sitions deep learning models as environments for organizing observations,
exposing relations, and articulating dynamic behavior in material systems.
While the generative and attention-based frameworks examined here provide
concrete realizations of how such organization can be achieved, several
conceptual and methodological boundaries remain. These boundaries do not
reflect shortcomings in the empirical demonstrations presented, but rather
delineate the scope within which the current representational approach has
been developed and the points at which further theoretical and methodolog-
ical refinement would be required.

A first boundary concerns the relationship between the geometry of
learned representation spaces and the characteristics of the underlying phys-
ical dynamics. Different modeling architectures produce representations
with distinct organizational properties: some emphasize smooth, continuous
variation, others admit fragmented or highly anisotropic structure; some
distribute variation across many dimensions, while others concentrate it along
a small number of dominant axes. Physical systems, in turn, exhibit diverse
modes of dynamic behavior, ranging from localized diffusion to extended in-
terfacial propagation and mechanically driven deformation. The present work
demonstrates how representational organization can meaningfully articulate
short-range variation and relational structure in several concrete systems.
However, the validity of these representations is typically established only in
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regions of latent space that are well supported by observed data. Outside such
regions, particularly in high-dimensional representations where extrapolated
configurations may arise, there is generally no guarantee that the relations
encoded in the representation correspond to physically meaningful states of
the material system. In this sense, the meaningfulness of representation
geometry may remain localized around observed configurations, while more
distant regions of the latent space may admit mathematically plausible but
physically invalid arrangements. Developing a principled account of how
architectural bias, data composition, observational modality, and physical
processes jointly constrain the geometry of representation spaces remains an
open challenge. The absence of such a unifying account marks a conceptual
boundary of the present study: while representational organization can be
interpreted meaningfully within each examined setting, its broader alignment
with classes of physical dynamics across high-dimensional representation
spaces is not yet established.

A related boundary concerns the interpretability and physical grounding
of relational structures identified by attention-based models. Transformer
architectures organize observations through attention fields that encode
correlations among decomposed elements of the input. These correlations
highlight regions or components of observations that contribute strongly to
measured responses, enabling localized patterns of structural relevance to
be identified. However, the mechanisms by which attention weights are
formed and propagated across layers remain largely opaque. As a result,
although attention patterns may correlate with physically significant regions
or structural changes, they do not in themselves guarantee that the identified
relations correspond to physically meaningful mechanisms. The relational
structures produced by attention-based models therefore provide suggestive
but not definitive evidence regarding the physical processes governing the
observed behavior. Bridging this gap between representational relevance and
physical interpretability remains an important methodological challenge.

A second boundary concerns the temporal scope over which dynamic
behavior is articulated. The object-inquiry framework itself is not inherently
limited to short temporal ranges; in principle, behavior may be organized
and examined across extended trajectories, hierarchical temporal scales,
or cumulative structural evolution. The implementations explored in this
dissertation, however, focus on foundational settings in which behavior can
be articulated through short-range variation in generative representations or
localized relevance patterns in attention-based representations. This focus
reflects a deliberate prioritization of clarity over generality, establishing how
behavior emerges from representational organization in its simplest forms
before addressing more complex temporal dependencies. As a result, the
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current modeling schemes do not explicitly encode long-range temporal struc-
ture, multi-step accumulation, or hierarchical temporal organization. Ex-
tending the framework to address such phenomena would require additional
representational mechanisms designed to preserve and organize temporal
dependencies across longer horizons.

Together, these boundaries identify the present limits of representation-
based object inquiry as developed in this dissertation. They clarify where
the current formulations are intentionally restricted and where future work
is needed to broaden the scope of representational alignment with physical
dynamics, interpretability, and temporal organization. By making these
boundaries explicit, the discussion situates the present contributions as
foundational steps toward a more comprehensive framework for articulating
dynamic behavior from complex observational data.

5.3 Future Directions for Extending Repre-

sentations for Object Inquiry

The representation-based perspective developed in this dissertation sug-
gests a broader trajectory in which the study of dynamic physical systems
is increasingly grounded in how computational models organize observations
and expose relations among them. From the standpoint of object inquiry,
the central requirement for future representational approaches is not ad-
herence to a specific model class, but the ability to encode relations in
forms that can be interpreted and examined. Whether realized through
deep learning or other representation-learning paradigms, representations
that support object inquiry must make relational structure explicit enough
to articulate dynamic behavior from complex observations. The present
work has demonstrated how generative and attention-based representations
can provide an effective warm-start for such inquiry, enabling provisional
organization of observational variability in settings where prior knowledge of
the governing mechanisms remains incomplete. By structuring observations
into latent environments where relations become examinable, learning-based
models allow understanding to begin emerging even before fully grounded
physical descriptions are available.

A natural continuation of this trajectory lies in reintegrating the knowl-
edge extracted from learned representations back into the modeling pro-
cess itself. As relations revealed by generative and attention-based repre-
sentations are interpreted and associated with physical mechanisms, this
knowledge may guide the construction of improved representations through
physically informed initialization, architectural constraints, or hybrid mod-
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eling strategies. In this sense, the role of deep learning representations
evolves from exploratory organization toward knowledge-informed modeling,
where representation spaces are shaped not only by observational data but
also by accumulated scientific understanding. Such integration may allow
future models to preserve the flexibility of data-driven representation learning
while progressively embedding the structural principles governing the systems
under investigation.

A related direction concerns the construction of representation spaces
whose geometry more faithfully reflects physically meaningful variation.
As discussed in the previous section, learned representations may organize
observations coherently in regions corresponding to observed material states,
yet the validity of relations across the entire high-dimensional representation
space cannot be assumed. Future work may therefore focus on developing
representation-learning approaches in which physically admissible configu-
rations, conservation relations, or structural constraints are incorporated
directly into the representation construction process. Rather than treating
latent spaces as purely statistical embeddings, such approaches would aim to
ensure that trajectories through representation space correspond more closely
to physically realizable states and transformations.

Another important direction concerns the representation of temporal
organization. While the present work focuses on short-range variation and
localized relational emphasis, future representations for object inquiry may
encode evolution at the level of trajectories rather than isolated observations
or short segments. Representation-learning models that organize sequences
as continuous paths in a structured space—rather than as collections of
frames—would enable behavior to be articulated from how trajectories un-
fold, branch, or recur. Importantly, this does not require explicit prediction
of future states, but rather representations that preserve temporal relations
in a way that supports interpretive examination. Such models would differ
from conventional sequence-generation approaches by prioritizing relational
coherence and interpretability over perceptual realism.

Beyond deep generative and attention-based models, a wide range of
representation-learning approaches may contribute to object inquiry, pro-
vided they expose interpretable relations among observations. Metric learn-
ing, contrastive representation learning, manifold learning, and graph-based
representations all offer mechanisms for organizing similarity, dependence, or
interaction structure in ways that may be amenable to inquiry. Future work
may also explore hybrid or domain-adapted representations that integrate
physical priors, experimental context, or multi-modal observations while
maintaining interpretability of the resulting relations. In particular, improv-
ing the interpretability of attention-based representations—so that relations
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highlighted by attention mechanisms can be more directly associated with
physical interactions—remains an important methodological goal.

More broadly, the extension of object-inquiry representations invites
reflection on how computational representations relate to scientific reasoning
itself. By emphasizing the organization of observations and the articulation
of behavior from relational structure, the framework aligns with longstand-
ing practices in science in which understanding emerges from identifying
patterns, regularities, and modes of organization rather than from direct
reconstruction of underlying mechanisms. As representation-learning models
continue to evolve, they may increasingly serve as environments in which
such organizational structures can be explored systematically. In this sense,
the future development of representations for object inquiry is not limited to
materials research, but contributes to a wider effort to integrate data-driven
modeling with interpretive scientific practices.
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Appendix A

Supplementary Materials of Gen-
erative Framework

A.1 PG-GAN Architecture Specifications
To model the distribution of material configurations across datasets with

varying resolution and dimensionality, we employed a Progressive Growing
GAN (PG-GAN) architecture, following the WGAN-GP formulation. The
PG-GAN approach enables stable training by incrementally expanding both
the generator and discriminator networks, starting from low-resolution repre-
sentations and growing toward the target resolution. Each progressive stage
introduces additional layers: the generator performs upsampling followed
by 3 × 3 convolutions, while the discriminator applies 3 × 3 convolutions
followed by average pooling for downsampling. This symmetric design
ensures consistency in feature hierarchy across network depths.

Our implementation customized the number of convolutional filters at
each resolution stage to accommodate the complexity of the target datasets.
For two-dimensional data such as the tantalum test chart and gold nanopar-
ticle diffusion, higher filter counts were assigned at coarser levels to capture
global structural trends, with a gradual reduction as the resolution increased.
For three-dimensional data—specifically, the aging brass clump dataset—this
reduction was omitted; a consistently high filter count was retained across
stages due to the increased representational demands and limited number of
progressive stages feasible for small-volume inputs.

Latent vectors were sampled from a standard Gaussian distribution
N (0, I) with a fixed dimensionality d = 32 for all datasets. Supplementary
Table A.1 summarizes the generator configuration in terms of convolutional
layers and filter counts, which are mirrored in the discriminator design.

Training followed the Wasserstein GAN loss with gradient penalty (λ =
10.0), ensuring Lipschitz continuity. Optimization used the Adam optimizer
with learning rate 0.001, β1 = 0.0, β2 = 0.99, and ε = 10−8. All convolutional
layers were followed by LeakyReLU activations with negative slope 0.2.

The progressive training strategy advanced through resolution stages,
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Table A.1: Architecture configuration for progressive growing GAN model

Dataset # Conv # Filters

Ta test chart 7 (512, 512, 512, 512, 256, 128, 64)
NP diffusion 6 (256, 256, 256, 256, 128, 64)

Aging brass clumps 3 (256, 256, 256)

Table A.2: Training configuration of progressive training strategy for GAN
model

Dataset # Epochs # Batch size

Ta test chart (32, 16, 16, 16, 16, 32, 64) (32, 32, 32, 32, 32, 16, 8)
NP diffusion (32, 16, 16, 16, 32, 64) (16, 16, 16, 16, 8, 4)

Aging brass clumps (16, 8, 16, 32) (8, 8, 4, 2)

each associated with a fixed number of epochs. For example, the tanta-
lum dataset was trained over seven stages with decreasing epoch counts
in intermediate layers and increased epochs at both extremes to stabilize
feature learning. Batch sizes were adjusted per stage to balance GPU
memory constraints and training stability, particularly in the 3D case where
volumetric scaling imposed stricter memory limits. The full configuration of
training epochs and batch sizes across datasets is provided in Supplementary
Table A.2.

A.2 Standardization of Sampling Margin

Following GAN model training, we evaluated whether proximity in the
latent space corresponds to physical similarity between material states. How-
ever, the interpretation of proximity in high-dimensional latent spaces is in-
herently nontrivial. In such spaces, the concept of distance can become unin-
tuitive due to phenomena related to the ”concentration of measure” [137,138].
As dimensionality increases, Euclidean distances between randomly sampled
points tend to concentrate around a narrow range, diminishing the contrast
between ”near” and ”far.” Consequently, a fixed perturbation magnitude
(e.g., γ) does not have an interpretable or consistent effect across latent
spaces of different dimensions.

To mitigate this ambiguity and permit a controlled exploration of latent
space, we introduced a standardized notion of sampling margin. The latent
space is modeled as a d-dimensional isotropic Gaussian N (0, I) with d =
32. Around any reference point xi, perturbed samples xi,j are generated
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via additive noise vectors εj, each drawn component-wise from a uniform
distribution U[−γ,γ]. To assess the effective scale of perturbation, we compute
the empirical average Euclidean distance between perturbed and original
vectors, denoted E[‖xi − xi,j‖].

To make this measure more interpretable across dimensionalities, we
normalize the displacement by the number of latent dimensions:

Sampling Margin per Dimension =
E[‖xi − xi,j‖]

d
(A.1)

This value provides a dimension-agnostic metric that approximates the
average displacement applied to each latent coordinate. It offers a stan-
dardized interpretation of perturbation intensity, facilitating direct compar-
isons across latent spaces and aiding in the calibration of local sampling
procedures. In particular, this is critical for Monte Carlo-based trajectory
generation, where controlled perturbations must preserve local coherence
while enabling exploration. Throughout the experiments, both raw γ values
and normalized margins were reported to ensure interpretability, robustness,
and reproducibility of the inferred transformations.
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Supplementary Materials of At-
tentive Framework

B.1 Transformer-ViT Model Architecture and

Training Process
The correlation between temporal image sequences and physical measure-

ments was modeled using an adapted TimeSformer architecture (t-ViT) [75],
which was modified for regression from grayscale microscopy data. Each
input sample consisted of Tw = 5 consecutive grayscale frames. Images were
first decomposed into non-overlapping spatial patches and linearly projected
into a 240-dimensional feature space. To capture multiscale spatial structure,
four decomposition scales were used: 5×5, 7×7, 11×11, and 13×13 patches
per image.

The model employed divided space-time attention, whereby spatial atten-
tion is computed independently within each image and temporal attention is
applied across matching patch positions over time. Each transformer block
includes a feed-forward MLP with hidden dimension 960 (four times the
embedding size), GELU activation, residual connections, and LayerNorm
with ε = 10−6. The class token output is mapped through a linear head to
two regression targets.

In the Au–NC deformation task, the model predicted stiffness (k̂) and
conductance (Ĝ). Input frames were cropped to 385× 385 pixels; to satisfy
patch divisibility for 13×13 decomposition, zero-padding extended the size to
390×390 pixels. Padding was used selectively to preserve original resolution
and avoid interpolation effects. Because the Au–NC is distinctly segmented
from the background, padding introduced negligible representational bias.

For tire hydroplaning, the model predicted slip rate (Ŝ) and friction
coefficient (µ̂). Contact images were cropped to 500× 500 pixels and resized
according to patch configuration: 275 × 275 for 5 × 5, 280 × 280 for 7 × 7,
275 × 275 for 11 × 11, and 286 × 286 for 13 × 13. Unlike the Au–NC task,
padding was avoided in favor of direct resizing to prevent edge artifacts,
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which could distort attention weights in complex textured domains.
Training sought both accurate regression performance and stable atten-

tion map formation. All models were trained for 200 epochs using the Adam
optimizer (β1 = 0.9, β2 = 0.999, ε = 10−8) with a weight decay of 10−4 [139].
Learning rates were set to 10−3 for 5× 5 patches and 5× 10−4 for all others.
The Au–NC dataset used a batch size of 64; the hydroplaning dataset used
16 due to its larger image scale and volume.

GPU memory consumption ranged from 2.68 GB for 5 × 5 to 20.20 GB
for 13 × 13 models. For the Au–NC case, training times ranged from 2.5
to 7 hours, depending on patch size; for hydroplaning, training ranged from
2 to 6 days per model. Inference time per instance (five-frame sequence)
ranged from 0.6–1.4 seconds for Au–NC and 2.5–5.6 seconds for hydroplaning,
depending on input size and model configuration.

B.2 Pattern Filtering and Fusion
To extract spatial orientations emphasized by attention profiles, a Fourier-

based filtering approach was applied and fused with the original images. This
technique preserved structural fidelity while accentuating the orientations
identified as significant by the attention mechanism.

For each attention group g, we defined a group-level descriptor by
averaging the angular profiles of all members:

p̄g =
1

Ng

Ng∑
j=1

pj, (B.1)

where Ng is the number of samples in group g. The descriptor p̄g thus
captures dominant orientations consistently emphasized across the group.

Given an image Ik(x, y) corresponding to group g, its Fourier representa-
tion in polar coordinates (r, θ) is:

F [Ik](r, θ) = M̃k(r, θ)e
iΦk(r,θ), (B.2)

with M̃k and Φk representing amplitude and phase, respectively. Orientation-
specific filtering was performed by reweighting the amplitude using the group
descriptor:

M̃g,k(r, θ) = p̄g(θ)M̃k(r, θ), (B.3)

Fg,k(r, θ) = M̃g,k(r, θ)e
iΦk(r,θ). (B.4)

The filtered image in spatial domain is obtained by inverse transform:

Ig,k(x, y) = F−1 [Fg,k(r, θ)] . (B.5)
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This result was normalized using a sigmoid function:

Wg,k(x, y) =
1

1 + exp[−k(Ig,k(x, y)− x0)]
, (B.6)

where x0 is the mean of Ig,k and k is scaled relative to its variance. This adap-
tive normalization enhances contrast between emphasized and suppressed
regions.

The final filtered image is computed via element-wise multiplication:

Ifiltered
g,k (x, y) = Ik(x, y)�Wg,k(x, y), (B.7)

where Ifiltered
g,k reveals patterns highlighted by the group descriptor while

retaining base image fidelity.
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