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ABSTRACT

The 2024 Physics and Chemistry Nobel Prizes to machine learning (ML) and artificial
intelligence (AI) breakthroughs marked “Year 1 of AI for Science”, underscoring their
transformative role in physical sciences. Yet data are not the same as understanding—a
distinction central to chemistry, which has long relied on concepts such as bond, aromatic-
ity, and reactivity as scaffolds for understanding and explanation. Building on our recent
perspectives (ACS Phys. Chem. Au 2024, 4, 135–142; J. Chem. Theory Compt. 2025,
DOI: 10.1021/acs.jctc.5c01299), this article explores how ML/AI can become engines
of chemical understanding. We introduce a quintet of chemical knowledge—ontology,
epistemology, theory, concept, and understanding—and develop the metaphors of the
Knowledge Tree and Knowledge Forest to show how diverse epistemologies interact and
recursively enrich one another. Case studies on aromaticity, catalysis, orbital-free den-
sity functional theory, and protein folding illustrate how ML features, when interpreted
as conceptual roots, yield fruits of understanding. Contrasting multiscale modeling with
hierarchical modeling, we argue that ML enables emergent, concept-driven integration
across levels. Cultivating this plural and hierarchical ecosystem may guide theoretical
chemistry toward its next breakthroughs, resolving Dirac’s dilemma not by brute force
but by forests of concepts that transform data into enduring understanding.

1 INTRODUCTION

The year 2024 will likely be remembered as ”Year 1 of AI for Science”. In the same week, the Nobel Prize
in Physics recognized John J. Hopfield and Geoffrey Hinton for pioneering artificial neural networks [1; 2],
while the Nobel Prize in Chemistry honored Demis Hassabis and John Jumper for AlphaFold [3], along-
side David Baker for computational protein design [4; 5]. These awards marked a turning point: machine
learning (ML) and artificial intelligence (AI) are no longer peripheral accelerators of computation but cen-
tral epistemic partners in scientific discovery [6; 7]. Yet it is important to note that the chemistry prize was
awarded for solving a 50-year challenge in protein structure prediction—mapping one-dimensional amino
acid sequences to three-dimensional protein folds [8]—not for cultivating chemical understanding per se
[9; 10].

This distinction matters. Numerical data, however accurate, are not the same as understanding. Dirac’s
dilemma [11] reminds us that even though the fundamental laws governing chemistry are known, solving
the underlying equations—or bypassing them with data-driven shortcuts—does not automatically yield
conceptual insight [12]. Chemistry has always thrived on concepts: bonds [13; 14; 15], aromaticity
[16; 17; 18], acidity [19; 20; 21], reactivity [22; 23; 24], and countless others that mediate between abstract
theory and empirical phenomena [25; 26; 27]. These concepts are not merely linguistic conveniences; they
are the scaffolding of explanation, generalization, and transferability [28; 29; 30; 31]. The central question
of this perspective, therefore, is how ML and AI can help us not only predict outcomes but also harness
and extend chemical understanding [32; 33].

To address this question, we must revisit the foundations of chemical knowledge. Chemistry lies between
physics and biology: while physics emphasizes fundamental quantities such as potential energy and angu-
lar momentum, and biology highlights functionality and selectivity, chemistry focuses on how structural
changes govern reactivity. This intermediate position gives the discipline its distinction. To bridge the
abstract physical equation of quantum mechanics with practical chemical insight, we rely on theoretical
frameworks such as Valence Bond Theory (VBT) [34], Molecular Orbital Theory (MOT) [35], and Den-
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sity Functional Theory (DFT) [36; 37; 38; 39]. These theories transform the Schrödinger equation into
numerical outputs that can be interpreted in chemical terms, giving rise to concepts such as frontier or-
bitals [40; 41], chemical bonds [13; 14; 15], aromatic ring currents [42], and catalytic cycles [43]. Such
constructions are not merely computational artifacts; they provide explanatory power, predictive capability,
and transferability across diverse systems. Thus, chemical understanding depends less on performing large
computations than on mastering these conceptual tools and applying them to interpret, explain, and predict.

Against this backdrop, the rise of ML and AI presents both a challenge and an opportunity. On the one
hand, ML excels at pattern recognition and data generation, often surpassing traditional theories but without
offering clear conceptual interpretation. On the other hand, its internal workings—as high-dimensional dy-
namical systems characterized by coarse-graining, emergence, and hierarchy—can themselves be examined
through the lens of physics. This perspective opens the door to viewing ML not only as a data-generating
tool but also as a concept-discovery engine, capable of uncovering new descriptors, regularities, and prin-
ciples that expand chemical ontology, deepen chemical epistemology, and ultimately advance chemical
understanding.

This perspective explores that possibility in a structured way. We begin with a philosophical framework
that links ontology, epistemology, theory, concept, and understanding. Building on our earlier work [44;
45; 46; 47; 48; 49; 50], we then introduce the “Knowledge Tree” of traditional theoretical chemistry and
contrast it with the “Knowledge Forest” that defines the ML/AI era. To ground this transition, we examine
the physics of ML models as an epistemological foundation, focusing on coarse-graining, order parameters,
emergence, and hierarchy. From there, we propose a general scheme for harnessing chemical understanding
with ML and AI, illustrated by case studies on aromaticity [16; 17; 18], catalysis [44; 45], orbital-free
density functional theory [51; 52; 53; 54; 55; 56; 57], and protein folding [3; 4; 5]. We next compare
multiscale and hierarchical modeling to show how ML enables concept-driven integration across different
levels. Finally, in the Outlook, we return to the Knowledge Forest metaphor, considering how cultivating
this plural ecosystem may guide us toward its next breakthroughs where data generation and chemical
understanding are intertwined, and ML/AI becomes a genuine concept-discovery engine.

2 QUINTET OF CHEMICAL KNOWLEDGE

Chemical understanding rests on more than calculations or data. We think in terms of entities, rules, and
explanations, and these operate at multiple levels. Earlier frameworks often emphasized a triad of ontology
(what) [58], epistemology (how) [59], and understanding (why) [60]. While powerful, this what-how-why
triad is incomplete: it omits the systematic role of theories and the indispensable scaffolding of concepts.
To capture the full dynamics of chemical knowledge, we must recognize a quintet of interdependent com-
ponents—ontology, epistemology, theory, concept, and understanding—as illustrated in Figure 1a.

Ontology addresses what exists. In chemistry, this includes atoms, molecules, bonds, functional groups,
and electron densities that span the vast chemical space of all possible compounds. With the rise of ML,
ontological scope now extends to data structures such as features and embeddings, which serve as carriers
of information. Epistemology concerns how we know, encompassing experimental tools, computational
methods, and representational practices. For much of the twentieth century, the Schrödinger equation of
quantum mechanics provided the primary channel from ontology to knowledge. Theory supplies the struc-
tured frameworks that make epistemology effective: VBT [34], MOT [35], and DFT [36; 37; 38; 39]
each translate quantum principles into computational data. Concepts as portable and heuristic constructs
are the essential scaffolding of chemical reasoning. Bonds, aromaticity, and acidity are not mere labels but
indispensable constructs that mediate between theory and practice, enabling explanation, generalization,
and transferability. Understanding is the culmination of this sequence, where we can answer why—why
molecules adopt certain structures, why reactions follow one pathway over another, and why broad princi-
ples unify disparate observations.

Within the quintet, concepts occupy a privileged role. They are neither reducible to ontology nor fully
determined by epistemology but emerge from the interplay between the two. As the base of chemical
reasoning, concepts enable both explanation and transferability. A bond, though not directly measurable,
distills stability and connectivity from spectra and wavefunctions. Aromaticity, while not tied to a single
observable, unifies magnetic, energetic, and structural criteria into a coherent principle. Acidity and basicity
link simple experimental measures to theoretical descriptors of electronic structure. In this sense, concepts
are the working currency of chemistry: without them, prediction and understanding would be impossible.
Figure 1a highlights this dual framing by placing concepts at the foundation, underscoring their central role.
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Figure 1: (a) The quintet structure of chemical knowledge. Reproduced with permission from Reference
[61]. Copyright 2025, American Chemical Society. (b) The knowledge tree of theoretical chemistry in the
20th century. (c) Knowledge forest of theoretical chemistry in the 21st century. (b) and (c) created by AI.

The quintet is not static but dynamic and recursive. Concepts emerge from ontology yet are reshaped
by theory and data. Theories evolve as epistemological frameworks shift. Understanding, in turn, feeds
back—refining concepts and inspiring new formulations. This recursive interplay has sustained chemistry
for centuries. Aromaticity offers a vivid example: ontology provides π-electrons; epistemology draws on
molecular orbital theory; theory codifies Hückel’s 4n + 2 rule [16]; concepts such as resonance and ring
current scaffold reasoning; and understanding arises in recognizing stabilization across benzene, annulenes,
and organometallic clusters. Each element of the quintet is indispensable, and their continual circulation
fuels the growth of chemical knowledge.

3 KNOWLEDGE TREE: TRADITIONAL THEORETICAL CHEMISTRY

The knowledge tree metaphor provides a natural way to capture the intrinsic relationships depicted in Fig-
ure 1a and to portray the growth of theoretical chemistry across the past century. As shown in Figure 1b, its
roots sink into the soil of ontology—the chemical space itself—drawing nourishment from the fundamental
building blocks of electrons, nuclei, atoms, and molecules. From these primitives arise concepts such as
orbitals, bonds, resonance, hybridization, aromaticity, acidity, and reactivity, which serve as scaffolds for
organizing phenomena. These concepts anchor the tree, stabilizing its growth from the ontological ground
of chemical space.

The trunk of the knowledge tree represents epistemology. In twentieth-century theoretical chemistry, this
was defined above all by quantum mechanics. The Schrödinger equation provided the central channel
linking ontological elements to chemical understanding. In Figure 1b, the trunk rises from concepts into
the higher reaches of the tree, symbolizing how quantum mechanics served as the backbone of the field. It
transformed the raw soil of ontology into structured knowledge, ensuring that chemical descriptions were
not merely heuristic but systematically grounded in first principles.

From this quantum trunk grew the major branches of theoretical chemistry. As shown in Figure 1b, these
branches represent theories and models, corresponding to frameworks and their operational implementa-
tions. VBT, MOT, and DFT are distinct branches extending from the same epistemological channel, each
carrying conceptual insights upward in its own direction. Along these branches sprouted the leaves of
computation and, ultimately, the fruits of understanding.

VBT [62; 63; 64] emphasized localized bonding, rooted in atomic orbital overlap, and introduced resonance
and hybridization as tools to rationalize molecular stability and geometry. MOT, by contrast, highlighted
delocalization, combining atomic orbitals into molecular orbitals that spanned entire molecules. It provided
natural explanations for magnetism, conjugation, and spectroscopy, giving rise to models such as Hückel
and Hartree–Fock methods [65; 66; 67; 68; 69]. DFT added a third perspective by shifting attention from
orbitals to electron density as the fundamental variable. In the Kohn–Sham scheme [36; 37], it blended
orbital language with density functionals, creating not only a powerful computational framework but also
a family of density-based reactivity descriptors, such as electronegativity, hardness, electrophilicity, and
more, that reshaped the conceptual foundations of chemical reactivity theory [70; 71; 72; 73; 74; 75].

3



165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219

Under review as a conference paper at ICAIS 2025

Together, these branches established the architecture of twentieth-century theoretical chemistry and defined
the pathways through which chemical concepts were connected to theory and computation.

In Figure 1b, the canopy of the tree represents computational data, symbolized by the leaves. As digital
computation advanced, theories and models yielded quantitative predictions of energies, structures, and
properties. These leaves broadened the tree’s reach by linking theoretical frameworks to experimental ob-
servables. Yet the abundance of data brought a familiar challenge: numbers by themselves do not constitute
understanding. To become meaningful, they had to be digested back into the conceptual frameworks of
chemistry.

When this happened, the tree bore fruit. In Figure 1b, these fruits symbolize understanding, the ultimate aim
of theoretical chemistry. From VBT came the rationalization of why benzene is more stable than Kekulé
structures suggest, or why methane adopts tetrahedral geometry. From MOT came the recognition of oxy-
gen’s paramagnetism, the rules governing UV–visible transitions, and the stability patterns of aromatic and
antiaromatic systems. From DFT came broad insights into reactivity and catalysis, enabled by descriptors
that connected density distributions to chemical behavior. These fruits account for why molecules behave
as they do.

The knowledge tree of traditional theoretical chemistry was unified in its trunk but diverse in its branches.
The Schrödinger equation provided a common epistemological stem, ensuring that all frameworks remained
rooted in quantum mechanics. From this foundation, VBT, MOT, and DFT extended outward, each with its
own emphasis and style of explanation, yet all part of the same arboreal structure. However, this unity
also imposed a constraint: because every branch arose from the same stem, the tree remained mono-
lithic. Twentieth-century theoretical chemistry was remarkably fertile, yet its abundant fruit grew from
the same tree. Recognizing this limitation sets the stage for the transition to the knowledge forest, where
new trunks—classical mechanics, statistical mechanics, and machine learning—stand alongside or even
mix together with quantum mechanics to cultivate a more plural and interactive ecology of understanding.

4 KNOWLEDGE FOREST: THE ML/AI ERA

In the twentieth century, theoretical chemistry grew as a single knowledge tree, with quantum mechanics
as its trunk and VBT, MOT, and DFT as its main branches. By the twenty-first century, however, this
solitary tree has given way to a forest, where multiple epistemological trunks coexist, interact, and enrich
one another. The shift is profound: from monism to pluralism, from a single pathway to understanding
toward an ecology of interwoven frameworks.

Figure 1c illustrates the new metaphor of the knowledge forest. The large tree in the foreground repre-
sents the traditional quantum-mechanical trunk, whose branches—VBT, MOT, and DFT—yielded abun-
dant leaves of computation and fruits of understanding. In the background, however, other trees have begun
to take root in the same ontological soil. These younger but rapidly growing trees symbolize alternative
epistemologies—classical mechanics, statistical mechanics, multiscale modeling, machine learning, and
quantum computer (not a subject of discussion in this work though)—each developing its own branches,
leaves, and fruits. Together, they create a forest where diverse modes of inquiry not only coexist but also
interact, enriching one another.

The defining feature of the knowledge forest is the presence of multiple trunks, each representing a distinct
epistemological channel. Quantum mechanics remains central, but it is no longer alone. Classical mechan-
ics, through molecular mechanics and dynamics, captures large-scale conformational behavior. Statistical
mechanics grounds thermodynamics, linking microscopic states to macroscopic observables. Multiscale
modeling bridges levels of description, as in QM/MM methods [76; 77] that combine enzymic reactions
with protein-scale environments. Most recently, machine learning has emerged as a genuinely new trunk,
rooted not in physical postulates but in data-driven representation learning. Its ontology is data—structures,
densities, spectra, sequences; its epistemology is the learning principle; its “theories” are model architec-
tures. ML produces predictions as leaves, but its fruits are new principles, discovered when latent features
or embeddings are interpreted as concepts. AlphaFold’s breakthrough in protein structure prediction illus-
trates how this trunk can bear a fundamentally different harvest. Together, these trunks grow from the same
ontological soil, but channel it differently. The forest metaphor emphasizes that there is no longer a single
epistemological authority—theoretical chemistry in the ML/AI era thrives on pluralism.

A forest, however, is more than separate trees—it is an ecosystem. Trunks, branches, and canopies overlap,
exchanging data and concepts. ML accelerates DFT by suggesting new functionals; statistical mechanics
provides ensembles from which ML extracts reduced representations; classical simulations generate data
for ML-based potentials. Conversely, ML enriches multiscale frameworks by coupling across levels of
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resolution. Such cross-pollination produces hybrid fruits impossible from any single trunk. Understanding
in this environment is recursive: insights from one framework enrich and reshape others.

In this plural setting, chemical concepts evolve and become more dynamic. In the tree era, meanings of
bonds, resonance, and aromaticity were relatively stable, each tied to branches of the quantum trunk. In
the forest era, ML generates new descriptors from latent variables that capture reactivity or embeddings
that reveal structural families. Multiscale modeling creates hierarchical concepts linking molecular events
to macroscopic behavior. The fruits of understanding are now a diverse harvest, reflecting plural origins.
As Figure 1c illustrates, fruits may also fall to the ground, enriching the soil so that established concepts
can be renewed, and new ones can take root. This recursive cycle—where understanding feeds back into
concept formation—ensures that the forest does not merely expand but continually regenerates. Yet leaves
of data do not automatically ripen into fruits of understanding. Interpretation and conceptual clarity are
more crucial than ever. Like a real forest, the knowledge forest must be cultivated if its fruits are to be
nourishing.

The transition from a solitary tree to a forest marks a profound shift in the epistemological landscape of
theoretical chemistry. Twentieth-century understanding was rooted in a single trunk—quantum mechanics.
Today, multiple trunks coexist and interact, producing a richer and more resilient ecosystem. Figure 1c
captures this vividly: the quantum tree remains dominant but is now surrounded by others, forming a flour-
ishing forest. This pluralism opens new opportunities, but also new responsibilities: predictive power must
be balanced by interpretability. The forest must be managed so that its fruits remain fruits of understand-
ing, not just numbers. This sets the stage for the next question: how to ground these new epistemologies,
especially machine learning, in the physics of models.

5 MATHEMATICAL AND PHYSICAL FOUNDATIONS OF ML MODELS

The knowledge forest of the ML/AI era can flourish only if its new trunks are firmly rooted. In Figure 1c,
ML appeared alongside classical mechanics and multiscale modeling, but unlike those physically grounded
traditions, it requires special clarification of its epistemological standing. To some, ML appears as an
opaque black box. Yet beneath the surface it rests on solid mathematical and physical foundations, and it can
be connected to the same epistemological moves that shaped the knowledge tree of traditional theoretical
chemistry.

Mathematical foundations. Four milestones illustrate this grounding. The universal approximation theorem
shows that neural networks can approximate any continuous function, granting them a generality compara-
ble to functional forms long used in chemistry. Geoffrey Hinton’s work on deep learning emphasized hier-
archical representation: stacking nonlinear layers allows progressively abstract features to emerge, echoing
how physics builds effective theories across scales. Equally essential is the backpropagation algorithm,
which applies the chain rule in reverse to compute gradients efficiently, turning learning into a process
akin to gradient descent on an energy landscape. Most recently, Kolmogorov–Arnold Networks (KANs)
[78; 79; 80] have extended this foundation by replacing scalar weights with learnable univariate functions,
often parameterized by splines. Inspired by the Kolmogorov–Arnold representation theorem, KANs offer
more compact approximations, improved scaling behavior, and enhanced interpretability, making them at-
tractive for scientific applications. A particularly encouraging example is that the latent features that KAN
learns from fitting observational data already correspond to physical concepts, e.g., kinetic energy and po-
tential energy only from learning to predict the Lagrangian, and the concept of domain wall in learning
the geodesics of Schwarzschild black hole [80]. Together, these results provide expressivity, hierarchical
structure, trainability, and functional flexibility—positioning ML as a legitimate epistemological trunk, on
par with the Schrödinger equation as a generative channel for knowledge.

Features as epistemological roots. At their core, ML models extract features and latent variables, which can
be viewed both as order parameters and as basis sets. As order parameters, they compress complexity into
collective descriptors, much like frontier orbitals summarize reactivity or electron density anchors DFT.
As basis sets, they expand the representational capacity, just as Gaussian-type functions span molecular
orbitals or atomic functions build the total wavefunction. In the tree metaphor, features thus represent epis-
temological roots in two ways: channeling nutrients upward by distilling essential patterns and spreading
outward by providing scaffolds for approximation. In both roles, they nourish the branches, leaves, and
ultimately the fruits of understanding, making them central to concept formation in the ML era.

Coarse-graining, emergence, and hierarchy. ML models inherently perform coarse-graining: convolu-
tional networks compress local patterns, graph networks pool atomic environments, and transformers cap-
ture global interactions. Through these reductions, new variables emerge—much as aromaticity arises
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from π-electron delocalization—that can serve as conceptual roots and eventually mature into fruits of
understanding. This process resembles self-organization, where complex systems spontaneously develop
ordered structures, and parallels the renormalization group in physics, which systematically integrates out
microscopic details to reveal effective variables at larger scales. It also recalls the ubiquity of scale-free
networks, where a few highly connected nodes (hubs) dominate the architecture—much as key features or
latent variables in ML can organize and control vast flows of information. Hierarchy is equally central:
physics builds successive levels from electrons to molecules to phases, while ML constructs layers from
raw embeddings to abstract representations. These analogies suggest that ML does not stand apart from
chemistry’s reasoning traditions but echoes their deepest patterns of abstraction.

Duality and representability. A deeper unity links physical principles and machine-learning formalisms.
Many learning dynamics can be expressed as variational processes, governed by loss functionals that play
roles analogous to energy minimization in physics: gradient descent mirrors relaxation toward equilibrium;
diffusion models parallel stochastic dynamics; and generative networks resemble Hamiltonian flows in
latent phase space. Conversely, physical systems can often be recast as learnable mappings, where the
governing equations define implicit networks that transform inputs to observables. This duality underscores
a shared epistemic logic—both physics and ML acquire knowledge through optimization of a principle.
Within this view, the foundational theorems of density functional theory provide a compelling analogy. If a
set of learned features suffices to determine the ground-state electron density, then by the Hohenberg–Kohn
correspondence those features, collectively, contain all information about the system’s properties. In that
sense, ML representations may serve as generalized densities: epistemological sufficient variables from
which energies, response functions, and chemical concepts alike can be derived.

Interpretability and concept discovery. For fruits of understanding to grow, ML outputs (leaves) must be
metabolized into conceptual roots through interpretation. Physics reminds us that order parameters matter
only when intelligible; similarly, ML features gain significance only when they connect to chemical reason-
ing. These features can act both as order parameters, compressing complexity into collective descriptors (as
frontier orbitals or electron density do in chemistry), and as basis sets, expanding representational capac-
ity much like Gaussian functions span molecular orbitals. When interpreted through tools such as attention
maps, latent-space probing, or alignment with chemical descriptors, these features become channels through
which raw predictions are transformed into explanatory insight. More recently, development of structured
representation learning ignited new opportunities of discovering concepts using ML. Attractive examples
are demonstrated by causal representation learning which enables the identification of fundamental con-
cepts defining object classes from possibly spuriously correlated data [81; 82], and physics-structured
representation learning which composes the concept of Reynolds number in fitting fluid systems [83]. In
this way, ML is not merely a predictive tool but a concept discovery engine, capable of generating new
descriptors in aromaticity, reactivity, or protein folding. Combined with its mathematical guarantees of
universal approximation, its hierarchical architecture, and its efficient learning dynamics, ML is anchored
firmly in mathematics and physics. It is therefore not a free-floating black box but a valid epistemological
trunk in the knowledge forest—one that connects data back to ontology, cultivates new conceptual roots,
and ultimately bears fruits of understanding.

6 HARNESSING CHEMICAL UNDERSTANDING WITH ML/AI
The preceding sections established ML/AI as a legitimate trunk in the knowledge forest, grounded in math-
ematics and physics through expressivity, hierarchy, optimization, and coarse-graining. The natural next
step is to ask how this trunk can be cultivated not just for leaves of data generation but for fruits of under-
standing. By understanding we mean compact, transferable principles that explain why: why structures are
stable, why reactivity follows certain pathways, and why descriptors unify apparently disparate phenomena.

The path from data to understanding follows a recursive cycle already familiar from theoretical chemistry:
ontological variables such as structures, densities, or spectra are transformed into representations and fea-
tures that act as epistemological roots; training with physical constraints and symmetry ensures alignment
with chemical reasoning; and interpretation of latent variables and learned descriptors allows data to be me-
tabolized into concepts. When these concepts are fed back into practice, they refine the soil of theoretical
chemistry, seeding new growth in the forest.

In what follows, we illustrate this process through four case studies. Aromaticity shows how ML can re-
cover and unify classical descriptors across Hückel, Baird, and Möbius regimes. Catalysis demonstrates
how learned features reproduce scaling relations and volcano trends, yielding electronic descriptors that
rationalize reactivity and selectivity. Orbital-Free DFT highlights how density-based learning can generate
both interpretable functionals and reactivity indices. Protein folding showcases how high-dimensional fea-
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tures condense into mesoscopic rules and structural motifs [84; 85]. Together, these examples show how
ML/AI, properly interpreted, can act as a concept discovery engine—bearing fruits of understanding that
enrich the forest of chemical knowledge.

6.1 AROMATICITY: DISCOVERING UNIFYING DESCRIPTORS

Aromaticity has long been a paradigmatic chemical concept [86; 87; 88; 89; 90] but it remains multifaceted
and contested. Hückel’s rule in ground states, Baird aromaticity in excited states, and Möbius systems each
emphasize different criteria through electron count, topology, and spin state. Traditional descriptors such as
NICS [86; 87], FLU [88] and HOMA [89] capture important aspects, yet they remain fragmented, often
tied to specific observables or theoretical traditions for different systems. The challenge has always been to
reconcile these disparate measures into a more unified conceptual framework.

ML provides a new vantage point. By training on thousands of molecules, models can generate leaves
of data that classify or rank aromaticity with accuracy surpassing traditional rules. More importantly,
their latent features—when treated as epistemological roots—often align with deeper variables such as
normalized energy densities or information-theoretic measures. In this sense, features extracted by ML
can act like order parameters, condensing complexity into a small set of descriptors that capture aromatic
and antiaromatic tendencies across different regimes. At the same time, these features function as basis
sets, expanding representations into higher-dimensional spaces where delocalization patterns become more
transparent. Both roles nourish the growth of new conceptual fruit.

This process also echoes broader physical phenomena. ML’s coarse-graining of electronic structure in
theoretical chemistry parallels how physicists use the renormalization group to derive effective variables at
larger scales, while the recurrent patterns of aromatic stabilization across molecules recall the structure of
scale-free networks, where a few key variables dominate system behavior. Embeddings that separate Hückel
from Baird and Möbius systems suggest the existence of a continuous order parameter unifying them, much
as magnetization or density serves across different physical phases. What once appeared as disjoint rules
may be revealed, through ML, as different projections of a single underlying organizing principle.

The fruits of understanding here are not the raw ML predictions themselves, but the recognition of aro-
maticity as a spectrum of emergent electronic order, rather than a set of isolated categories. When such
fruits fall back to the conceptual soil, they can refine our traditional descriptors, seed new ones, and offer
a more plural yet integrated understanding of aromaticity-related delocalization [91; 92; 93]. In this way,
ML does not replace chemical reasoning but enriches it—closing the loop between data, features, concepts,
and understanding.

6.2 CATALYSIS: SCALING RELATIONS AND CATALYTIC CYCLES

Catalysis has long exemplified how data can be distilled into guiding principles. Traditional mecha-
nistic studies, such as those on Mn-based selective catalytic reduction of NOx, revealed scaling rela-
tions—Sabatier volcano trends and linear descriptors—that rationalize activity in terms of adsorption
strength and orbital overlap [94; 95]. These descriptors, grounded in ligand field theory and electronic
structure, provided conceptual clarity but were necessarily low-dimensional and often oversimplified.

ML extends this framework by uncovering nonlinear, multidimensional features that serve as new episte-
mological roots [96; 97]. Models trained on large datasets of heterogeneous catalysts generate leaves of
data—predicted adsorption energies, activation barriers, or turnover frequencies—that can be probed to re-
veal emergent variables [98]. Features capturing orbital alignment, spin polarization, or surface-geometry
embeddings often correlate with known theories but also extend beyond them. In this sense, ML features
act as order parameters, condensing complex reactivity landscapes into a few decisive variables, and as
basis sets, expanding the feature space to include higher-order interactions that elude traditional rules [96].

Yet scaling relations and descriptors alone are not sufficient. The catalytic cycle—the network of ele-
mentary steps linking reactants, intermediates, and products—is the true conceptual scaffold of catalysis.
A cycle captures how activity emerges from the collective sequence of transformations, not just isolated
events. Studying cycles is essential for design, since the reactivity and selectivity of intermediates, branch-
ing of pathways, and identity of turnover-determining steps all govern catalytic performance. From another
perspective, catalytic cycles can also be viewed through reaction network theory, where intermediates and
pathways form a graph of nodes and edges. This framing emphasizes topology and allows ML to learn
not only descriptors but also the network architectures most conducive to efficient turnover, hinting at why
certain cycles recur across diverse catalytic systems.
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Here ML opens a new frontier. By learning across large datasets of catalytic reactions, ML can begin
to generate generalized cycle models, identifying recurrent motifs of bond rearrangements, characteristic
intermediates, and network topologies that function as emergent conceptual templates. In this vision, ML
does not merely reproduce adsorption energies or volcano plots but proposes cycle-level principles that
integrate kinetics and thermodynamics. The fruits of understanding are thus rules explaining why certain
cycle architectures outperform others, providing a systematic way to predict, compare, and even design
catalytic cycles for new systems.

The forest metaphor underscores this shift. Just as trees exchange resources through underground networks,
catalytic steps interact within cycles, and descriptors cross-pollinate across pathways. ML enriches catalysis
by embedding traditional mechanistic principles into a broader epistemology where cycles, descriptors, and
emergent features intertwine [96; 97]. In this way, computational screening evolves into conceptual cycle
discovery, offering not only descriptors but toward a genuine theory of catalysis that can guide the rational
design of new and better catalysts [99].

6.3 ORBITAL-FREE DFT: LEARNED FUNCTIONALS AND DENSITY-BASED DESCRIPTORS

DFT epitomizes the knowledge tree: the trunk of quantum mechanics supports a branch where electron den-
sity serves as the fundamental variable. Yet its long-standing holy grail—the exact kinetic energy density
functional—remains elusive. Orbital-free DFT (OF-DFT) promises linear scaling and broad applicability
but has historically been limited by crude approximations. ML offers a way forward by treating kinetic
energy as a density functional to be learned directly from data.

The universal approximation theorem legitimizes this approach: neural networks, with sufficient depth and
parameters, can represent the kinetic energy density functional to arbitrary accuracy. Early studies confirm
that ML-learned functionals reproduce Kohn–Sham reference energies, yielding leaves of computational
prediction. Sensitivity analyses further highlight emergent density-dependent variables—variance, gradi-
ents, local information content—that act as new epistemological roots. These features function both as
order parameters, condensing the complexity of many-electron interactions into collective descriptors, and
as basis functions, expanding the representational space in which kinetic energy can be faithfully approxi-
mated. Recent work on KANs, which replace scalar weights with learnable functional forms, provides an
especially promising avenue for constructing interpretable density functionals with improved efficiency and
scaling.

The true promise of OF-DFT, however, extends beyond efficiency. Because electron density is the ontolog-
ical foundation, accurate ML-driven OF-DFT [100; 101; 102; 103; 104; 105; 106; 107] densities would
enable a wealth of density-based descriptors central to molecular stability and reactivity. The information-
theoretic approach (ITA) [108; 109] is itself an expression of OF-DFT logic. In our earlier work, for exam-
ple, the Weizsäcker kinetic energy functional was used to quantify steric effects [110; 111; 112], showing
how density functionals can yield quantitative measures of chemical phenomena. Another example is in-
formation gain [113] from ITA employed to simultaneously quantify electrophilicity and nucleophilicity
[114], the capability of atoms in molecules to donate and accept electrons, respectively. Extending this
logic, accurate densities from ML-OF-DFT can generate descriptors for aromaticity, reactivity, and catal-
ysis, connecting energy functionals to conceptual chemistry. These applications are particularly valuable
for larger and more complex systems—extended materials, biomolecules, catalytic surfaces—where tradi-
tional Kohn–Sham methods scale poorly, and hierarchical ML architectures can efficiently capture structure
across multiple length scales.

In this way, ML contributes more than efficient surrogates: it equips OF-DFT to generate fruits of un-
derstanding in the form of quantitative, transferable descriptors. Coarse-grained yet interpretable, these
variables provide fresh perspectives on how kinetic energy depends on electron density while simultane-
ously empowering density-based frameworks across chemistry. The recursive loop of the forest metaphor is
clear: leaves of ML prediction become roots of new concepts, which in turn enrich the soil of density-based
theory. OF-DFT thus illustrates how ML can remain firmly anchored in ontology—electron density—while
reshaping the conceptual foundations of chemical reactivity theory.

6.4 PROTEIN FOLDING: FROM DATA TO PRINCIPLES

The 2024 Nobel Prize recognized AlphaFold’s triumph in predicting protein structures [115; 116; 117],
underscoring ML’s practical impact. Yet the deeper question remains: does AlphaFold contribute to under-
standing? The answer is yes—if one examines how its internal representations function as epistemological
roots.
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Attention maps in AlphaFold highlight correlated residues, effectively serving as order parameters for fold-
ing. These maps reveal co-evolutionary couplings and long-range correlations, echoing the physical search
for collective variables. The latent space of the model encodes basis-like embeddings that expand sequence
information into higher-dimensional representations where structural motifs and contact grammars become
separable. Just as functional groups provide transferable building blocks in chemistry, motifs emerge here
as conceptual units of protein architecture: recurring patterns that unify sequence diversity under a shared
structural principle.

This process is inherently hierarchical: folding landscapes emerge through successive levels of organiza-
tion—residues to motifs, motifs to domains, domains to folds. The logic parallels hierarchical modeling in
physics and chemistry, where coarse-grained variables replace microscopic detail while retaining explana-
tory power. Moreover, protein folding can also be viewed as a reaction network, with metastable states as
nodes and transitions as edges. From this perspective, AlphaFold does not merely predict endpoints but
offers glimpses into the network architecture that makes folding processes robust and reproducible.

Here ML acts as a concept discovery engine. Instead of relying on hand-crafted descriptors, it uncovers new
ones automatically: contact maps, embeddings, and motif grammars that condense the essence of protein
structure. The fruits of understanding here are principles about the folding code—constraints, hierarchies,
and motifs—that enrich protein science beyond prediction. And as with aromaticity, catalysis, and OF-DFT,
these fruits fall back into the soil of concepts, guiding the design of new models and deepening our grasp
of biomolecular organization.

Taken together, the four case studies reveal a common pattern: ML unifies aromaticity through latent de-
localization descriptors, reframes catalysis by uncovering cycle-level principles, empowers OF-DFT with
new density-based measures of reactivity, and clarifies protein folding through motifs as transferable con-
ceptual units. Each case shows how leaves of data, when interpreted, become conceptual roots that bear
fruits of understanding—sustaining the growth of the knowledge forest. This underscores the central bottle-
neck: predictive accuracy is no longer the limiting factor, but interpretability and concept formation. Most
ML workflows in chemistry remain benchmark-driven, optimized for numbers rather than insight, and as a
result many models stop at leaves, never ripening into fruits.

The way forward is clear: feature design and selection must become the heart of concept discovery. Hand-
crafted features ground ML in ontology—atoms, densities, charges—while learned features open the door
to new descriptors such as latent embeddings and attention maps. Balancing the two determines whether
ML yields only predictions or genuine principles. When features are deliberately cultivated and connected
back to ontology and concepts, ML functions not only as a predictor but as a true engine of chemical
understanding, enriching the plural harvest of the knowledge forest. The natural next step is to ask how such
conceptual discoveries can be integrated systematically across levels, a challenge that calls for hierarchical
modeling, the subject of the next section.

7 FROM MULTISCALE MODELING TO HIERARCHICAL MODELING

The case studies in the previous section showed that ML can indeed be harnessed for chemical understand-
ing. But plural fruits alone are not sufficient. Without structure, they remain scattered insights. The next
challenge is to move beyond pluralism toward hierarchical modeling, where the diverse contributions of
different trunks in the knowledge forest are not only harvested, but also arranged into levels of understand-
ing. In this way, predictions and features from ML, once metabolized into concepts, can be organized
into a coherent hierarchy that mirrors the layered structure of molecular systems themselves—from elec-
trons to bonds, from local descriptors to global reactivity patterns, from specific mechanisms to emergent
phenomena.

7.1 MULTISCALE VERSUS HIERARCHICAL

It is important to distinguish multiscale modeling from hierarchical modeling. Multiscale approaches cou-
ple different descriptions at different levels of resolution—quantum mechanics for active sites, classical
mechanics for environments, continuum models for solvents. Such frameworks are pragmatic, but they
often lack conceptual integration. Each scale is treated as a separate module, stitched together by embed-
ding schemes or boundary conditions. Figure 2 illustrates this contrast. On the left, multiscale modeling is
represented as a patchwork: separate scales coexist but remain siloed, with communication managed only
through couplings at their boundaries. On the right, hierarchical modeling is shown as a nested structure:
higher levels emerge from lower ones while retaining interpretability in their own right. Just as molecular
orbitals give rise to functional groups, which in turn give rise to reactivity classes, hierarchical modeling
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builds a scaffold where concepts at each level are grounded in physics yet stand as distinct explanatory
layers. This conceptual nesting transforms mere coexistence into genuine integration.

Figure 2: (a) Multiscale modeling along the space and time domains; (b) an understanding axis is added in
the multiscale modeling; and (c) schematic representation of hierarchical modeling spanning different hier-
archies using ML and QC based simulations. Reproduced with permission from Reference [61]. Copyright
2025, American Chemical Society.

7.2 HIERARCHIES IN PHYSICS, CHEMISTRY, AND ML

Chemistry has always been hierarchical: atoms → molecules → materials → phases → macroscopic prop-
erties. At each level, concepts—bond, orbital, lattice, state function—cannot be reduced to the lower level,
yet they remain connected. The knowledge tree of Section 3 captured this nesting within the quantum trunk,
while the knowledge forest of Section 4 broadened it to plural epistemologies. Section 5 showed that ML
itself builds hierarchies internally, from raw inputs to latent embeddings to final outputs. Section 6 demon-
strated how such learned hierarchies map onto chemical concepts: aromaticity distilled into delocalization
descriptors, catalysis organized into cycle-level rules, OF-DFT enriched with density-based measures, and
protein folding clarified by motifs.

The opportunity now is to align these parallel hierarchies—those of chemistry, physics, and ML—into a
single epistemological framework [118]. Figure 2 provides a visual guide: what was once modular and
fragmented under multiscale modeling schemes can now be reframed as a hierarchy, where concepts at one
level emerge from and enrich those at another. In this sense, hierarchical modeling is the epistemological
culmination of the forest metaphor: different trunks contribute fruits, but hierarchy arranges them into an
ecosystem of levels, recursively enriched through feedback.

7.3 PRACTICAL PATHWAYS TO HIERARCHICAL MODELING

How can this vision be realized? Several pathways are emerging. Representation learning across levels
allows ML to embed atoms into molecules, molecules into reaction networks, and reactions into broader
landscapes—making intermediate concepts explicit. Bridging physics-based and ML hierarchies turns cor-
relations into organized nesting: in OF-DFT, ML-learned functionals sit between raw density and total
energy; in catalysis, descriptors link local orbital alignment to macroscopic activity. Recursive enrich-
ment ensures feedback: AlphaFold’s attention maps suggest order parameters that guide coarse-grained
folding models, which then refine residue-level features. Finally, concept bottlenecks—architectural lay-
ers designed to map onto human-interpretable quantities such as aromatic stabilization, bond polarity, or
hardness—embed hierarchy directly into model structure.

7.4 THE PROMISE OF HIERARCHICAL UNDERSTANDING

The promise of hierarchical modeling is to move chemistry beyond multiscale coexistence toward con-
ceptual nesting. Instead of merely coupling separate models, we cultivate frameworks where concepts are
recursively enriched across levels. Aromaticity becomes not just a rule for electron counts but part of a
hierarchy linking orbital structure, energetic stabilization, and reactivity. Protein folding becomes not just
a prediction task, but a hierarchy of constraints, motifs, and architectures grounded in sequence. Catalysis
becomes not just volcano plots but a hierarchy connecting orbital alignment, scaling relations, cycles, and
design rules.

Hierarchical modeling thus represents the next frontier of the knowledge forest. It promises to unify the
plural fruits of ML and traditional theory into an organized ecosystem, where concepts at each level are
both interpretable and connected. Figure 2 crystallizes this vision: multiscale modeling offered pragmatic
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couplings, but hierarchical modeling offers conceptual integration. By embedding hierarchy systemati-
cally, we can cultivate not just predictive accuracy but genuine understanding—the kind that explains why
phenomena emerge and how principles recur across chemistry’s many scales.

8 OUTLOOK: CULTIVATING THE KNOWLEDGE FOREST TOWARDS NEXT
BREAKTHROUGHS

The journey from the solitary knowledge tree of twentieth-century chemistry to today’s plural knowledge
forest marks a shift from conceptual monism to pluralism. New trunks—classical mechanics, statistical me-
chanics, multiscale modeling, machine learning, and quantum computing—now grow alongside quantum
mechanics. The challenge ahead is not simply to harvest fruits from each trunk, but to cultivate the forest as
a whole. The tree of the past gave stability; the forest of the future offers resilience and richness. Cultivating
this forest—through pluralism, interpretability, and hierarchy—will ensure that ML/AI contributes not only
to large-scale prediction, but to understanding that endures.

Three priorities stand out. First, conceptual pluralism must be embraced as a strength. Aromaticity, catal-
ysis, orbital-free DFT, and protein folding all show that different epistemologies can coexist, each offering
complementary insights. Second, interpretability and emergence must be treated as central design goals.
Leaves of computational data become fruits of chemical understanding only when features and latent vari-
ables are interpreted as roots that connect back to ontology and concepts; but equally, we must recognize
that new conceptual layers emerge from this process, carrying explanatory power that cannot be reduced to
lower levels. Feature design and selection are therefore not mere technicalities, but opportunities for both
concept discovery and the cultivation of emergent principles. Third, hierarchical modeling is the natural
next step. Rather than linking scales pragmatically, we must embed conceptual nesting so that insights at
one level enrich those above and below, with fruits falling back to nourish the soil of future concepts.

History shows that breakthroughs in theoretical and computational chemistry have been recognized by the
Nobel Prize in Chemistry roughly every decade and a half: chemical reactivity theory in 1981, electron
transfer theory in 1992, density functional theory in 1998, multiscale modeling in 2013, and protein struc-
ture prediction by ML in 2024. If this rhythm continues, by around 2040 and 2055 one can imagine Nobel
Prizes awarded for hierarchical modeling that unifies physics-based and ML-derived descriptors into coher-
ent levels of explanation, or for concept discovery engines that propose new principles redefining bonding,
reactivity, catalysis, and materials or drug design. Such achievements would mark the full maturation of
the knowledge forest—an ecosystem where plural epistemologies and hierarchical modeling together yield
an abundant and enduring harvest of chemical understanding. In this way, the dilemma that Dirac posed
nearly a century ago—that the equations of physics are known but too difficult to solve—may finally find
resolution, not by brute force, but by cultivating forests of concepts that transform data generation into
genuine chemical understanding.
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Chongli Qin, Augustin Žı́dek, Alexander W. R. Nelson, Alex Bridgland, Hugo Penedones, Stig
Petersen, Karen Simonyan, Steve Crossan, Pushmeet Kohli, David T. Jones, David Silver, Koray
Kavukcuoglu, and Demis Hassabis. Improved protein structure prediction using potentials from
deep learning. Nature, 577(7792):706–710, 2020. doi: 10.1038/s41586-019-1923-7.

[117] Kathryn Tunyasuvunakool, Jonas Adler, Zachary Wu, Tim Green, Michal Zielinski, Augustin Žı́dek,
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