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ABSTRACT: The evolution of materials science is undergoing a profound paradigm shift ~ Q

driven by artificial intelligence (AI), transitioning from traditional intuition-driven trial-and- —3 W v
error to an accelerated, data-centric, and algorithmically guided discipline. This review 'ﬁ _— HYZ;«M
examines this transformation through the lens of the materials discovery workflow, Y a= j]
structured around two parallel and complementary trajectories. First, we discuss task-specific 3 B % Vi

Al for materials science. We detail its role in distinct stages of the materials discovery R %’L//
pipeline, including hypothesis generation, experimental planning and optimization, = = = = Renart ailisia
characterization, and knowledge discovery. Second, we explore generalist Al for materials

science, designed to handle universal scientific tasks. We examine how these systems advance knowledge representation, enable
agentic workflows that orchestrate autonomous laboratories, and facilitate human-AI collaborative reasoning. Finally, we provide
perspectives on the future ecosystem of Al for materials science (Al4Mat), outlining the critical challenges and strategic directions
that must be addressed to realize the full potential of this evolving discipline.
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Figure 1. Publication trends of Al for Science (AI4S) and Materials Science (Al4Mat). (A) Annual publication volumes from 201S to 2026.
Hatched bars indicate predicted values. (B) Penetration rate, defined as the percentage of Al-related papers within the total publication output of
each discipline. Al-related publications were identified by topic search: TS = (“AI” OR “Artificial Intelligence” OR “Machine Learning” OR “Deep
Learning” OR “Neural Networks”); “Science” and “Materials Science” domains were each defined by a curated set of Web of Science Categories.
2025 values were annualized from partial-year data; 2026 values were projected using the compound annual growth rate.

and physical laws, and subsequently to the widespread use of
computational simulation. While these advances have con-
tinually improved efliciency, we remain constrained by the
inherent complexity of material systems. Materials are
quintessential complex systems, where performance depends
on multiscale coupling ranging from Angstrom-level atomic
arrangements to micron-scale microstructures, and ultimately
to macroscopic morphologies. This intricate nonlinear
coupling means that slight microscopic variations can
drastically alter macroscopic outcomes, leading to long
development cycles, high failure rates, and the persistent
challenge of balancing precise laboratory control with
industrial consistency. Faced with a vast chemical space,
estimated to exceed 10 for small molecules alone,"”
traditional reductionist approaches or single-scale simulations
are becoming increasingly inadequate.

Against this backdrop, Al for Science (AI4S) has emerged as
a new paradigm of scientific research. This represents not
merely an improvement in efficiency but a profound
methodological revolution.”™® AI technologies, particularly
deep learning, possess the unique capability to handle high-
dimensional data and capture complex nonlinear correlations,
enabling them to transcend the approximation limits of
physical modeling and extract mapping relationships directly
from data. The power of this approach is evidenced by recent
breakthroughs across the natural sciences, where AI has
mastered complex systems previously thought intractable.
Landmark examples range from AlphaFold’s resolution of the
protein folding problem”® to the control of high-temperature
plasma in Tokamak fusion reactors’ "' and Al-based weather
forecasting models that surpass traditional numerical meth-
ods."””"* Given that materials science shares the same
fundamental characteristics—high dimensionality, complex
many-body interactions, and data sparsity—these successes
have ignited a profound expectation within the community:
can Al similarly revolutionize the discovery and design of
materials? Indeed, this potential is rapidly unfolding, as the
academic landscape is being reshaped by an exponential surge
in publications applying Al to materials science (Al4Mat) over
the past decade. Specifically, annual publications for AI4S and
Al4Mat have surged 36-fold and 57-fold over the past decade,

projected to reach nearly 68,000 and 25,000 by 2026 (Figure
1A). Beyond absolute volume, the penetration depth is equally
striking: while AI4Mat accounted for a mere 0.14% of materials
science papers in 2015, this figure has climbed to 5.74% in
2025 (Figure 1B). Extrapolating this trend paints a trans-
formative picture, the adoption rate is expected to reach
17.28% by 2030 and a staggering 52.01% by 2035, signaling
that the Al wave is sweeping through the discipline. This wave
spans diverse material classes—from inorganic crystals and
energy materials to polymers, soft matter, and molecular
systems—and has been surveyed from complementary,
domain-specific perspectives in several recent reviews. >~
From an application-oriented perspective, Al tools employed
in materials science can be broadly categorized into two
classes: Task-Specific Al and Generalist Al. The broader Al
community is currently focused on the explosive development
of Generalist Al, driven by advances in Large Language Models
(LLMs)'®" and the pursuit of Artificial General Intelligence
(AGI).”>*" However, for the scientific community, this does
not represent a straightforward progression where new Al
methods simply replace established methodologies. Instead,
the transformation of materials science is unfolding along two
parallel and complementary trajectories. Task-Specific Al,
technically classified as Artificial Narrow Intelligence
(ANI),”>7** acts as the pragmatic “solver.” It remains the
dominant force for addressing concrete scientific problems,
both now and in the foreseeable future, whether facilitating fast
potential predictions with DFT-level accuracy or optimizing
multidimensional parameters for specific synthesis pathways,
leveraging its depth and precision in vertical domains.
Conversely, Generalist Al, which represents the path toward
AG]I, serves as the future “conductor”. Powered by the rise of
Foundation Models,”>* these systems are beginning to exhibit
universal capabilities in knowledge representation, logical
reasoning, and task planning. Generalist Al addresses the
challenge of integrating and automating scientific workflows by
connecting fragmented toolchains via intelligent agents,
pointing toward the ultimate vision of “Self-driving Labs.”*” >
In this review, we provide a comprehensive examination of
this dual evolution. Section 2 focuses on the landscape of task-
specific Al in materials science, detailing how specialized
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Section 2: Task-Specific Al in Materials Science
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Figure 2. Conceptual framework of parallel Al trajectories in materials science. The top path illustrates Task-Specific Al acting as specialized
functional modules (“organs”) along the linear scientific workflow. The bottom path depicts Generalist Al as an integrative network (“blood”)
connecting knowledge engineering, autonomous agents, and collaborative reasoning. Just as specialized organs perform vital functions with high
specificity, Task-Specific Al modules provide rigorous, domain-grounded predictions at each stage of the workflow; Generalist Al, analogous to the
circulatory system, connects these modules by managing the flow of reasoning, context, and instructions across them. This division of labor is
analyzed in detail in Section 4.2. Both trajectories converge to enable the ultimate vision of Self-driving Laboratories.
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Figure 3. Transition from elemental statistics to crystal graphs enables Graph Neural Networks (GNNs) to serve as the technological base for
accurate predictive modeling, driving key applications such as High-Throughput Screening (HTS) and Universal Force Fields.

models are revolutionizing hypothesis generation, experimental
optimization, and characterization analysis, and how they are
evolving to discover interpretable physical knowledge. Section
3 explores the emerging frontier of generalist Al in materials
science, discussing the challenges of knowledge representation
and the realization of autonomous agents that can plan and
execute scientific tasks, and the evolution of human-Al
collaborative reasoning where models serve as cognitive
partners (Figure 2). Finally, in this Perspective, we synthesize
these developments to provide a perspective on the future
ecosystem of Al for Materials Science, discussing the
imperative to evolve from data silos to industrialized
infrastructure, and how the integration of task-specific Al
with generalist AT will bridge the gap between simulation and
reality, ultimately advancing the discovery of both new
materials and new scientific knowledge.

2. TASK-SPECIFIC Al IN MATERIALS SCIENCE

This section traces how Al addresses specialized scientific
problems at each stage of the materials discovery workflow—
Hypothesis Generation (2.1), Experimental Planning and
Optimization (2.2), Characterization and Data Analysis
(2.3), and Knowledge Discovery (2.4)—foregrounding the
methodological principles that transfer across material systems.

2.1. Hypothesis Generation

Before the advent of data-driven approaches, the early stage of
materials discovery was largely guided by chemical intuition
and incremental trial and error. Hypotheses were formulated
through heuristic reasoning or extrapolation from limited
experimental data, and verification required expensive, time-
consuming synthesis or simulations. Only a minute portion of
the chemical design space could be explored, and promising
but nonobvious candidates often remained undiscovered. In
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Figure 4. Predictive modeling powering high-throughput virtual screening (HTVS) and machine-learned interatomic potentials. (A) The GNoME
workflow as a paradigm for HTVS, utilizing graph neural networks and iterative active learning to significantly expand the known crystal space.
Adapted from ref S1. Copyright 2023 under CC BY 4.0 license by the Authors, Springer Nature. (B) MatterSim, illustrating a deep learning
potential enabling stable atomistic simulations across extreme thermodynamic conditions. Adapted with permission from ref 55. Copyright 2024
the Authors. (C) Evaluation of MACE-MP-0, a foundation model for atomistic materials chemistry, showing how fine-tuning achieves high
accuracy across diverse material systems. Adapted from ref 56. Copyright 2025 under CC BY-NC-ND 4.0 license.

contrast, modern Al for Science (Al4S) methodologies replace
this empirical bottleneck with algorithmic hypothesis gen-
eration and virtual preexperimentation. By learning correla-
tions between structure, composition, and properties,
predictive models enable researchers to evaluate millions of
hypothetical materials in silico before committing to laboratory
work.””*"** This transformation marks the first forward step of
an Al-driven discovery loop, where ideas are computationally
tested prior to synthesis.

Predictive modeling in materials science refers to construct-
ing machine-learning models that learn the “forward” mapping
from structure or composition to material properties and serve
as computational surrogates for experiments.””*> These
models predict thermodynamic stability, electronic structure,
mechanical moduli, or catalytic activity directly from digital
representations of matter.””**** Conceptually, they function as
computational pre-experiments, acting as rapid estimators that
approximate experimental outcomes and guide the allocation
of high-value measurements. Within the scientific workflow,
predictive modeling provides the quantitative engine for
hypothesis generation, high-throughput virtual screening, and
the construction of universal interatomic potentials. Its
accuracy and transferability depend critically on how materials
are represented for learning.

Early approaches relied on manually designed features such
as elemental statistics, Coulomb matrices,®> or “sum-over-

bonds” descriptors.”® Although effective for small data sets,
these methods required domain expertise and lacked trans-
ferability. A paradigm shift occurred with graph-based
representations, where atoms are nodes and bonds are edges
(Figure 3). The Crystal Graph Convolutional Neural Network
(CGCNN)** demonstrated that graph neural networks
(GNNs) can learn property-relevant features directly from
atomic connectivity, eliminating the need for handcrafted
descriptors. For molecular systems, graph-convolutional
architectures achieved superior performance over fixed finger-
prints such as Extended-connectivity fingerprints (ECFP).””**
Parallel developments exploited continuous atomic coordi-
nates: the Deep Tensor Neural Network (DTNN)* and
SchNet* introduced continuous-filter convolutions capable of
capturing local chemical environments, forming the foundation
for modern machine-learning force fields (MLFFs). Compo-
sition-only models such as Representation Learning from
Stoichiometry (Roost)*' extended this capability to cases
where crystal structures are unknown, enabling property
prediction at the earliest stages of design.

Subsequent innovations increased both the physical fidelity
and generalization of predictive architectures. MatErials Graph
Network (MEGNet)** incorporated global state variables such
as temperature and pressure; improved-CGCNN
(iCGCNN)* refined atomic neighborhoods through Voronoi
tessellation; and Atomistic Line Graph Neural Network
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(ALIGNN)™ explicitly encoded bond angle information via
atomistic line graphs. Universal Material Graph with Three-
Body Interactions Neural Network (M3GNet)"* combined the
many-body features of traditional interatomic potentials with
flexible graph representations to create a universal potential
trained on Materials Project data, achieving broad trans-
ferability across 89 elements. To mitigate data scarcity,
transfer-learning™ and self-supervised pretraining®® have
become standard strategies, allowing models to leverage
knowledge from large DFT corpora or unlabeled structural
databases. Adversarial transfer schemes®” and physics-embed-
ded architectures*® further enhance the extrapolation beyond
the training distribution. Collectively, these developments have
produced representations that more faithfully reflect the
underlying scientific structure of materials, thereby improving
the predictive accuracy and enhancing their utility across
downstream tasks.

In the discovery workflow, predictive modeling transforms
the way hypotheses are formed. Traditionally, scientists begin
with a target property—such as high conductivity or catalytic
activity—and, guided by physical and chemical reasoning,
hypothesize which structural motifs might yield that behavior.
In contrast, a predictive model internalizes these structure—
property correlations from data, enabling the enumerative
generation of hypotheses at scale. Each model prediction
effectively constitutes a testable candidate hypothesis within
the discovery pipeline—a data-driven assertion that this
structure should exhibit such a property, complementing the
reasoning- and knowledge-driven hypotheses that arise from
domain expertise and physical intuition. When deployed across
millions of candidate compositions or structures, the model
replaces human intuition with algorithmic exploration, yielding
a vast landscape of virtual hypotheses ready for computational
or experimental verification. This capability redefines hypoth-
esis generation from a conceptual to a quantitative process,
drastically accelerating the early exploratory stage of materials
discovery.*”*°

These predictive capabilities naturally extend into systematic
hypothesis testing through high-throughput virtual screening
(HTVS). Fast surrogate models trained on first-principles data
can evaluate enormous chemical libraries, ranking candidates
according to predicted performance. The GNoME project’’
epitomizes this paradigm: graph neural networks screened over
a billion (10°) candidates, and iterative active learning with
DEFT verification yielded 2.2 million new stable compounds—
expanding the known inorganic crystal space by an order of
magnitude (Figure 4A). Similar frameworks have been applied
to two-dimensional materials,”” perovskites,”> and thermo-
electrics.”*

Beyond screening, predictive modeling underpins the
emergence of machine learning potentials that bridge property
prediction and atomistic simulation. The M3GNet model™*
introduced a graph-based, many-body potential capable of
near-DFT accuracy across 89 elements. Building on this
concept, MatterSim was developed as a deep learning potential
actively learned from large-scale ab initio data, enabling stable
simulations of materials across temperatures from 0 to 5,000 K
and pressures up to 1,000 GPa with a 10-fold precision
improvement over previous universal MLFFs (Figure 4B).>°
Most recently, the MACE-MP-0 model established the first
foundation model for atomistic materials chemistry, trained on
a moderate-sized public data set yet capable of running stable
molecular-dynamics trajectories for solids, liquids, gases,

interfaces, and biomolecules alike.* Fine-tuning on minimal
additional data allows it to reach ab initio accuracy, signaling a
major step toward democratizing atomistic simulation (Figure
4C). Although MACE-MP-0 is described as a “foundation
model” owing to its broad pretraining across chemical space,
its functional role in the discovery workflow remains that of an
interatomic potential—predicting energies, forces, and stresses
to enable atomistic simulation—placing it within the task-
specific trajectory of this section. Collectively, these advances
elevate predictive modeling from property estimation to a
unified framework for in-silico discovery, simulation, and
understanding of matter.

Together, these advances establish predictive modeling as
the digital front end of the scientific loop. By synergizing the
exploratory breadth of HTVS and the physical fidelity of ML
potentials, this paradigm transforms hypothesis generation
from intuition-driven exploration to an algorithmically guided,
quantitative process. The resulting high-confidence insights
and candidate rankings produced in this stage form the critical
inputs for the subsequent phases of optimization and synthesis
planning (Section 2.2), where selected materials are realized
experimentally. In essence, predictive modeling transforms the
pre-experimental stage from a speculative exercise to a
systematic, data-driven search for knowledge and possibility.

Nevertheless, these capabilities come with important caveats.
Predictive models are fundamentally constrained by their
training data distributions, and their capacity to identify
genuinely counterintuitive materials—candidates residing in
sparsely sampled regions of chemical space—remains limited.
Uncertainty quantification methods, such as ensemble
disagreement and Gaussian-process posterior variance, provide
a practical safeguard by flagging low-confidence predictions for
prioritized verification, but can themselves become unreliable
in far-extrapolation regimes. This limitation underscores the
necessity of coupling predictive modeling with the iterative
experimental feedback strategies discussed in Section 2.2 and
the data ecosystem reforms outlined in Section 4.1.

2.2. Experimental Planning and Optimization

The physical synthesis of new materials or molecules remains
one of the most resource-intensive bottlenecks in the material
discovery workflow. While predictive modeling (Section 2.1)
enables the a priori estimation of material properties and
hypothesis generation, realizing those hypotheses experimen-
tally requires navigating a vast, multidimensional synthesis
space governed by uncertain physical and chemical inter-
actions. Traditionally, this process has relied on manual
intuition and sequential trial-and-error methods that are slow,
expensive, and prone to bias. Artificial intelligence (AI) is now
transforming this stage from an intuition-driven search into an
algorithmically guided, data-driven optimization process.””*
By coupling learning algorithms with real-time feedback from
experiments, Al systems can autonomously plan, execute, and
refine synthesis steps, thereby completing the digital-physical
loop of discovery that connects virtual prediction to physical
realization.

2.2.1. Algorithmic Approaches for Experimental
Optimization. Before laboratory automation can reach full
autonomy, intelligent algorithms must act as the “computa-
tional brain” that decides which experiment to perform next.
These algorithms are designed to balance exploration—
probing unknown regions of parameter space—and exploita-
tion—refining known promising conditions—while minimiz-
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to discover distinct morphologies (spheres, rods, stars) and optimize synthesis recipes. Adapted from ref 66. Copyright 2022 under CC BY 4.0
license by the Authors, AAAS. (C) Knowledge-integrated solid-state synthesis planning with ARROWS.” The workflow combines thermodynamic
data with active learning to iteratively rank and select optimal precursor combinations for target materials (e.g., A,MXOy). Adapted from ref 70.
Copyright 2023 under CC BY 4.0 license by the Authors, Springer Nature. (D) Physics-informed active learning for alloy design. The plot
illustrates the rapid discovery of high-strength FeNiCoAlTa alloys (red stars for HEAQS), where the algorithm identifies high-performance
candidates with significantly fewer iterations compared to random search. Adapted with permission from ref 72. Copyright 2025 Springer Nature.

ing the number of costly experimental trials. Depending on the
nature of the design space and available data, approaches can
be grouped into probabilistic optimization, heuristic and
combinatorial search, generative and reinforcement-learning
frameworks, and knowledge-informed strategies that embed
domain expertise or physical priors.

Among all optimization strategies, Bayesian Optimization
(BO) has proven particularly powerful for continuous
experimental variables. A probabilistic surrogate model—
often a Gaussian Process—learns the response surface from
prior experiments, while an acquisition function selects the
most informative next experiment by balancing predicted
reward and uncertainty.””®" This sample-efficient strategy is
ideal for laboratory conditions where each measurement is
expensive. A representative example is the Autonomous
Research System (ARES) for carbon nanotube (CNT)

growth.”’ Coupling a BO planner with a chemical-vapor-
deposition (CVD) reactor and in situ Raman spectroscopy, the
system autonomously adjusted temperature and gas flows to
maximize growth rate, achieving an 8-fold enhancement over
baseline conditions and converging five times faster than a
random-forest planner. Similarly, the Closed-Loop Optimiza-
tion (CLO) framework for lithium-ion batteries employed BO
with an early prediction model to design fast-charging
protocols (Figure SA).°> By forecasting cycle life from the
first 100 cycles, the algorithm identified optimal six-step
charging sequences within 16 days instead of >500 days
required for exhaustive testing. These systems exemplify how
probabilistic reasoning can turn experimentation itself into an
iterative learning process. BO has also been applied in atomic-

layer deposition,63 polymer formulation,”* and organic syn-
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Figure 6. Diverse hardware architectures for automated materials synthesis. (A) Specialized liquid-phase automation. The panel illustrates a
continuous-flow platform (RoboChem) integrated with in-line NMR spectroscopy, enabling closed-loop multiobjective optimization of
photochemical reactions. Adapted with permission from ref 75. Copyright 2024 AAAS. (B) Specialized multiphase growth hardware. The Carbon
Copilot (CARCO) platform automates carbon nanotube synthesis by integrating a robotic arm with a chemical vapor deposition (CVD) system
and an Al planner and controller. Adapted from ref 78. Copyright 2025 Elsevier. (C) General-purpose robotics for solid-state synthesis. The A-Lab
architecture employs articulated robotic arms to orchestrate discontinuous unit operations, including powder dosing, mixing, and heating,
addressing the complex handling requirements of solid reagents. Adapted from ref 85. Copyright 2023 under CC BY 4.0 license by the Authors,

Springer Nature.

thesis,®” often achieving order-of-magnitude reductions in
required experiments.

Many synthesis tasks involve categorical or combinatorial
choices—precursor type, solvent, or ligand selection—where
gradient-based approaches struggle. Heuristic search algo-
rithms provide a flexible alternative, guided by reward
functions or empirical rules that emulate expert reasoning. In
peptide-materials design, a Monte Carlo Tree Search (MCTS)
framework guided by a random-forest surrogate efliciently
explored 3.2 million pentapeptides, discovering unconventional
but experimentally validated self-assembling sequences.”® In
nanomaterials synthesis, the AI- EDISON platform employed a
Quality—Diversity (QD) algorithm to navigate the high-
dimensional synthesis space of gold nanoparticles (Figure
SB), operating 24 parallel reactors with in-line UV—Vis
spectroscopy and discovering five distinct particle morpholo-
gies while optimizing nanorod yield to 95%.°° Such heuristic
and diversity-oriented algorithms emulate the exploratory
reasoning of human researchers, mapping entire morphology
landscapes rather than searching for a single optimum.

Beyond tuning parameters, the next frontier is inverse
design—creating entirely new molecular structures or synthesis
recipes that meet predefined objectives. Generative models and
reinforcement learning (RL) frameworks achieve this by
coupling creative sampling with predictive evaluation in closed

loops. A few-shot inverse-design framework for host-defense-
peptide-mimicking polymers combined a multimodal predic-
tive model (text + graph + descriptor) with an RL agent
trained through graph-grammar distillation to ensure chemical
validity. It screened >10° virtual polymers and proposed 83 for
synthesis, yielding a novel polymer with strong antibacterial
activity and low cytotoxicity.”” Similarly, the FLAME frame-
work integrated a generative model (REINVENT) with a
predictive model (FLSF) trained on 55,000 fluorophore—
solvent pairs, facilitating the targeted generation of candidates
and leadinsg to the synthesis of a new bright coumarin
derivative.”” These frameworks extend Al’s role from optimizer
to creator, transforming design itself into a learnable, iterative
process—one that has proven especially fruitful for structurally
modular material classes such as metal—organic frameworks,
where the vast combinatorial space of metal nodes, organic
linkers, and topologies provides a natural playground for
generative approaches.”’

Integrating scientific knowledge directly into Al-guided
optimization can dramatically enhance efficiency and reli-
ability. The ARROWS? algorithm combined thermodynamic
descriptors with active learning to guide precursor selection in
solid-state synthesis, identifying all 10 optimal YBa,Cu;Oq;
routes in 87 iterations—half those required by standard BO—
while revealing transferable knowledge about reactive
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precursor pairs (Figure SC).”” In the data-driven design of
superadhesive hydrogels, data-mining of 24,707 natural
adhesive-protein sequences defined an initial search space,
which Bayesian optimization then refined to achieve >1 MPa
underwater adhesion—an order-of-magnitude improvement.”*
In alloy design, domain-knowledge-informed active learning
using physics-based descriptors rapidly identified an FeNi-
CoAlTa composition (HEAOS) combining 1.8 GPa strength
and 25% ductility (Figure $D).”” Optimization accelerates
most when algorithms are jointly guided by data correlations
and mechanistic understanding. This principle will re-emerge
in Section 2.4, where physics-informed Al is examined as a
unifying foundation for scientific reasoning.

While these knowledge-informed strategies markedly
improve search efficiency, a separate practical concern remains:
standard Bayesian optimization relies on assumptions—
Gaussian noise, smooth response surfaces, and reproducible
measurements—that are frequently violated in real exper-
imental settings. Robust variants employing heteroscedastic
noise models and outlier-resistant acquisition functions are
beginning to address some of these challenges,73 while human-
supervised frameworks that provide active oversight during
autonomous campaigns offer a complementary safeguard
(discussed further in Section 3.2).”*

2.2.2. Hardware Integration for Experimental Opti-
mization. Algorithmic intelligence alone cannot revolutionize
discovery without physical execution. To complete the
discovery loop, predictive and planning algorithms must be
seamlessly coupled with robotic hardware, sensing, and
automated data acquisition, giving rise to autonomous
laboratories—self-driving systems capable of designing, per-
forming, and learning from experiments with minimal human
intervention. A closed-loop autonomous laboratory typically
integrates four synergistic modules: an algorithmic planner, a
robotic executor, automated characterization, and a data-
feedback pipeline. In terms of hardware architecture, these
systems generally follow two distinct technological paradigms:
specialized high-throughput platforms designed for specific
tasks, and flexible general-purpose robotics that mimic human
manipulation.”

The most established route to hardware automation relies
on specialized, task-specific platforms that prioritize through-
put and precision for well-defined operations. In the domain of
liquid-phase synthesis, this includes both continuous flow
reactors and gantry-based liquid handling systems. Continu-
ous-flow platforms, such as the RoboChem system, are
inherently automated and allow for the precise control of
continuous variables such as residence time and temperature,
enabling seamless integration with inline analytics for kinetic
studies (Figure 6A).”> Similarly, microfluidic platforms have
been pivotal in the controlled synthesis of colloidal nano-
particles (e.g, CdSe quantum dots), where automated
feedback loops optimize optical properties by adjusting
precursor flow rates in real time, achieving throughputs and
consistencies unattainable by manual operation.”” Comple-
menting flow chemistry, reconfigurable modular platforms
have also been developed to handle diverse chemical
transformations by switching reactor units, further bridging
the gap between specialized synthesis and general applic-
ability.””

Beyond liquid-phase synthesis, specialized hardware integra-
tion has extended into multiphase growth and device
fabrication workflows. In the field of carbon nanomaterials,

the Carbon Copilot (CARCO) platform employs a robotic
chemical vapor deposition (CVD) system to automate the
synthesis of carbon nanotubes, where growth typically
proceeds through vapor—liquid—solid (VLS) multiphase
catalytic pathways. By integration of a robotic arm with an
automated sample holder and a central controller, CARCO
enables the high-throughput screening of catalysts and the
precise control of growth parameters (Figure 6B).”* Similarly,
for two-dimensional (2D) materials, automated systems
featuring robotic laminating and delaminating machines have
been developed to achieve crack-free, high-fidelity transfer of
graphene and MoS, wafers on industrial scales.”” For
optoelectronic devices, platforms such as AMANDA Line
One integrate spin-coating, annealing, and spectroscopy
modules into a dedicated production line, enabling the
optimization of organic solar cells with minimal batch-to-
batch variation.*” In energy storage, specialized systems such as
AutoBASS have been engineered to automate the intricate
mechanical assembly of coin-cell batteries, utilizing dedicated
grippers and crimpers to ensure high consistency in electrolyte
testing.

However, complex material research often necessitates a
higher degree of flexibility to handle discontinuous unit
operations and diverse form factors. This drives the adoption
of general-purpose robotics, utilizing articulated robotic arms
and mobile robots to connect disparate workstations. Unlike
specialized platforms, these systems mimic human researchers
and physically transport samples between standard laboratory
instruments. A prime example is the Synbot, an Al-driven
robotic chemist that autonomously synthesizes organic
molecules by orchestrating a fleet of robots across the pantry,
dispensing, reaction, and analysis modules, achieving yields
comparable to or exceeding human experts.*” Similarly, the
mobile robotic chemist demonstrated by Burger et al. employs
a mobile base to navigate a laboratory, operating benchtop
instruments for photocatalyst synthesis and analysis.*> In the
domain of solid-state materials, the Ada platform utilizes
robotic arms to orchestrate the multistep process of thin-film
fabrication, linking synthesis, deposition, and characterization
stations to optimize hole-transport materials.”* This architec-
ture allows for high reconfigurability, enabling the same robotic
hardware to be repurposed for different scientific campaigns.

Despite these advances, a critical bottleneck in hardware
integration remains the handling of solid reagents. Unlike
liquids, which are easily managed via pumps and pipettes, the
automated dispensing and transport of powders require
sophisticated weighing and dispensing modules to achieve
high precision. Advanced platforms like the A-Lab have begun
to address this by integrating powder dosing, ball milling, and
high-temperature furnaces into a fully automated workflow for
inorganic solid-state synthesis (Figure 6C).% As laboratories
continue to scale, ensuring interoperability between these
diverse hardware modules—whether specialized gantries or
general-purpose arms—becomes paramount. The emergence
of open-source hardware standards and communication
protocols, such as SiLA 2 (Standardization in Lab
Automation), is therefore essential to transition from isolated
automated islands to networked, end-to-end discovery
ecosystems capable of bridging the gap between digital design
and physical reality.*® Given the practical difficulty of achieving
hardware-level standardization across the diverse instrumenta-
tion landscape, software-level abstraction layers offer a
complementary and more immediately achievable pathway.
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Figure 7. Al-Powered Synthesis Planning. (A) Monte Carlo Tree Search (MCTS) for retrosynthesis. The schematic illustrates the 3N-MCTS
framework, which treats synthesis planning as a strategic game involving selection, expansion, rollout, and update steps. The plot on the right
demonstrates the superior performance of 3N-MCTS (blue line) in solving complex synthesis routes compared to neural and heuristic breadth-first
search (BFS) baselines. Adapted with permission from ref 58. Copyright 2018 Springer Nature. (B) Generative retrosynthesis via structural editing.
The workflow depicts the EditRetro model, which represents a conceptual shift by treating retrosynthesis as a sequential structural modification
task. The model encodes target molecules (via Canonical and Augmented SMILES) and employs a neural network to predict and rank reactants,
mimicking the step-by-step logic of chemical reasoning. Adapted with permission from ref 92. Copyright 2024 Springer Nature.

Analogous to middleware in IoT ecosystems, these layers
encapsulate vendor-specific instrument drivers behind unified
programmatic interfaces, enabling algorithmic workflows to
operate across heterogeneous hardware without modification.
A notable example is AEcroscoPy, a cross-platform software-
hardware framework that provides a unified Python API for
automated and autonomous experimentation across diverse
scanning probe and electron microscopy platforms,”” effec-
tively decoupling the Al-driven experimental logic from
instrument-specific implementation details. Such software
abstraction layers may prove more scalable than top-down
hardware standardization, particularly for resource-constrained
academic laboratories seeking to incrementally automate
existing equipment.

2.2.3. Al-Powered Synthesis Planning. Beyond optimiz-
ing single steps, synthesis planning determines the entire
reaction sequence to construct complex targets. Retrosynthetic
reasoning, historically a cognitive task requiring expert
intuition, is now automated through machine learning models
that learn transformation rules from reaction databases. These
systems embody task-level reasoning within chemistry-inferring
multistep transformation strategies consistent with known
chemical logic.

Foundational work by Coley et al.** utilized neural networks
to predict reaction outcomes, providing a quantitative method
to evaluate forward feasibility and prevent the generation of
chemically impossible routes. Building on this predictive
capability, Segler et al’® introduced a landmark hybrid
symbolic—neural framework utilizing Monte Carlo Tree Search
(3N-MCTS). This approach treated synthesis planning as a
strategic game, doubling retrosynthesis success rates over rule-

based baselines and improving planning speed by 30-fold
(Figure 7A).

Subsequent progress has moved beyond simple search
algorithms to fundamental improvements in how Al perceives
and manipulates molecules. To capture subtle reactivity
patterns, LocalRetro"” integrated local Graph Neural Networks
(GNNs) with Transformer attention mechanisms, allowing the
model to focus on specific reactive sites within a molecule
rather than processing the structure as a generic whole. In
parallel, RetroTRAE’® adapted the Transformer framework to
operate on fragmental and topological descriptors; by decoding
local atomic environments instead of text strings, it achieved
higher fidelity in chemical mapping. Furthermore, SynCluster”"
introduced reaction-type conditioning to guide pathway
generation, effectively clustering strategies based on specific
reaction classes to narrow the search space. Representing a
conceptual shift, iterative editing models’> have recently
reframed retrosynthesis as sequential structural modification
rather than generation from scratch, effectively mimicking the
step-by-step logic of a human chemist (Figure 7B). The
integration of these algorithmic advances with human expertise
is best exemplified by hybrid systems, such as the computer-
aided total synthesis of clovane-sesquiterpenoids.”” In this case,
the AI did not merely execute a command but collaborated
with researchers to navigate the complex landscape of natural
product synthesis. These advances demonstrate that Al can
reason within chemical systems—Ilearning implicit reactivity
rules and devising plausible synthetic strategies. Yet such
reasoning remains domain-specific and goal-bounded. The
emergence of agentic Al, models capable of coordinating
across prediction, synthesis, and analysis—will extend this
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Figure 8. Al-assisted characterization and data analysis. (A) Deep learning inferring interlayer slip and twist angles from STEM images with
picometer precision. Adapted with permission from ref 98. Copyright 2025 Springer Nature. (B) Unsupervised phase mapping of high-throughput
XRD data encoded with domain-specific knowledge. Adapted from ref 106. Copyright 2025 under CC BY 4.0 license by the Authors, Springer
Nature. (C) Automated chemical identification in mass spectrometry via atomic and molecular pattern recognition. Adapted with permission from

ref 107. Copyright 2021 Elsevier.

reasoning to the meta-level, a transition explored in Section
3.2.

Optimization and synthesis planning form the operational
core of Al-driven discovery. By transforming experiments from
static procedures into adaptive learning cycles, Al empowers
both the speed and directionality of exploration. Algorithmic
intelligence determines how experiments evolve, while robotic
platforms execute them; synthesis-planning algorithms connect
these steps into coherent strategies. Remaining challenges
include data sparsity, interoperability among hardware systems,
and standardized feedback protocols. Embedding physics-
based priors—briefly touched upon here—offers a route
toward robust, interpretable optimization, a concept elaborated
in Section 2.4. Together, these developments signify a
transition from experiment by intuition to experiment by
intelligence, where synthesis itself becomes a self-improving
scientific process.

2.3. Characterization and Data Analysis

Optimization and synthesis planning (Section 2.2) depend on
how effectively experiments are observed and quantified. In
traditional materials research, characterization has long been
the rate-limiting and least standardized stage of the discovery
cycle. Extracting structural or compositional information from
microscopy, diffraction, or spectroscopy data typically requires
manual inspection, heuristic fitting, and expert judgment—
processes that are time-consuming, subjective, and difficult to
reproduce. As instrumentation now generates terabytes of
high-dimensional data per day, such manual workflows cannot
scale.

Al is transforming this landscape by acting as both an
observer and an analyst—automating the conversion of raw
experimental signals into standardized, quantitative descriptors
of structure, composition, and dynamics. Where Section 2.2
presented Al as the planner that designs and executes
experiments, this section positions it as the perceptual interface
that grounds those decisions in precise physical observations.
Specifically, we examine how AI processes microscopy,
scattering and diffraction, and spectroscopic data through
feature extraction, denoising, inverse reconstruction, and
physics- or multimodal-aware fusion. The analytical toolkit
underpinning these pipelines spans a broad methodological
continuum—from classical statistical techniques such as
principal component analysis (PCA) and non-negative matrix
factorization (NMF), which remain indispensable for dimen-
sionality reduction and signal decomposition, to deep learning
architectures that extract higher-order representations directly
from raw spectral or imaging data. These data-centric
capabilities close the loop between synthesis and observation,
while Section 2.4 will extend them toward physical
interpretation and knowledge discovery.

2.3.1. Microscopy. Modern microscopy techniques (such
as TEM, SEM, AFM, and OM) produce vast quantities of
complex images. Deep segmentation and detection models
now deliver high-throughput, quantitative image analysis with
precision and reproducibility beyond manual inspection. For
catalytic TEM images, a Cascade Mask-RCNN distinguishes
visible nanoparticles from overlapping projections, cutting
analysis time from hours to minutes per image while
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maintaining an & 2% deviation in mean particle size
determination relative to manual analysis.” In diffraction-
type imaging, transfer-learned CNNss infer specimen thickness
and tilt directly from PACBED patterns in =~ 0.1 s per
pattern—orders of magnitude faster than least-squares fitting
with comparable accuracy.”

Beyond supervised segmentation, Al is empowering the
unsupervised discovery of novel atomic features that might
elude human experts. Xue et al.”® introduced an unsupervised
machine-learning framework combining Zernike polynomials
for feature extraction with UMAP-assisted clustering. By
automatically processing atomic-resolution STEM images of
MoS,Te,_, alloys, the system identified a previously unknown
antisite defect configuration (Te,4no), which was subse-
quently verified as a highly active catalytic center. This
approach demonstrates how Al can extract interpretable
structural motifs without the need for laborious manual
labeling.

In the realm of imaging resolution, deep learning is bridging
the gap between hardware limitations and atomic precision.
Qiu et al”’ developed SARDiffuse, a denoising diffusion
probabilistic model (DDPM) designed to enhance uncorrected
STEM images. By learning to restore high-frequency
information from experimental aberration-corrected data,
SARDiffuse enables subangstrom spatial resolution (<100
pm) on standard uncorrected microscopes, effectively
removing spherical aberration artifacts computationally. This
paradigm offers a cost-effective alternative to expensive
aberration correctors for high-precision material character-
ization.

Furthermore, to address the critical bottleneck of data
scarcity in training supervised models, generative Al is being
deployed to synthesize realistic training data sets. Huang et
al.”® proposed a “Trident” strategy-enhanced disentangled
representation learning method. By generating large volumes
of high-quality simulated STEM images that strictly preserve
structural labels while mimicking experimental visual styles,
they trained a residual neural network to directly infer
interlayer slip vectors and twist angles at van der Waals
interfaces. This end-to-end approach achieved picometer-level
accuracy, resolving complex moiré patterns and stacking
registries that are often indistinguishable in the frequency
domain (Figure 8A).

Domain-specific transfer learning significantly enhances
model generalization in data-scarce regimes. Stuckner et al.
demonstrated that encoders pretrained on MicroNet—a
repository of over 100,000 labeled microscopy images—
outperform generic ImageNet-based models. When applied
to nickel-based superalloy segmentation with only a single
training image (one-shot learning), the MicroNet-pretrained
model reduced the relative intersection over union (IoU) error
by 72.2%, highlighting the value of domain-aligned feature
representations.”” Finally, in situ optical microscopy of MoS,
CVD growth illustrates bidirectional inference: morphological
descriptors extracted from video are linked to synthesis
parameters through feature selection and regression, enabling
reverse prediction of conditions for large-area crystal
growth.'”

Increasingly, these analytical capabilities are being embed-
ded directly into microscopy workflows, enabling self-driving
instruments that autonomously direct the data acquisition.
AEcroscoPy provides foundational infrastructure through a
unified Python interface for autonomous experimentation

across probe and electron microscopy platforms.*” Built on
such frameworks, physics-informed reinforcement learning has
achieved autonomous domain-wall design in ferroelectric
films,"”" while novelty-scoring strategies enable autonomous
discovery of unexpected phenomena beyond predefined
optimization targets.'”> Complementing these specialized
pipelines, the ATOMIC system leverages SAM with
ChatGPT-based scheduling for zero-shot 2D material charac-
terization at 99.7% segmentation accuracy, eliminating materi-
al-specific training requirements.103

2.3.2. Spectroscopy and Scattering. While microscopy
visualizes material morphology in real space, spectroscopy and
scattering techniques probe internal electronic states and
atomic arrangements in energy or reciprocal space. These
techniques typically produce high-dimensional signals—
ranging from 1D spectra to 3D diffraction volumes—where
the key challenge lies in unmixing overlapping signals and
identifying hidden fingerprints amidst noise. Al is reshaping
this domain by replacing heuristic peak-fitting with robust,
high-dimensional feature extraction and probabilistic reason-
ing.

In the domain of scattering and diffraction, Al automates the
recognition of complex structural signatures that traditional
heuristics often overlook. Kusne et al. demonstrated this with
the CAMEO platform, which integrates Bayesian active
learning to autonomously interpret X-ray diffraction (XRD)
patterns in real time, enabling the rapid phase mapping of Ge—
Sb—Te phase-change materials minimizing human interven-
tion.'”" Expanding on this, Salgado et al. proposed a
generalized deep learning framework for the automated
classification of crystal systems and space groups from XRD
patterns by synthesizing augmented data and optimizing a no-
pooling CNN architecture, which reliably deciphers complex
structural features often obscured in experimental data,
demonstrating strong goeneralization capabilities on diverse
experimental data sets. > Moving beyond purely data-driven
recognition, AutoMapper, developed by Yu et al,, enables rapid
and precise analysis of complex XRD patterns, uncovering
previously overlooked phases and enabling texture analysis. Its
strong performance stems from the encoding of domain-
specific knowledge by a designed loss function grounded in
cry)stlaoléographic principles and X-ray diffraction physics (Figure
8B).

In parallel, mass spectrometry and spectroscopy have
benefited from algorithmic advancements in identifying
chemical signatures from noisy backgrounds. Wei et al.
introduced a LightGBM-based pipeline for time-of-flight
mass spectrometry (ToF-SIMS) that exploits isotopic
abundance and interpeak spacing to identify atomic and
molecular ions within microseconds, replacing slow, user-
dependent annotation with high-throughput precision (Figure
8C).""” Jia et al. applied non-negative robust PCA—a classical
statistical decomposition technique—to electron energy-loss
spectroscopy (EELS) imaging, demonstrating how established
methods gain renewed utility when integrated into Al-driven
analytical workflows. This method decomposes data into low-
rank intrinsic signatures and sparse noise, improving the signal-
to-noise ratio (SNR) by an order of magnitude and
successfully disentangling overlapping Ru/O edges that defy
conventional PCA or NMF.'%® Furthermore, ensemble frame-
works like ELSIE, developed by Zheng et al., demonstrate the
power of simulation-based matching. By comparing exper-
imental inputs against a database of over 800,000 computed
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off, illustrating the hierarchy from empirical relations to universal laws.

spectra, ELSIE accurately identifies oxidation states and
coordination environments in X-ray absorption near-edge
structure (XANES) spectra, achieving 84.2% accuracy.'”

Collectively, these data-centric capabilities—from auto-
mated microscopy analysis to spectral fingerprinting—mark a
fundamental shift in materials characterization, though the
transferability of most models beyond the specific instruments
and laboratories on which they were trained remains an open
challenge (Section 4.1). By converting raw experimental signals
into standardized, quantitative descriptors, Al closes the loop
between synthesis (Section 2.2) and observation. However,
extracting parameters is only the first step; the ultimate goal is
to uncover the physical laws governing these observations.
This transition—from identifying what structure is present to
understanding why it forms—forms the basis of the next
section (Section 2.4), where we explore Als role in knowledge
discovery and physical interpretation.

2.4. Knowledge Discovery

The preceding sections have illustrated how artificial
intelligence accelerates materials research by enhancing
prediction, optimization, and data analysis. Yet, these
advances—though transformative—remain largely instrumen-
tal: Al serves to improve efficiency and performance. This
section marks a conceptual shift. Here, the objective is not to
achieve higher accuracy or faster discovery, but to pursue
understanding—to use Al as a means of extracting
interpretable physical knowledge, discovering governing
principles, and formulating data-driven laws. In this role, Al
becomes a theory builder, transforming from a computational
assistant into a participant in scientific reasoning itself.
Unlike the task-specific applications of physics-informed
models in earlier sections, which use knowledge to enhance
prediction or optimization, the works discussed here employ
knowledge integration to generate new knowledge. They seek

to formalize mechanisms, expose symmetries, and construct
compact, physically grounded relationships that bridge the gap
between empirical observations and fundamental understand-
ing. These efforts can be viewed across three tiers: the law-level
formalization of governing eqs (Section 2.4.1), the meso-level
discovery of empirical rules and descriptors (Section 2.4.2),
and the system-level explanation of complex, high-dimensional
behaviors (Section 2.4.3).

2.4.1. Unveiling Governing Laws and Symmetries. Al
can elevate materials science from empirical heuristics to law-
level formalisms that compactly express how systems behave
across chemical and structural families. Among the most direct
approaches is symbolic regression, which identifies the minimal
mathematical expressions capable of reproducing observed
dynamics. The Sparse Identification of Nonlinear Dynamical
systems (SINDy) framework exemplifies this idea: by
constructing a large library of candidate functions and selecting
only the few necessary to reproduce measured time derivatives,
it recovers governing equations directly from data.''® Applied
to canonical problems such as the Lorenz attractor and fluid
vortex shedding, SINDy rediscovered the correct underlying
differential equations—compressing decades of manual model
building in fluid dynamics into a single computational
workflow. Building on this, the AI Feynman algorithm
integrates physics-inspired strategies—such as dimensional
analysis and symmetry detection—to rediscover fundamental
physical laws from noisy data, demonstrating a capability to
derive exact formulas from the Feynman Lectures on
Physics.''" In a materials context, this ability to infer closed-
form evolution laws from transient experimental or simulation
data opens a route to mechanistic rate equations for phase
transformations, defect diffusion, or thin-film growth, provid-
ing interpretable and testable expressions rather than opaque
predictive fits.

https://doi.org/10.1021/acs.chemrev.6c00012
Chem. Rev. XXXX, XXX, XXX—XXX


https://pubs.acs.org/doi/10.1021/acs.chemrev.6c00012?fig=fig9&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.chemrev.6c00012?fig=fig9&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.chemrev.6c00012?fig=fig9&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.chemrev.6c00012?fig=fig9&ref=pdf
pubs.acs.org/CR?ref=pdf
https://doi.org/10.1021/acs.chemrev.6c00012?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as

Chemical Reviews

pubs.acs.org/CR

REVIEY

A striking example of such Al-discovered law in materials
chemistry is the work of Wang et al. on metal—support
interactions (MSIs) in heterogeneous catalysis. Using
advanced symbolic regression trained on 178 metal/oxide
interfaces, the authors derived an analytic two-term expression
for the interfacial adhesion energy. This concise law unifies a
wide range of interfacial chemistries and reveals a new physical
principle: for late transition metals, it is the strength of metal—
metal interactions—rather than traditional oxophilicity—that
governs encapsulation behavior in strong metal—support
interactions (SMSI). The work demonstrates how Al can
move beyond correlation to codify mechanistic principles in
analytic, generalizable form (Figure 9A)."">

Complementary to explicit equation discovery, machine
learning can reveal hidden symmetries—the latent coordinate
transformations under which physical laws take their simplest
form. The framework proposed by Liu and Tegmark
parametrizes all possible invertible coordinate mappings as a
neural network and defines “asymmetry” as deviation from a
target partial differential equation that encodes a physical
invariance. By minimizing this asymmetry loss, the model
identifies the coordinate system in which the symmetry is most
apparent. Although demonstrated on canonical physical
systems—such as recovering the Gullstrand—Painlevé trans-
formation of the Schwarzschild metric or identifying
Hamiltonian structure in coupled oscillators—the implications
for materials science are tangible. In high-dimensional
representations of microstructures, spectra, or reaction net-
works, discovering such transformations can linearize complex
couplings and expose the low-dimensional manifolds on which
materials phenomena truly evolve.'"

Together, these studies mark a transition from Al as a
predictive model to Al as a law-discovery mechanism, one that
formulates the compact mathematical statements through
which new material principles can be articulated.

2.4.2. From Data to Principles and Descriptors.
Moving from universal laws toward mesoscopic regularities,
Al enables the discovery of interpretable descriptors and
phenomenological principles that generalize across related
systems without claiming absolute universality. In this
intermediate regime, models act as quantitative microscopes,
revealing the variables, thresholds, and failure modes that
govern structure—property relationships.

A leading paradigm in this domain is the sure independence
screening and sparsifying operator (SISSO), which tackles the
immense combinatorial space of potential physical parameters.
By iteratively combining primary features (e.g., atomic radii,
ionization energies) into candidate expressions and selecting
the most predictive yet concise ones, SISSO has successfully
identified low-dimensional descriptors for predicting the phase
stability and classifying the metallicity of binary compounds.' '

Complementary to symbolic methods, unsupervised learning
can extract electronic descriptors directly from high-dimen-
sional quantum data. Esterhuizen et al. applied PCA to large
databases of d-projected density of states, and found that the
first two principal components correspond naturally to the d-
band center and width, while subsequent components capture
filling and skewness. These automatically learned axes
reconstruct established chemical intuition—linking geometry
and composition to chemisorption energy—but without
relying on predefined features. Such unsupervised learning
thereby rederives the electronic “periodic table” of bonding
tendencies directly from data (Figure 9B).'"

Al can also illuminate where accepted empirical rules fail
and why. Using subgroup discovery and outlier analysis on a
database of nitrogen-reduction catalysts, Li et al. identified
specific subclasses—early transition-metal single atoms on
VS,—where the conventional linear scaling between N and
NH, adsorption energies breaks down. Subsequent electronic-
structure analysis traced this anomaly to strong charge transfer
from the metal site to the support. In this way, Al does not
merely refine existing relationships but maps the boundaries of
their validity, guiding human researchers to the regions of
parameter space where new physics emerges.' '

In sum, meso-level discoveries—be they latent electronic
descriptors, symbolic design rules, or identified rule-breaking
regimes—serve as the connective tissue between data and
theory. They provide interpretable, transferable, and diagnostic
insight, transforming raw numerical patterns into the
conceptual building blocks of future physical laws.

2.4.3. Explaining Complex Systems and Validating
Understanding. At the system level, explainable and
knowledge-integrated Al demonstrates how these principles
translate into causal understanding and experimentally
verifiable insight. Here, interpretability becomes not a
byproduct but a primary objective—bridging high-dimensional
models with human reasoning to validate and refine scientific
understanding.

When interactions are high-order and nonlinear, explainable
Al (XAI) clarifies structure—property and process—perform-
ance relationships while preserving predictive strength. In the
floating-catalyst CVD growth of carbon nanotubes, Bulmer et
al. trained a multivariate model on 631 experiments to quantify
the relative importance of CO, flow rate, water vapor, and
temperature, revealing nontrivial interactions between oxida-
tive species and thermal conditions. These data-driven
relationships were then rationalized through a kinetic—
thermodynamic model of catalyst-particle evolution, demon-
strating a full causal chain from empirical trends to physical
mechanism.""”

Across diverse materials domains, SHapley Additive
exPlanations (SHAP) analysis has proven especially powerful
for extracting such quantitative insight. Kusdhanya and Lyth
used SHAP to resolve longstanding contradictions in hydrogen
physisorption on porous carbons, identifying the total pore
volume and oxygen content as dominant positive contrib-
utors.' "

Beyond feature attribution, interpretability extends to
uncertainty and corrigibility. Feng et al. constructed a
probabilistic graphical model for oxygen-reduction reaction
microkinetics that decomposes uncertainty into distinct
physical sources—DFT error, solvation error, and data
correlations—producing an “uncertainty blueprint” that
quantitatively indicates which components of the model
require refinement. Such frameworks shift the focus from
predicting outputs to understanding confidence, thereby
guiding future theory correction.''”

Finally, closed-loop transfer systems integrate interpretable
modeling directly into autonomous experimentation. In a
landmark study on donor—acceptor molecules, Angello et al.
combined Bayesian optimization for experiment planning with
interpretable support vector regression on time-dependent
DFT descriptors. The resulting human—AI hybrid workflow
revealed that triplet density of states—rather than the lowest
triplet level—governs molecular photostability, a counter-
intuitive principle experimentally confirmed through targeted
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Springer Nature.

synthesis (Figure 9C). These examples collectively demon-
strate that explanation is not merely a narrative add-on: it is an
actionable component of discovery that validates and expands
physical understanding.'”’ Nevertheless, the community has
yet to establish consensus validation criteria for distinguishing
genuine physical insight from statistical artifact in Al-derived
laws—a challenge that demands layered assessment spanning
statistical robustness, physical consistency, and independent
experimental falsification.

The studies summarized above position Al not only as a
computational accelerator but as a partner in theory
construction—one capable of extracting sparse laws, discover-
ing latent coordinates, distilling mechanistic descriptors, and
quantifying uncertainty within physical models. However, the
pursuit of physical interpretation involves a fundamental trade-
off between practical utility and theoretical universality (Figure
9D). While “Theory-Level” Al distills abstract laws with broad
applicability (Section 2.4.1), “Experience-Level” and “Meso-
Level” models provide the concrete relations and descriptors
necessary for specific material challenges (Sections 2.4.2 and
2.4.3). Crucially, the knowledge extracted in this stage does not
merely conclude the workflow—it actively seeds the next
iteration of discovery. Descriptors identified through symbolic
regression (Section 2.4.1), such as the metal—support
interaction parameter derived by Wang et al., can be directly

incorporated as features in subsequent high-throughput virtual
screening campaigns (Section 2.1), thereby constraining the
search space with physically meaningful criteria. Similarly,
SHAP-derived feature attributions (Section 2.4.3) reveal which
compositional or structural variables most strongly influence
target properties, providing experimentally testable hypotheses
that guide the next round of synthesis optimization (Section
2.2). In this way, Section 2 constitutes not a linear sequence
but a self-reinforcing cycle in which each stage generates inputs
for the others. The next section turns toward a parallel
trajectory, Generalist Al, which seeks to integrate these diverse
levels of reasoning and tooling into unified, agentic systems
capable of navigating the full scientific workflow.

3. GENERALIST Al IN MATERIALS SCIENCE

3.1. Knowledge Representation and Engineering

The transition from task-specific Al to generalist systems in
materials science depends fundamentally on how scientific
knowledge is represented. Before any model can reason or
plan, the vast, multimodal, and often unstructured body of
materials data and literature must be transformed into a
machine-interpretable form. Over the past decade, this
transformation has evolved from unsupervised embeddings
that encode latent semantics to structured ontologies that can
drive autonomous laboratories. These developments collec-
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tively form the cognitive substrate upon which higher-level
agentic intelligence can operate.

This substrate has been assembled in four broadly
complementary stages—each extending, rather than replacing,
its predecessors. The section first surveys unsupervised
embeddings (Word2Vec, Atom2Vec, Mol2vec) that capture
implicit chemical regularities, then domain-adapted trans-
formers (MatSciBERT, MaterialsBERT, ElementBERT) that
add supervised task performance, followed by structured
extraction pipelines that convert prose into explicit, queryable
records, and finally standardized ontologies and description
languages (XDL) that make knowledge executable. The
section closes by examining how these representations jointly
enable cross-domain reasoning and by identifying multi-
modality and domain anchoring as persistent bottlenecks.

The earliest attempts to represent materials knowledge
relied on unsupervised embeddings trained directly on
scientific text and chemical formulas. A landmark demon-
stration by Tshitoyan et al. showed that a Word2vec model
trained on 3.3 million materials abstracts could recover
periodic-table organization, chemically valid analogies, and
even anticipate promising thermoelectrics years before their
experimental discovery (Figure 10A)."*" Analogous ideas were
extended from words to atoms and molecular fragments:
Atom2Vec learned element embeddings that cluster according
to chemical groups and improve downstream property
prediction,'** while Mol2vec captured chemically meaningful
relations among molecular substructures to predict compound
properties and bioactivities.'** Building upon this foundation, a
blank-filling language model for crystal formulas (BLMM)
learned a “chemical grammar” that respects charge neutrality
and substitution rules, enabling generative and tinkering design
directly in composition space. ** These works collectively
illustrate that latent vector spaces can internalize chemical
regularities and encode domain knowledge without explicit
supervision.

Building on these foundations, domain-adapted transformer
models extended linguistic representation into a full-fledged
scientific language for materials. MatSciBERT, initialized from
SciBERT and retrained on a curated corpus of materials
publications, outperformed SciBERT on document classifica-
tion, named-entity recognition, and relation extraction tasks by
capturing the field’s specialized semantics.'”> MaterialsBERT,
trained on 2.4 million materials abstracts, expanded these
capabilities to polymers and other functional systems,
obtaining ~ 300,000 material property records.'”® Moving
toward domain-specific semantic modeling, ElementBERT, a
BERT-based language model pretrained on 1.29 million alloy-
related abstracts, learned element-level semantic embeddings
that encode latent chemical knowledge, enabling improved
prediction of thermodynamic and mechanical properties across
shape memory alloys (SMAs), Ti alloys, and high-entropy
alloys (HEAs), enhancing prediction accuracy by 23% relative
to traditional methods, and also consistently outperforming
general BERT variants.'”” Such models begin to blur the line
between language and physics, showing that contextual
transformer representations can learn oxidation-state con-
straints, periodic trends, and substitution rules purely from
textual co-occurrence.

While latent embeddings encode implicit relations, a parallel
effort has focused on converting unstructured scientific prose
into explicit, structured records. Early NLP pipelines combined
Bi-LSTM-CRF architectures with rule-based templates to

recognize materials entities and their roles in synthesis
paragraphs, enabling meta-analyses such as precursor similarity
and substitution in solid-state reactions.'”® Self-supervised
“masked precursor completion” further learned synthesis-
specific embeddings that outperformed general text or
composition representations for recommending precursor
sets for unseen targets."”” With the advent of large language
models, structured extraction has become both simpler and
more accurate. LLMs trained on predefined JSON schemas
extracted structured data for diverse subfields with F; scores
reaching 0.82, surpassing BERT-based baselines (MatBERT
and seq2rel) on nested and relational tasks,"* while fine-tuned
sequence-to-sequence LLMs reconstructed complete multi-
stage protocols (e.g., seed-mediated gold nanorods) with high
fidelity.">" Rule-augmented systems remain important for
scale: automated pipelines have extracted composition—
property pairs for superalloys from tens of thousands of
articles, including nontrivial table linking, and trained
predictive models whose outputs were experimentally
verified;'*> similar text-mined databases exist for magnetic
and superconducting transition temperatures'””> and MOF
synthesis routes (DigiMOF)."** Document-embedding ap-
proaches (e.g., Doc2vec with UMAP and HDBSCAN) extend
these concepts to the level of topic mapping, revealing
quantitative evolution of research trends and interdisciplinarity
across the materials community.'*

Structured representation reaches its fullest potential when
codified as standardized ontologies and description languages.
The Chemical Description Language (yDL/XDL) expresses
syntheses as hardware-agnostic operations (“Add,” “Heat,”
“Filter”), allowing literature procedures to be compiled into
robotic instructions (Figure 10B).136 Recent integration of
LLMs as parsers and validators for yDL has enabled fully
autonomous execution on Chemputer platforms, closing the
loop from natural-language text to chemical action."”” These
developments transform representation from descriptive to
prescriptive—knowledge is no longer merely stored but
executed, advancing reproducibility and automation in
scientific practice.

Once representations are learned and structured, they enable
reasoning and generalization across domains. Mining 6.4
million abstracts to construct element context vectors yields a
“context similarity” metric that recovers canonical high-
entropy-alloy systems and correlates with thermodynamic
rules for solid-solution formation, bridging text-derived and
physics-based knowledge (Figure 10C)."** Latent spaces
trained on literature have prioritized thermoelectric materials
years ahead of experiment,'”' while foundation-model
embeddings power multitask recommenders for materials
retrieval and design. Large language models tested on the
MaScQA benchmark demonstrate competence comparable to
average undergraduates but still fail on conceptual nuances,
highlighting the need for domain anchoring."*” In chemistry,
fine-tuned or prompted LLMs predict reaction outcomes and
linker mappings directly from text representations (e.g.,
SMILES, IUPAC), showing that linguistic knowledge can
encode functional chemistry.'*’ A persistent bottleneck is
multimodality: key data are often distributed across text, tables,
and figures, requiring future systems that jointly parse and align
heterogeneous sources to avoid fragmentation.'

Across these developments emerge four principles: (1) self-
supervision on large corpora yields latent spaces that capture
chemical regularities; (2) domain-adaptive pretraining enhan-
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ces robustness to specialized notation; (3) schema-based
extraction creates linkable structured knowledge; and (4)
standardized ontologies enable execution and reproducibility.
Remaining challenges include coverage gaps in under-
represented subfields, the risk that text-derived representations
may systematically reinforce existing research biases rather
than facilitate paradigm-breaking discovery,'** errors from long
context or multimodal inputs, and lack of uncertainty
estimation. Addressing these issues will require hybrid systems
that couple statistical representations to explicit schemas and
tool-aware reasoning. Ultimately, the representational infra-
structure outlined here forms the foundation for the agentic Al
systems discussed in section 3.2, systems that not only

understand scientific language but can act upon it to reason,
plan, and discover.

3.2. Agentic Workflow

The progression from knowledge representation to autono-
mous scientific action marks a fundamental transition in the
evolution of Al for materials science. While Section 3.1
discussed how scientific information can be encoded and
structured in machine-interpretable forms, this section explores
how such knowledge becomes actionable. Here, artificial
intelligence systems cease to be passive repositories of
understanding and begin to function as agents—entities
capable of reasoning about experimental goals, formulating
executable plans, and carrying out physical or computational
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tasks. These agentic systems constitute the executive layer of
scientific Al, converting abstract representations into verifiable
material outcomes and completing the conceptual loop from
“knowing” to “doing.”

At the heart of this transformation lies the concept of plan
binding, the process of mapping an Al-generated scientific
plan, typically expressed in natural language or symbolic
reasoning steps, onto executable and verifiable actions in
physical or computational environments. In materials science,
this binding process translates a linguistic instruction such as
“mix precursor A and B, anneal at 800 °C, then characterize
the phase” into structured, machine-readable commands that
directly control laboratory hardware (e.g., through yDL or
Opentrons API) or simulation workflows. By linking semantic
intent to deterministic actions, plan binding ensures that every
Al-generated decision can be executed, logged, and vali-
dated—bridging the gap between linguistic reasoning and
material manipulation.

Tool-augmented architectures operationalize this concept by
coupling large language models (LLMs) with domain-specific
tools for computation, retrieval, and control. ChemCrow
embodies a ReAct-style reasoning loop (“Thought — Action —
Observation”), where a GPT-4 backbone coordinates 18
specialized chemistry tools including molecular analysis,
literature search, and robotic synthesis via RoboRXN (Figure
11A).*° This design allowed the system to autonomously plan
and execute the synthesis of DEET and three organocatalysts,
while coordinating with a human-in-the-loop evaluator.
Similarly, Coscientist integrates GPT-4 with a Python
interpreter, web API search, and hardware documentation
database to conduct and troubleshoot real experiments. When
an initial code failed to operate a heater—shaker module, the
agent retrieved the relevant API documentation through
embedding search, corrected its code, and successfully
executed a cross-coupling reaction (Figure 11B).*® Scientific
reasoning thus becomes actionable only when linguistic intent
is bound to verifiable interfaces.

Beyond single-agent reasoning, increasing research complex-
ity has driven the evolution of orchestrated multiagent systems
capable of managing entire workflows. The LLM-RDF
framework employs six specialized GPT-4 agents—Literature
Scouter, Experiment Designer, Hardware Executor, Spectrum
Analyzer, Separation Instructor, and Result Interpreter—to
autonomously plan and perform a Cu/TEMPO-catalyzed
alcohol oxidation reaction (Figure 11C)."** By coupling
Bayesian optimization with robotic execution on an Opentrons
OT-2 and Big Kahuna platform, it demonstrated how
distributed cognition can achieve closed-loop decision-making
across experiment, analysis, and optimization. In contrast, the
AI-Chemist represents a monolithic but deeply integrated
system uniting natural-language planning, machine-reading of
literature, molecular simulation, and mobile robotics.'*"'*
Operating across 14 workstations for synthesis, character-
ization, and performance testing, the AI-Chemist autono-
mously discovered an optimized high-entropy-alloy catalyst for
the oxygen-evolution reaction, iteratively updating DFT-based
predictions with experimental feedback through Bayesian
optimization. The same orchestration principle underlies
systems such as ORGANA, which integrates an LLM planner,
visual perception, and robotic motion control to execute
parallelized workflows for electrochemical characterization. By
solving task-and-motion planning and scheduling simulta-
neously, ORGANA reduced total experimental time by 21%,

underscoring how agentic orchestration enhances both
autonomy and efficiency (Figure 11D)."*

These architectures collectively span a spectrum of
autonomy determined by the degree of human involvement
and the coupling between reasoning and execution. At one end
are human-in-the-loop copilots that augment rather than replace
scientific judgment. The GPT-4 Reticular Chemist guides
researchers through iterative MOF synthesis, updating its
planning strategy based on human feedback after each
experimental cycle.”” CREST enables voice-driven control of
robotic instruments, allowing experimentalists to operate
complex workflows via natural language without coding.'*’
This agentic interface paradigm has since extended to
characterization instrumentation, with LLM-driven systems
enabling conversational control of scanning probe microscopes
and voice-controlled experiments at synchrotron beam-
lines."*'*” At the other end are closed-loop systems capable
of sustained independent operation. The Artificial Chemist'>’
autonomously optimized quantum-dot synthesis using in situ
optical feedback and Bayesian optimization, completing 11
target compositions within 30 h, whereas the A-Lab™ executed
35S solid-state synthesis experiments over 17 days, successfully
producing 71% of its 58 targets. By iteratively learning from
failed experiments, the A-Lab leveraged precomputed
thermodynamic data and active learning to optimize synthesis
routes, demonstrating adaptive experimental reasoning on
scale. Between these two poles lie hybrid systems such as
MatPilot,">" which blends human conceptual oversight with
Al-driven automation, establishing an early prototype for
collaborative scientific reasoning.

Recent work has begun to formalize and expand this middle
ground, moving beyond ad hoc human oversight toward
structured frameworks in which human expertise actively
shapes the AI's exploration strategy. Biswas et al. introduced
the Bayesian Optimized Active Recommender System
(BOARS)."*” Harris et al. further formalized this supervisory
role through a dual-Gaussian-process architecture.”” At the
instrument level, the SEEK framework demonstrated how
domain expertise can be formally encoded into active learning
loops.'>® Collectively, these developments indicate that the
appropriate level of human oversight in autonomous
experimentation is not a fixed threshold but a variable
calibrated to the risk, reversibility, and novelty of each
experimental decision—from post hoc review for routine
high-throughput screening to active human-in-the-loop control
for safety-critical or irreversible transformations—a principle
elaborated further in Section 4.4.

As Al agents gain autonomy, the demand for reflexivity—the
ability to detect, explain, and correct their own errors—
becomes critical. Several frameworks now embed self-
evaluation and repair mechanisms to enhance reproducibility
and safety. AutoBA automates multiomics analysis with an
automatic-code-repair loop that captures runtime errors and
regenerates code until successful execution, raising its end-to-
end success rate from 65 to 87.5%.">* In symbolic reasoning,
Baldur employs a dual-LLM “generate-and-repair” workflow,
where one model proposes a formal proof and another revises
failed attempts using diagnostic feedback.'”” Laboratory-scale
reflexivity is exemplified by BioPlanner,'*® which formalizes
experiment planning by translating natural-language protocols
into a closed set of pseudofunctions (e.g., add and mix(),
spin_sample()), enabling automatic verification of plan
correctness. Such formalization directly parallels the plan
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binding concept, ensuring that agentic reasoning yields
auditable, deterministic outcomes rather than free-form text.

Taken together, these developments mark the emergence of
a new operational layer in scientific Al—systems that do not
merely predict or analyze but actively participate in the
experimental cycle. By coupling linguistic reasoning with
structured, executable action through plan binding and tool
augmentation, Al agents transform encoded knowledge into
verifiable experimentation. Their capacity to plan, act, reflect,
and adapt foreshadows a new paradigm of materials research
where discovery becomes both autonomous and explainable.
Yet, true scientific value arises not merely from automation but
from understanding—a transition explored in the next section
(3.3), which focuses on coreasoning as the foundation for
trustworthy Al in science.

3.3. Human-AlI Collaborative Reasoning

Human—AI collaboration in materials science spans a broad
continuum. Where previous sections addressed knowledge
encoding (Section 3.1) and the orchestration of autonomous
experimental workflows with human oversight at the execution
level (Section 3.2), this section turns to reasoning-level
collaboration—the discursive and interpretive layer in which
language models serve not as automated actors but as cognitive
partners, helping scientists reason about mechanisms, reconcile
conflicting evidence, and generate new hypotheses. This mode
of interaction leverages the intrinsic strengths of large language
models (LLMs): synthesizing heterogeneous information,
constructing analogies, articulating conceptual explanations,

and engaging in iterative dialogue. Unlike the “hard
interpretability” of Section 2.4, which aims to uncover
quantitative laws or mechanistic descriptors, collaborative
reasoning represents a softer epistemic process grounded in
narrative understanding, conceptual framing, and hypothesis
exploration.

A primary manifestation of this capability arises from
domain-adapted scientific language models. By leveraging
techniques such as fine-tuning on scientific corpora or
Retrieval-Augmented Generation (RAG) to ground their
knowledge, these systems evolve from static information
retrievers into reasoning engines capable of articulating the
logic behind their decisions.””"** A quintessential example of
this explanatory capability is the LLMatDesign framework.">”
Unlike traditional black-box optimization algorithms, this
system is designed to mimic human scientific reasoning by
formulating an explicit chemical hypothesis before proposing
structural modifications. For instance, when tasked with tuning
the band gap of a semiconductor (CdCu,GeS,), the model did
not simply guess parameters; it proposed substituting sulfur
(S) with selenium (Se), explicitly reasoning that selenium’s
“larger atomic radius and different electronegativity” would
alter the electronic structure to change the band gap. Crucially,
these systems demonstrate diagnostic reasoning through self-
reflection loops. When the initial substitution failed to achieve
the target property (the band gap decreased instead of
increased), the model analyzed the discrepancy between its
hypothesis and the computational result. It acknowledged the
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failure, adjusted its chemical intuition, and formulated a new
strategy (substituting germanium with silicon and copper with
zinc), which eventually succeeded. By recognizing periodic
trends and causally explaining its iterative decision-making
process, such models provide transparent rationales that allow
researchers to validate the scientific soundness of Al-generated
concepts (Figure 12A).

Beyond diagnostic analysis, collaborative reasoning plays a
pivotal role in the ideation and hypothesis generation phase of
discovery. Here, the LLM functions as a brainstorming partner,
capable of transferring mechanistic logic from one chemical
system to another via analogical reasoning. A striking
demonstration of this capacity is the work by Chen et al,
who utilized ChatGPT to identify novel surface passivators for
perovskite solar cells. Rather than simply retrieving known
materials, the researchers engaged the AI in an iterative
dialogue to search for untested candidates that shared specific
functional traits (primary amines) with established passivators
but offered distinct structural advantages (polymeric back-
bones). The model reasoned that polyallylamine (PAA)—a
molecule never previously used for this specific purpose—
would effectively reduce surface recombination due to its
structural similarity to known passivators and high density of
amine groups. This Al-generated hypothesis was subsequently
validated experimentally, yielding a measurable increase in
device efficiency. This case exemplifies how conversational Al
can bridge the gap between “known physics” and “novel
application” by speculating on structure—property relation-
ships in a way that parallels human intuition (Figure 12B).'*

Furthermore, collaborative reasoning enables context-aware
inverse design, where LLMs translate qualitative human
requirements into quantitative material constraints. Liu and
Wen illustrate this with ElaTBot, a domain-specific model
designed for elastic constant tensor prediction. Unlike standard
regression models that output mere numbers, ElaTBot allows
researchers to articulate complex, multiobjective design goals
in natural language—such as seeking an orthopedic material
that matches the bulk modulus of human bone while
maintaining specific biocompatibility standards (e.g., LDSO
limits). The system processes these constraints to recommend
specific alloy compositions (e.g.,, Y;Al) and, crucially, provides
a textual rationale explaining why the material fits the criteria
based on its corrosion resistance and bulk modulus. This
transition from “predicting properties” to “justifying recom-
mendations” marks a fundamental shift: the AI does not
merely optimize a target function but actively reasons about
the material’s suitability for a real-world application context
(Figure 12C).161

Taken together, human—AI collaborative reasoning com-
pletes the arc of scientific intelligence developed throughout
this section. While foundation models (Section 3.1) encode
the vast topology of scientific knowledge and agentic systems
(Section 3.2) operationalize it through autonomous execution,
collaborative reasoning provides the essential interpretive layer.
Whether diagnosing a failed DFT calculation, identifying a
serendipitous chemical analogy for surface passivation, or
justifying a material choice for biomedical implants, these
systems augment the epistemic processes of science. They do
not merely automate labor; they expand the conceptual search
space available to the researcher. As these domain-adapted
models become increasingly capable of articulating the “why”
behind their predictions, the boundary between human
intuition and machine logic blurs, pointing toward a future

of genuinely shared scientific cognition where AI acts as a
coauthor of the scientific hypothesis itself. Yet current
benchmarks counsel realism: MaScQA shows that state-of-
the-art LLMs reach only undergraduate-level competence on
materials science questions, faltering on the conceptual
nuances that domain experts navigate routinely,'”” and
SUPERChem confirms that multimodal models still fall short
of human experts in higher-order chemical reasoning.'®> The
collaborative paradigm showcased above is therefore not
merely a design preference but a practical necessity at the
present stage of the technology.

4. OUTLOOK AND PERSPECTIVES

The preceding sections have charted the evolution of AI4Mat
along two complementary trajectories—highlighting both
transformative advances and the specific limitations that
temper current progress at each stage. While these
technologies have successfully accelerated individual stages of
discovery, the ultimate vision of a self-driving, closed-loop
research paradigm remains a systemic challenge. Moving
forward, we identify five critical dimensions that will shape the
future trajectory of Al4Mat.

4.1. Data Ecosystems and Automated Infrastructure

The efficacy of Al in materials science is intrinsically bound by
the quality, quantity, and accessibility of data. While the AI
boom has been propelled by the open-source ethos of the
computer science community, exemplified by shared reposito-
ries like GitHub and Hugging Face, materials science remains
largely constrained by data silos and nonstandardized
reporting. To unlock the full potential of Al, the research
paradigm must evolve from artisanal data collection to an
industrialized intelligent ecosystem. This transformation
necessitates a tripartite strategy: standardization, automated
generation, and an algorithmic adaptation to scarcity.

Standardization and Knowledge Engineering: The first
imperative is to dismantle data silos through community-
wide standardization. As discussed in Section 3.1, the
heterogeneity of experimental data, spanning diverse character-
ization modalities and unstandardized text descriptions—poses
a major barrier to machine learning. We must advocate for the
universal adoption of structured ontologies and description
languages, such as the Chemical Description Language
(XDL)"® and schema-based extraction pipelines'*” reviewed
earlier. Furthermore, this standardization must extend beyond
successful results to include failed experiments and negative
data.®" In current literature, the omission of failed syntheses
introduces a severe survivorship bias; systematically capturing
this “dark data” is essential for training models that can discern
the boundaries of chemical feasibility. Al itself plays a critical
role here as a “data engineer”: utilizing the Knowledge
Engineering tools (Section 3.1) to automatically normalize,
align, and clean multimodal data from disparate sources,
thereby converting raw experimental noise into machine-
actionable assets.

Industrialized Data Generation via Automated Laboratories:
Standardization alone cannot solve the data volume bottleneck.
The field must transition toward decentralized, high-
throughput automated laboratories. The success of platforms
like the A-Lab®® and RoboChem”® (analyzed in Section 2.2.2)
demonstrates that integrating robotics with active learning
agents can transform data generation from a manual bottleneck
into an industrialized pipeline. These “self-driving labs” do not
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merely accelerate experimentation; they ensure epistemic
consistency by reducing human variability and generating
high-fidelity, standardized data sets at a scale previously
unattainable. This shift envisions a future of “cloud
laboratories”, analogous to cloud computing, where physical
experimentation is decoupled from the researcher’s location.
By enabling scientists to submit experimental protocols via
code to centralized automated facilities, this democratizes
access to state-of-the-art infrastructure, lowering the entry
barrier for resource-limited groups. Furthermore, it ensures
that every data point is generated under strictly monitored
conditions, replacing ambiguous manual reporting with
immutable, machine-readable provenance logs.

Despite the impressive demonstrations reviewed in Section
2.2, the broader adoption of autonomous experimentation in
typical academic laboratories remains hindered by several
interconnected bottlenecks. First, hardware heterogeneity
poses a persistent integration challenge: instruments from
different vendors lack standardized communication interfaces,
and the engineering effort required to integrate even two or
three devices into a closed loop often exceeds the expertise and
resources available in a single research group. Second, the
interdisciplinary talent gap is acute—eflective deployment
requires simultaneous expertise in machine learning, hardware
automation, and domain-specific materials science, a combi-
nation rarely found in a single individual and difficult to
assemble in small academic teams. Third, the economic barrier
is substantial: the capital cost of building an autonomous
platform, including robotics, sensors, and computing infra-
structure, remains prohibitive for most academic budgets, and
unlike shared instruments such as electron microscopes,
autonomous laboratories are typically designed for specific
workflows and are difficult to repurpose. Software-level
solutions, such as cross-platform abstraction layers that
encapsulate heterogeneous hardware behind unified APIs
(see Section 2.2.2), offer a promising pathway to lower these
barriers by decoupling algorithmic development from hardware
specifics.

Algorithmic Resilience in Data-Scarce Regimes: Concur-
rently, we must recognize that “Big Data” will remain elusive
for many specialized or nascent material systems due to the
immense cost of physical validation. In the broader Al domain,
foundation models are typically trained on trillions of tokens or
billions of images. Even within computational materials
science, simulation databases like GNoME or the Open
Catalyst Project can reach the order of 10° to 10® data points.
In stark contrast, experimental data sets are constrained by the
physical laws of synthesis and characterization time. A typical
manual study might yield fewer than 100 data points (10?),
and even state-of-the-art autonomous laboratories (e.g, A-
Lab) generate data on the scale of 10* to 10° samples per
campaign. Given this persistent magnitude gap, expecting
purely data-driven models to solve every problem is unrealistic.
A vparallel strategic priority is the development of sample-
efficient algorithms tailored for data-scarce regimes. Paradigms
like few-shot learning and meta-learning offer theoretical
avenues to generalize from minimal examples, their rigorous
adaptation to the complexities of materials science remains a
critical frontier. Rather than viewing data scarcity as a
temporary bottleneck to be solved by volume, the community
must prioritize the engineering of “Small Data” intelligence,
algorithms capable of leveraging physical priors to extract
maximum entropy from sparse data sets. This methodological

evolution is essential to ensure that Al serves not only data-rich
domains but also the “small data” reality of cutting-edge
experimental discovery. Compounding the data volume
challenge is a less recognized but equally critical issue: cross-
platform transferability. The majority of Al models in materials
characterization have been developed and validated within
single instrumental setups, where instrument-specific variations
in calibration, detector response, sample preparation, and
environmental conditions can introduce systematic distribu-
tion shifts. While domain-specific pretraining—such as the
MicroNet repository for microscopy (Section 2.3.1)—has
demonstrated that aligned feature representations can
dramatically reduce data requirements, the community
currently lacks the large-scale, multi-instrument benchmark
data sets that would enable systematic evaluation of cross-
platform generalization. The development of such benchmarks,
analogous to the multisite clinical imaging data sets that
catalyzed progress in medical Al, represents an important data
infrastructure priority.

4.2. Balancing Generality and Specialization

The current trajectory of Al is dominated by the pursuit of
AG]I, driven by the dogma that “the larger the model, the better
the performance.” While this scaling law holds for natural
language and broad cognitive tasks, applying it indiscriminately
to materials science is premature and fraught with epistemic
risks. Unlike creative writing, scientific inquiry demands strict
exactitude; a hallucinated chemical structure or an erroneous
band gap prediction is not a stylistic variant but a factual
failure. Therefore, the near-future of Al4Mat should not rely
on a monolithic generalist model, but rather on a symbiotic
ecosystem that balances the breadth of agents with the depth
of experts.

This architecture necessitates a hierarchical division of labor
that mirrors the biological metaphor illustrated in Figure 2. At
the foundational level, Task-Specific AI functions as the
specialized “Organs” of the system. Just as distinct organs
perform vital biological functions with high specificity,
specialized models reviewed in Section 2, provide the rigorous,
grounded “truth” required for scientific tasks. These models
consistently outperform generalist counterparts in precision
and data efficiency within their defined domains. Conversely,
Generalist Al (e.g, Large Language Models) acts as the
integrative “Blood”—or the “Orchestrator”—that connects
these isolated functional modules. Its primary utility in science
is not to solve Schrodinger’s equation directly, but to manage
the flow of reasoning and information. As discussed in Section
3, the generalist agent parses natural language intent, plans
multistep workflows, and routes tasks to the appropriate
specialized tools. Consequently, the paradigm shift in AI4Mat
lies not in replacing the specialized AI with a generalist A, but
in optimizing the circulation between them—ensuring that the
reasoning capabilities of agents are effectively grounded in the
quantitative reliability of expert models.

4.3. Bridging Simulation, Experiment, and Theories

A preponderance of current Al4Mat research is concentrated
on predictive modeling and virtual screening (as reviewed in
Section 2.1), primarily because simulation data is structured,
controllable, and governed by known equations. Landmark
foundation models, such as GNoME®" and MatterGen,'®* have
demonstrated the immense power of deep learning by
expanding the known crystal space to millions of potential
structures. However, there is a big gap between simulations
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and real-world experiments. Simulations typically rely on
idealized assumptions: perfect crystal lattices, stoichiometric
purity, and thermodynamic equilibrium. In contrast, real-world
synthesis is inherently stochastic, dominated by nonequili-
brium dynamics, defect structures, and the complex kinetics of
precursor decomposition. Therefore, to realize the full value of
these large-scale predictions, the field must address the “Valley
of Death” that separates digital discovery from physical
realization.

Embodied Intelligence'®* offers a promising pathway to
bridge this chasm. Rather than relying solely on precomputed
data sets, integrating Al a§ents with robotic hardware and
sensory feedback systems’>* introduces the possibility of
learning directly from physical interaction. Unlike simulations
that operate in idealized environments, such embodied agents
have the potential to navigate the “dirty” data of reality,
managing noise, impurities, and equipment variability. By
attempting to close the loop between digital prediction and
physical execution, this approach aims to capture the implicit
craft of synthesis, exploring whether Al can evolve from a tool
that predicts theoretical stability into an agent that masters
experimental realizability.

Bridging the physical gap is only half the scientific mission.
Materials science is fundamentally distinct from pure
manufacturing; its ultimate objective is not merely utility
(making things work), but understanding (knowing why they
work). An Al agent that successfully navigates the “Valley of
Death” through opaque heuristics might serve as a “skilled
artisan”, but it fails as a scientific partner if it cannot articulate
the principles behind its success. Scientific interpretability
requires the extraction of structured domain knowledge,
explicit physical laws and causal mechanisms.

We envision Al systems that evolve from Oracles (that
provide probabilistic answers) to Agents (that execute
synthesis) and Theorists (that build structured knowledge).
Al should assist in distilling the complex, “dirty” data of reality
into parsimonious physical laws. This ensures that the Al
revolution yields not just an inventory of new substances, but
an expansion of the fundamental principles governing matter.

Yet understanding alone does not close the final gap. Cross-
scale fabrication—translating atomic-level design into macro-
scopic function—remains largely artisanal, each transfer step
managed through ad hoc optimization rather than unified
methodology. To move beyond this, we propose Material
Compilation Science and Engineering (MCSE): a disciplinary
vision in which fabrication across scales is organized into
modular, compilable stages with certain rules, enabling
macroscopic function to reliably emerge from microscopic
design. Realizing MCSE will demand the convergence of
predictive modeling, autonomous experimentation, and theory
extraction into a coherent engineering discipline—the point at
which AI4Mat matures from accelerating discovery to
mastering fabrication.

4.4, Collaborative Ecosystems in the Age of Al4Mat

From a macroscopic perspective, the evolution of Al4Mat
extends beyond specific technical breakthroughs to the
construction of collaborative ecosystems. Addressing multi-
faceted research problems demands synergy at three levels.
First, Human-to-Human collaboration must evolve beyond
simple teamwork to the cultivation of interdisciplinary talent.
Bridging the gap between chemistry, physics, and computer
science requires researchers who possess both deep domain

expertise and technical fluency. Second, Al-to-Al collaboration
is materializing through multiagent systems. By coordinating
specialized agents—each dedicated to distinct tasks such as
literature mining, code generation, or property prediction—
these systems can tackle complex problems that are insoluble
by single models. Third, Human-AI collaboration is bidirec-
tional: on one hand, AI tools undertake labor-intensive
execution tasks, liberating scientists from routine operations
to focus on creativity. On the other hand, human intuition
remains superior in frontier domains; for instance, the recent
SUPERChem'®” benchmark demonstrates that even top-tier
models lag behind human experts in high-order reasoning
tasks. Expert knowledge is thus indispensable, not only for
verifying Al outputs but for providing the high-quality
feedback required to continuously train and align models
with physical reality.

Furthermore, as we empower Al with agentic capabilities to
manipulate physical matter, humans must serve as the critical
ethical and safety guardrails. The potential for “dual-use” risks
requires rigorous human oversight to define the boundaries of
safe exploration. Ultimately, the future of materials science is
not an automated loop that runs without humans, but a
dynamic ecosystem where collaborative intelligence drives
innovation within meaningful and ethical frameworks.

As autonomous experimentation platforms advance from
proof-of-concept demonstrations to routine deployment, the
question of appropriate human oversight becomes increasingly
urgent. Recent work on human-supervised autonomous
experimentation—including the dynamic optimization, active
oversight, and expert-knowledge-informed frameworks dis-
cussed in Section 3.2—provides initial models for graduated
autonomy, where the level of human supervision is calibrated
to the risk and novelty of each experimental decision.
Establishing community guidelines for such tiered supervision,
particularly for experiments involving hazardous materials,
irreversible transformations, or expensive instrumentation,
represents an important near-term priority.

4.5. From Al4Mat to Mat4Al

The preceding sections extensively explored how Al transforms
the research paradigm of materials science (Al4Mat).
Conversely, material innovation is fundamentally critical for
the evolution of AI (Mat4Al), establishing a bidirectional
symbiosis between the two fields.

On the one hand, the explosive growth of Al models is
currently outpacing the capabilities of underlying hardware,
with traditional CMOS scaling approaching its physical
limits.'>'° Here, materials science serves as the physical
bedrock for the next generation of computing. The discovery
of novel low-dimensional materials,"®’ "'’ carbon nano-
tubes,'’°~"7* and 2D semiconductors'”*'”* offers the potential
for transistors with superior speed and energy efliciency, while
advancements in memristive and phase-change materials are
critical for realizing neuromorphic architectures.'”> Indeed,
several of these material platforms have already progressed
from device-level demonstrations to functional AI hardware:
carbon nanotube field-effect transistors have been integrated
into a tensor processing unit capable of convolutional neural
network inference,'”® while single-chip silicon nitride photonic
processors now achieve subnanosecond inference latency on a
commercial CMOS foundry,'"”” and memristive crossbar
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demonstrated hardware-based neural network inference,
including transformer-class architectures.'””

Simultaneously, for embodied intelligence, advanced materi-
als are indispensable for constructing the physical agents
themselves. High-performance composite materials and soft
actuators provide the essential structural integrity and
flexibility required for robotics and autonomous sys-
tems.'*°~"®* Furthermore, the sustainability of AI relies heavily
on energy materials. Addressing the massive energy con-
sumption of Al requires breakthroughs not just in
storage,'**'** but fundamentally in energy generation. From
high-efficiency photovoltaics to extreme-environment materials
for nuclear fusion, materials innovation is the primary
bottleneck preventing the limitless, clean power supplz_ needed
to satisfy the voracious appetite of future AI models.'™~"*" By
developing these advanced material systems, our field does not
merely utilize Al; it constructs the essential “body” required for
future Al generations to function sustainably.

However, the contribution of our discipline extends beyond
this physical substrate to the very core of cognitive evolution.
Unlike the noisy and often hallucinated data of the open web,
materials science deals with the authentic behavior of matter,
providing rigorous, high-fidelity data sets governed by physical
laws. These unique characteristics position materials science as
the vanguard of a broader evolution in artificial intelligence.
The development of AI has completed its “first half” of
learning from the Internet’s stock knowledge and is now
entering the “second half” of creating incremental knowledge
through interaction with the physical world. Since scientific
research, epitomized by materials science, represents human-
ity’s most efficient and high-quality process for knowledge
generation, the convergence of Al and science represents not
merely a frontier of application, but a key driving force for
upgrading AT’s core capabilities.
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